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Abstract 

This thesis describes the research and development of a novel training and mon-
itoring system for minimally invasive surgery using intra-operative imaging. A 
hybrid training system is presented which incorporates the benefits of existing 
virtual reality and physical-phantom based trainers. Proof-of-concept for the 
monitoring system is achieved using a laboratory-based mock-up of the in-vivo 
procedure. An optimized algorithm for detecting the outline of the prostate is 
described and is shown to perform better than previously reported methods. 

Minimally invasive surgery is favoured over traditional "open" surgery techniques 
due to improved patient mortality and morbidity. However, the closed nature of 
minimally invasive surgery means that the surgeon loses direct visual feedback, 
thus making it difficult to maintain knowledge of the position and orientation 
of the surgical tool with respect to the patient's anatomy. Visual information 
is provided to the surgeon, but it is restricted to a small field at the tip of the 
surgical instrument, so does not provide good feedback to aid in avoiding cutting 
in "no-go" areas. 

The problems with minimally invasive surgery mean that training in the tech-
niques is lengthy and difficult. Training aids are available, but even the most 
sophisticated systems suffer from a lack of realistic tactile feedback or do not 
provide enough navigational information to facilitate training. A novel hybrid 
training system is presented which combines previous approaches to tackle both 
these failings. An innovative extension of the training system is also described —
a monitoring system which provides additional information to the surgeon during 
an actual procedure and can issue warnings of imminent surgical mistakes. 

The monitoring system requires up-to-date knowledge of the position and shape 
of the soft tissue surgical targets as they move and change during the course of 
a procedure. The thesis investigates the potential of medical ultrasound imag-
ing as a means of obtaining this information intra-operatively. Existing methods 
of automatically detecting soft-tissue organ boundaries in ultrasound images are 
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reviewed and implemented. A rigorous statistical analysis, comparing the al-
gorithms' results to human expert opinions, has been undertaken to identify the 
best outlining method which is shown to be a genetic algorithm creating potential 
outlines from a deformable shape model. Two aspects of the outlining algorithm 
(namely the shape model and method of testing a candidate outline against the 
ultrasound image) have been optimized to produce an algorithm which provides 
significantly more accurate and reliable results than previous routines. 

A laboratory-based training and monitoring system has been built to mimic the 
transurethral prostate resection procedure and to provide positional feedback to 
the surgeon. The system uses a novel prostate phantom which deforms under 
the action of the surgical tool, which may be resected and is pervious to ultra-
sound. A computer model of the prostate phantom is generated by automatically 
outlining a set of ultrasound scans pre-operatively. A motorized platform moves 
the ultrasound probe to image the phantom intra-operatively. These scans are 
processed to update the computer model and maintain registration during defor-
mation and movement. An optical overhead tracking system allows monitoring 
of the cutting tool and the system gives warnings on proximity to vital organs at 
the limits of safe resection. 

The result of the research shows that intra-operative ultrasound imaging is a 
potential method for tracking the motion and deformation of the prostate during 
surgery. However, several difficulties are highlighted which prevent ultrasound-
based tracking at present. These problems are discussed and possible solutions 
are provided as directions for future research. 
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Chapter 1 

Introduction 

1.1 Introduction 

Minimally invasive surgery (MIS) is rapidly becoming the preferred technique in 
many areas of surgery. Russell [186] defines MIS as: 

"The achievement of a therapeutic objective by the least physiologi- 
cally disturbing stimulus so that the metabolic, cardio-respiratory and 
psychological effects are minimal." 

MIS is characterized by the use of small incisions or natural body orifices to 
allow access to the surgical target. This leads to many advantages over conven-
tional open surgical techniques. Tissue injury is lessened, resulting in reduced 
post-operative pain and shorter recovery periods benefiting both the patient and 
hospital. The likelihood of secondary infection is decreased since the patient is 
less exposed to the external environment. There are cosmetic benefits for the 
patient with the minimization of visible scarring. There is also evidence to show 
that patient mortality and morbidity are reduced [148]. 

Instruments for MIS are typically long thin tubes which provide access to the 
surgical target and through which a variety of tools may be inserted. Visual 
information of the surgical target is provided by an endoscope, often incorporated 
with a video camera so that the image is viewed on a monitor. In some techniques, 
such as laparoscopyi, multiple incisions are made so that the surgical instruments 

1Laparoscopy involves surgery in the abdominal cavity. Typically four incisions are made; 
two for surgical instruments, one for the endoscope and one for insufflating the abdomen. 
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CHAPTER 1 	 Introduction 

and endoscope occupy different positions, and the surgical instruments are visible 
in the endoscopic image. Other techniques, such as uroscopy and neuroscopy2  use 
a single orifice — the endoscope and surgical instrument are introduced through 
the same tubular guide. 

The closed nature of MIS results in difficulties for the surgeon. Although generally 
of excellent magnified quality, the visual field available through an endoscope 
is much smaller in comparison to open surgical techniques; the image is two 
dimensional so depth perception is difficult and in the case of single orifice MIS 
only the tip of the surgical instrument is visible. Excellent hand-eye co-ordination 
is required since the surgeon must observe the endoscopic image rather than 
looking at his hands. Excessive bleeding can lead to occlusion of the endoscopic 
view. The dexterity of the surgeon is reduced and the surgical tool position 
and orientation may become confused from the loss of direct visual information 
and the reversal of direction inside the patient. The surgeon's knowledge of the 
surgical target is often built up from preoperative scans which must be maintained 
as a three-dimensional mental map of the anatomy, and be registered with the 
tool position and orientation. Delicate structures which should not be damaged 
may lie outside the field of view - their positions must be maintained within the 
surgeon's mental map. Finally, MIS removes the direct tactile feedback available 
to the surgeon in open surgery. 

The problems involved with MIS mean that training in the techniques is lengthy 
and difficult. In the past, surgical training was undertaken in a hands-on man-
ner, with the trainee shadowing a consultant and learning under his observation. 
With MIS, the trainee has many more skills to acquire; they must first be com-
petent in manipulating the surgical tools and maintaining knowledge of position 
and orientation with respect to the anatomy, before practicing on a patient. To 
this end, a variety of training systems have been devised. The simplest systems 
involve using tools to manipulate objects without direct vision and allow honing 
of such skills as cutting and suturing, e.g. "lunch box" trainers which use an 
endoscope to visualize tools passing through a phantom abdomen to resect parts 
of a chicken or manipulate pieces of plastic [131, 194]. More advanced systems 
are generally procedure specific and are based around one or a combination of 
anatomical phantoms, computer graphics and virtual reality, haptic feedback and 
finite element modelling. However, there is still a wide gap between such systems 
and the real surgical procedure. A brief discussion of surgical training systems is 

2Uroscopy involves insertion via the urethra. Neuroscopy requires a small incision in the 
skull to allow access to the brain. 
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given in section 1.2, and the background to surgical training systems is discussed 
in full in chapter 2, section 2.4. 

The term "monitoring" is generally associated with systems which provide status 
reports on the patient during the course of the operation, such as blood pressure, 
respiratory rate, heart rate and anaesthetic levels. In the context of this thesis, 
the term is used to describe a system which monitors the progress of the operation 
and the position of the surgical tools with respect to the anatomy. Such a system 
stems the gap between training and the real operation by providing assistance to 
the newly trained surgeon. The components required for a MIS monitoring system 
are introduced in section 1.3, and discussed more fully in chapter 2, section 2.6 
and chapter 7. 

1.2 	Training systems for minimally invasive surgery 

The generic training system discussed in this section falls into the sophisticated 
end of the range of products, where the training is directed towards a specific 
MIS procedure. Therefore, the objective is to enable the trainee to acquire and 
practice the necessary skills required to perform the operation safely and accu-
rately. The components required for a successful trainer are discussed over the 
following paragraphs. 

The manipulators which the trainee uses to practice the surgery should perform 
in the same manner as the real surgical instruments. These manipulators can be 
specific products designed for simulating surgical instruments, or be the actual 
surgical instruments themselves. In either case, they must be encoded in some 
manner which provides information on their positions3. An important require-
ment for these manipulators is that they should have the same feel as that during 
the real procedure, both in terms of their actual physical composition and their 
interaction with the surgical target, since tactile sensation provides a significant 
degree of feedback to the surgeon whilst operating. 

The visual stimulus, given to the trainee in the form of an endoscopic image, 
should convey the same information which is received in the real surgery. Two 
possibilities exist for the display; either a computer generated virtual reality image 
of the surgical target and instruments, or a real endoscopic image of a phantom 

3Examples of several manipulators for MIS training systems are given in chapter 2, which 
also provides a discussion of methods for tracking real surgical instruments. 
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Component Requirement 
Manipulators Realistic tactile sensation 

Display Realistic visual stimuli 
Evaluation Accurate assessment of performance 

Additional information Graduated level of difficulty 
Recording Performance record and assessment of learning rate 

Table 1.1: Summary of the components of a MIS training system. 

model of the surgical anatomy. Each option has associated advantages and dis-
advantages. Virtual reality displays can be varied so that different anatomical 
and pathological scenarios are included, although current virtual reality based 
trainers lack realism (see section 2.4.2, chapter 2). Phantom models can provide 
a more realistic display, but it is difficult to model the differences in anatomy and 
pathology, or to simulate side-effects such as bleeding. The choice also governs 
the method of providing tactile feedback through the manipulators; a phantom 
model implies direct tactile feedback through interaction of the tools and model, 
virtual reality requires force feedback in the manipulators and sophisticated force 
models for tactile sensations to be simulated. 

The training system should provide an evaluation of the surgical task so that per-
formance can be monitored over time. However, the criteria on which a procedure 
may be judged remains a subject under current research. Various factors are rele-
vant depending on the particular operation, although time taken and the number 
and nature of errors made are universal. The topic of surgical skill assessment is 
discussed in more detail in section 2.4.4, chapter 2. 

The final component which can be present within a MIS trainer is the ability 
to provide different levels of difficulty during the surgical procedure. Additional 
information, such as external views giving extra navigation cues, can reduce the 
degree of complexity in the initial stages of training. Alternatively, complications 
which occur rarely during a real procedure can be included in the training system 
once the user reaches a more advanced level of experience. 

Table 1.1 provides a summary of the components of a MIS training system and 
their requirements. 
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1.3 Monitoring systems for MIS 

The primary objective behind a monitoring system for MIS is to prevent mistakes 
being made during the course of a surgical procedure. This can only be achieved if 
the monitoring system has knowledge of the relative positions of the surgical tools 
with respect to the patient's anatomy. In particular the delicate structures in the 
vicinity of the operative site must not be damaged. The secondary objectives 
of such a system are to provide additional information to the surgeon so that 
navigation is facilitated within the confined space of the operative site, and to 
provide the possibility of a post-operative review of all the actions made during 
the procedure. 

A strict requirement for a MIS monitoring system is that it should cause as few 
changes as possible to the operating procedu7e, and the design should be such 
that any required changes should have minimal impact. This requirement will 
enable surgeons who have trained whilst using the system, to still perform the 
surgery in situations where the monitoring system is not present. 

The surgical instruments used during a procedure must be modified so that their 
positions are known to the monitoring system. This can be achieved through 
the use of a tracking system which measures the positions of markers attached 
to the tools. Several different tracking options are available which are discussed 
in section 2.5.1, chapter 2. The tracking system should provide timely, accurate 
positional information using tracking markers which do not overly affect the feel 
of the surgical tools. 

Obtaining the relative positions of the tools with respect to the patient's anatomy 
presents a more difficult challenge, with the degree of difficulty depending on the 
surgical task being performed. In some applications, such as orthopaedic proce-
dures, the position of the surgical targets are either stationary (using external 
fixation devices) or can be ascertained by attaching a few fiducial markers to the 
anatomy. The knowledge of the complete shape of the anatomy can be determined 
pre-operatively by imaging the patient, processing the images to demarcate the 
permitted regions for treatment (either automatically or by hand) and construct-
ing a model of the treatment volume from these regions. The model could then 
be used during the procedure, either directly or after affine transformation ac-
cording to the position of the tracked fiducial markers. However, the majority of 
MIS operations have surgical targets which partially or wholly consist of soft tis-
sue. Soft tissue tends to move and deform according to the patient's position and 
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under the influence of the surgical tools during the procedure. In addition, the 
surgical target may change considerably during the course of the operation, due 
to such factors as tissue response to injury (causing swelling) and the relaxation 
of internal stresses as tissue is removed. 

The only solution to the problem of tissue movement during the surgery is to 
acquire intra-operative images and process them automatically to find the current 
position and shape of the surgical target. Three imaging modalities exist which 
have been previously used for intra-operative applications (they are discussed in 
section 2.6, chapter 2), however they have only been used to provide images to the 
surgeon during the procedure, rather than being automatically processed to gain 
an understanding of the anatomy. The image processing must accurately detect 
the boundaries of the treatable region in each image, at a rate which is sufficiently 
fast to allow the monitoring system to compensate for changes in the surgical 
target. Therefore, the image processing must perform without any human input, 
with the additional requirement that the resulting outline information must be 
accurate, since there is no time for manual correction. 

Once the outline information is obtained from the intra-operative images, it must 
be aggregated into a complete computer model of the surgical target. Generation 
(or update) of the model should be sufficiently rapid so that registration is main-
tained to the surgical anatomy. Interrogation of the model must also proceed at 
interactive rates, since the model must provide positional information of the sur-
gical boundaries given the position of the surgical instruments. This information 
must be accurate so that only valid warnings are generated by the monitoring 
system. 

During the course of an operation, there are many factors which demand the sur-
geon's attention. MIS often involves the complex coordination of sophisticated 
surgical tools, using both hands and feet, while observing and interpreting video 
displays of the surgical site, and remembering patient-specific pre-operative in-
formation. The additional information presented by a monitoring system must 
therefore be presented in a clear and concise manner which does not require inter-
pretation on the part of the surgeon. In particular, warnings of imminent mistakes 
must be clear and timely, but the priority is that they should be accurate. 

Table 1.2 provides a summary of the major components required for a monitoring 
system, and the relevant factors which should be considered for each. 
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Component Requirements 
Surgical instrument tracking Timely, accurate positional information 

Intra-operative imaging Fast data acquisition across the surgical volume 
Image processing Rapid, automated detection of surgical boundaries 

Anatomical model Fast generation and precise interrogation 
Information display Real-time simple display and accurate warnings 

Table 1.2: Summary of the components of a MIS monitoring system. 

1.4 Aims and objectives 

The research contained in this thesis is directed towards providing a novel system 
for training and monitoring in the field of MIS. The project aims are twofold: (i) 
the development of a training system which bridges the gap between the training 
and the real surgical environment, and (ii) the development of an associated 
monitoring system which eases the trainee into the real operation by providing 
extra information on the operation progress and surgical instrument position, and 
warnings of imminent surgical mistakes. 

Although the research is applicable across the discipline of minimally invasive 
surgery, a specific implementation for transurethral resection of the prostate 
(TURP) has been used in this research. The choice of the surgical applica-
tion relates to the considerable experience in prostate surgery applications by the 
Mechatronics in Medicine Laboratory (MiMLab), Imperial College. The TURP 
procedure is highly localized to one area of the anatomy (the prostate) and there-
fore requires only one computer model. Additionally, the operation uses a single 
tool thus the system need only track a single tool. 

The research has been directed towards the following six objectives: 

• To develop a training simulator for TURP which provides additional infor-
mation to the trainee and enhances the learning process, with the ability 
to evaluate training performance. 

• To investigate current image processing methods which could be used to 
detect the prostate outline in ultrasound images so that information on the 
position and shape of the prostate may be obtained intra-operatively. 

• To analyze the underlying features of transrectal prostate ultrasound im-
ages, and identify the indicators which best correlate to the presence of the 
prostate outlines. 
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Figure 1.1: Anatomy of the prostate. 

• To assess the hypothesis that ultrasound is a feasible imaging modality for 
tracking tissue movement during surgery. 

• To design an algorithm for fast generation and interrogation of a three-
dimensional treatment volume constructed from the surgical boundaries. 

• To develop a proof-of-concept, laboratory-based in-vivo monitoring system 
which provides additional navigation feedback to the surgeon, including 
warnings on the proximity of the cutting loop to delicate structures, on a 
mock-up of the TURP procedure. 

1.5 	Transurethral resection of the prostate 

The prostate is a chestnut sized gland found in males at the base of the bladder 
and just in front of the rectum, as shown in figure 1.1. It is roughly conical in 
shape, with the base of the cone at the bladder, and the apex pointing downward 
towards the bulb of the penis. The prostate functions as part of the ejaculatory 
system, secreting a milky, alkaline fluid that contributes to the semen [145]. The 
urethra passes through the prostate from base to apex, and characteristically 
bends through a 35°  angle at about two thirds of the length of the gland [179]. 
This bend often coincides with the position of the verumontanum - a protrusion on 
the posterior wall of the urethra where the ejaculatory ducts open into the urethra, 
thought to prevent semen from passing into the bladder during ejaculation [179]. 
The prostate is enveloped by a fibrous capsule, which varies in thickness from a 
few millimetres to as little as 0.25 mm [159]. 
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Figure 1.2: Transrectal ultrasound system and typical scan. 

Benign prostatic hyperplasia (BPH) is an enlarging of the prostate as part of 
the natural ageing process. This can cause constriction of the urethra inhibit-
ing the flow of urine from the bladder. Various treatments exist for the relief of 
the obstruction including drug therapy, resection of the tissue by electrosurgery 
or laser, microwave therapy, cryosurgery, high intensity focused ultrasound and 
interstitial laser coagulation. Of the surgical interventions, resection by electro-
surgery is the gold standard and is commonly known as transurethral resection 
of the prostate (TURP). 

The initial stage in the treatment of BPH is imaging of the prostate using tran-
srectal ultrasound (TRUS). Figure 1.2 shows a transrectal ultrasound system and 
a typical TRUS scan. The TRUS procedure allows an estimate of the volume of 
the prostate to be made; this volume is a key factor in the clinical decision making 
process and choice of treatment. The TRUS scan also gives the surgeon an initial 
view of the patient's anatomy with the chance to note the positions of the pro-
static capsule, and any potential areas of surgical difficulty, such as calcifications 
within the tissue. 

The TURP operation proceeds as follows. An endoscope is introduced into the 
urethra through the penis allowing the surgeon to view the urinary tract and blad-
der. Key anatomical sites such as the verumontanum and seminal vesicle openings 
are noted. Once the surgeon has a complete mental image of the anatomy, a re-
sectoscope is used to cut away the excess tissue. The resectoscope is fitted with 
a camera at its distal end and the view from the resectoscope tip is shown on an 
adjacent monitor. An electrosurgical cutting loop at the proximal end of the re-
sectoscope performs the actual cutting. Movement of the cutting loop is achieved 
through a trigger on the resectoscope body, and current to the loop is controlled 
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Figure 1.3: Resectoscope components: (from top) endoscope camera, endoscope, 
resectoscope, outer sheath, hot wire cutting element. 

by a foot switch. A second foot switch allows a lower current supply to the loop 
which is used to coagulate bleeding arteries. Figure 1.3 shows the resectoscope 
components. 

During the course of the resection, care must be taken not to damage delicate 
structures within the prostate. Damage to the sphincter mechanism is associated 
with post-operative incontinence -- a condition which occurs in 4% of cases [72]. 
Resection of the verumontanum leads to post-operative loss of ejaculatory func-
tion, and should also be avoided. Puncturing of the prostate capsule (with the 
possibility of perforating the rectal wall) can lead to persistent bleeding and in-
fection. The prostate capsule is identified on the endoscopic image by its fibrous 
texture once the covering of hyperplasic tissue has been cut away. However, the 
capsule can be as little as 0.25mm thick [159], and the most careful resectoscope 
cut removes lmm of tissue [20], therefore it is not possible for the surgeon to 
continually cut away tissue until the capsule appears. Instead, the surgeon must 
maintain knowledge of the resectoscope position with respect to the prostate 
capsule and verumontanum, without seeing either on the endoscopic image. 

Two objectives have been identified to reduce problems with the TURP procedure. 
The first is a training system which allows the trainee surgeon to become adept 
at manipulating the resectoscope and cutting tissue with extra guidance as to the 
resectoscope position with respect to the delicate structures. The second objective 
is to extend the training system into the operating theatre by providing intra-
operative monitoring of the resectoscope position and orientation, with respect 
to an updated model of the patient model derived from intra-operative imaging. 
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1.6 	Overview of the thesis 

This chapter introduced the field of MIS and presented several advantages of the 
technique which have resulted in its continued adoption in preference to standard 
open surgical techniques. However, the benefits also come with some added cost to 
the surgeon, in terms of the increase in difficulty of performing the procedures and 
the requirement for additional training above that associated with conventional 
operations. Various systems exist which allow the skills of MIS to be practised; the 
components of a generic training system have been described. A novel concept for 
extending training into the operating theatre and for providing monitoring during 
the surgical procedure was introduced and the general features of such a system 
were characterized. The objectives of the research contained in this thesis in the 
areas of training and monitoring systems for MIS were described, with a specific 
target operation of TURP chosen for the prototypes. A brief discussion of the 
prostate was given, including the anatomy and pathology, and the symptomatic 
treatment via the TURP operative procedure. 

Chapter 2, starting on page 35, gives a discussion of various aspects of the back-
ground to the research contained in this thesis. A short history of MIS is given, 
chronicalling the rise of the technique and the increase in complexity of the pro-
cedures and surgical tools involved. Various approaches to surgical training are 
examined with particular emphasis on the the additional difficulties apparent 
in MIS in comparison to conventional open surgery. Examples of existing MIS 
training equipment are reviewed and discussed; these include both virtual real-
ity based and physical model based systems. The advantages and disadvantages 
associated with each type of training system are discussed, and a new hybrid 
approach is introduced which incorporates elements of both the virtual reality 
and physical model based systems. The major advantages of the novel training 
system all require tracking of the surgical tools during the training procedure; 
various tracking technologies are discussed and the most suitable chosen. The fi-
nal part of the chapter develops the idea of bringing the training system into the 
operating theatre in an attempt to close the gap between training and performing 
an actual procedure on a patient. This extends the concept of a training system 
into a full blown monitoring system which not only provides additional guidance 
to the surgeon, but can also provide warnings if incorrect actions are imminent. 
The vital component of such a system is that it maintains a correct map of the 
patient's anatomy which is updated through the interpretation of intra-operative 
images. Several imaging modalities are discussed and evaluated as potential can- 
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didates for this intra-operative imaging. The chapter finishes with a discussion 
of the problems associated with the chosen modality - ultrasound imaging. 

Chapter 3 (page 65) describes the implementation of a hybrid training system 
for MIS which is a specific simulator for TURP. Each component of the system 
is described, including the standard TURP surgical equipment which is identical 
to that used in the real operation, the additional instrumentation components 
required to monitor the positions and statuses of the surgical tools, the phantom 
surgical target and the computer system which provides additional navigation 
information to the surgeon. Initial results from using the system are presented 
and discussed, and the problems highlighted. Several potential solutions for these 
problems are discussed with ultrasound tracking chosen as the most suitable 
method. The choice of ultrasound tracking has the additional benefit of closing 
the gap between the training system and monitoring system. The final section 
of the chapter describes the formation of a novel prostate phantom which can be 
tracked using ultrasound and resected with the resectoscope in a similar manner 
to a real prostate. 

The major work of the thesis, the automated detection of the prostate outline 
in ultrasound images, is contained in chapters 4 through 6. The motivation for 
the outline detection is to enable the tracking of the prostate as it is moved and 
deformed during the course of a TURP procedure - a feature which is crucial to 
the success of an intra-operative monitoring system for TURP. Chapter 4, starting 
on page 83, investigates many potential solutions to the problem of identifying 
the prostate outline. Examples of common image processing techniques for edge 
detection are described and shown to perform poorly on ultrasound images due to 
the low signal to noise ratio inherent in the imaging modality. A comprehensive 
review of the literature of edge detection in ultrasound images is presented, and 
candidate solutions for prostate outline detection are described. These solutions 
fall into three categories of image processing techniques; edge-based, region-based 
and model-based detection schemes. Existing algorithms from each category have 
been implemented (including standard and prostate specific) and the results of 
applying each to a high quality prostate ultrasound image are given. These results 
are discussed and promising candidates are presented for further analysis. 

The topic of chapter 5, which begins on page 150, is an in-depth assessment of 
the promising algorithms from chapter 4. The algorithms are applied to a set of 
ultrasound images taken from different patients and covering the range in image 
quality typically observed in routine prostate ultrasound examinations. The con- 
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cept of a reference outline (the true outline of the prostate) is introduced, and 
various potential methods for finding the reference outline are discussed, with 
averaging of a set of expert drawn outlines chosen as the most appropriate. Sev-
eral different error metrics are proposed for measuring the difference between two 
outlines. A thorough statistical analysis is presented which compares the results 
of the promising algorithms to the reference outlines and the expert outlines, and 
identifies the most promising algorithm to date. 

Chapter 6 (page 182) provides an in depth analysis of the most promising al-
gorithm, which identifies the components of the algorithm that are candidates 
for optimization. The essential features of this algorithm are a prostate model 
which is used to generate candidate curves that may match the outline of the 
prostate in an ultrasound image, and the mechanism by which each outline is 
assessed to determine if it is indeed a good fit. The first part of the chapter 
investigates various methods for forming the prostate model and evaluates the 
potential of each model to produce outlines which are always valid examples of 
prostate shapes. The work contained in the remainder of the chapter questions 
previous assumptions about which features of an ultrasound image give the best 
indication that a prostate outline falls within a given region of the image. Previ-
ous work has always started from the assumption that some feature of the image 
signifies the prostate outline - the image is then searched to find the points where 
the given feature is abundant and these points are taken to lie on the outline. 
The analysis reported here is based on a novel approach, where the process is 
reversed, i.e. starting from the expert delineated outlines for each image, many 
different indicators are checked to see which ones give a marked difference for 
outline and non-outline areas. The investigation is correlated across the full data 
set of ultrasound images, to determine the indicator which gives the best over-
all test. The final part of the chapter compares the optimized algorithm with 
previous outlining algorithms presented in the literature. 

Chapter 7, which begins on page 235, begins with an explanation of the adjust-
ments to the TURP training system equipment, and the additional components 
required, to implement a full scale operating theatre monitoring system for TURP. 
The results of initial experiments within the operating theatre are presented, and 
the difficulties highlighted which prevent the achievement of this objective. The 
remainder of the chapter focuses on a laboratory mock-up of the TURP monitor-
ing system which enables the investigation of ultrasound imaging as a potential 
solution for tracking the prostate, both in the monitoring system and in the 
training system where registration between prostate phantom and model needs 
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improvement. The chapter concludes with the results and discussion of experi-
ments conducted using the lab-based system. 

The final chapter, (chapter 8 on page 291), discusses the overall conclusions for 
the work presented in this thesis, and provides directions for further work in the 
field. 
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Chapter 2 

Background 

2.1 Introduction 

This chapter begins with the history of minimally invasive surgery and surgical 
training. A review of the literature in two categories of minimally invasive surgery 
training simulators is then given, highlighting the benefits of each and the po-
tential for a new hybrid approach. The concept of a minimally invasive surgery 
monitoring system is introduced as a bridge between training and a real surgical 
procedure in the operating theatre. Fundamental components of the training and 
monitoring systems are examined and suitable technologies are discussed. 

2.2 Minimally invasive surgery 

The beginnings of minimally invasive surgery [1351 (MIS) are rooted in the 
early 19th century when Philip Bozzini invented a light conductor called the 
"Lichtleiter" (figure 2.1) to illuminate the internal cavities of the body using a 
candle as a light source. However, medical rivalries and politics in Vienna at 
the time meant that Bozzini never had the chance to use his creation. Not until 
fifty years later was the Lichtleiter finally used by Antoine Jean Desormeaux for 
urological cases. Not surprisingly, burns were a common complication due to the 
source of illumination. Following Edison's invention of the light bulb, Maximil-
ian Nitze created the first optical endoscope using electricity as the illumination 
source, again only using it for urology. 

George Kelling was the first surgeon to use an endoscope to explore the abdom-
inal cavity. He invented a system of pumping filtered air (figure 2.2) into the 
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Figure 2.1: Bozzini's Lichtleiter. The first endoscope. 

Figure 2.2: Kelling's "luft tampanade" for insulating the abdominal cavity. 

abdominal cavity of dogs with the objective of stopping intra-abdominal bleed-
ing. Although the technique was not successful for preventing blood loss, the 
"coelioskope" became the precursor to modern laparoscopy. 

In 1929, the German gastroenterologist Heinz Kalk developed a 135° degree lens 
system to provide a wider view, and the use of two trocars to allow the first 
surgical procedure in the abdomen using the minimally invasive technique. Ten 
years later he had performed over 2000 diagnostic liver biopsies without mortality. 
John Ruddock devised the first endoscope with built in forceps in 1934. He 
also added an electrocoagultion capability to allow the cauterization of internal 
bleeding. 

During the mid 20th century many advances were made in the field with improved 
techniques and instruments, such as the rod lens and fibre-optics. In 1980, Patrick 
Steptoe became the first surgeon to conduct laparoscopic procedures under sterile 
conditions in the operating theatre (OT). 

Up until 1982, the main limitation of MIS was the necessary use of one of the 
surgeon's hands for manipulating the endoscope, leaving only one hand to perform 
the surgical task. This restricted the operations which could be carried out to 
a few gynaecological, arthroscopic (joint) and cystoscopic (bladder) procedures. 
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The surgeon also had to operate under uncomfortable conditions, bending over to 
peer down the endoscope. The invention of the solid state camera opened up the 
potential of minimally invasive surgery, freeing the surgeons hands by allowing 
a second person to control the view of the surgical field. Further advances in 
rod lens technology and the introduction of the halogen light source were also 

significant advances. 

The benefits of smaller scars, lower amounts of pain and shorter recovery peri-
ods made minimally invasive techniques appealing to patients. Largely driven by 
this patient demand, many procedures have now been adapted to the minimally 
invasive approach. Surgical specialities such as urology, gynaecology, thoracic 
surgery, sinus surgery and orthopaedics have been conducted without the large 
open procedures necessary in the past, and minimally invasive is now the pre-
ferred technique in many cases. As technology develops and new instruments are 
introduced, the field of minimally invasive surgery will continue to grow rapidly. 

2.3 Surgical training 

The development of MIS obviously requires trainee surgeons to acquire the nec-
essary skills to become proficient in the new techniques. Historically, training 
in surgery has followed the apprenticeship model where education is obtained in 
the OT, with the trainee observing the progress of an operation undertaken by 
a skilled surgeon. After a certain period of passive observation, the trainee is 
allowed to perform the operation under close supervision, but without any tran-
sition period between observation and practice. For many reasons, the OT is 
unsuitable as a classroom for learning surgical skills. For the trainer, the priority 
in the OT must always be the patient's welfare with training taking a secondary 
role, with the result that the opportunity for teaching is underused [190]. 

The unpredictable nature of surgery means that training cannot always be well 
structured and predicted. Teaching of a particular procedure relies on a patient 
presenting with symptoms which require that procedure. This can lead to a 
situation where the trainee is not well suited to the case in hand, where either 
the technical requirement is too demanding or falls below her abilities. Since the 
patient is the priority, the operation cannot be altered to achieve educational 
goals. Tasks cannot be repeated and the consequences of failure are drastic. 

The OT is a stressful environment. A number of factors contribute to a high level 
of stress in the OT, e.g. time constraints, technical difficulties, concern for the 
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patient, equipment failures, interpersonal issues, and the handling of telephone 
calls about other patient issues. The ability to learn has been shown to be reduced 
under such stressful conditions [192]. OT time is also extremely expensive, and 
on-the-job training extends average surgery time by 20 minutes. 

Training for MIS makes the traditional apprentice approach even more difficult 
for both trainee and trainer, since the visual field of the operation and the phys-
ical interaction with the operative site are no longer in same viewing frame. The 
trainee must try to interpret the movements of the trainer's hands when manipu-
lating the surgical tools and relate these to what is happening on the video display 
of the operation. This makes it extremely difficult for the trainee to obtain an 
understanding of the interaction between the surgeon's hand movements while 
operating the surgical tool, the active end of the surgical tool, the surgical site 
and the video display. The trainers themselves may be sometimes unaware of the 
problem that the trainee can encounter, and also have difficulty translating their 
knowledge into instructions which the trainee can follow. 

Minimally invasive surgery requires an ability to visualize a 3D mental picture of 
the surgical anatomy from a combination of theoretical knowledge, experience, 
preoperative examinations and imaging, and a localized view of the surgical site 
from the endoscopic camera. The fulcrum created at the point of entry to the 
body results in a reverse relationship between the movement of the working end 
of the surgical tool and the surgeon's hands. The surgeon must be sufficiently 
skilled so that the instruments can be wielded dexterously without the surgeon's 
concentration wandering from the endoscopic view. 

Although experience gained by training in the OT can never be fully replaced, 
much of the manual dexterity required for handling minimally invasive tools can 
be learnt prior to exposure on a patient. Training using live animal specimens 
is one approach used outside the OT but the considerable cost, ethical and legal 
issues, and differences to human anatomy mean frequent use of animals is not a 
solution. Human cadavers are used, but procedures can only be conducted once 
on each. 

2.4 MIS training systems 

Several inanimate systems are available for training in MIS outside the OT with-
out the need for the presence of a patient or experienced surgical trainer. They 
range in complexity from simple object manipulation exercises which teach the 
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(a) 
	

(b) 

Figure 2.3: Simple laparoscopic suturing trainer. a) The training box. b) Simu-
lated tissue and grippers. [194] 

basic skills required to handle the surgical instruments proficiently, through to 
complete simulations of surgical procedures. The systems fall into two categories: 
physical models and virtual reality. 

2.4.1 MIS physical model training systems 

The simplest products in this category provide training in techniques such as 
cutting and suturing using endoscopic tools without direct visual guidance, such 
as the Simuviewl  suture trainer (figure 2.3). The trainer consists of a box with 
holes for access of the instruments, a simulated tissue pad and a set of mirrors to 
provide an endoscopic view without the need for a real endoscope. More specific 
surgical tasks may be practiced on equipment such as the resection trainer2  shown 
in figure 2.4. 

Various anatomical models are available commercially which allow training in 
particular surgical applications, such as the sinus trainer3  (figure 2.5) which per-
mits the internal passageways of the nose to be explored endoscopically as well 
as via direct viewing, although it is not designed to allow practice of surgical 
procedures. However, several more sophisticated products are available which 
do provide the ability to practice complete surgical procedures. For arthroscopic 

iSimulab Corporation, Washington, USA. 
2Limbs and Things Ltd, Bristol, UK. 
3  Global Technologies, Florida, USA. 
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Figure 2.4: Basic training in resectoscope manipulation and co-ordination. [131] 

Figure 2.5: Sinus endoscopic trainer. [78] 

40 



CHAPTER 2 
	 Background 

(a) 
	

(b) 
	

(c) 

Figure 2.6: a) Arthroscopic shoulder trainer. b) Knee model. c) Endoscopic view 
of the knee. [95] 

Figure 2.7: Torso and internal models for laparoscopic surgery training. [194] 

procedures, Hillway Surgical4  manufacture a knee and shoulder model (figure 2.6) 
Both include accurate anatomical features and have sacrificeable, replaceable lig-
ament components upon which the surgery is performed. 

Several specialized training systems for soft tissue surgery are available on the 
market. Figure 2.7 shows a torso model' which can be fitted with various re-
placeable internal models to allow practice of laparoscopic procedures such as 
cholecystectomy6  or the gastro-oesophogeal reflux7  procedure. MIS gynaecolog-
ical and urological techniques may be performed on the female pelvic trainer 

4Hillway Surgical Ltd, West Sussex, UK. 
5Simulab Corporation, Washington, USA. 
6Cholecystectomy is the MIS technique for removal of the gall bladder. 
7Gastro-oesophogeal reflux is the back flow of stomach acid into the oesophagus, commonly 

known as heartburn. In severe cases, surgery may be required. 
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(a) 
	

(b) 
	

(c) 

Figure 2.8: a) The Limbs and Things female pelvic trainer. b) The TURP training 
system in use. c) The resectable prostate model. [131] 

and TURP trainer respectively (figure 2.8), both produced by Limbs and Things 
Ltd' [196, 40]. The TURP trainer forms the basis of the CASTS system which 
is described in section 2.5 and chapter 3. 

2.4.2 MIS virtual reality training systems 

Virtual reality is the simulation of a real or imaginary environment generated us-
ing computer hardware. In its simplest form, the user experiences the simulation 
as a 3D image displayed on a 2D computer screen with additional components 
such as sound and tactile feedback to enhance the sense of realism. More com-
plex systems use hardware such as stereo vision display goggles, powered gloves 
or even full body suits to provide a complete immersive environment. Much of 
the technology associated with virtual reality has resulted from the lucrative com-
puter gaming market, where significant advances have been made in 3D rendering 
technology such as OpenGL [223]. 

The use of VR systems as an aid to teaching is an attempt to bridge the gap 
that exists between simplistic "lunch box" trainers and training on patients. The 
additional realism that results is considered to justify the increased cost and 
complexity of VR training systems in comparison to the lunch box type. 

Virtual reality has many uses in the surgical arena [189]. During surgery planning, 
preoperative images may be rendered in 3D to allow the surgeons to explore 

8Limbs and Things Ltd, Bristol, UK. 
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the surgical site, obtain an understanding of the anatomy and highlight areas 
of potential difficulty. Augmented reality systems use virtual reality to overlay 
a computer generated scene onto the surgeon's normal view, either direct or 
endoscopically. Information such as anatomical labels or the area of disease within 
an organ can be displayed to the surgeon during the course of the operation. [209]. 

Virtual reality as a tool for training has already found widespread use in the 
teaching and continued assessment of aircraft pilots. Flight simulators allow 
pilot candidates to spend many hours perfecting their skills without the danger 
associated with actually flying a craft, and also provide the ability to train for 
situations which would not occur outside of an emergency situation in real life. 
Experienced pilots must undergo a series of annual checks in a flight simulator to 
ensure that they still have the necessary skills for safe flying. 

Several systems for training surgeons in MIS are currently available commercially 
or under development at research institutions. The Procedicus MIST' [147] sys-
tem consists of a pair of laparoscopic instruments (figure 2.9b) which are fitted 
with encoders to monitor the tools' positions in five degrees of freedom (DOF). 
Positional information is relayed to a computer which updates the display ac-
cordingly. Initial versions of the system allowed the user to perform tasks such 
as picking up objects and placing them at certain positions around the screen to 
provide training in general manipulation of the laparoscopic tools. The graphical 
display was simple, based around spherical or cuboidal objects, such as shown in 
figure 2.9a) where the objective is to hold the tool tip position on the cubes for a 
certain period, to simulate electro-coagulation tasks. Recently, a more sophisti-
cated visual interface has been developed which allows practice of surgical tasks 
such as anastomosis (figure 2.9b). A similar simple system is manufactured by 
Surgical Science')  [120]. 

More specific surgical procedures such as arthroscopy have also been simulated 
using virtual reality [156]. Figure 2.10 shows the knee arthroscopy simulator 
jointly developed by the American Board of Orthopedic Surgeons' and Boston 
Dynamics Inc.' The simulator consists of a physical leg model into which a 
mock-up arthroscope camera is inserted. The camera is motion tracked so that a 
VR display simulating the arthroscope view is updated on the computer screen. 
The leg model is flexible and also tracked so that manipulation of the knee causes 

9Mentice Medical Simulation, Gothenburg, Sweden. 
19Surgical Science Ltd, Gothenburg, Sweden. 
11American Board of Orthopaedic Surgeons, Pennsylvania, USA. 
12Boston Dynamics Incorporated, Massachusetts, USA. 
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(a)  

(b)  

Figure 2.9: a) Graphical display from the MIST VR training system. One instru-
ment is holding the blue sphere while the other coagulates the red cube. b) The 
laparoscopic instruments and anastomosis repair simulator. [149] 
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Figure 2.10: a) Boston Dynamics' knee arthroscopy simulator. b) Virtual reality 
generated endoscope display. [23] 

corresponding changes on the VR display. Haptic feedback is provided enabling 
the trainee to feel the interaction of the arthroscope and knee structure. However, 
the system is not so advanced as to allow surgical changes to be performed and re-
mains a purely exploratory teaching aid. Similar systems are being researched by 
groups at Hull University' [221], Sheffield University" [143] and Mitsubishi' [77] 
who have incorporated additional DOF so that forces are sensed along the length 
of the arthroscope rather than just at the tip. Prosolvia Clarus'6  manufacture 
an arthroscopic system which uses a shoulder model rather than the knee. 

The Madiganil  Endoscopic Sinus Surgery (ESS) simulator [219] uses a VR model 
of the nasal sinus derived from the Visible Human Database of the National 
Library of Medicine'. The system includes haptic feedback and soft tissue defor-
mation, but does not allow surgical interventions to be practiced at present since 
the primary goal is to teach navigation. Future versions of the system will include 
the ability to perform procedures. The ESS simulator is shown in figure 2.11. 

More complex VR MIS simulators provide the capability to perform complete 

13Simulation and Visualization Research Group, Department of Computer Science, University 
of Hull, UK. 

14Virtual Reality in Medicine and Biology Group, Department of Medical Physics and Clinical 
Engineering, University of Sheffield, UK. 

15Mitsubishi Electric Research Laboratories, Massachusetts, USA. 
"Prosolvia Clarus, Gothenburg, Sweden. 
17Human Interface Technology Laboratory, University of Washington, Washington, USA. 
"National Library of Medicine, Maryland, USA. 
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Figure 2.11: ESS VR sinus simulator. [96] 

surgical procedures. The Virtual Endoscopic Surgery Training' [31] (VEST) 
system allows practice of several minimally invasive laparoscopic techniques such 
as cholecystectomy and gynaecological surgery. The system comprises a hollow 
model of the abdomen into which mock tools may be inserted. The positions of 
the tools within the abdomen are monitored through a mechanical system which 
is fitted with potentiometers to measure the position of each degree of freedom. 
Position information is conveyed to a PC which updates a virtual model of the 
tools and anatomy accordingly, and displays the resulting endoscopic view. So-
phisticated deformable models and collision detection are used to allow the user 
to manipulate the surgical anatomy and perform tasks such as stapling, cutting 
and suturing of tissue. The abdomen and mock tools are shown in figure 2.12a), 
while figure 2.12b) shows the endoscopic view of the gynaecological model. Sev-
eral other centres are also currently researching VR for training in laparoscopic 
techniques, They include the Virtual Environments for Surgical Training and 
Augmentation system [210] from Berkeley University', the VIRGY simulation 
system for endoscopic training [13] from the Swiss Federal Institute of Technol-
ogy' and the commercially available LS500 system from Xitact22  [191]. 

Stanford University23  has developed two simulation systems based around the 

19Select-IT VEST Systems AG, Bremen, Germany. 
20Robotics and Intelligent Machines Laboratory, Department of Electrical Engineering and 

Computer Sciences, University of California at Berkeley, USA. 
21Virtual Reality and Active Interfaces Group, Swiss Federal Institute of Technology, Lau- 

sanne, Switzerland. 
22Xitact SA, Morges, Switzerland. 
"Biocomputation Centre, Stanford University, California, USA. 
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(a) 
	

(b) 

Figure 2.12: a) VEST MIS trainer. b) Suturing of the uterus in the gynaecological 
surgery system. [193] 

laparoscopic impulse engine from Immersion'. The first is a training system for 
hysteroscopy and endometrial ablation [154], while the second provides a sim-
ulation of the female pelvic girdle to provide training in various laparoscopic 
tasks [26]. Both systems incorporate haptic feedback to increase the sense of re-
alism experienced by the trainee. Figure 2.13 shows a rendering of the anatomical 
model and an example view from the endoscope. 

At present no VR training simulator exists for the TURP procedure. Simbionix25  
market a urological training system [151] (figure 2.14) which allows practice in 
several procedures such as ureteroscopy and are currently researching a system 
for TURP. 

2.4.3 VR versus physical models 

Whilst significant advances have been and continue to be made in the realism 
involved with virtual reality surgical simulators, there is still a large gap between 
the simulated visual environment and reality. Rendering techniques and texture 
mapping enable static scenes which do resemble reality, however the calculations 
required to calculate realistic deformations between interacting bodies are too 
complex to be performed in real time. Simple models have been included in 
virtual reality training systems, but they do not provide animations which are 

'Immersion Medical, Maryland, USA. 
25Simbionix USA Corp, Ohio, USA. 
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(a) 
	

(b) 

Figure 2.13: a) Anatomical model for gynaecology. b) View from the endoscope 
during hysteroscopy. [16] 

(a) 	 (b) 

Figure 2.14: Simbionix system. [195] 
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(a) 	 (b) 

Figure 2.15: a) Cutting an artery in the VEST gynaecological system. b) Simu-
lated pulsatile bleeding is not realistic. [193] 

convincing, particularly where the model tries to display cutting, coagulation, 
suturing and other such surgical interactions with the tissue (figure 2.15). 

A large degree of information feedback to the surgeon comes from the tactile 
sensations of the surgical tools interacting with their surrounds. Incorporating 
haptic feedback has improved realism in this area and virtual reality systems 
no longer suffer from the floating feeling associated with systems without force-
feedback. Once again however, the calculations required for modelling realistic 
force reactions are too lengthy to be performed in real time, and even the most 
advanced systems fall short of giving the same feel as cutting through real tissue. 

VR offers advantages over physical model based systems in a number of areas. 
The surgical tasks may be restarted or repeated as required, without the need for 
replacing used parts of a physical model. Using a software based model of the 
anatomy allows several different procedures or disease models to be performed 
using the same hardware. Running costs are reduced since there are no sacrificial 
parts of the system, as opposed to physical model simulators. Capital costs may 
be increased for a VR training system (particularly due to the cost of the haptic 
systems), however they do not require the use of a full set of surgical instruments, 
including light sources, cameras and electrosurgical current generators as well as 
the endoscopic tools. This could be construed as an advantage for the physical 
model systems since gaining familiarity with the real equipment is obtained prior 
to exposure in the OT. 

One area where MIS trainees have difficulty is maintaining knowledge of the po- 

49 



CHAPTER 2 
	 Background 

Physical models Virtual reality 
Improved visual realism 
Realistic tactile feedback 

Use real surgical instruments 
Capital cost of haptic system 

not necessary 

Tasks may be repeated or restarted 
Many operations simulated 
Lower running costs 
Improved navigation 
Adjustable difficulty level 
Skill assessment 

Table 2.1: Advantages (current and potential) of VR based versus physical model 
based MIS training systems. 

sitions of the surgical tool with respect to significant anatomical regions. The 
VR systems described in section 2.4.2 all provide a simulated view of the endo-
scope, which does not provide the trainee with any more navigational information 
than she would obtain from real surgery or a model based training system. How-
ever, VR reality models have the capability to allow the "camera" to be placed 
anywhere which could be exploited to provide an overall view of the surgical 
anatomy and the relative position of the surgical instruments. This is a failure 
of all currently available VR MIS training systems, but one which could easily 
be remedied. Another potential feature of VR systems is the ability to adjust 
difficulty levels from straightforward cases through to surgical situations involv-
ing significant complications, including problems which arise due to differences 
in anatomy/pathology. 

One other area where VR offers significant benefits is in its potential for assess-
ment of surgical skill which is discussed in detail in section 2.4.4. Table 2.1 gives 
a summary of the potential advantages of VR MIS training systems or physical 
model based simulators. 

2.4.4 Assessment of surgical skill 

In the current climate of medical liability with patients having ever increasing 
expectations upon the outcome of medical procedures, there is significant pressure 
on surgeons to demonstrate that they can perform operations to a high standard, 
consistently and with acceptable results. Various high media profile cases in 
the UK such as the Bristol heart surgery affair [68] have resulted in legislation 
requiring outcome data collection after every surgical procedure. Such data may 
be used to assess and rank the performance of an individual surgeon against his 

50 



CHAPTER 2 	 Background 

peers, however, statistically significant poor performance will only be determined 
after a number of failures, with potentially dire consequences for the patients 
concerned in the meantime. 

Spencer [198] estimates that the expertise required to conduct a successful op-
eration is based 75% on correct decision making and 25% on the motor skills 
of the surgeon. For MIS, manual dexterity is considerably more important [52]. 
Surgeons undergo rigorous examinations to test their knowledge on surgical tech-
niques and operative procedures, but at present there is no requirement for a 
surgeon to demonstrate competency in the complex motor skills necessary for 
successful operations. One of the difficulties in assessing the dexterity of a sur-
geon is the lack of an obvious criteria to use as a performance indicator. Various 
methodologies have been adopted, such as the assessment by experienced sur-
geons of endoscopic videos of trainees performing the operations [144]. Although 
this method was shown to to perform reliably, it required assessment of each 
trainee by multiple experts to eliminate observer bias. Providing such assess-
ment, outside the scope of a research project, for general appraisal of trainee 
surgeons would impose severe demands on the time of already stretched consul-
tants. Other studies have attempted to evaluate surgical skill based upon the 
time required to complete a particular procedure [180], or on the total number of 
procedures undertaken [74 however neither may be considered a reliable indica-
tor; faster operations are not necessarily beneficial and the total number makes 
no judgement on the operations' successfulness. 

Virtual reality training systems offer the potential for an objective assessment of 
surgical skill, since all movements of the surgical tools performed by the trainee 
may be easily logged. Success in achieving surgical goals may be monitored and 
performance improvement over time evaluated. Taffinder et al [205, 206] have 
measured performance based on a number of factors such as the number and 
economy of movements whilst performing specific tasks, using the MIST trainer 
system described in section 2.4.2. 

One system in the physical model based category has been used to assess surgical 
performance - the ENT (ear, nose and throat) training system [229] researched 
by the Japanese Institute of Advanced Industrial Science and Technology'. This 
trainer uses a model of the head to allow sinus endoscopic training. The model is 
fitted with sensors to measure the forces applied by the endoscope to the tissue. 
The study shows that novices perform the training session using decreased levels 

26lnstitute for Human Science and Biomedical Engineering, National Institute of Advanced 
Industrial Science and Technology, Tsukuba Ibaraki, Japan. 
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of force after a period of practice, while experienced surgeons perform the task 
using a constant low level of force. However, the trainer only simulates endoscopic 
exploration rather than surgical intervention. 

Further work is required in the area of MIS training to pinpoint the best methods 
for assessment of skill and define standards for performance evaluation. 

2.5 CASTS 

Current systems in the field of MIS training are based upon either VR or phys-
ical models of the surgical anatomy. However, there are several disadvantages 
associated with each approach as described in section 2.4.3. This has led to 
the adoption of a hybrid approach to MIS training simulators, incorporating the 
benefits of both types. The general hybrid training system is named CASTS 
(computer-assisted surgery training system) and the prototype model provides 
training in the TURP procedure. TURP has been described as the most diffi-
cult operation to learn and teach 1100], therefore it provides a demanding test of 
the CASTS approach. The CASTS-TURP system (referred to simply as CASTS 
throughout the remainder of the thesis) is described fully in chapter 3. 

CASTS uses a physical model of the prostate' to provide realistic tactile feedback 
during resection using the same surgical equipment and procedure as used in 
the OT. The endoscopic view seen by the trainee is the internal view of the 
physical model at the tip of the resectoscope. CASTS provides an additional 
VR display showing an external view of the physical model and the position of 
the resectoscope in relation to it. Objective data such as the amount of tissue 
resected, perforation or damage of no-go areas and time taken can be logged for 
use in assessing performance. These additional features of the hybrid system all 
require tracking of the resectoscope to provide the relative position of the tool 
with respect to the prostate model. 

2.5.1 Tracking technologies 

Tracking a rigid body in space is the basis of the CASTS system. The position 
of a point in space can be defined by three coordinates. However, the orientation 
of the rigid body must also be considered, so an additional three values — the 

27Limbs and Things prostate phantom - see figure 2.8c). 
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angles of rotation around each axis of the coordinate system are required. There 
are a number of factors to be considered when selecting an appropriate tracking 
technology for use in CASTS: 

• Timeliness - CASTS must show the position and status of the resectoscope 
in relation to the prostate in real time, hence the latency of the tracking 
system should be less than the frame rate of the VR display (25 frames per 
second). 

• Accuracy - There are several potential sources of error, such as manufactur-
ing variability in the physical model, bending of the resectoscope cutting 
loop, registration between the physical model and the tracking system and 
deformation of the model during resection. Errors in readings from the 
tracking system should be minimized and a threshold of sub-millimetre ac-
curacy has been selected as an acceptable level [39]. 

• Reliability - The output of the tracking device must not drift over time and 
should not be affected by surrounding conditions and equipment. 

• Working volume - The system must be capable of tracking the resectoscope 
through the full working volume. During TURP the resectoscope is con-
strained to move within a volume of less than 500 cm3  , however the rotation 
around the resectoscope shaft can exceed 360°. 

• Ease of interface (with the computer and surgical equipment) - The tracking 
system must be easily integrated with the other components of the CASTS 
system. 

• Ergonomics - Any fixture attached to the resectoscope should not signifi-
cantly affect the feel of the tool or change the operation procedure. 

Several tracking technologies are available which could be used for obtaining tool 
position and orientation information in CASTS. They are briefly reviewed over 

the proceeding sections. 

2.5.1.1 Acoustic devices 

The principle behind acoustic tracking is to measure the time of flight of an ultra-
sound pulse from an emitter to a receiver. For full tool position and orientation 
information, three acoustic emitters must be attached to the resectoscope and 
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monitored by three acoustic receivers. The emitters are small and light in weight, 
so attachment to the resectoscope is possible without adverse effects, however, 
the positional information is affected by atmospheric conditions where variations 
cause changes in the speed of sound. Acoustic tracking systems also require a 
clear line of sight between emitter and receiver and are easily deceived by rever-
berating echoes and are therefore not considered appropriate for tool tracking in 
CASTS. An example application of ultrasound tracking is the Natural Writing 
Board from Pegasus Technologies'. 

2.5.1.2 Electromagnetic devices 

Electromagnetic trackers comprise an emitter which is attached to the tracked 
object, and a receiver, both of which contain three orthogonal coils. The emitter 
transmits an electromagnetic field which is detected by the receiver. Variations in 
the received signal from each coil in the receiver allow the calculation of six DOF 
for the emitter. The size and weight of the emitters are low enough to allow them 
to be fitted to a resectoscope and no direct line of sight to the receiver is required, 
however electromagnetic tracking systems are susceptible to interference which 
causes erroneous readings. CASTS uses a diathermy unit for resection which 
generates significant electromagnetic interference. 

Two commercially available electromagnetic tracking systems are the Fastrak 
system from Polhemus29  and the Flock of Birds from Ascension Technology3°. 
The latter claims to be less sensitive to interference from surrounding metal since 
it uses pulsed d. c. magnetic fields rather than a. c. Both systems have been 
used in surgical simulators. However, neither system is considered reliable enough 
for use in the OT 117] (tracking in the OT is required for CASMS, described in 
section 2.6). 

A new product which could improve the potential for electromagnetic tracking in 
the OT is the Aurora from Northern Digita131. The Aurora system is capable of 
tracking miniature coil trackers which are small enough that they may be included 
in the tip of flexible endoscopes, giving an improved positional accuracy. The 
manufacturers also claim that the system is capable of detecting electromagnetic 
interference, and warning of its presence. However, at the time of writing the 
system is not commercially available. 

28Pegasus Technologies Ltd, HoIon, Israel. 
29Polhemus Incorporated, Vermont, USA. 
"Ascension Technology Corporation, Vermont, USA. 
31Northern Digital Inc, Ontario, Canada. 
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2.5.1.3 Inertial devices 

Intersense32  produce an inertia based tracking system using piezo-electric trans-
ducers. The manufacturers claim accuracy in the order of a millimetre, however 
inertial systems are susceptible to position drift over time, and the transducer 
size is too large for easy attachment to a resectoscope. 

2.5.1.4 Mechanical devices 

Mechanical devices are used in the majority of MIS simulators, since they are 
low-cost, insensitive to the their environment and can provide haptic feedback. 
The normal configuration is a linked arm system, with a potentiometer or en-
coder arrangement measuring the position of each joint. Popular mechanical 
tracking devices are manufactured by Immersion' and SensAble Technologies' 
and products from both companies have been used in surgical training simula-
tors. However, use of a mechanical tracker for CASTS would alter the feel of the 
resectoscope and hinder its movement, therefore the devices are not suitable. 

2.5.1.5 Optical devices 

Optical tracking systems use an array of two or more cameras to calculate the 
positions of visible markers. Some systems use passive markers which have the 
advantage of not requiring a direct wire link to the tracking system, but the 
disadvantage is that passive markers are not uniquely distinguishable. The second 
class of optical trackers use active markers, normally infra-red emitting diodes 
(IRED). Active optical tracking systems, such as the Optotrak35  and Flashpoint36, 
are commonly used in the OT for image-guided surgery applications [130], since 
they have high accuracy, good reliability and timeliness, and are largely unaffected 
by environmental factors such as electromagnetic interference. However, two 
drawbacks are the requirement for direct line of sight between the markers and 
the cameras, and the higher cost in relation to other tracking technologies. 

For CASTS the adopted tracking solution is a Flashpoint 5000 optical tracker 
from Image Guided Technologies. Optical tracking was chosen for its superior 

32lntersense Inc, Massachusetts, USA. 
33lmmersion Medical, Maryland, USA. 
34SensAble Technologies Inc, Massachusetts, USA. 
35Northern Digital Inc, Ontario, Canada. 
"Image Guided Technologies Inc, Colorado, USA. 
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accuracy, reliability and timeliness and easy interface. Having selected an optical 
tracker, cost dictated this particular manufacturer. 

2.6 MIS monitoring - CASMS 

The term monitoring, when applied in a surgery context, usually refers to the 
assessment of patient condition during the course of an operation. Surgical moni-
toring equipment measures physiological signals such as pulse and breathing rates, 
blood pressure and anaesthetic levels in the blood stream. However, in the con-
text of this thesis, monitoring refers to the assessment of the surgical task rather 
than the status of the patient. 

The MIS training systems discussed in section 2.4 allow trainees to practice sur-
gical tasks and acquire necessary skills before exposure to a real patient in the 
OT. However, there is a significant gap at present between performing on a sim-
ulator and the real surgical procedure. The major motivation behind the work 
in this thesis is to bridge this gap by providing an in-vivo monitoring system 
which provides additional information to the surgeon, in much the Calm way as 
the CASTS system gives additional help when training. The system is referred 
to as CASMS (computer-assisted surgical monitoring system), and the concept 
has been investigated using the TURP procedure as a prototype target operation. 
The CASMS-TURP concept is referred to as CASMS throughout the remainder 
of this thesis. 

There are several potential benefits from using CASMS during TURP. The fun-
damental role of CASMS is to monitor the relative positions of the surgical tools 
and the anatomy, and provide warnings on proximity to surgical "no-go" areas 
such as the verumontanum and prostate capsule. Additional potential functions 
include monitoring and display of the progress of the surgery, indicating the ex-
tent of the prostate resection and highlighting regions requiring additional tissue 
removal. The system could also provide a navigational view indicating the rela-
tive position of the resectoscope within the prostate. Finally, the system could 
provide a post-operative record of the surgery which could potentially be used in 
any litigation proceedings which may result following problems in the surgery. 

CASMS requires two pieces of information, namely knowledge of the position of 
the resectoscope and position of the prostate. Various technologies were discussed 
in section 2.5.1 for resectoscope tracking in the CASTS training system. CASMS 
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has the same requirements for tracking with the additional necessity that any 
elements attached to the resectoscope are sterilizable. 

2.6.1 Intra-operative imaging 

The VR model used for CASTS is a computer generated version of the physical 
Limbs and Things prostate model. However, the VR model required in CASMS 
must be specific to the anatomy of the patient. In addition, any changes which 
occur to the patient anatomy must be updated on the corresponding VR model. 
For CASMS, these changes comprise the resection of the prostate during the 
course of the surgery, and movement and deformation of the prostate under the 
action of the resectoscope. 

Generating models of patient anatomy from preoperative images is a common 
task in many areas of computer assisted surgery. For example the PROBOT [4, 
54, 55, 157] TURP robotic system uses a set of hand delineated prostate outlines 
from preoperative' transurethral ultrasound images, to generate an allowable 
cutting zone for the resection apparatus. The ACROBOT [57, 89, 90, 91, 97, 98] 
system uses pre-operative computed tomography (CT) images to build a model 
of the patient's fibula and tibia from which the active constraint [56] regions are 
derived. These regions define the allowable cutting zone of the robot when milling 
the bone ends to take prosthetic knee components. Several other robotic surgery 
systems use CT images to generate patient specific anatomical models [7, 201]. 

For orthopaedic applications, it can be generally assumed that once a computer 
assisted surgery system is registered to relevant bony anatomy, the pre-operative 
model will remain valid for the rigid bones throughout the course of the surgery, 
provided bone motion is prevented. However, for soft tissue applications, such as 
TURP, no such assumption can be made. One of the difficulties involved with 
the PROBOT project was that the system could not track any movement or 
deformation of the prostate resulting from the resectoscope action. In order to 
provide accurate information to the surgeon, CASMS must have the ability to 
track prostate motion and deformation through the procedure. 

Several imaging modalities are potential candidates for providing intra-operative 
images. They have all been used in conjunction with MIS, computer-assisted 
surgery or image guided surgery applications, however, the author was unable 

37The transurethral ultrasound scans are obtained in the OT just prior to the surgical pro-
cedure to minimize the possibility of the soft tissue deforming or changing position. 
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to find any references describing intra-operative imaging with image processing 
designed to gain an understanding of the anatomy without human intervention. 

2.6.1.1 Computed tomography 

CT scanners consist of an x-ray tube and detector which rotate around the body, 
capturing projected views of the same anatomical region from different angles. 
These views are compounded in software to form a complete composite image 
which shows the anatomical features in a slice through the body. In contrast to 

conventional x-rays which only show bone clearly, CT scans provide high contrast 
images of different tissue types and structures in the imaging plane. 

Modern ultrafast CT, or electron beam CT scanners use a rotating electron beam 
in place of the x-ray tube. Since no mechanical parts are involved, ultrafast CT 
scanners are capable of acquiring images at a frame rate of up to 10Hz. However, 
there are several disadvantages of CT systems including radiation exposure risks 
and equipment capital cost. The patient must be positioned inside the bore of 
the machine during imaging, making access to the prostate difficult — during 
conventional TURP the patient's legs held open in stirrups to a wide angle. 

CT has been used as an intra-operative imaging modality in the Minerva neuro-
surgery robot [28], which is designed to work within the scanner's bore. However, 
for the CASMS application CT imaging during TURP surgery is not a feasible 
option. 

2.6.1.2 Interventional MRI 

Magnetic resonance imaging (MRI) is a noninvasive diagnostic technique that 
uses nuclear magnetic resonance to produce cross-sectional images of the anatomy. 
The patient lies inside a large, hollow cylinder containing a strong electromagnet, 
and the magnetic field causes alignment in the spins of protons throughout the 
body. Radio frequency coils around the imaging area emit radio waves which 
deflect the proton spins within the coil; once the applied radio waves are with-
drawn, the deflected protons realign and emit radio waves in the process. These 
RF waves are detected and are used to form of an image slice through the body 
which distinguishes tissues types as a result of differences in their proton density. 

Interventional MRI scanners use an open bore magnet system which permits ac-
cess to the patient so that imaging may be performed during surgical procedures. 
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MRI is a non-ionizing modality and therefore poses no risk to either the patient 
or the surgeon. The scans obtained provide the highest level of detail among 
all the radiology imaging systems. However, the extremely powerful magnetic 
fields mean that metallic objects can be hazardous in the proximity of an MRI 
scanner, therefore specialized MRI compatible surgical implements are required. 
MRI systems are also prohibitively expensive and very noisy. 

2.6.1.3 Ultrasound 

Ultrasound scanners use a ultrasonic transducer to transmit high frequency sound 
waves into the scanning region of the body. As the waves travel through the body 
they cross tissue boundaries (such as between tissue and fluid regions) where some 
energy is reflected back towards the transducer. These echoes are detected by 
an acoustic receiver and processed into an image based on the time of flight and 
intensity of the signal. 

Ultrasound imaging is commonly used as a diagnostic tool in many areas including 
urology. The scanners are much cheaper than MRI or CT systems, and are 
portable, allowing easy entry to the OT. Ultrasound is non-invasive and non-
ionizing, and the bulk of equipment can be located at a distance, with only a 
small probe required to be in the vicinity of the patient. Therefore, ultrasound 
allows intra-operative imaging with the least disruption to the surgeon of all the 
imaging modalities. However, the images are poor in quality with low contrast, 
making automated outlining much more difficult than for CT or MRI. 

For CASMS, the adopted intra-operative imaging modality is ultrasound, with 
the choice dominated by system cost and the minimization of changes to the 
standard TURP procedure. Several companies produce medical diagnostic ultra-
sound scanners, the choice for the CASMS project is a B&K38  scanner dictated 
by the available hardware in MIMLab39  for the project. 

2.6.2 Ultrasound speckle 

Speckle is a phenomenon observed in all coherent imaging systems such as laser 
inferometry, synthetic aperture radar and ultrasound. Speckle is a random, de-
terministic, interference pattern [491 which is the result of the interaction between 

38B&K Medical, Copenhagen, Denmark. 
39Mechatronics in Medicine Laboratory, Imperial College, London, UK. 
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the ultrasound beam and small (on the scale of the wavelength) scatterers in the 
medium being imaged. Many scatterers are present within any resolution cell of 
the ultrasound system and the echoes from these scatterers are summed by the 
transducer, therefore a granular texture is apparent in the image as the scattered 
waves interfere. 

Speckle is often referred to as noise, however it cannot be considered noise in the 
classical sense of signal corruption (such as electrical noise) since it is a funda-
mental characteristic of the image formation process and without it there would 
be no image. The problem with speckle is that the observed texture does not 
correspond to the underlying structure of the tissue, although on a local scale 
the brightness does reflect the local tissue echogenicity. Goodman [79] describes 
speckle as 2D random walk with the reflection from each scatterer in the reso-
lution cell representing a step of random magnitude and direction. If a target 
(variation in underlying structure, such as the interface between two tissue types) 
is present within the resolution cell, then the random walk is offset by a coher-
ent component with a strength determined by the variation in ultrasound speed 
across the target. Large velocity changes, such as those which occur at the in-
terface between tissue and fluid, cause a high degree of reflection of the incident 
ultrasound so that a strong signal is received by the transducer, and the interface 
shows relatively clearly on the final ultrasound. Boundaries between soft tis-
sues such as across the prostate capsule have lower associated velocity variation, 
therefore they are less distinguishable in the ultrasound image. 

Speckle is responsible for the poor quality observed in ultrasound images. Barn-
ber and Daft [10] have quantified this impact as an eightfold reduction in the 
detectability of lesions within the imaging region. Such a radical reduction in 
contrast is responsible for the poorer effective resolution of ultrasound, when 
compared to MRI or CT. Much research has been conducted into algorithms for 
reducing speckle in images, however, the price for speckle reduction is loss of fine 
detail within the ultrasound image. 

2.6.3 Ultrasound artefacts 

Speckle in ultrasound images causes difficulties because it masks the underlying 
grey level variation caused by changes in tissue structure, with the result that low 
intensity edges between tissue structures are difficult to detect. A further problem 
is caused by the possibility of artefacts - visible structures in the ultrasound 
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image which do not correspond in location or intensity to real interfaces within 
the imaging region [119]. Artefacts are inherent to the ultrasound modality and 
occur due to the underlying physics principles of the imaging system. They can 
cause confusion for experienced sonographers and can lead to mis-diagnosis [113]. 

Modern ultrasound systems, which provide direct digital images, have improved 
image quality. Despite the advances in medical ultrasound technology, the under-
lying ultrasound image formation process is simple, based on a few assumptions. 
The ultrasound pulse travels from the transducer into the tissue and reflects back 
to the transducer from structures within the tissue. The "time of flight" for the 
pulse is used to calculate the the depth of the structure, based on an assumed 
constant velocity of the speed of sound in all tissues of 1540ms'. The received 
echoes are assumed to arise from the centre of the ultrasound beam, and a fur-
ther assumption is that their intensities are only affected by the size and acoustic 
properties of the interface. 

Any deviation from these assumptions cannot be recognized by the ultrasound 
machine, causing artefacts to occur in the displayed ultrasound image. Several 
artefacts, the conditions under which they occur and the likelihood of their ap-
pearance in prostate transrectal ultrasound images, are discussed in the following 
sections. 

2.6.3.1 Reverberation 

Reverberation artefacts occur when the ultrasound pulse bounces back and forth 
between the transducer and a strongly reflecting perpendicular interface within 
the tissue. The first returning echo will show as a strong feature in the ultrasound 
image. However, some of the returning ultrasound can reflect back off the trans-
ducer, into the tissue and be reflected again by the interface. This secondary echo 
will causes the ultrasound machine to think that there is a second interface at 
twice the depth of the actual interface. The resulting ultrasound image will show 
multiple images of the tissue interface at equal spacings through the depths of 
the tissue. Figure 2.16a) shows an example ultrasound image with reverberation 
artefacts, with the transducer at the top of the image. 

Reverberation artefacts can cause problems when the secondary (or tertiary) 
reflection is mistakenly thought to have come from a real interface in the tissue, 
or when the echo hides a feature which does lie at the same location. For TRUS 
prostate scans, severe reverberation artefacts are unlikely because there are no 
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(a) 
	

(b) 
	

(c) 

Figure 2.16: Ultrasound artefacts. 

large reflecting interfaces between the prostate and the transducer. However, 
smaller artefacts may occur if hard calcifications are present within the prostate 
tissue. The resectoscope will also cause reverberation artefacts, but the knowledge 
of both the resectoscope and ultrasound position provide sufficient information 
on the intersection of the ultrasound beam and resectoscope, such that these 
artefacts can be identified and ignored if necessary. 

2.6.3.2 Mirror images 

Mirror image artefacts are similar to reverberation except the additional echo 
comes from a reflecting interface within the tissue, rather than from the trans-
ducer. Mirror artefacts can occur along the line of the ultrasound beam, however 
they commonly occur at an angle and can have a different size and shape depend-
ing on the angle and curvature of the reflecting interface. Figure 2.16b) shows a 
mirror image artefact which results from the angled reflecting plane within the 
imaging region. 

Mirror image artefacts can occur in TRUS prostate images due to the large acous-
tic difference at the bladder wall between the tissue and urine. However, the 
resulting false targets lie inside the bladder region, so do not cause a problem in 
terms of prostate boundary identification. 

2.6.3.3 Ring down artefacts 

Ring down artefacts show as a line which runs distal to a strong reflecting object 
in the imaging region, along the path of the ultrasound beam, An_ example of 
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ring down artefact is shown in figure 2.16c). Ring down artefacts are unusual 
in ultrasound images because they require a very strong acoustic reflector in the 
image region, such as a surgical clip or lead shot, although a less pronounced 
effect can occasionally occur due to the presence of gas [236]. The artefact takes 
its name from the similarities with striking a bell — the ultrasound beam causes 
the object to resonate. 

Ring down artefacts will occur in CASMS due to the presence of the resectoscope 
in the imaging region. Any part of the prostate boundary which lies directly be-
hind the resectoscope will not be visible in the image. However, the resectoscope 
position is known, and the ring down artefact does not increase in width behind 
the resectoscope (as can be seen in figure 2.16c) therefore ring down artefacts are 
not likely to result in false boundary detection. Ring down does not occur at 
calcifications [44] which can be present within the prostate. 

2.6.3.4 Shadowing and enhancement 

Shadowing and enhancement artefacts occur due to the variation in expected 
attenuation of the ultrasound beam as it passes through tissue. All tissues cause 
some degree of attenuation, therefore the ultrasound machine uses time gain 
compensation (TGC) to adjust the image brightness according to the depth in 
the image. For example, when a uniform medium is viewed using ultrasound, the 
TGC results in a uniform image even though the echo signal from deeper regions 
is weaker. However, if the expected degree of attenuation does not occur then 
the echo from a deeper structure will be incorrectly over or under compensated. 
Enhancement occurs when a region of low echogenicity (e.g. if a fluid filled cyst) 
lies between the transducer and a target, causing the target to appear brighter 
on the final image. Shadowing results when a higher echogenic region lies before 
the target. 

Enhancement artefacts can occur in TRUS images, since fluid filled cysts may 
sometimes be present within the prostate. Shadowing can occur due to large 
calcifications within the prostate, causing loss of boundary information. Calci-
fications which are smaller than the beam width do not cause shadowing since 
parts of the beam can pass around the stone. 
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2.7 Conclusions 

This chapter has discussed the various fields relevant to the technology of training 
systems for minimally invasive surgery. It has reviewed existing systems, both 
under research and commercially available, and grouped them into two categories 
according to the type of anatomical model at the heart of each simulator, namely 
virtual reality or physical model. Current and potential advantages of each type 
have been presented. A new hybrid MIS trainer architecture has been introduced 
which combines the advantages of both categories. Transurethral resection of 
the prostate has been introduced as a specific MIS application suitable for the 
implementation of a prototype hybrid training system, and forms the basis of the 
work presented in chapter 3. 

A novel extension of the trainer has been proposed which bridges the current gap 
between surgical training systems and real surgical procedure. This in vivo mon-
itoring system will use intra-operative ultrasound scans of the patient's prostate 
to create a virtual reality model of the specific 3D anatomy. Intra-operative ul-
trasound would then allow the condition of the prostate to be monitored during 
the procedure, and the VR model to be updated accordingly. Both formation and 
update of the model require knowledge of the prostate ultrasound boundary in 
the ultrasound image to be obtained automatically. The remainder of the work 
in this thesis is motivated by the search for an automated image processing algo-
rithm for detecting the prostate outline and thus enable the tracking of prostate 
movement during TURP. 
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CASTS TURP training system 

3.1 Introduction 

This chapter describes the CASTS training system which aids the teaching of 
surgeons in the techniques of TURP. The system is based on a commercial train-
ing aid, but includes computer VR displays to provide additional guidance to the 
trainee. The various components which form CASTS are described in section 3.2. 
Initial trials of the system are described in section 3.3 which show the problems of 
mismatch between the modelled operation and reality. First attempts at solving 
the discrepancies are described and shown to fail. Section 3.4 describes poten-
tial solutions and highlights ultrasound imaging as the most promising method. 
Finally, section 3.5 gives conclusions for the chapter. 

3.2 System components 

The CASTS system uses a hybrid approach to provide the most realistic setup. 
Resection is performed on a physical prostate phantom which can deform and be 
resected in a similar fashion to human prostate tissue. A VR display provides 
positional feedback with a 3D rendering of the phantom prostate overlaid with 
the real-time position of the surgical tool. In addition to aiding navigation, 
the system can also act as a watchdog, providing audio and visual warnings 
when the resection path approaches critical areas of the prostate, such as the 
verumontanum and prostate capsule. Figure 3.1 gives an overview of the CASTS 
components and figure 3.2 shows the CASTS hardware. 
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Figure 3.1: The CASTS demonstrator for TURP. 

Figure 3.2: The CASTS system hardware. A — Flashpoint base unit. B — CASTS 
PC. C —Diathermy unit. D — Camera base unit. E — Xenon light source. F —
CASTS user interface monitor. G Endoscopic image monitor. H — Resectoscope 
and ring. I Mock-up abdomen and prostate phantom. J — Flashpoint camera. 
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Figure 3.3: Resectoscope assembly ready for use. 

3.2.1 Surgical equipment 

CASTS uses a complete set of surgical equipment, identical to that required 
for the TURP procedure in the OT. This allows the trainee to become fully 
adept in the use of the equipment before performing an actual procedure. The 
surgical components are described over the following sections, and the complete 
resectoscope with all components connected is shown in figure 3.3. 

3.2.1.1 Resectoscope 

The surgical tool used for CASTS is a standard Karl Storz' 26 French resecto-
scope. The resectoscope comprises an outer sheath, housing the working element 
which has a trigger mechanism allowing the retraction of the resectoscope cutting 
electrode. Various electrode designs are available as shown in figure 3.4; experi-
mentation on the prostate phantom showed that the wire loop electrodes provide 
the best cutting performance. The working element has a hollow shaft which 
contains a Hopkins II rod endoscope, also manufactured by Karl Storz. 

3.2.1.2 Diathermy system 

The diathermy unit provides current to the resectoscope electrode. The diather-
mic current is activated by stepping on foot switches; one switch delivers a higher 
current for cutting tissue while the other is used when coagulating bleeding ar-
teries2. A wire connects the diathermy to a terminal on the resectoscope working 

'Karl Storz GmbH & Co. KG, Tuttlingen, Germany. 
2Only the cutting pedal is used for CASTS. 
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Figure 3.4: Resectoscope electrodes including cutting loops, coagulating ball-end 
and vaportrode versions. 

(a) 	 (b) 

Figure 3.5: a) Diathermy foot switch controls. b) Diathermy base plate. 

element, and the circuit is completed through a plate electrode which is inserted 
into the base of the prostate phantom. The diathermy unit used for CASTS 
is a Pfizer Valleylab Force 40 electrosurgical generator and foot switch3. The 
diathermy unit is shown in figure 3.2(C)), while the foot switch and plate are 
shown in figure 3.5. 

3.2.1.3 Camera system 

Endoscopic images are displayed to the surgeon on a video monitor located above 
the prostate phantom box. The images are captured by a Karl Storz endoscopic 

'Valleylab Division, Tyco Healthcare Group LP, Boulder, Colorado, USA. 
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camera which attaches to the rear of the endoscope, and plugs into a Telecam 
base unit (shown in figure 3.2(D)). The surgical scene is illuminated by a xenon 
light source (figure 3.2(E)) which attaches to the top of the endoscope through a 
fibre optic cable. 

3.2.1.4 Irrigation 

Inflow and outflow ports on the resectoscope body allow delivery of irrigant to 
the surgical site. The irrigant prevents charring of the tissue (or phantom) and 
transports chips of resected material away from the cutting loop. During TURP 
the irrigant can be pumped through the resectoscope to further aid the removal 
of chips; CASTS uses a more simple gravity feed with drip bags held by a drip 
stand. The irrigant for CASTS is water. 

3.2.2 Prostate phantom 

The phantom used in CASTS is a Limbs and Things diathermy prostate, made of 
a proprietary material which allows resection and provides a similar feel to human 
tissue. The phantom includes anatomical features of a real prostate, including 
the lateral and median lobes, urethra, verumontanum, bladder neck and ureteric 
orifices. The prostatic tissue is surrounded by material of a different colour to 
highlight the prostate boundary, and define the limits of resection. The diathermy 
plate fits into a slot in the base of the phantom. 

The phantom fits into a latex sleeve which includes a representation of the bladder 
to provide a reservoir for the irrigating fluid. This is housed in a custom built 
mock-up abdomen which provides a frame of reference for the tracking system 
described in section 3.2.3.1. The mock-up abdomen, prostate phantom and latex 
bladder are shown in figure 3.6. 

3.2.3 Instrumenting the tools 

To be able to track the progress of the TURP training session, CASTS requires 
full knowledge of the interactions between the surgical tool and the prostate 
phantom. Various aspects of the surgical tools are instrumented to provide this 
information. The predominant criteria when designing the instrumentation have 
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(a) 	 (b) 

Figure 3.6: a) Mock-up abdomen with un-sleeved prostate phantom. b) Latex 
bladder sleeve. 

been to minimise the differences when CASTS is in use or not. Several compo-
nents within the surgical framework are monitored as described in the following 
sections. 

3.2.3.1 Resectoscope tracking system 

The tracking system used in CASTS is a Flashpoint 5000 optical tracker from Im-
age Guided Technologies', shown in figure 3.2(A).The system's receiver is a three 
IRED camera array (figure 3.2(J)) providing a working volume of 0.5m by 0.5m 
by lm at a distance of 0.5m below the cameras. The camera array is mounted 
above the perspex mock-up abdomen so that all movements of the surgical tool 
during resection are inside the tracking zone. Information from the camera array 
is fed to a base unit which interfaces to the CASTS PC through an RS232 serial 
connection. The base unit powers the IRED markers seen by the cameras; Flash-
point has the ability to track up to 128 IRED concurrently. Each attached IRED 
is fired in sequence so that their positions can be determined uniquely and indi-
vidually. Flashpoint can report the position of each IRED, or more commonly, 
the position and orientation of a user-defined point relative to a defined IRED 
geometry, such as the tip of the resectoscope. The Flashpoint coordinate system 
is defined relative to a dynamic reference frame (DRF) containing three IRED, 
so that the slight motions of the camera array do not cause errors in the reported 
IRED positions . The DRF can be seen attached to the mock-up abdomen in 

'Image Guided Technologies Inc, Colorado, USA. 
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Figure 3.7: Resectoscope motion. 

figure 3.6a). 

Flashpoint requires knowledge of the position of at least three IRED to give full 
resectoscope tracking in six DOF. During the TURP procedure, the resectoscope 
moves through a large range of motions', including rotation around the major 
axis of greater than 360°, as shown in figure 3.7. Optical tracking requires line of 
sight between emitter and receiver, therefore at least three IRED must be visible 
to the camera system during all resectoscope motions. 

Figure 3.8a) shows the geometric arrangement of the IRED for the resectoscope 
ring tracker (shown in figure 3.8b). The ring has a diameter of 100mm and 
contains 12 IRED, equally spaced around the circumference. The ring is clamped 
to the resectoscope working element in between the irrigation inlet and outlet 
ports. Careful design considerations have reduced the impact of the ring on the 
"feel" of the surgical tool, and it does not restrict the surgeon's movement or 
interfere with the procedure. 

3.2.3.2 Cutting loop position 

The most crucial knowledge required by CASTS is the position of the cutting loop 
with respect to the prostate phantom, since this is the point at which resection 
occurs. The cutting loop can move with respect to the resectoscope body through 
motion of the trigger, therefore additional instrumentation of the trigger position 
is required. This has been achieved by attaching a 10KS2 precision servo mount 
potentiometer which is coupled to the trigger by a gear mechanism, as shown in 
figure 3.9. The potentiometer is connected to a DT302 A/D6  board inside the 

5The fulcrum point is governed by the prostatic sphincter in the real operation and the en-
trance to the phantom in CASTS, both at a point approximately one quarter of the resectoscope 
length. 

6DT302 data acquisition board from Data Translation, Massachusetts, USA. 
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Figure 3.8: a) Geometrical arrangement of the IRED for the ring. The position 
and orientation reported by Flashpoint is a point 218mm along the normal which 
passes through the ring centre and is perpendicular to the plane of the ring, and 
corresponds to the end of the resectoscope outer sheath. b) The resectoscope 
IRED ring tracker. 

Figure 3.9: Potentiometer attachment to detect the cutting loop motion. 

CASTS PC. 

3.2.3.3 Diathermy activation 

The diathermy current to the cutting loop is activated by pressing the foot ped-
als. This action is sensed by external switches attached to the foot pedals and 
connected to the CASTS PC via additional inputs on the DT302 A/D board. 
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3.2.4 Computer system 

The core of the CASTS system is a computer program which runs on a standard, 
low-cost PC7. The program was written in C++ using the Microsoft Visual Studio 
integrated development environment and the Microsoft foundation classes (MFC) 
framework for the user interface. 

On execution the CASTS software performs several system checks and initializes 
communication with the A/D card and the Flashpoint tracking system through 
the serial port. The user then loads the VR model of the prostate phantom 
stored in an IGES file (section 3.2.4.1). Various settings may be adjusted before 
resection begins, such as the model view (wire frame or rendered and the viewing 
location), the positions of the verumontanum and bladder neck resection limits, 
and the number of cross sectional view planes through the model. 

Once resection begins the CASTS software repeatedly polls the serial port for 
the Flashpoint readings of the resectoscope position and orientation, and polls 
the A/D card for the cutting loop position and the status of the foot pedals. 
This information is then used to update the user interface. Once the resection is 
complete various information is stored, such as the cutting data (i.e. the position 
of the cutting loop when the diathermy foot pedal is activated), the resection 
volume and the time taken to perform the procedure. 

3.2.4.1 VR prostate phantom model 

Hard casts of the prostate phantom components were supplied by Limbs and 
Things Ltd. The three casts have the shape of the whole phantom, the prostatic 
part of the phantom and the internal cavity, as shown in figure 3.10. A rough 
model of each of the casts was acquired by manually guiding a coordinate measur-
ing machine (CMM)8  through a series of selected points. This data was then input 
to a program to command the coordinate measuring machine to automatically 
acquire detailed positional information on the various surfaces. 

The raw xyz point data from the CMM was converted to non-rational uniform b-
splines (NURBS) surfaces using the Rhinoceros software package'. The NURBS 

'PHI 400MHz processor DELL Dimension XPS T500 PC, running Microsoft Windows 98 
operating system. 

8GC-90 CMM from LK Metrology Systems Inc, Brighton, Michigan, USA. 
9Robert McNeel & Associates, Seattle, Washington, USA. 
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Figure 3.10: Prostate phantom casts. 

Figure 3.11: Rendering of the VR model of the Limbs and Things prostate phan-
tom. 

model data is stored as an IGES file'', and a rendering of the complete model is 
shown in figure 3.11. 

3.2.4.2 User interface 

During TURP, the surgeon must interpret the endoscopic view while using both 
hands to operate the resectoscope and one foot to control the diathermy pedals. 
Therefore, the user interface for CASTS has been designed to keep the information 
display simple, and to a minimum. The user interface provides the following 
features: 

• A 3D rendering of the VR prostate phantom model and the resectoscope. 
The user can decide between displaying the whole model or a partial view 
by cutting away the top part, which lies above the resectoscope. 

'°Initial graphics exchange specification (IGES) standard. National Institute of Standards 
and Technology, Gaithersburg, Maryland, USA. 
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Figure 3.12: User interface for the CASTS system (resectoscope not shown). 

• A 2D view of the section closest to the cutting loop position, perpendicular 
to the base of the phantom, showing the phantom's outline, the cutting 
loop's position and the area resected. 

• A collection of 2D views (similar to the one described above), shown as 
thumbnail images, at pre-specified positions equally spaced at intervals be-
tween the bladder neck and verumontanum. 

The user can choose which views are shown at any one time, including the abil-
ity to turn of all displays so that resection is performed using only endoscopic 
guidance, but with CASTS monitoring progress. The display of the resectoscope 
changes colour to provide simple and immediate visual feedback about the state 
of the tool (green in normal mode; red if cutting; yellow if coagulating; grey if 
obscured). 

The user interface is shown in figure 3.12. 

3.3 System trials 

Initial trials of the CASTS system have been performed by two surgeons, one be-
ing an urological trainee and the other a consultant urologist. Figure 3.13 shows 
the system in use during a resection training session. The system was found to 
be helpful and easy to use, and a beneficial addition to training. The computer 
display provides additional visual confirmation of the resectoscope cutting rela-
tive to the critical prostatic features. The use of a resectable physical phantom 
provides a realistic sense of "feel" on the handle of the resectoscope when pressing 
and cutting the prostate. 
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Figure 3.13: Initial trials of the CASTS resection system. 

However, several problems were highlighted which cause mismatches between the 
resection progress data in the VR display and the true resection in the prostate 
phantom. Some shape variability was observed in the prostate phantoms, possi-
bly as a result of shrinkage over time as the material loses moisture. The phantom 
is constructed of a spongy material which deforms and moves under the action 
of the resectoscope. The wire cutting loop has a tendency to bend out of shape 
during cutting so that its reported position to CASTS does not match reality. As 
resection progressed the phantom was found to change shape due to the release 
of internal forces inherent in the manufacturing process. The phantom mate-
rial is hydrophilic and the phantom swells due to the absorption of the irrigant. 
The system also suffers a time lag between movements of the resectoscope and 
corresponding update of the user-interface. 

Several improvements have been implemented in an attempt to reduce the move-
ment of the phantom during resection. A set of Perspex profiles, which slot into 
the mock-up abdomen box and surround the phantom, were constructed to pro-
vide a mechanical constraint to movement. Two new VR NURBS models were 
defined, each with a pre-calculated degree of deformation (either to the left or to 
the right). The deformed VR models are displayed when the appropriate degree 
of lateral movement of the resectoscope is achieved. Problems of cutting loop 
distortion were overcome by using a loop constructed of thicker wire — this is a 
slight departure from the constraint of not wishing to change the procedure, but 
the slight change haptic sensation of the new cutting loop was not deemed to be 
problematic. 

An example view of the user interface from the improved system is shown in 
figure 3.14. The deformation caused by the resectoscope is simulated in the VR 
model. The closest plane to the cutting loop is shown on the right hand side, with 
the cross hairs depicting the current cutting loop position, and the blue circles 
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Figure 3.14: CASTS user interface with deformed VR prostate model. 

show the positions of previous cuts. 

The CASTS system using the pre-calculated deformation VR models and Perspex 
profiles gave more realistic results than the initial system. However, the mechan-
ical constraints inhibit the resectoscope's range of motion so that achieving a full 
resection of the phantom prostate is difficult. The pre-calculated deformations 
models are used once the resectoscope moves laterally by more than threshold, 
instead of continuous deformation with movement of the resectoscope, so the 
visual appearance is unrealistic since the model jumps suddenly between the re-
laxed and deformed states. In addition, the swelling and internal force release 
during the course of the procedure could not be compensated. 

Figure 3.15a) shows the user interface following the completion of a resection, 
where the model of the resection cuts (in blue) extends beyond the capsule of 
the prostate. In the corresponding prostate phantom (figure 3.15b), the resection 
does not overlap the capsule. 

3.4 Improving the VR accuracy 

The CASTS system does not provide an accurate visualization of the resection 
process, due to the swelling, movement and deformation of the phantom, despite 
the addition of Perspex profiles and pre-calculated deformation. The solution 
to improving accuracy lies in closing the loop, i.e. in verifying what tissue has 
actually been resected. 
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(a) 	 (b) 

Figure 3.15: a) User interface following a resection training session. The right 
hand side of the VR prostate model is cut through with resection strokes. b) 
The prostate phantom from the training session does not exhibit the capsule 
penetration. 

3.4.1 Tracking the prostate phantom 

Additional tracking must be incorporated in CASTS so that any changes to the 
phantom are correctly updated on the user interface. There are three methods 
worth considering as potential solutions to the problem of poor accuracy, namely 
finite element modelling, optical tracking and ultrasound based tracking. 

3.4.1.1 Finite element modelling (FEM) 

A finite element model of the prostate phantom could be incorporated into the 
software component of CASTS. FEM has been as the basis for modelling tissue in 
several MIS training systems [204, 228, 233]. However, FEM has a large overhead 
in terms of computational power; to provide real-time modelling many simplifi-
cations are required. This has been one of the drawbacks of FEM based training 
systems. To provide accurate results for CASTS a FEM would need to model 
the material properties of the phantom prostate, and how those properties vary 
as irrigant is absorbed and the model is cut. Such a complex model could not be 
interrogated in real-time to provide timely display information. 
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3.4.1.2 Optical tracking 

Optical tracking is already used in CASTS for tracking the resectoscope position, 
so initially looks attractive as a potential solution for tracking the phantom move-
ment. Tracking would require placing IRED at points on the surface of the latex 
bladder sleeve. The position information would be used to update the control 
points on the NURBS prostate model, and give an accurate real-time display. 

In practice, it is not feasible to use Flashpoint to track the phantom movement. 
Securely attaching the IRED to the latex bladder would be problematic; the 
bladder must be inverted and stretched when it is fitted to the phantom. The 
latex bladder fills with water during the resection so preventing short circuits 
would be difficult. These two problems could be solved by replacing the active 
infrared Flashpoint system with a combined active/passive infrared system such 
as the Polaris'. The Polaris system would track the resectoscope in an identical 
fashion to the Flashpoint, but also provide the capability to track the position 
of passive infrared reflecting markers which have no trailing wires and can be 
securely fixed to the latex. 

Passive optical tracking is a feasible method for tracking the movement of the 
phantom, however it does not provide any information regarding the deformation. 
Therefore, optical tracking does not provide a complete solution to the CASTS 
deficiencies. 

3.4.1.3 Ultrasound based tracking 

The ability to follow the changes to the prostate phantom requires knowledge of 
both the shape and position of the prostate capsule and the shape and position 
of the internal resection cavity. Therefore, the tracking method must be able 
to "see" through the phantom and determine changes on the inside. Ultrasound 
imaging offers the only feasible solution to the problem of tracking changes to the 
prostate capsule, and verifying the resection volume. 

Ultrasound tracking provides an additional benefit in that the differences between 
CASTS and CASMS are reduced. Both will use ultrasound as the basis of tracking 
the prostate, with the difference that CASTS uses a phantom prostate, while 
CASMS reports on the TURP procedure in the prostate of a patient. However 
the common ground of both systems is sufficient to allow CASTS to become a 
laboratory based proof of concept system for CASMS. 

'Northern Digital Inc, Ontario, Canada. 
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Figure 3.16: a) Phantom casts and moulds. b) Modified latex bladder with access 
for ultrasound. 

3.4.2 Prostate ultrasound model 

Initial tests with the Limbs and Things phantom prostate showed that it was 
impervious to ultrasound. Therefore a new phantom was required which was 
visible in the ultrasound image but can still be resected. The new phantom is 
based upon the Limbs and Things model but with an extra section in the base 
which has an opening to allow insertion of the ultrasound probe. 

The moulds for the prostate phantom were constructed in two pieces using T28 
silicone rubber'. Three moulds are required representing the outer model includ-
ing the ultrasound orifice, the prostate capsule and the internal urethral cavity, 
shown left to right in figure 3.16a). A hollow cast of the internal urethral cavity 
was made from latex by repeated pouring into the silicone mould (right hand 
mould in figure 3.16a), which is shown in figure 3.16b). Figure 3.16b) also shows 
a modified version of the latex bladder sleeve for the new phantom which al-
lows access of the ultrasound probe. Several materials were tested as potential 
candidates for the phantom material and ultrasound scatterers, with the best 
results found using a gelatin" matrix containing psyllium fibre'', as described 
in section 5.3.3. The gelatin/fibre solution contained 500g1-" of raw gelatin and 
150g1-1  of psyllium fibre, which gives good acoustic scattering and a firm gelatin 
matrix when the solution is cooled below 30°C. 

The phantom is constructed in stages. The inner latex cast is placed in its rubber 
mould and the mould is closed with a thick, square metal plate which contains 

'Alec Tiranti Ltd, London, UK. 
13Supercook Ltd, Leeds, UK. 
14Regucol dietary fibre, Holland and Barrett Retail Ltd, Burton Upon Trent, Staffordshire, 

UK. 
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(a) 

 

(b) 

Figure 3.17: Resectable prostate ultrasound phantom. 

pour holes. The latex is filled with water and frozen, thus forming a solid copy 
of the internal urethral cavity. The metal plate and the spur at the end of the 
latex cast allow registration with the other moulds; the plate fits into the moulds 
at the points marked A in figure 3.16a), while the latex spur fits at the points 
marked B. The prostate capsule is formed by placing the latex/ice cavity mould 
into the centre mould of figure 3.16a), and filling the mould with gelatin/fibre 
solution coloured with food colouring agent. The filled mould was placed in a 
freezer to set the gelatin and keep the ice frozen in the latex mould. 

Once set, the prostate capsule is placed in the largest mould, along with a metal 
rod which forms the access hole for the ultrasound probe. The metal rod can 
be seen inside the wooden part of the mould former in figure 3.16a). The mould 
is filled with gelatin solution which does not contain psyllium fibre or colouring 
agent, so that it does not scatter the ultrasound beam and is visually distin-
guishable from the prostate capsule. The finished prostate ultrasound phantom 
is shown in figure 3.17a) and a ultrasound image taken with the phantom in a 
water bath is shown in figure 3.17b). 

One initial purpose perceived for the phantom was to generate clinically realis-
tic ultrasound images under controlled circumstances, with the ability to vary 
the types of artefact (see section 2.6.3) present in the image and with accurate 
knowledge of the size and shape of the prostate. This is discussed in more detail 
in section 5.3.3. The phantom is used in the system trials presented in chapter 7. 
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3.5 Conclusion 

This chapter discussed various aspects of the CASTS training system for TURP. 
The surgical tools and associated hardware were described including the adap-
tations required so that the equipment is instrumented for position and state 
tracking. The Limbs and Things prostate phantom was reviewed and the forma-
tion of a VR model of this phantom reported. Several features of the software 
system for CASTS were introduced. 

Initial results using the CASTS system show discrepancies between the computer 
system and reality. Different attempted solutions to reduce errors provide some 
degree of improvement. However, these improvements were not considered suffi-
cient for the system to be tested in a full experimental trial to test the efficacy of 
CASTS as a surgical training aid. 

Various potential methods for tracking the prostate phantom are given, and ul-
trasound highlighted as the most suitable method. The construction of an ultra-
soundable, resectable prostate phantom has been given. An example ultrasound 
image of the phantom is given. Use of ultrasound to track the prostate phantom 
closes the gap between CASTS and CASMS so that the only difference between 
the usage is the resection target — patient's prostate or phantom prostate. There-
fore, the CASTS system with ultrasound can be used as a laboratory based 
"proof-of-concept" test for the in-vivo TURP CASMS system. 
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Prostate outline detection 

4.1 Introduction 

The goal of image processing is to provide an understanding of the image —
to identify the underlying structures which are present and deduce information 
about the objects which constitute the image. Such a task is by no means easy. 
Some success has been achieved in identifying man-made objects in images which 
are characterized by their uniformity. In contrast, natural objects such as the 
organs within the human body, display considerable variation in shape, size and 
visual appearance, making automated recognition extremely difficult. 

One approach to outlining objects of interest in images is to use human interaction 
to manually or semi-automatically draw the outline. For example, a mouse or 
light pen could be used to to draw the complete outline of the boundary by hand, 
or to specify salient points on the boundary which are then joined by automated 
contour tracking algorithms or more simple geometric curves. However, the use 
of manual outlining is both tedious and time-consuming, and certainly unfeasible 
for the current goal of tracking the prostate movement during the course of an 
operation. 

The work described in this chapter is an initial investigation into the possible 
methods of automatically determining the contour of the prostate in ultrasound 
images. The adopted approach is holistic in nature — i.e. many approaches cover-
ing a wide range of image processing techniques have been investigated for a wide 
range of applications. The techniques fall roughly into three separate categories. 
For each of these categories, the initial outline detection trials were performed 
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using standards  image processing techniques. The remaining techniques are those 
described in the literature which have been previously used for boundary detec-
tion in ultrasound images. 

Ultrasound images of the heart [14, 86, 150, 155, 174, 214], blood vessels [11, 153, 
197], bladder wall [213], gall bladder [128], ovaries [114, 188, 235] and uterus [187] 
have all been processed with the aim of segmentation or boundary extraction. A 
feature common to all of these applications is that the objects of interest are either 
surrounded by or contain fluid. Tissue-fluid interfaces are more easily discernible 
in ultrasound images due to the relatively large sound velocity variation across 
the boundary. Fluid-filled cavities show up as constant grey level regions (usually 
black) in the image. In contrast, ultrasound images of the prostate are prone to 
poor distinction between the prostate boundary and surrounds, and suffer from 
noise artefacts inside the boundary, in addition to the poor resolution associated 
with ultrasound as an imaging modality due to speckle and artefacts (as described 
in sections 2.6.2 and 2.6.3). For this reason the emphasis of the search has been 
placed on techniques applied to processing of prostate ultrasound images, or 
ultrasound images where the target has prostate-like ultrasound characteristics 
(e.g. kidney). 

The methods from the literature which have been applied to ultrasound images 
for outline detection of the prostate can be divided into three categories. Al-
gorithms in the first category, follow similar principles to the standard image 
processing edge detection techniques. Following smoothing of the image using a 
speckle reduction algorithm, local gradient or second derivative operators (or a 
combination of both) are applied to the image. The resulting outputs contain 
edge segments corresponding to the strongest edges in the input image. These 
algorithms are reviewed in section 4.3.1. 

Techniques from the second category use a model to represent the boundary, often 
based on a priori knowledge of the likely organ shape. The model is changed until 
some criterion is met which matches the model to the boundary in the image. 
An advantage of the second category techniques is that a complete boundary is 
inherent. Section 4.4 reviews algorithms from the second category. 

The third category contains algorithms that attempt to segment the image into 
regions. Although not strictly boundary detection techniques, they can be used 
to find the boundary if they reliably segment the image into prostate and non- 

'Standard in this context covers those techniques which may be found in introductory image 
processing texts, such as [88] or [168]. 
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prostate regions. They are discussed in section 4.5. 

4.1.1 Requirements of an outlining algorithm for CASMS 

The purpose of finding the prostate capsule in the ultrasound images is to enable 
CASMS to construct a VR model specific to the patient's prostate. CASMS 
forms the VR model using the capsule outlines from a set of ultrasound images 
which cover the resectable region within the prostate. The model formation 
process is discussed in section 7.4.3, chapter 7. Creating a computer model of 
patient anatomy from pre-operative scans is a common goal in computer assisted 
surgery, and had been used before for TURP by the PROBOT [54, 551 prostate 
robot. However, CASMS requires further knowledge than previous systems, since 
it must update the VR model as the course of the operation proceeds. 

The following list details the demanding requirements of an automated algorithm 
which is suitable for use in CASMS: 

• Precision — Accurate knowledge of the prostate outline is required so that 
CASMS can provide correct positional information and warnings on prox-
imity to the limits of resection. Careful resection strokes remove 1 mm of 
tissue, therefore the accuracy of the algorithm must be of the order of 1mm 
or less. 

• Automated — CASMS could use surgeon knowledge during the initial con-
struction of the VR prostate model in much the same way as the PROBOT 
(where the surgeon uses a light pen to mark the resection boundary on a 
series of TUUS scans). However it is not possible for the surgeon to pro-
vide information (such as salient outline points) to the algorithm once the 
operation is in progress. Therefore, the algorithm must perform without 
human input. 

• Unsupervised — The automated algorithm must produce accurate results 
without the need for user confirmation that the result is indeed correct. 

• Timeliness — CASMS must perform at interactive rates (10 frames per sec-
ond or better), i.e. the VR model is updated without a severe time lag 
between the display and reality. Therefore, the algorithm must provide 
outlining results in a fraction of a second. 
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• General — The prostate varies in size and shape in different patients. Several 
factors, such as the presence of calcifications in the prostate, can result in 
artefacts in the ultrasound image. The algorithm must give valid results 
despite these variations in the ultrasound image. 

• Poor image quality — Modern ultrasound machines provide better quality 
images than their predecessors, although the improvements are not so great 
that the problems (see sections 2.6.2 and 2.6.3) which make outlining dif-
ficult are removed. However, while the ultrasound machines available for 
this project are not state-of-the-art, they are comparable to the type of 
machine currently in use in many hospital urological departments. The 
algorithm must produce valid results for images from the available ultra-
sound machines, with better results obtained if a modern scanner's images 
are available. 

The first requirement, automated processing, is a significant detour from many 
outlining algorithms previously reported in the literature. Where user interaction 
has been used in other's work, the amount required varies from the minimal 
(such as selecting the prostate's centre point) through to extensive interaction 
(e.g. selecting multiple points on an outline or hand modifying an algorithm's 
result). The benefits of involving the user include a reduction in the algorithm's 
processing time (since the search space is reduced to a small area around the 
specified points), and the ability for the user acceptance of the algorithm result. 
However, an outline can be quickly and completely specified by a small number 
of user-defined points joined with a spline curve (as used in section 5.3.4), or 
in a comparative time by using a light pen to draw the whole outline, without 
involving any image processing. Therefore, the benefit of an image processing 
algorithm which requires user initialization of multiple points to find the outline, 
is questionable. Algorithms which require user specification of a single point 
inside the prostate are better candidates for the CASMS task, provided some 
method can be found to automate the initialization process. 

4.1.2 Algorithm implementation 

Some of the algorithms described in the following sections have been implemented 
to assess their performance on transrectal ultrasound images. The choice of 
whether to pursue an algorithm is made predominantly on the presented results 
in the literature and the degree of user interaction required during the course of 
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the outline detection. As described in section 4.1.1, an ideal algorithm would 
produce valid results on many different prostate ultrasound images, would not 
require user input, and would produce a rapid result. 

The algorithms have been implemented on the MatlabTM2  numerical computing 
platform. Matlab has been chosen since it allows fast implementation of the algo-
rithms without the need to code much of the functionality, such as loading, saving 
and displaying images. The Matlab Image Processing toolbox also provides many 
functions such as standard filters, morphological operators and convolutions. The 
genetic algorithms optimization toolbox [102] has been used for implementation 
of the prostate detection algorithm of Wu [225] (see section 4.4.3). All other 
software implementation has been designed and written by the author. 

One disadvantage of Matlab is that it is an interpreted script language. In-
terpreted languages compile the program code on execution rather than pre-
compiling before execution which occurs in compiled languages such as C or 
C++. The result is that algorithms written in Matlab typically run more slowly 
than the equivalent C++ version, unless the algorithm is implemented using 
standard in-built Matlab functions which are themselves pre-compiled C++ rou-
tines. Where possible the in-built Matlab functions have been used to increase 
algorithm execution speed. 

Fast algorithm execution is of paramount importance when the algorithm is used 
in a real-time system such as CASMS. However, a fast algorithm which fails to 
find the prostate boundary is of no use at all! During the initial assessment of 
the existing algorithms for prostate outlining, algorithm execution speed is not 
considered a factor in determining the success of any particular algorithm. 

The implemented algorithms have all been tested using the prostate ultrasound 
image given in figure 4.6. 

4.2 Edge based detection schemes 

4.2.1 Edge definition 

Edges are areas within an image which exhibit strong intensity contrast. Since 
edges often occur at locations within the image which correspond with object 
boundaries, edge detection is extensively used in image processing when the goal 

2Matlab, The Mathworks, Inc., Massachusetts, USA. 
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Function f(i) 

Figure 4.1: First and second derivatives for a one-dimensional edge. 

is to divide the image into its constituent objects. The standard approach to edge 
detection [82] is to calculate the derivatives of the image, since the gradient of the 
image changes rapidly across an ideal edge. Figure 4.1 shows a one-dimensional 
edge profile, and the first and second derivatives of the profile. The position of 
the edge may be estimated from the maximum value of the first derivative or the 
zero-crossing of the second derivative. Therefore, a method of approximating the 
first or second derivative of an image is required. For a discrete one-dimensional 
profile f (i), the first derivative may be approximated by: 

d (i) 
= f (z +1) — f (i) 

and the second derivative by: 

d(2) 
 f 0 = f (i +1) — 2f (i) ± f (i — 1) 

d (i) 

These operations may be implemented as convolution operations, by convolving 
f (i) with [ —1 1 ] and [ 1 —2 1 ] for the first and second derivative respec- 
tively. The sign of the output is often disregarded, since information regarding 
the direction of the edge is usually not required. 
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4.2.2 First derivative approximations 

4.2.2.1 Roberts cross operator 

In two dimensions, there are different approximations to the first derivative op-
erator. The simplest is the Roberts cross operator [183] which approximates the 
magnitude of the gradient by : 

G (f (0)) = 	-f(i+1,j+1)1+1f(i+ 1,j)-j(0+1 )1 
	

(4.3) 

This can be implemented as a convolution operation: 

G 	= 1Gri + iGyl 
	

(4.4) 

where Gx  and Gy  are the result of convolving f (i, j) with the convolution masks: 

Rx  = 
1 0 
0 —1 

01  —10  
Ry  = ( 4 .5) 

    

The masks have an even number of values in each dimension (i.e. 2 by 2) with the 
result that the differences are computed at the point (i + 2, j + 1.). Therefore, 
the Roberts operator is an approximation of the gradient at this interpolated 
point rather than the point (i, j) . 

4.2.2.2 Sobel operator 

The Sobel operator [24] avoids the problem of interpolating the point between the 
pixels by using a 3 by 3 neighbourhood centred on the point (i, j) . The operation 
gives the magnitude of the gradient calculated as: 

G (f 	= IVG2s 	 (4.6) 

where the partial derivatives Gx  and Gy  are calculated as: 

Gx 	(f (i —1,j +1) + 2f (i, j + 1) + f (i + 1, j + 1)) — 
(f (i — 1, j — 1) + 2f (i, j — 1) + f (i + 1, j —1)) 

G y 	(f (i —1,j — 1) + 2f (i — 1, j) + f (i — 1, j + 1)) — 
(f (i +1,j — 1) + 2f (i + 1, j) + f (i + 1, j + 1)) 
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and implemented by convolution with the masks: 

—1 0 1 1 2 1 
Si  = —2 0 2 Sy = 0 0 0 (4.9) 

—1 0 1 —1 —2 —1 

4.2.2.3 Prewitt operator 

The Prewitt operator [53] is similar to the Sobel operator except that it does not 
place any emphasis on the pixels which lie closer to the centre of the masks. Gx  
and G y  are calculated by convolution with the Prewitt masks: 

—1 0 1 1 1 1 

Px = —1 0 1 Py  _ 0 0 0 (4.10) 
—1 0 1 —1 —1 —1 

4.2.2.4 Edge maps 

The first derivative operators are usually thresholded to form a binary image 
which shows the positions of likely edges within the image. Such an image is 
referred to as an edge map . Setting the threshold is problematic; too low and 
many spurious edges are included in the edge map, too high and some correct 
edge information is lost. One approach used to automate the threshold setting is 
to calculate a root mean squared estimate of the noise in the image and set the 
threshold to this value. 

4.2.3 Second derivative approximation 

The one dimensional first derivative shown in figure 4.1 demonstrates one of the 
problems of using the first derivative and a threshold to find the edge map for an 
image. The red dashed line indicates a threshold level for the binary edge map 
— any points above the line will become edge points in the edge map. Therefore, 
the edge becomes wide and the true edge position is lost. 

The second derivative provides a method for estimating the correct location of 
the edge by finding the zero crossings — signified by the red circle in the second 
derivative in figure 4.1. The second derivative may be approximated by convolving 
the image with a symmetrical second derivative mask. The mask varies according 
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to a parameter a which controls the shape: 

a 	1-a 	a 
a+1 	1+a 	a+1 

1-a 	-4 	1-a 0 < a < 1 (4.11) 1+a 	1+a 	1+a 

a 	1-a 	a 
a+1 	1+a 	a+1 

Some commonly used second derivative masks are: 

0 	1 	0 1 	4 	1 1 0 1 
1 	—4 	1 a = 0 4 	—20 4 a = 0.2 0 —4 0 a = 1 

0 	1 	0 1 	4 	1 1 0 1 
- 	 .... 

(4.12) 

The convolution result contains values which are both positive and negative. This 
is converted to a binary image by setting to one those values which are greater 
than or equal to zero, and setting values less than zero to zero. The true edge 
positions occur at the boundaries of the binary image and may be found by 
applying one of the first derivative edge operators. 

4.2.4 Results of the first and second derivative approxima-
tions 

Figure 4.2 shows a test image of red blood cells' which exhibits strong edge 
components around the individual cells. Figure 4.3 shows the first derivative 
approximations using the Roberts, Sobel and Prewitt operators. Figure 4.4 shows 
the corresponding edge maps using an automatically determined threshold based 
on the root mean estimate of the noise. The Roberts operator is clearly more 
affected by noise and produces edges which are incomplete. The Sobel and Prewitt 
operators perform much better, producing edge maps which are virtually free of 
noise whilst retaining the complete outline of the blood cells. 

Figure 4.5 shows the result of applying the second derivative approximation to 
the blood image, and the resulting binary image. The second derivative approx-
imation is displayed with an adjusted grey scale showing pixels with zero value 
as grey, positive pixels are lighter and negative pixels darker. These figures show 
the high sensitivity to noise associated with the second derivative. Although the 

3The blood cells image is an example image which is included in the Matlab package. 
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Figure 4.2: Microscopic image of red blood cells (an example image supplied with 
the Maltlab programming platform). 

Figure 4.3: First derivative approximations a) Roberts, b) Sobel, c) Prewitt 
operators. 
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Figure 4.4: Edge maps a) Roberts, b) Sobel, c) Prewitt operators. 

(a) 	 (b) 

Figure 4.5: a) Second derivative approximation and b) binary result. 

93 



CHAPTER 4 	 Prostate outline detection 

blood cell edges are visible as the intersections between the black rings and white 
rings in the image, any attempt to find these intersections using a first derivative 
edge operator would be swamped by noise. 

The binary image from the second derivative highlight shows the position of all 
the zero crossings within the image regardless of how strong those edges are. This 
leads to an interesting point - what are the correct edges of the blood cells? The 
first derivative operators are clearly finding the edges which correspond to the 
largest gradient change — the intersection of the white and black rings for each 
blood cell in figure 4.2. In fact, the actual outline is probably the outer perimeter 
of the white ring. Whether this is important or not depends on the intended use 
of the edge detection, for example if the intention is to count the number of red 
blood cells the exact outline is not necessary; if the processing aims to calculate 
the area of the red blood cell, the correct outline is required. 

4.2.4.1 First and second derivative results on ultrasound images 

Figure 4.6 shows a transrectal ultrasound image of a prostate from a patient with 
symptoms of benign prostatic hyperplasia. The image is taken at the mid-section 
of the prostate gland — the section which gives the largest prostate area in the 
ultrasound image. This image has been selected for its high quality, the prostate 
is clearly visible and the image does not contain significant artefacts which are 
often apparent in ultrasound images (see chapter 2, section 2.6.3). The prostate 
outline is indicated by the blue arrows present within the image. A discussion of 
the correct location of the prostate outline is presented in chapter 5, section 5.3. 

Figure 4.7 shows the author's result of applying the Sobel operator to the prostate 
ultrasound image, and the corresponding edge map. It is clear that the Sobel 
operator finds the strongest edges in the image - the edges of the black circle 
which corresponds to the position of the ultrasound probe. Figure 4.8 shows the 
ultrasound image with this black circle filled.4  This filled image is the test image 
for the outlining algorithms described in the rest of this chapter. 

Figure 4.9 gives the result of applying the Sobel edge operator to the ultrasound 
image of figure 4.8. The result demonstrates the difficulty of finding the edge of 
the prostate — no useful information regarding the position of the prostate edge 
is given in the images. It is clear that standard image processing techniques are 

4Filling the black circle is an automated process. The black circle is easily extracted since it 
is the only portion of the ultrasound image where the pixel values are zero. The region is filled 
using values interpolated from the pixels adjacent to the probe edges. 
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Figure 4.6: Ultrasound image of the prostate mid-section of a patient with benign 
prostatic hyperplasia. 

Figure 4.7: a) First derivative approximation using the Sobel operator. b) Edge 
map result. 
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Figure 4.8: Prostate ultrasound image with interpolated filled probe region. 

(a) 
	

(b) 

Figure 4.9: a) First derivative approximation using the Sobel operator on the 
filled probe image. b) Edge map result. 
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not applicable when processing ultrasound images. Ultrasound images are low in 
contrast, dominated by a grainy texture known as speckle. Speckle occurs when 
the reflected ultrasound waves interfere at the transducer causing construction 
and destruction of the received echo signal. These reflections result from the 
presence of small scatterers (small on the scale of the ultrasound wavelength) 
within the tissue. Larger reflections from tissue region boundaries result in the 
perceived edges visible in the ultrasound image. Unfortunately, it is not possible 
to discriminate between the reflections from tissue region boundaries and the 
reflections from the small scatterers. If speckle is considered as noise within the 
image', then it is clear that the signal-to-noise ratio of an ultrasound image is very 
low compared to most other types of image. Speckle causes the many spurious 
edge segments which are visible in the edge maps of figure 4.9. 

4.2.5 Noise smoothing filters 

The results in the previous section demonstrate the problems caused by noise 
present in images, compounded in ultrasound images by the low signal-to-noise 
ratio which renders the first derivative operators useless for finding edges. The 
second derivative operator used alone is of no use even on a reasonably clean 
image such as the blood cell example. This may be anticipated since the second 
derivative operator does not make any use of the magnitude of an intensity change, 
the smallest change in grey-level value between two pixels will result in a zero-
crossing at that point. 

Noise smoothing is a standard preprocessing stage in many image processing ap-
plications. The goal of any noise smoothing filter is to smooth areas of low grey 
level variation without blurring edges - regions containing large intensity changes. 
Standard smoothing filters include median filtering and spatial averaging. Me-
dian filtering removes impulse noise within an image by replacing each pixel with 
the median pixel value in a neighbourhood centred on the pixel. Spatial av-
eraging replaces each pixel with a mean or weighted mean value of pixels in a 
neighbourhood around the pixel. 

Figure 4.10 shows the blood cell image after applying 9 by 9 pixel median and 
spatial averaging filters, and the corresponding edge maps after applying the 
Sobel operator and thresholding the result. In comparison with figure 4.4, it is 

5  Although commonly referred to as noise, speckle is inherent in the image formation process 
— with no speckle there would be no image. 
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clear that the edge maps after noise smoothing contain less false edges and the 
edge of the blood cells are also more complete. 

Figures 4.11a) and b) shows the author's result of applying the median filter 
and spatial averaging filter to the prostate ultrasound image of figure 4.8. Fig-
ures 4.11c) and d) show the corresponding edge maps resulting from Sobel edge 
detection. Although there are still many false edge segments present in both edge 
maps, some parts of the prostate outline begin to be apparent, particularly in the 
edge map formed after spatial averaging. 

A further standard noise smoothing technique is to use a Gaussian kernel to blur 
the image before applying an edge operator. This is very commonly used with the 
Laplacian second-derivative operator, and has been used by several authors for 
finding the prostate in ultrasound images. Details of the Laplacian of Gaussian 
operator are given in section 4.3.2. 

Noise smoothing in ultrasound images (and other images containing speckle) has 
been a major topic of research and many specialized filters have been developed. 
Such filters are termed speckle-reduction filters and a review of many of them 
is presented in appendix A. Section 6.6 in chapter 6 describes work undertaken 
to investigate the statistics of ultrasound images using these speckle-reduction 
filters. 

4.3 Outline detection in ultrasound images 

Standard edge detection techniques fail to produce good results directly due to 
the noisy nature of ultrasound images. Therefore, the remainder of the work de-
scribed in this chapter reviews research carried out in the field of ultrasound image 
processing, with an emphasis on techniques developed for medical ultrasound im-
age processing. A common theme of medical ultrasound image processing is the 
detection of anatomical structures within an image. 

4.3.1 Edge based detection schemes 

The algorithms described in the following sections attempt to find the prostate 
outline by finding likely edges within the image. The basic concept for each 
algorithm is essentially the same. Following smoothing and edge detection, likely 
edge segments are identified and joined to form a final closed curve. Sections 4.3.2 
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(a) 	 (b) 
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(d) 

Figure 4.10: a)Median filtered blood cell image. b) Spatial averaging applied to 
the blood cell image. c) Sobel edge result following median filtering. d) Sobel 
edge result following spatial averaging. 
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Figure 4.11: a)Median filtered prostate ultrasound image. b) Spatial averaging 
applied to the ultrasound image. c) Sobel edge result following median filtering. 
d) Sobel edge result following spatial averaging. 
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through 4.3.5 describe various methods of finding edge segments in the ultrasound 
image, and section 4.3.6 details the method used to select prostate outline edge 
segments and form these segments into the final outline. 

4.3.2 Laplacian of Gaussian 

Several authors have applied the Laplacian of Gaussian (LOG) operator to prostate 
ultrasound images. Comes et al [80] use the LOG operator to detect edges in 
transurethral ultrasound images of the prostate. The Gaussian filter serves to 
suppress the high frequency speckle inherent in the image, and the Laplacian 
operator' highlights the positions of the edges. The Gaussian filter is described 
mathematically as: 

(4.13) 

and the LOG filter as: 

a2G (x, Y)  + 02G (x, Y)  LOG (x, y) = axe 	aye (4.14) 

The degree of smoothing in the LOG filtered image depends on the width of the 
Gaussian filter, i.e. the values of o and ay2. Gomes et al report best results using 
a2 = a2 = 64 pixels. 

The output of the LOG filter is an image containing both positive and negative 
pixel values. The zero crossings of this image are the locations of edges within 
the input ultrasound image.These zero crossings are found by forming a binary 
image of the output (by setting positive pixels to one and negative pixels to zero), 
and using a Prewitt filter to detect the binary image edges. Figure 4.12 shows 
the results of applying the LOG filter and zero-crossing detection to the prostate 
ultrasound test image of figure 4.8. 

Richard et al [177] use a similar LOG operator to detect the prostate outline on 
transrectal ultrasound images. 

One problem that is immediately apparent from the LOG result is that any infor-
mation regarding the strength of the edges is discarded in the binary operation. 
Therefore, it is not possible to determine whether an edge segment in the final 
image is due to a large or small grey-level variation in the input ultrasound im-
age. This problem has been broached by Zhao et al [234], who use the gradient 

6The Laplacian operator approximates the second derivative of the image. 
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Figure 4.12: Zero-crossings of the LOG filtered prostate ultrasound image. 

strength in the image as well as the locations of the zero-crossing of the second 
derivative, to detect prostate outlines on transrectal ultrasound images. The gra-
dient strength is calculated by replacing each pixel with the maximum of the 
absolute gradient values in the four directions of the 3 by 3 neighbourhood of 
the pixel. Figure 4.13 shows the four gradient directions. The gradient strength 
image is masked by the binary edge image result from the LOG operator, to 
yield a final edge-intensity image which contains the positions of edges in the 
input ultrasound image and their relative strengths. Figure 4.14 shows the edge-
intensity result from applying the Zhao algorithm to the ultrasound test image 

Figure 4.13: The four gradient directions in the pixel neighbourhood. 
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Figure 4.14: The edge intensity result from the Zhao algorithm implementation, 
applied to the prostate ultrasound test image. 

of figure 4.8, where darker lines represent higher intensity. 

4.3.3 Edge strength and second derivative in gradient di-
rection 

Aarnink et al [1, 2] use a similar approach to produce an edge intensity image. 
The initial image is smoothed using a 21 by 21 pixel uniform blur filter instead of 
the LOG filter discussed previously. The filtered image is true sampled by factor 3 
(i.e. keep every third pixel along each row and column) to reduce the total number 
of pixels nine-fold. The Laplacian of the compressed image is approximated by 
using the second derivative in gradient direction (SDGD) method of Haralick [87]. 
First an image is formed by replacing the value of a pixel with the maximum 
value over a 17 by 17 neighbourhood around the candidate pixel. A second 
image is created from the minimum of the same neighbourhood. Subtracting 
the compressed image from the maximum image gives an approximation to the 
gradient in the direction of the maximum, whilst subtracting the minimum image 
from the compressed image forms the gradient in the direction of the minimum. 
The SDGD results from the subtraction of minimum gradient direction from 
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maximum gradient direction: 

SDGD (x, y) = (max (x, y) — g (x, y)) — 	(x, y) — mnn (x, y)) 	(4.15) 

where maxi, is the maximum value in the n by n neighbourhood of the pixel of 
interest, mina, is the minimum value of the neighbourhood and g is the blurred, 

compressed image. 

The zero crossings of the SDGD are found by looking at the eight neighbours of 
the candidate, and flagging an edge if the pixel values change sign along any of 
the four directions of the 3 by 3 neighbourhood. Thus, an edge is detected if: 

= 	n 	< 0)] U 
< 0)11 (abs (Pi) < abs (Pi_1))] U 

	
(4.16) 

< 0)11 (abs (Pi) < abs (Pi-1))] 

is true for any of the four directions (upper left to lower right, top to bottom, 
upper right to lower left and left to right), where Pi_ i , Pi  and Pi+iare the three 
pixels in the current direction. 

The edge strength (ES) image is formed by taking the minimum value of the 
maximum and minimum gradient direction images [125]: 

ES (x, y) = min (inp,x (x, y) — g (x, y) , g (x, y) — min (x, y)) 	(4.17) 

The final edge intensity image is obtained from a pixel by pixel multiplication of 
the SDGD and ES images. The result of applying the Aarnink algorithm to the 
test ultrasound image is shown in figure 4.15. 

The Aarnink algorithm provides a further processing step to detect likely prostate 
edges from the edge intensity image. The method is based on the hysteresis 
thresholding technique of Rosenfeld et al [184 The edge intensity image is 
thresholded using a high threshold value to produce an initial binary edge map. 
An iterative process then adds additional pixels to the edge map if those pixels 
are adjacent to an existing pixel in the edge map, and above a second, lower 
threshold in the edge intensity image. Figure 4.16 shows the binary edge map 
image overlaid on the input ultrasound image. 

Further work by Aarnink et al [3] aims at improving the edge intensity image 
formation scheme. Following blurring of the input prostate image, an additional 
stage is added which calculates a binary map of the standard deviation of pixels 
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Figure 4.15: The edge intensity image resulting from applying the Aarnink algo-
rithm implementation to the prostate ultrasound test image. 

in the image. An image is created by assigning the standard deviation of 41 
by 41 pixel neighbourhoods to the centre pixel of the neighbourhood. This is 
converted to a binary map by thresholding at a threshold determined by the 
global standard deviation in the blurred image. The map is used during the 
maximum and minimum neighbourhood operations to choose a neighbourhood 
size of 25 by 25 pixels or 49 by 49 pixels, where the local standard deviation is 
greater than or less than the global standard deviation, respectively. 

4.3.4 Sticks and anisotropic diffusion filtering 

Pathak et al [162] approach the problem of finding edge segments in the image 
in a different manner. The input image is first filtered using a maximum stick 
filter?  [49, 50]. The stick filter acts to accentuate lines within the image. The 
result is passed through a smoothing filter which acts anisotropically to flatten 
regions of relative smoothness, whilst maintaining features of significant grey-level 
variation. The filter used is analogous to the anisotropic diffusion filter for speckle 

7A full description of the stick filtering algorithms is given in appendix A, sections A.1.8 
and A.1.9. 
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Figure 4.16: Test image with overlaid edge map result from the Aarnink algo-
rithm. The values for the hysteresis threshold were experimentally determined as 
0.5 and 0.1 for the high and low thresholds. 
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reduction described by Perona and Malik [163] (see appendix A, section A.1.1). 

The filtered image is modelled as a smooth function which acts as a weak elastic 
membrane. The function is determined by minimizing the energy terms of the 
membrane formulated from the degree of mismatch between the model and true 
image, penalties for discontinuities and for roughness in the absence of disconti-
nuities. The degree of mismatch is determined as: 

D = E (s (x, y) — I (x, y))2 	 (4.18) 
xy 

where S is the elastic membrane function and I is the smoothed stick filtered 
image. The discontinuity penalty is: 

C = aEl(x,y) 	 (4.19) 
xy 

where 1 (x, y) is unity if a discontinuity is present at the position (x, y) or zero 
otherwise. The roughness factor is given by: 

R = 3 E (vs (x, 02  (1 — / (x, y)) 	 (4.20) 
xy 

Finding the most suitable membrane function can be viewed as a global optimiza-
tion problem. The optimization aims to minimise the energy of the membrane 
such that: 

min E -,---- min (D + min (R + C)) {s,i} 	{s} 	{I} 

The membrane function exhibits many local minima. Pathak uses the graduated 
non-convexity minimization algorithm of Blake and Zisserman [18] to calculate 
the global minimum. 

Pathak's approach has been implemented using the analogous anisotropic diffu-
sion filter rather than the elastic membrane function. Figure 4.17 shows the result 
of applying the sticks and anisotropic diffusion filters to the input test image. 

The optimised membrane function is used as an input to a Canny edge detec-
tor [32]. The Canny detector applies Gaussian smoothing to the input and calcu-
lates the gradient magnitude and direction of the smoothed image. The next step 
finds points whose strength is locally maximum in the direction of the gradient. 
All non-maxima pixels are set to zero — hence this process is called non-maxima 
suppression. The final step is equivalent to the hysteresis threshold function — 
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Figure 4.17: The edge intensity result from applying the sticks and anisotropic 
diffusion filters to the input ultrasound test image. 

finding the strong edges and iteratively connecting adjacent weaker edges. The 
edge map resulting from the Canny edge detector is shown in figure 4.18, overlaid 
on the original input ultrasound image. 

4.3.5 Radial bas-relief 

Liu et al [136] present an algorithm for initial processing of the ultrasound image 
to highlight the prostate edges, called radial bas-relief (RBR). The technique is 
derived from a darkroom technique used to manipulate photographs to produce 
images which have a 3D effect - ridges appear in the image lit from one side. 
In RBR, the input ultrasound image is normalized, inverted and enlarged by a 
constant factor radially from the image centre. The enlarged, inverted image is 
added to the normalized original image registered on the image centre: 

A (x, y) = I (x, y) + 255 - I (kx, ky) 	 (4.21) 

where I (x, y) is the input image normalized to the range [0 • • • 255], the xy origin 
occurs at the image centre, and k-1  is the enlargement factor. Bi-linear interpo- 
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Figure 4.18: Edge map from the Pathak algorithm when applied to the initial 
ultrasound image input. 

lation is used to calculate pixel values in the enlarged image. The pixel values 
in A (x, y) are set to zero if they overflow the pixel range, then thresholded to 
produce a binary result: 

B (x, y) = 
{

0 	if A (x, y) > 255 
A (x, y) otherwise 

255 	if B (x, y) > t 
C (x, y) = 0 otherwise 

(4.22) 

(4.23) 

where C (x, y) is the binary result and t is the binary threshold. 

Figure 4.19 shows the result of applying the RBR algorithm to the test ultrasound 
image. The enlargement factor is 109%, which is the value quoted in Liu's paper. 

The value of the threshold t used in Liu's work is set at 2. Further work on the 
RBR by Wu [224] demonstrates that the use of a threshold is unnecessary. The 
RBR method works by testing whether a candidate point is brighter than a point 
n pixels closer to the centre along the same radius. If the test is true, then the 
candidate pixel is marked as an edge pixel. The value of the offset n depends on 
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Figure 4.19: Binary result from the RBR algorithm applied to the test prostate 
ultrasound image. 

the distance of the candidate pixel from the image centre, given by: 

n = (1 — k) ,/x2  + y2 	 (4.24) 

Wu suggests an improved version of the RBR method with a fixed value for n and 
using the grey-level difference between the two pixels rather than a binary test. 
This may be considered as a first-derivative type operation applied along the radii 
from the image centre. The modified RBR is implemented as a Cartesian to polar 
co-ordinate transformation, followed by convolution with a linear first-derivative 
mask. Figure 4.20 demonstrates the difference between the original RBR and 
modified RBR techniques. Referring to figure 4.20, the modified RBR result is 
calculated as: 

1)
(x,y)

= I(xo,yo) — I(xi,Yi) ifI(x0,Y0)>I(xi,yi) 
0 	otherwise 

(4.25) 

Figure 4.21 shows the result of applying the modified RBR to the ultrasound 
image of figure 4.6 using a pixel offset n of 5 pixels. 

Further processing is necessary to produce an edge map from the RBR result. 
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Centre (x = 0, y = 0) 
	

Centre (x = 0, y = 0) 

(a) 
	 (b) 

Figure 4.20: a) Original RBR. b) Modified RBR with fixed radial offset. 

Figure 4.21: Modified RBR applied to the input ultrasound image. 
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Figure 4.22: Edge intensity result from the modified RBR technique. 

In original RBR technique, morphological closing is performed on the binary 
result to smooth the pixel regions, followed by area thresholding to identify re-
gions which correspond to the edge of the prostate. The area thresholding simply 
discards regions if the number of pixels within the region is less than a certain 
threshold. Further processing (not described in Liu's paper) is necessary to pro-
duce single pixel width edge segments from the region threshold result. 

The approach adopted here is to use the zero crossings result of the LOG and 
Prewitt filtering algorithm described in section 4.3.2 as a mask for the modified 
RBR technique. The edge intensity image formed from masking the result shown 
in figure 4.21 is shown in figure 4.22. It should be noted that the use of the 
image centre for the RBR technique assumes that the image centre falls within 
the prostate. In the test ultrasound image, this criterion happens to be satisfied, 
however it is unlikely to hold true for every prostate ultrasound image. The best 
position for the RBR centre would be the centre of the prostate. 

4.3.6 Edge selection 

The goal of the image processing is to find a complete outline of the prostate in 
the ultrasound image. Some of the algorithms discussed so far have produced 
edge maps. Edge maps have been produced for the remaining algorithms by 
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applying the hysteresis thresholding algorithm described in section 4.3.3 to these 
algorithms' edge intensity results. The edge maps contain edge segments which 
are likely to correspond with the prostate outline, but also exhibit spurious edge 
segments due to other structures within the image. The next step in the image 
processing pipeline is to identify the true outline edge segments. 

In much of the literature, selection of the appropriate edge segments is glossed 
over as a trivial step generally described as "further processing". In reality, ro-
bust identification of the correct prostate edges is a complex task. Rules which 
give a correct result for one image may often produce incorrect answers when 
applied on a complete data set. As an example, Pathak et al [161, 162] use the 
following procedure to find the likely edge segments'. The user is first asked to 
select a seed point within the prostate. Starting from the seed point a radial 
search is conducted to find the intersection between each radius and the closest 
edge segment. For each quadrant in the image (with the seed point defining the 
quadrant intersection) the mean and standard deviation of the distance from the 
radial search points to the seed point is calculated. An outlier filter then removes 
points which lie more than two standard deviations from the mean. A spline 
fitted to the remaining points forms the final closed boundary. This regime fails 
under two circumstances; either when a large line segment is present inside the 
prostate boundary and the radial search erroneously detects these points or when 
a significant portion of the prostate outline is missing in one or more quadrants. 

The following paragraphs describe a series of steps which have been implemented 
by the author to attempt to distinguish the correct prostate edges segments from 
the false edge segments and produce a smooth continuous curve describing the 
prostate outline. Experimental results show that these steps produce the best 
results when applied across the data set and using the different algorithms' edge 
maps. Prior knowledge of the likely prostate characteristics are used as the basis 
for these heuristic rules. 

One feature common to most prostate ultrasound images is that the average grey 
level within the prostate tends to be darker than the surrounding areas, and the 
prostate boundary is often ringed by a bright halo. Therefore it is highly likely 
that a true outline edge segment will occur at a dark to bright grey level transition 
when viewed from inside the prostate. Given a known point within the prostate, 
it is possible to remove edge segments which correspond to a bright to dark change 
moving radially out from the known point. Pathak [161, 162] and Aarnink [1, 3] 

8Pathak's paper is the only one which gives a full description of the process of forming a 
complete outline from the edge map. 

113 



CHAPTER 4 	 Prostate outline detection 

advocate user selection of a point within the prostate. Although this does not 
represent a time-consuming step, user-interaction is obviously required, departing 
from the automated criterion necessary for a monitoring system. However, for 
the initial testing of the algorithms described in this chapter, the point within the 
prostate has been set for the test ultrasound image of figure 4.8, and supplied to 
the algorithms as a parameter. Automated assignment of this point is discussed 
in chapter 5, section 5.6. 

The next step removes edges whose length are less than a threshold. Although 
this may remove some segments which lie on the prostate boundary, many of the 
small segments result from small bright patches within the image, which may be 
considered as noise. Segments are also removed which lie within a small radius 
of the known point within the prostate. 

A radial search from the known point finds points at the intersection of the 
remaining edge segments and the radii. An initial cubic spline is fitted to these 
points with certain constraints on the maximum change of radius and the smooth-
ness of the spline. An iterative process reintroduces previously removed edge 
segments which lie close to the spline and the spline is recalculated from the new 
points. 

The final step ensures that the spline doesn't cross the black circle of the probe. 
This can be a problem if the edge map does not contain an edge segment at the 
base of the prostate, around the probe. Given the difficulty of detecting the edges 
of the prostate at the lobes (where the prostate outline lies close to parallel to 
the ultrasound beam), it is possible that the spline can balloon out at the base 
and intersect the black circle. If this occurs, a separate local search is made at 
the probe periphery to find the most likely edge of the prostate. 

Figure 4.23 shows the prostate ultrasound image from figure 4.6 overlaid with 
four outlines — the results of the LOG (red), Aarnink algorithm (green), Pathak 
algorithm (blue) and modified RBR technique (yellow). 

4.4 Model based detection schemes 

Algorithms described in the previous section all attempt to find the prostate 
outline by first finding likely edge segments, selectively choosing some of these 
edge segments and finally joining and interpolating between these segments to 
form a final closed outline. This may be considered a top-down approach, starting 
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(c) 
	

(d) 

Figure 4.23: Results of the edge based detection schemes. a) Laplacian of Gaus-
sian, b) Aarnink, c) Pathak and d) modified RBR. 
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from the raw image data, and proceeding through a number of steps to arrive at a 
final result. The algorithms described in this section adopt a different approach. 
Each algorithm uses a representation of the prostate shape which varies according 
to the underlying grey level variation of the image to which the model is applied. 

Model based detection schemes have the advantage over edge-based schemes that 
a complete boundary is intrinsic as part of the detection process. Therefore a 
model-based detection scheme will always produce a result in an image regardless 
of whether a valid target exists or not. However, each scheme uses some method 
of scoring to determine the appropriateness of a particular outline, and opts for 
the outline with the greatest score. Therefore, it is possible to use this outline 
score as a final measure of the likelihood that a given result is actually valid. 

4.4.1 General model based image processing 

Model based detection is a somewhat specialized topic in the field of image pro-
cessing (as opposed to edge detection). One well-documented general technique 
is the Hough transform. Although generally described in terms of its use for 
detecting lines in an image at differing orientations and positions, or circles of 
different size and location, the Hough transform is applicable to any generalized 
shape. 

The Hough transform uses an analytical description of a shape and assesses 
the likelihood of that shape appearing at each possible location and orientation 
within the image. For example, the Hough transform could be used to detect the 
black circle at the edge of the probe.9  This would involve constructing a three-
dimensional array of bins; two dimensions for the horizontal and vertical location 
of the circle centre, and one for the radius. Then a given bin gives a circle of 
given size and position in the image, and the bin is assigned a score depending on 
how likely it is that the circle exists in the image (for example by averaging the 
gradient across the circle boundary). The bin which contains the greatest score 
determines the correct location and radius of the black circle. 

The drawback of the Hough transform is that it only detects a single shape 
within the image even though that shape need not be described by a simple 
analytical equation. Therefore it is unsuitable for detecting the prostate outline 

9The Hough transform was originally used by the author to find the black circle within the 
image. However the technique was abandoned in favour of a faster, direct method which relies 
on the grey scale value of the black circle pixels always being zero. 
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in ultrasound images due to the variation in prostate shape which may be observed 
in prostate images from different patients. 

4.4.2 Snake based techniques 

Snakes, or active contours, are boundary curves which change shape according to 
the forces applied to them. The forces include internal forces which are intrinsic 
in the snake itself, and external forces which are produced by the image data 
to which the snake is applied. These internal and external forces are defined 
so that the snake will migrate towards the object boundary within an image, 
with equilibrium achieved once the snake reaches the boundary. The traditional 
snake [107] is defined as a parametric curve x, that moves within the image so as 
to minimise the energy function E of the snake: 

x (s) = [x (s) , y (s )] , s E [0,1] 	 (4.26) 

1 1 
E = I

2  
(a Ix' ( 8 )12  + 0 Ix" (s)12) ± Eext  (x (s)) ds 	(4.27) 

o  
where a and 3 are weighting parameters that control the snake's tension and 
rigidity (the internal energy), and Eext  is the energy derived from the image, 
defined such that it is smaller at features of interest such as edges. Typical 
external energy functions for a grey scale image I (x, y) include: 

Eext = 	 DI—  	(x, y)2 
	

(4.28) 

Eext  = — IV (G, (x, y) * I (x, 012 
	

(4.29) 

where G, is a Gaussian function with standard deviation a and V is the gradient 
operator. 

According to the Euler equation, a snake which minimizes E must satisfy: 

ax" (s) — 3x"" (s) — VEext = 0 	 (4.30) 

Equation 4.30 is solved by treating the snake as a function of time as well as s. 
The partial derivative of x with respect to time is given by: 

Xt  (s, t) = ax" (s, t) — Ox"" (s, t) — V' Eext 	 (4.31) 

A numerical solution to equation 4.31 is found by separating the equation into 
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its constituent parts and iteratively solving the discrete system. 

4.4.2.1 Ultrasound outline detection with snakes 

Snakes have been used previously to find the outline of organs in medical ultra-
sound images. Ladak et al [117, 118] describe a semi-automatic technique for 
detecting the prostate boundary. The user gives four points close to the prostate 
boundary, namely the top and bottom of the mid-section, and the extremities of 
the two lobes. The snake is initialized to pass through these four points. The 
snake used is a discrete dynamic contour as presented by Lobregt et al [138], 
which is itself a variation on the original snake model developed by Terzopolous 
et al [211] and others. The discrete dynamic contour is a series of points con-
nected by straight line segments which deform according to internal and external 
forces. The internal forces depend on the local curvature of the contour and act 
to oppose high local curvature. The external forces are calculated based on the 
local gradient value near the contour and the gradient direction. Deformation of 
the contour proceeds until the internal and external forces reach a state of equi-
librium. If equilibrium results in a contour which does not match the prostate 
boundary, then further user interaction is required to adjust the incorrect seg-
ments. 

Levienaise-Obadia and Gee [128] use an active contour (snake) technique to detect 
the boundary of the gall bladder and the kidney. Although their algorithm has 
not been used on prostate images, it is included here since kidney ultrasound 
images and prostate ultrasound images have some similar characteristics10 . The 
technique is similar to that applied by Ladak et al [117, 118] on prostate images, 
but provides a much more detailed description of the forces acting on the snake, 
which is not provided by Ladak. The snake contour used is based on a cubic 
b-spline function which provides inherent smoothness due to constraints set at 
the control points [43], therefore only external forces need to be calculated. The 
initial snake is determined from control points selected by the user, which lie close 
to the boundary. 

The image is convolved with a Gaussian filter to reduce high frequency speckle. 
An initial search window is determined at a set distance from the contour, and 
both inside and outside the contour, to look for the most likely true boundary 

°Kidney and prostate ultrasound images are distinct from most ultrasound images where 
outline detection might be applied, since both contain tissue to tissue boundaries, rather than 
fluid to tissue boundaries. 
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location. Two potential functions whose minima represent the likely true bound-
ary position are calculated at a sample of points at equal intervals around the 
contour. The first function is a measure of the local grey-level gradient along the 
lines normal to the boundary: 

Pv  (x, = — IV (G (x, y) * I (x, y)) .n (MI 	 (4.32) 

where I (x, y) is the image, G (x, y) is the Gaussian filter, V is the gradient 
operator, and n is the unit normal vector at sample points along the snake. The 
second function attempts to find differences in the local texture features inside 
and outside the boundary by analyzing the mean and variance of small (7x7) 
pixel regions: For each region centred at (x, y), a vector is constructed as: 

x (x, y) = [p, o-21 T 	 (4.33) 

where p is the mean of the pixel values in the region, and o' is the variance. The 
mean vector and co-variance matrix are calculated for the set of regions inside 
and the set outside the boundary. A candidate region is evaluated as inside if: 

-di  + do  > C 	 (4.34) 

where, 
di  = 2 -

1 
(x - 	Mi l  (x - K)T 	 (4.35) 

1 d, = -2  (x - 3-C) Mo-1  (x - K)T 	 (4.36) 

1 M 
o  C 

= 2 
- In 

	

	 (4.37) M 
and rc is the mean vector, M is the co-variance matrix, and the indices i and o 
represent inside and outside the boundary, respectively. The texture potential 
function is calculated as: 

Psi (X, Y) = IC — (do — di)1 	 (4.38) 

The weighted sum of two potential functions give a function whose minimum is the 
most likely local boundary position, where the weights are decided by analyzing 
previous outlines. For a sequence of images, the user describes the initial contour 
in the first image. The boundary search is conducted solely on the gradient of 

119 



CHAPTER 4 	 Prostate outline detection 

the grey-level along the contour normals (i.e. the weight of the texture potential 
function is zero), and the user corrects any mis-positioned points of the found 
boundary. The b-spline control points are updated to minimise the discrepancy 
with the found boundary using linear least squares [43]. Texture statistics are 
found from regions on both sides of the boundary, and the texture potentials 
calculated. The weights are updated according to the final boundary and used 
in the next image, where the previous boundary is used as the initial contour. 
If user correction is required in subsequent images, then the potential function 
weights are updated accordingly. 

4.4.2.2 Problems of snake based outline detection 

The most obvious drawback of the two snake based techniques described in the 
previous section, is their reliance on user participation in the initialization of 
the snake position and possible user adaptation of the final result. For a truly 
automated outline detection algorithm, this user intervention is not permissible. 
User intervention in both cases is required since the snake is likely to converge to 
the wrong result if it is not initialized close to the correct boundary. 

Several methods have been proposed to address the problem of contour initializa-
tion. Each method aims to extend the range over which the external forces act to 
draw the snake towards the correct outline. Internal pressure forces [41] can be 
used to push the snake beyond local minima to reach the correct result. However 
the pressure force can also cause the snake to balloon out at weak or missing 
edges of a true outline, as shown in the artificial example of figure 4.24. For 
prostate ultrasound images, breaks in the outline are common and the pressure 
required to overcome the local minima is high enough that the snake is unlikely 
to be "caught" by the correct outline. A final problem with pressurized snakes is 
that the pressure force can only act in one direction (internal or external pres-
sure) so that the initial outline must be defined to be either completely inside or 
outside the true boundary. Two multi-resolution methods [127] have been defined 
which attempt to overcome initialization problems. The first method performs 
by adapting the snake on a series of images starting from a course pixellation 
(each successive level contains four times the number of pixels of the previous 
level) and successively using the result of the previous scale as an initialization 
on a finer pixellation. The second method used a Fourier description [199] of the 
outline with successively more harmonics. However, neither method is likely to 
cope with the problem that the prostate boundary is generally not the strongest 
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(a) 
	

(b) 

Figure 4.24: Snake with internal pressure 'balloons' out past the correct outline. 
a) Initial snake (green) and potential field (black). b) Intermediate stages (red) 
and final result (blue). 

edge feature within the ultrasound image. 

4.4.2.3 Gradient vector flow 

Xu et al [226, 227] propose a technique known as gradient vector flow (GVF) to 
produce a better external force field for the snake. They claim that their method 
results in a snake which has no prior bias towards its movement direction (unlike 
the balloon snake), may be initialized inside, outside or across the actual outline, 
and has a large capture range - i.e. is capable of finding the correct outline at 
considerable distance. The gradient vector flow field is used to replace the Eext 
term of equation 4.27. 

An edge intensity image f is defined such that the magnitude of f is greater at 
features of interest within the image. Xu gives example functions for f as: 

f (x, y) = —Eext (x, Y) 
	

(4.39) 

where Eext  is one of the functions given in equations 4.28 and 4.29. Three general 
properties of the edge intensity image are important in this context. 

• The gradient of the edge intensity V f contains vectors which are normal to 
the edges in the image, and point towards those edges. 

• Only vectors which are close to the edges have large magnitudes. 
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• In homogeneous image regions, the magnitude of V f is close to zero. 

Property I is desirable since the snake will move towards the edges and converge 
to a stable result. However, properties II and III mean that the snake must be 
initialized close to the edges otherwise the snake will not move. 

The gradient vector flow method aims to overcome the capture range problem 
by diffusing the large gradients at the edges out into the homogeneous regions, 
whilst maintaining the large gradients near the edges. The gradient vector flow 
field v is found by minimizing an energy function e, where: 

v (x, y) = (u (x, y) , v (x, y)) 	 (4.40) 

6  . f f iti  (u2x  + u2y  + vx2 + vy2) + 1V/12  lv — V f 12  dxdy 	(4.41) 

Thus, in regions close to the edge features, where iVf 1 is large, the energy func-
tion is minimized by setting v = V f , maintaining the desired property I. In 
homogeneous regions, the second term is approximately zero, and the energy is 
dependent on the sum of squares of the partial derivatives of the intensity image. 
Therefore, in these regions the minimal energy condition smooths out the large 
changes in the gradient, and the vector field is interpolated from the boundaries 
of the homogeneous region. The parameter ft in equation 4.41 determines the 
sensitivity towards noise within the image. 

Figure 4.25 shows the result of applying the gradient vector flow snake to the 
ultrasound image of figure 4.8. The edge intensity image f is calculated as: 

f (x, y) = IV (G, (x, y) * I (x, Or 	 (4.42) 

using a Gaussian filter with a standard deviation of 8. The parameters for the 
snake internal energy terms are a = 0.6 and 0 = 0.0, and the noise smoothing 
parameter µ = 0.2 for the gradient vector flow calculation. 

Xu gives several examples of the GVF snake working on synthesized images, and 
one example using an axial MRI image of the left ventricle of the heart (fig-
ure 4.26a)). Further examination of the software provided with these examples 
shows that the gradient vector flow field in each case is normalized by the mag-
nitude of the vector field, i.e. the magnitude of all the vectors in the field is 
unity and only the direction of the vectors is taken into account. Careful ini-
tialization of the snake in the heart example ensures that the snake converges to 
the ventricle boundary, however slight perturbation of the initialization causes 
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Figure 4.25: Gradient vector flow snake result on the test ultrasound image 

(a) 
	

(b) 

Figure 4.26: a) Axial MRI heart ventricle image. b) Correct GVF snake outline 
result. 
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(a) 
	

(b) 

Figure 4.27: a) Local maxima in the heart GVF field. b) Incorrect outline result 
caused by snagging. Initial outline (red), intermediate outline (green) and final 
outline black). 

the snake to "snag" on a local maxima. Figure 4.26b) shows a magnified portion 
of the vector field and the initial, intermediary and final snake outlines, where 
careful initialization leads to the correct result. Figure 4.27 demonstrates the 
problem of localized "snagging" of the snake. When the gradient vector flow field 
is used without normalization, the snake shrinks under its own internal energies. 
Extensive experimentation with changing the various parameters of the snake 
and gradient vector flow calculation did not produce a solution to this problem. 
Email exchanges with the authors also failed to provide a satisfactory explana-
tion/solution to the problem. 

4.4.3 Statistical shape modelling 

Arambula and Davies [5] present a method for finding prostate boundaries using 
statistical shape models (SSM) [45] to model the range of prostate shapes, and 
genetic algorithms (GA) to generate populations of boundaries from the model. 
The method is used for transurethral ultrasound images of the prostate. The 
first step in generating the SSM is to align a set of sample prostate boundaries, 
which have been outlined by an expert. Arambula performs the alignment by 
selecting a typical shape from the sample boundaries, and manually transforming 
the subsequent boundaries to match the typical shape as closely as possible. The 
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manual transformations are rigid - translation, rotation and scaling. 

Each shape is represented as a vector of the x and y position of the boundary 
in equal angular increments around the boundary, relative to a common centre 
point (45 points are used). The mean outline is calculated from the means of 
points at each angle from the aligned sample outlines. The covariance matrix 
of the outline vectors is calculated, and the eigenvectors and eigenvalues of the 
covariance matrix are found. Thus, for the 45 point pairs (x and y) in the vectors, 
90 eigenvectors are obtained which give the total variance of the sample bound-
aries from the mean boundary. However, only the ten eigenvectors with largest 
associated eigenvalues are found to give 95% of the total variance. Candidate 
outlines can be formed from the mean boundary plus a weighted sum of these ten 
eigenvectors. The weights are limited so that the points lie within three standard 
deviations of the mean [45], ensuring that all possible prostate shapes may be 
formed: io 

s = g + bipi  (4.43) 

where s is the outline vector, g is the mean outline, pi  are the principal vectors 
and bi  their respective weights. 

The weights, scale, rotation and translation information representing the bound-
ary are coded as a binary string, where the range of each parameter determines 
the number of bits required for that parameter. Arambula uses strings of 53 bits; 
these are the chromosomes for the GA. An initial population of chromosomes is 
constructed with random values for each parameter (within the allowed ranges). 
The GA uses crossover and mutation to generate new chromosomes from the 
initial population. The particular values for the GA parameters are assigned ac-
cording to the work by Grefensette et al [83], which give good performance, and 
stochastic universal sampling [6] is used to select chromosomes for parenting the 
next generation. 

The GA requires a performance measure (normally referred to as an objective 
function in GA) so that the suitability of a particular solution may be determined. 
Arambula uses the following scheme for the objective function. Points at 1mm 
intervals along the boundary are selected, and the mean grey level evaluated along 
the line perpendicular to the boundary at each point, for 15 pixels inside, and 15 
pixels outside the boundary. Then the suitability d of a particular point is given 
by: 

d = 255 — out + in 	 (4.44) 
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1 \---‘15  
out = — 	o,n 15 n=1 	

(4.45) 

%--,15  
in = — _, xi,. 	 (4.46) 

15 n=1 
where x, and xi  are the pixels in the line which are outside and inside the bound-
ary respectively. Therefore, points on a dark to bright transition are scored highly. 
The objective function is found as the mean of the point measures scaled by the 
inverse of the mean outside grey level, to make the test more sensitive to the 
bright halo around the prostate capsule: 

1 m 
ObjFun= 	E do  

my out n=1 

out = — E outn  
rn n=1 

(4.47) 

(4.48) 

This test is used for the objective function of the GA; the lower the result, the 
better the fit of the boundary to the ultrasound image. 

Wu [224, 225] applies similar techniques of boundary modelling and GA for finding 
the prostate capsule in transrectal ultrasound images. An adaptation of PDM 
called feature modelling (FM) is used where the boundary points are labelled 
according to the polar co-ordinate system defined by the boundary centroid. The 
first point in the labelling is the boundary point whose angle is perpendicular 
(and to the right) of the line joining the boundary centroid and the probe centre. 
A set of sample hand segmented images is used to construct the FM, without the 
manual alignment used in [5], rather, the physical dimensions of the points are 
used (distances in mm from the centroid). 

The vector of each boundary is made from the distance between boundary cen-
troid and probe centre, the angle between the line joining probe centre to bound-
ary centroid and the vertical, and the boundary radii. Chromosomes are made for 
the nine eigenvectors with the largest associated eigenvalues (representing over 
99% of the variance) and the angle between the vertical and the line joining the 
probe centre to the boundary centroid. The objective function for the GA is the 
sum of the inner product of the normal boundary direction (pointing inward) and 
the local grey-level gradient direction, multiplied by the local grey-level gradient 
magnitude. Boundary fitness is proportional to the objective function result. 

Figure 4.28 shows the result of applying Wu's FM and GA process to the test 
prostate ultrasound image. The FM was calculated from a set of expertly out- 

126 



CHAPTER 4 
	 Prostate outline detection 

Figure 4.28: Feature modelling and genetic algorithm result on the test ultrasound 
image. 

lined ultrasound images (see chapter 5, section 5.3.4), which includes the test 
image of figure 4.8. The genetic algorithm uses binary encoding with incremental 
crowd replacement, a population of 400 outlines iterated for 2500 generations, 
with a 90% crossover rate and 1% mutation rate. These parameters were chosen 
according to the best results given in Wu's paper. 

4.5 Region based detection schemes 

This section describes algorithms which attempt to segment an image based on 
some similarity criterion of the pixels contained in a region. The techniques are 
not necessarily used predominantly for boundary detection, however they can be 
used to find the prostate outline if they can reliably segment a prostate ultrasound 
image into prostate and non-prostate regions. 
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4.5.1 General region-based image processing 

4.5.1.1 Region growing 

Region growing is the simplest of the region-based segmentation techniques. The 
algorithm starts from a set of initial points (seeds) representing distinct image 
regions which are grown until the regions cover the complete image. The seeds 
are usually chosen by the user. At each iteration of the algorithm unassigned 
pixels which border a region are assessed as to whether they are likely to belong 
to the region. The assessment is often based on a comparison of the pixel's value 
to the mean value of the pixels contained in the region. The algorithm stops once 
no more pixels are added to any region during one iteration. 

Figure 4.29 shows the result of applying a simple region growing algorithm to the 
test ultrasound image of figure 4.6. A single seed point is used which is inside the 
prostate (the same point as used in the edge processing discussed in section 4.3.6). 
Therefore, an ideal result would assign all pixels within the prostate to the region 
of the seed, and leave all other pixels unassigned. The test image is first filtered 
with a Gaussian kernel (with a-  = 8) to reduce the influence of speckle on the 
segmentation. 

Region growing algorithms are unlikely to perform well on ultrasound images due 
to the speckle inherent within the image. However, one example of region growing 
was found in the literature and is discussed in section 4.5.4. 

4.5.1.2 Merging 

One of the problems of region growing algorithms is that they are highly de-
pendent on the initialization of the seed points. If two or more seed points are 
defined in a single region, then the result will contain more classifications than 
necessary. A combined merging/growing algorithm [129] may be used to merge 
regions which have similar properties. The algorithm starts from a single point 
in the image (often the top left corner) and assigns this point as a region. The 
algorithms then scans through each point in the image and attempts to add each 
candidate point to one of the regions assigned to its neighbours, based on some 
statistical homogeneity criterion. If the candidate cannot be added to its neigh-
bours, a search is made of all the existing regions to see if the candidate may be 
added to any regions regardless of the geometrical proximity. If no region satisfies 
the homogeneity criterion, the candidate pixel is assigned to a new region. In the 
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Figure 4.29: Region growing result for the ultrasound image of figure 4.8. 

case of more than one region satisfying the homogeneity criterion, the pixel is 
added to the region where the homogeneity is greatest. 

Although the merging algorithm may assign unconnected pixels to the same re-
gion, this is not necessarily a problem if all the pixels which are part of the 
prostate fall into the same class. Figure 4.30 shows the result of applying the 
merging algorithm to the test prostate ultrasound image which is pre-filtered 
with a Gaussian kernel to reduce the effects of speckle. The homogeneity crite-
rion is calculated as the ratio of the region mean to the region standard deviation, 
as used by Koo and Park [111] in the homogeneous region growing median filter 
(see appendix A, section A.1.2). 

4.5.1.3 Splitting 

Region splitting approaches the segmentation from an opposite viewpoint. The 
image is first assumed to be homogeneous for the statistical criterion used. If 
this is not true, the image is split into regions, which are also subsequently split 
if they are also not homogeneous. A common example of a region splitting tech-
nique is quadtree decomposition [9]. The initial square image is subdivided into 
four squares, and the homogeneity test applied. Each of the sub-regions which 
fails the homogeneity test is further split into four square regions. The process 
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Figure 4.30: Merging algorithm applied to the prostate ultrasound test image. 

continues until all the regions are homogeneous. Figure 4.31 gives an example 
region configuration and its associated quadtree. The result of applying quadtree 
decomposition to the test prostate ultrasound image is given in figure 4.32. The 
input image is pre-filtered with a Gaussian kernel to reduce the effects of speckle 
on the region splitting. The homogeneity criterion is satisfied if the ratio of region 
mean over region standard deviation is less than a threshold. 

4.5.1.4 Split and merge 

Region splitting often leads to a segmentation where many adjacent but distinct 
regions are homogeneous. Ideally, these regions should be merged. In the exam-
ple quadtree decomposition given in figure 4.31, there are two distinct regions 
(represented by light or dark grey pixels), but these regions are further split into 
seven and nine regions respectively. The split and merge algorithm 11011 attempts 
to overcome this problem. 

At each iteration of the algorithm, both splitting and merging are included. A re-
gion is split into four sub-regions if the homogeneity criterion fails. Each adjacent 
pair of regions is then checked to see if they are homogeneous and are merged 
if the criterion is satisfied. The algorithm proceeds until no more splitting or 
merging operations are possible. 
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root 

level 1 

level 2 

level 3 

level 4 

(a) (b) 

Figure 4.31: Quadtree decomposition. a) Image sub-divided into homogeneous 
regions. b) Associated quadtree structure. 

Figure 4.32: Quadtree decomposition applied to the test ultrasound image. 
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Figure 4.33: Split and merge algorithm result. 

Figure 4.33 shows the result of applying the split and merge algorithm to fig-
ure 4.8, after pre-filtering with a Gaussian kernel to reduce the influence of 
speckle. The homogeneity criterion compares the ratio of region mean to region 
standard deviation against a user-defined threshold. 

4.5.2 Texture based segmentation 

Grey-level texture statistics have been used by several authors to detect different 
types of tissue in ultrasound images. Basset et al [8] use texture co-occurrence 
matrices in an attempt to distinguish carcinoma tissue from benign tissue in 
ultrasound images of the prostate. However, only Richard and Keen [178] have 
attempted to segment the prostate using texture as the basis for deciding the 
prostate and non-prostate regions. Given a successful segmentation, it is trivial 
to determine the prostate boundary by finding the edge of the segmented region. 

Richard and Keen assess four different textural energies present in the ultrasound 
images. These four texture energies are found by first convolving the input image 
with four texture masks given by Laws [124]. For each of the resulting images, 
an edge-preserving smoothing operation is performed. The variance of the four 
quadrants in a window around each pixel is calculated. The pixel is then replaced 
by the mean value of pixels in the quadrant which has the lowest variance. These 
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four images reflect the different textural energies of each pixel. 

A vector is formed for each pixel containing the values of the four textural ener-
gies. The mean vector and standard deviation are calculated and the Euclidean 
distance from the mean is calculated for all the vectors and the standard devia-
tion. The first seed point is chosen as the pixel whose vector lies closest to the 
mean. An iterative process assigns further seed points by calculating the distance 
between each vector and the current seed points, and checking that the distance 
to the closest seed point is less than k times the standard deviation distance. 
If the distance is greater, the pixel is added as a new seed point, and the next 
iteration started. The process ends when all pixels are within the range of k 
times the standard deviation distance from any seed. The number of seed points 
determines the number of different texture classes within the image. Hence the 
value of k controls the number of classes and is a user-defined parameter. 

All pixels are assigned as belonging to the texture class of the nearest seed point. 
Each seed is then changed to be the mean of the pixels assigned to its class, 
and the pixels reassigned according to the nearest new seed. The process repeats 
until no seed moves more than a threshold distance between iterations. An initial 
probability of each vector belonging to each class is calculated by assuming a 
Gaussian distribution for each class, and using the mean and variance of the 
vectors in a class. For a pixel i and a class A, the initial probability of the pixel 
belonging to the class is denoted Pi° (A). The mean probability of each class is 
found as: 

n .13  (A) = - E Pi°  (A) 
n i=1  

(4.49) 

where n is the number of pixels in the image. 

The joint probability of two neighbours in a particular orientation (e.g. the 
candidate pixel i and the pixel immediately to its right iR ) belonging to two 
particular classes, A and AR is calculated as: 

n  1 
(A, AR) = — E (A) Pi% (AR) 

n i=1 
(4.50) 

Equation 4.50 is evaluated for all possible classes A and A', including A = A', and 
for all eight neighbour orientations: 

Pi,i+a  (A, A') = n E'iLi  Pi° (A) PP+, (A') 0 E A 	(4.51) 

where i + a is a specific neighbour of pixel i and A is the set of neighbours of 
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pixel i. 

The compatibility coefficients for each orientation and pair of classes are calcu-
lated by dividing the joint probability of the two classes in that orientation by 

the mean probabilities of the two classes: 

  

(4.52) p 	(A) 1' (A1) 

The next process in the algorithm is an iterative relaxation of the probability 
labellings. For the j + 1th  iteration, the likelihood of a pixel belonging to one 
class given that a neighbour (in a particular orientation) is a member of another 
class is calculated as: 

stil-:a (A) = E Pi (A) Pi+.  0 (A') ri,i+o (A, A') 
	

(4.53) 

This is normalized by the sum of the measures for all possible classes of the 
neighbour: 

(4.54) 

Finally, the probability of each vector belonging to a class is found as the mean 
of the likelihood of the class from each of the eight neighbours: 

1 	. 
Pj+1  (A) = —8  E +1

(A) 
8E 

The process iterates for a set number of turns using the updated probabilities. 
The final result is created by labelling each pixel according to its most probable 
class. Figure 4.34 shows the result of applying the texture based segmentation 
algorithm to the ultrasound image from figure 4.6. 

4.5.3 Neural networks 

Prater and Richard [166] use feed-forward neural network techniques to give a 
segmentation of the input image into prostate and non-prostate regions. Three 
architectures, each with three layers of neurons, are presented using different 
inputs into the network. Figure 4.35 shows the ultrasound image and ideal seg-
mentation used to train the networks. The first neural network consists of an 
input layer containing five neurons, a 'hidden' layer of six neurons and a final 
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Figure 4.34: Texture based segmentation result for the test ultrasound image. 

Figure 4.35: Training image and its ideal segmentation. 
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mean in indicated direction 

Figure 4.36: Inputs for a given pixel in the 5-6-2 neural network 

output layer containing two complementary neurons. Thus for each pixel, five 
inputs are made, and the network decides on whether that pixel is part of the 
prostate or not — indicated by which of the output neurons is activated. 

For every pixel in the image the mean value of the 9 (3 by 3) pixel neighbourhood 
centred on the pixel is calculated. When testing a candidate pixel the first input to 
the network is this mean value. The remaining four inputs are the maximum value 
of the means in each direction (north, east, south, west) around the candidate 
pixel. Figure 4.36 shows the inputs for a given pixel. 

The network is trained using a back-propagation technique. The training image is 
hand segmented to produce a binary image containing prostate and non-prostate 
regions (see figure 4.35). Small random weights are assigned to the network in the 
initial stage. Calculations are made for the five input parameters for a candidate 
pixel in the training image and the resulting output compared to the binary 
segmentation result. Adjustments are made to the weights when the output 
conflicts with the binary image. Several thousand input and corresponding output 
sets are used to train the network. Figure 4.37 shows the result of applying the 
network to the ultrasound image of figure 4.35, following training of the network 
on the same image using 1334 pixels as training patterns, taken at fixed intervals 
across the image. 
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Figure 4.37: 5-6-2 network result on the ultrasound image of figure 4.35. The 
network was trained on the same image as the input. 

The result for the 5-6-2 network exhibits stripe artefacts and suffers from a mis-
classified region in the centre of the prostate. To overcome these problems a 
second network has been used, incorporating substantially more inputs. The in-
put layer contains 132 neurons, the hidden layer has 30 neurons, and the output 
has two complementary neurons. For each pixel, the mean of its 9 pixel neigh-
bourhood, the means of adjacent 3 by 9 pixel neighbourhoods in the same row 
as the candidate, the means of adjacent 9x3 neighbourhoods in the same column 
as the candidate, and the means of 3x3 neighbourhoods forming a square around 
the candidate pixel are used as inputs. The inputs to the network for a given 
pixel are shown in figure 4.38. The network is trained using 3000 input/output 
training patterns using figure 4.35 as the training image. The result of applying 
the neural network to this image is shown in figure 4.39. 

The second network is also tested after training with substantially more input 
training patterns. The resulting network gives an almost perfect segmentation of 
the training image. Figure 4.40 shows the result of using 15908 training patterns 
from the input image, and applying the trained neural network to it's training 
image. 

The problem with the second network is that the large number of neurons involved 
causes the training and processing stages to be excessive. Analysis of the assigned 
network weights shows that many of the neurons are superfluous — i.e. they have 
zero weights and play no part in the decision making process. The final network 
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Figure 4.38: Inputs for the 132-30-2 neural network. 

Figure 4.39: 132-30-2 neural network result. 
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Figure 4.40: 132-30-2 neural network result after extensive training with 15908 
training patterns. 

uses wider neighbourhoods along the rows, and taller neighbourhoods along the 
columns, and fewer 3x3 neighbourhoods in a circle formation around the candi-
date pixel in order to reduce the number of network inputs. Figure 4.41 shows 
the inputs for a given pixel. This network has a 61-10-2 neuron architecture, and 
is trained using 7500 training patterns. The result of applying this network to the 
training ultrasound image given in figure 4.35 is given in figure 4.42. Once again, 
this is an almost perfect segmentation result when compared to the training seg-
mentation pattern. However, the network does not perform as well when applied 
to images upon which it has not been trained. Figure 4.43 shows the results of 
applying the third network to two new images. In each case the boundary of the 
correct segmentation is given. Both these images are gathered from the same 
prostate as the training image; the image on the left of figure 4.43 is an adjacent 
slice to the training image (1mm away), the image on the right is taken at 10mm 
from the training image. 

Jansen [1051 provides further work using the Prater and Richard neural network 
techniques. This work uses the 61-10-2 neural network architecture to segment 
transurethral ultrasound images of the prostate. The novel aspect of the work is 
the application of the neural network to a set of images from different patients 
rather than a single patient. Initial trials show that a network trained on an 
image from one patient fails to produce a plausible result on images from other 
patients. Jansen tries to overcome this difficulty by training the network on 
a series of images — however the results showed that the network "forgets" prior 
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Figure 4.41: Inputs for a given pixel for the 61-10-2 neural network. 

Figure 4.42: Result of the 61-10-2 neural network trained and tested on the 
ultrasound image of figure 4.35. 
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Figure 4.43: Results for the 61-10-2 network applied to non-training images. a) 
Image adjacent image to the training image. b) lOmm from the training image. 

information and only performs correctly when applied to the most recent training 
image. 

4.5.4 Gradient direction based region growing 

Crivianu-Gaita et al [47] propose a very simple scheme for segmenting the prostate. 
The input image is median filtered to reduce speckle and the user specifies a point 
to mark the centre of the prostate. The algorithm uses a region growing technique 
to label pixels as forming part of the prostate. Starting from the specified centre, 
pixels are added according to the labelling of their neighbours. A pixel is added 
to the region if at least seventy percent of its neighbours are also in the region 
(the neighbourhood size and shape are not specified), and not added if less than 
thirty percent of the neighbours are in the region. For pixels where the number of 
neighbouring region labelled pixels is between the two bounds a further criterion 
is used. The local gradient is calculated along the line between the candidate 
pixel and the prostate centre, and compared to the gradient between the candi-
date and the centre. When the cosine of the angle between the gradients is close 
to one (i.e. the gradients are close) the point is labelled as part of the prostate 
— as shown in figure 4.44. The region-growing algorithm iterates until no more 
pixels are added to the region. 

The algorithm assumes that the inside of the prostate can be thought of as a 
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cos(a) ,=--, 1 	 cos(3) << 1 

Figure 4.44: Local gradient compared to gradient with respect to the prostate 
centre. 

grey-level valley completely surrounded by grey-level peaks at the prostate edge. 
However, the algorithm fails when the peaks (prostate edges) are not completely 
continuous, allowing the region to grow on outside of the prostate. No result is 
given for the algorithm since it failed even on the high quality input image of 
figure 4.6. 

4.6 Discussion 

The objective of applying many different techniques to a single high quality 
prostate ultrasound image is to identify techniques which warrant further con-
sideration. The approach adopted in selecting which techniques to test has been 
largely holistic in nature. Many different techniques have been used which may 
be considered to be "standard" approaches in the image processing field. How-
ever, the unusually high signal-to-noise ratio present in ultrasound images and 
the presence of artefacts cause many of the standard techniques to fail, even 
for a high quality (in prostate ultrasound terms) image such as the test image 
(figure 4.6). 

Detection of outlines in ultrasound images has been attempted by many re-
searchers. However, in most of these applications, the object to be detected is 
either filled with fluid or surrounded by fluid, giving a relatively distinct boundary 
within the image compared to those of changes due to differing tissue. Prostate 
ultrasound images do not exhibit such clear distinctions between the prostate and 
non-prostate regions. Therefore, most of the other techniques which have been 
assessed are based on previous work aimed at detecting the prostate boundary in 
ultrasound images. 
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Figure 4.45: Edge based, model based and region based processing pipelines for 
extracting prostate outlines from ultrasound images. 

The algorithms which have been used to extract the prostate outline fall into 
three categories; edge based, model based and region based techniques. The im-
age processing pipeline for each of these categories is summarized in figure 4.45. 
Each process has been split into three levels of processing: low, intermediate and 
high. Low level processing covers operations which are carried out on pixels in 
the image, such as noise smoothing and gradient extraction. Processing at the in-
termediate level essentially covers the aspect of grouping entities together. These 
entities can be the pixels themselves, such as extracting edge segments from an 
edge intensity image, or clusters or regions of pixels which may be classified as 
belonging to a group according to some common criterion. High level processing 
produces a functional description of the objects within the image. This requires 
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some knowledge about the objects present within the image, such as the likely 
shape and position. In the case of the boundary detection algorithms, the high 
level processing results in a description of the outline of the prostate. The defini-
tions of the three levels are somewhat loose in nature, and there is some overlap 
between them. 

All the algorithms presented in this chapter have been tested on a single ultra-
sound image of reasonable quality, to varying degrees of success. It is clearly 
not valid to choose a single algorithm as being the best choice for outlining the 
prostate based on the result of a single test. However, it is a useful exercise since 
it provides a good indication of which algorithms should go forward for large scale 
testing on a dataset of ultrasound images from different patients and of varying 
quality. This large scale testing forms the basis of the work described in the next 
chapter. The remaining sections of this chapter discuss the qualitative results of 
each algorithm, and highlight those which are potentially useful. 

4.6.1 Edge based detection schemes 

The edge based detection schemes follow a data-driven, bottom-up approach. 
That is, the techniques start from the pixels in the ultrasound image, extract 
segments by grouping pixels based on some combination of the first and second 
derivatives of the image, and finally use prior knowledge of the likely shape and 
position of the object of interest (the prostate) to form a final, closed boundary. 
The functions which perform each of these stages require various parameters to 
be set — correct setting of the parameters is essential for a good boundary result. 
The parameter setting for each algorithm has been tuned to give the best result 
for the test ultrasound image of figure 4.6. These parameter values will be used 
in the large scale trial - i.e. individual tuning for each image in the trial is not 
acceptable. 

4.6.1.1 Laplacian of Gaussian 

The Laplacian of Gaussian operator described in section 4.3.2 performs well at 
the dual tasks of smoothing out the speckle in the image and detecting the edges. 
The edges lie on closed curves which do not touch or intersect, therefore the 
prostate edge lies on more than a single contour. This causes difficulty in selecting 
the appropriate edges which correspond to the boundary, and the places where 
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those edges deviate from the boundary. Therefore the approaches suggested by 
Gomes [80] and Richard [177] are not practicable. 

Incorporating the edge strength information as described by Zhao [234] gives an 
improved result since the edges of the prostate are highlighted in comparison to 
many of the other contours at the zero-crossings of the Laplacian of Gaussian. 
The hysteresis thresholding and knowledge based edge removal processes lead to 
an edge map which contains a large proportion of the prostate outline. This leads 
to a final outline which is close to the true boundary, and is the best of all the 
results from the edge-based schemes. 

The Laplacian of Gaussian based scheme is deemed successful in the initial as-
sessment and proceeds as a candidate for the the large scale trial. 

4.6.1.2 Edge strength and second derivative in gradient direction 

The result from the edge strength and second derivative in gradient direction 
algorithm is also close to the correct boundary. The result is slightly enlarged in 
the lower left portion of the boundary and is overall curve is less smooth than 
the results of the other edge based detection schemes. However, the algorithm 
warrants further analysis in the large scale trial. 

Use of the integrated edge maps variation [3], based on the neighbourhood stan-
dard deviation, gives no improvement to the result for the test image, since the 
local standard deviation only exceeds the global standard deviation in areas of 
the image which are not part of the prostate. Manually selecting the threshold so 
that more of the prostate is filtered with a smaller filter produced no discernible 
improvement in the final result. 

4.6.1.3 Sticks and anisotropic diffusion filtering 

The sticks and anisotropic diffusion result suffers from a slightly underestimated 
position of the outline in the lower left quadrant. This is due to the spline 
interpolation — the algorithm failed to find points corresponding to the edge in 
this region. However, the result is close to the true boundary and the technique 
proceeds as a candidate for the full-scale trial. 
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4.6.1.4 Radial-bas relief 

The radial-bas relief technique gives an under-estimate of the outline in the lower 
regions of the prostate, and is the poorest of edge-based detection schemes. How-
ever, the result is still reasonably close to the correct boundary, and its errors 
verge on the safer condition of underestimating the size of the prostate, rather 
than exceeding the true boundary. Therefore, the radial-bas relief based scheme 
is included in the full-scale trial. 

4.6.2 Model based detection schemes 

The basis of the model based detection schemes is a description of the shape of 
the object to be detected. The major difference between each of the schemes 
identified in section 4.4, is the "tightness" of the model — i.e. the amount of 
shape variation allowed in the model. For the Hough transform, the allowed 
variation is small, corresponding to a single shape which may be altered through 
rigid transformations of scale and position. Therefore, the Hough transform is 
unsuited to the task of detecting prostate outlines where the correct outline varies 
between images. 

4.6.2.1 Snake-based techniques 

The snake model gives the loosest description of the allowable shape, constraining 
the shape to be smooth, but offset against the attractive forces calculated from 
the underlying image features. The snake-based detection schemes described in 
section 4.4.2, all fail to produce a valid result on the test image, due to the 
difficulties of assigning an initial snake which is close to the true boundary and 
the failure of the snakes to converge on the correct (weak) boundary. The failure 
to produce a result on a test image deliberately chosen for its relatively clear 
boundary means that the snake based techniques are deemed to have failed, and 
will not be pursued in the large scale testing. 

4.6.2.2 Statistical shape modelling techniques 

The basis of the SSM is that the model should maintain the characteristics of 
the represented objects , but allow deformation to include the variation which is 
present in the objects. Cootes et al [45] describe two fundamental characteristics 
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which the models should exhibit. Firstly, a model must be general — i.e. it must 

be capable of generating any example of the object which the model represents. 
Secondly, the model must be specific — it should only generate legal examples of 

the objects. 

Initial results using the FM technique are promising. 

4.6.3 Region based detection schemes 

4.6.3.1 Texture based region segmentation 

The texture based region segmentation algorithm produces very poor results. The 
regions cross the prostate outline, therefore there is no way to use this technique to 
determine the correct outline of the prostate. Given the failure of the algorithm 
on a high quality image such as the test image, it is highly unlikely that the 
algorithm will produce better results on other images. The texture-based region 
segmentation algorithm will not be included in further trials. 

4.6.3.2 Neural network based segmentation 

The neural network techniques proposed by Prater and Richard give good results 
when applied to the image upon which the network has been trained. However, 
the results quickly degrade when the network is applied to images upon which it 
has not been trained, even for images which are similar to the training image by 
virtue of being taken from the same prostate. The work of Jansen showed that 
the networks tend to learn how to segment a particular image, but do not learn 
the general rules which would allow different images to be correctly processed. 

The appeal of neural networks for the image processing is based upon their sim-
ilarity to the processes which must be occurring in the human visual cortex to 
allow a human expert to identify the boundary of the prostate in an ultrasound 
image. These processes are not clearly understood, but the general idea behind 
neural networks is that they may "learn" the processes through training. How-
ever, whilst the precise factors which a human uses to decide on the boundary 
position are not known, it is highly unlikely that they include deciding the fate 
of a single pixel based on a few values of region means surrounding that pixel. 

Rather than assess each pixel individually, it is preferable for the whole image to 
be considered as an input to the network. This would give a far closer analogy 
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to the information used by a human to determine the position of the outline. 
However, for a 512 by 512 pixel image such as the test ultrasound image, the 
network would require 262144 input neurons, 262144 output neurons and a sub-
stantial number of intermediate hidden layer neurons. Despite the improvements 
in computing power which have occurred since the Prater and Richard work 
(where segmentation on their 61-10-2 network took 46 minutes on a high pow-
ered workstation), such a network is still beyond current capabilities. Dedicated 
neural network hardware does exist, but the top of the range boards are limited 
to 10000 neurons, falling far short of the requirements. The number of neurons 
required could be reduced by sub-sampling the image, but the requirements would 
still exceed current capabilities. 

It is the belief of this author that neural network techniques will become feasi-
ble as computing power continues to improve at a fast rate. The analogy of the 
neural network to the human brain gives the clearest indication of future success 
— it is relatively simple for a human subject to become adept at outlining the 
prostate in previously unseen images, given a few example images and their cor-
rect segmentation. However, for the present study, the neural network technique 
is deemed unsuitable for the task of finding the prostate outline and will not be 
included in further trials. 

4.6.3.3 Gradient direction based region growing 

The gradient direction based region growing algorithm relies on a continuous, 
strong edge around the prostate. However, the region growing "leaks" past the 
prostate edge even on the high quality prostate ultrasound image used for testing. 
Therefore the method is not suitable as a candidate for further trials. 

4.7 Conclusion 

Many image processing techniques which are potential candidates for finding the 
prostate outline in ultrasound images have been described in this chapter. The 
algorithms cover a broad range from standard techniques found in any introduc-
tory image processing text [88, 168] through to algorithms specific to ultrasound 
image processing, and methods explicitly for prostate boundary detection in ul-
trasound. Potential algorithms have been implemented and tested on a single 
prostate ultrasound image judged to be of high quality in terms of the clarity of 
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Scheme Successful Failed 

Edge based 
detection 

Laplacian of Gaussian 
Sticks & ADF 

Edge strength & SDGD 
Radial-bas relief 

Sobel operator 
Prewitt operator 
Roberts operator 
Second derivative 

Model based 
detection 

Statistical shape model Region growing 
Region merging 
Region splitting 
Split & merge 

Hough transform 
Snakes 

Region based 
Texture based 
Neural network 

Gradient direction region growing 

Table 4.1: Initial outlining results. Algorithms on the left show promise and are 
included in the large-scale trial. The italicised algorithms were not implemented. 

the prostate outline. Two algorithms were judged to be infeasible for finding the 
prostate outline without implementation'. 

Table 4.1 gives a summary of the results of the initial testing of the algorithms. 
Algorithms in the centre column show promise in the task of finding the outline 
of the prostate in ultrasound images, and are candidates for further testing on 
a set of ultrasound images from different patients, and exhibiting variations in 
quality. This forms the basis of the work described in the next chapter. 

'The Hough transform was not considered since it cannot cope with the shape variation 
present in the prostate. The neural network approach was dismissed on the basis of the presented 
results by Prater and Richard [166], and the work of Jansen [105]. 
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Assessment of outlining algorithms 

5.1 Introduction 

Chapter 4 introduced many of the algorithms previously described in the lit-
erature which have been used to find the outline of the prostate in ultrasound 
images. Many of these algorithms were implemented and assessed on the basis 
of applying the algorithm to a single prostate ultrasound image. The test image 
was chosen as an example of the "best" quality image likely to be encountered in 
typical routine transrectal ultrasound examinations. 

The outline results using this test image demonstrate that several of the algo-
rithms are worthy of further investigation. Clearly, applying an algorithm to a 
single image is not a rigorous test of its general suitability for outlining, partic-
ularly when the chosen image is taken from the high end of the range of image 
quality. This is a criticism of most of the reviewed papers in chapter 4 with the 
exception of the work by Pathak et al [161, 162] and Wu [224]. 

This chapter describes the work undertaken to evaluate the success of the promis-
ing algorithms (chapter 4, section 4.7) applied to a library of images which covers 
the range of quality observed in routine ultrasound examinations. Acquisition 
of the data set is described in section 5.2. Section 5.3 discusses the problem of 
deciding what the correct outline result for a given image should be, and assesses 
various potential methods for attaining the correct result. A discussion of vari-
ous methods of comparing the ideal result with the algorithms' results is given 
in section 5.4. Statistical analyses for assessing the results across the range of 
images are discussed in section 5.5. Finally, results of the statistical analysis for 
the five promising algorithms are given and discussed in section 5.6. 
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5.2 Image data 

The prostate varies in shape and size from one person to another. In addition, 
the tissues which constitute the prostate and its surrounds vary between patients. 
Calcifications are known to occur within the prostate resulting in hyper-echoic 
regions on an ultrasound image. Cysts can produce regions of hypo-echoicity. 
These variations mean that the appearance of prostate ultrasound images can 
vary considerably with different patients. An automated outlining algorithm 
must be able to produce a reasonable result regardless of the variations found in 
the input ultrasound images. Testing the algorithms requires an image data set 
for use as inputs to the algorithms. 

Sixty two ultrasound images have been collected during routine ultrasound exam-
inations on sixty two different patients presenting symptoms of benign prostatic 
hyperplasia. The scanner used for the ultrasound examinations was a Kretz 420 
Combisonl  machine. The scans were acquired using a 7.5 MHz transrectal ultra-
sound probe containing a mechanically spun transducer providing a 350°  degree 
polar image around the probe. The ultrasound probe was set to acquire images 
in transverse mode. The video signal from the ultrasound scanner was connected 
to a PC with an on-board Matrox Meteor2  frame grabber card. Each image was 
captured at the mid-gland portion of the prostate — the probe position at which 
to capture the image being decided by choosing the image with the largest cross-
sectional area of the prostate. The scale and gains of the images were set by the 
ultrasound examiner during each examination — hence they are different in the 

collected scans. 

The images were not selected according to perceived image quality, size of gland 

etc. The image set is therefore not biased in any way other than that which arises 
from the fact that the 'capture image' (or equivalent) button was pressed at a 
particular moment and the settings on the ultrasound machine were selected by 
an expert to achieve an image that conveyed the most or clearest information to 
a human observer. The automated outlining techniques discussed here are meant 
to work without the luxury of this initial quality filter. 

The images in the data set are typical of the range in quality observed during 
routine prostate ultrasound examinations. Figure 5.1 shows three example images 
from the data set, qualitatively chosen as examples of low, medium and high 
quality in terms of the ease of identification of the prostate boundary. 

1KretzTechnik AG, Zipf, Austria. 
2Matrox Electronic Systems Limited, Quebec, Canada. 
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(a) (b)

(c)

Figure 5.1: Examples from the ultrasound image data set. a) Low quality. b)
Medium quality. c) High quality.
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5.3 Reference outlines 

In order to assess the performance of any particular outlining algorithm, it is 
necessary to have a benchmark against which the algorithm's result may be com-
pared. The obvious benchmark is to compare the algorithm's result with the 
correct outline, which is termed the reference outline (RO). However, for a given 
ultrasound image, it is not possible to obtain a definitive answer to the question 
"what is the correct prostate outline?". The following sections discuss various 
methods which have been/might be tried in order to find the best answer to this 
question. 

5.3.1 Direct measurement of the outline 

In an ideal situation, the prostate would be available following the ultrasound 
examination such that the prostate could be cut open at the plane of the ultra-
sound image and the outline measured directly. However, following the majority 
of prostate ultrasound examinations the prostate is not available. This author 
does have experience of one experiment to perform a direct measurement on 
a prostate from a patient undergoing radical prostatectomy3. The ultrasound 
examination was conducted in the operating theatre immediately prior to the 
prostate removal. The mid-gland region of the prostate was identified on the 
ultrasound scan, at which point the ultrasound probe was mechanically clamped 
to prevent further probe movement. The ultrasound image was then captured 
using a PC with an on-board frame grabber card connected to the ultrasound 
machine's video output. 

A needle was inserted into the prostate through the perineum until the needle's 
tip just became visible in the ultrasound scan. A small quantity of indigo blue 
dye was injected into the prostate to mark the position at which the ultrasound 
image was acquired. The needle and ultrasound probe were removed and the 
operation was completed. 

The excised prostate was placed in a jar of formaldehyde and sent for histological 
analysis (the analysis taking place directly following the operation). One millime-
tre sections of the prostate were dissected by hand. The sections showing traces 
of the dye were cut by microtome, histologically stained and mounted. 

'Radical prostatectomy is an open surgery technique where the whole prostate, including 
the capsule, is removed. It is most commonly performed on patients with prostate cancer rather 
than benign prostatic hyperplasia. 
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Figure 5.2: A typical transurethral ultrasound image of the prostate (the prostate 
outline is shown in red and the urethra in green). 

The intention of the experiment was to measure the prostate outline on the histo-
logical slides. This outline would then be compared to the information contained 
in the corresponding ultrasound image. However, a number of concerns were en-
countered which prevent the histological slide outline from being used as a valid 
reference outline for the ultrasound image. 

Despite the precautions taken to obtain the ultrasound image immediately prior 
to the prostate's removal, there were clear indications that the prostate shape and 
size changed between ultrasound scanning and histological slicing. The presence 
of the ultrasound probe within the rectum caused distortion of the prostate 
such distortion is clearly visible in the majority of transrectal ultrasound images 
as a concave region in the vicinity of the probe. These concave regions are not 
observed in transurethral ultrasound images — a typical transurethral ultrasound 
image is shown in figure 5.2. Further gross movement and local deformation was 
caused by the insertion of a needle into the prostate.' 

4The problem of prostate movement and deformation following needle insertion is well doc-
umented as a problem for brachytherapy — a treatment for prostate cancer where needles are 
used to implant radiological seeds within the prostate. 
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Within the body, the prostate was constrained by a surrounding matrix of mus-
cle, fat and ligaments. Once the prostate was removed from the body these con-
straints were no longer in place with the result that the prostate changed shape. 
The fixation of the prostate tissue using formaldehyde caused dehydration of the 
tissue, resulting in significant shrinkage of the prostate tissue. 

Since there were no structures visible in the ultrasound image which could be 
registered to anatomical features, orientating the scalpel to cut slices parallel 
to the image plane was not practicable beyond rough estimation. During the 
slicing, the prostate was observed to deform under the action of the scalpel. This 
resulted in slices whose surfaces were not planar. The marker dye was found to 
have permeated through the prostate tissue so that had the slicing been fortunate 
enough to coincide with the ultrasound image plane, it would still not have been 
possible to tell. Therefore, it was not possible to have any confidence that the 
cut surfaces correspond to the ultrasound image. 

These problems demonstrate that direct measurement of the outline is not a 
feasible method for obtaining the reference outline. 

5.3.2 Cross-modality registration 

Considerable research has been undertaken with the aim of registering images 
from a region of the body, acquired using different imaging modalities. Most of 
the work is aimed at matching computed tomography (CT) images with magnetic 
resonance (MR) images, with ultrasound / MR registration less common. The 
general principle involved in the registration techniques are to find a transforma-
tion matrix which matches corresponding features between the two images. The 
corresponding features are usually anatomical landmarks, such as protrusions on 
bones, ventricles in the brain etc. Once the transformation matrix is calculated, 
it may be applied to all the pixels in one image, warping that image to match 
the other. 

The prostate is more clearly visible in images acquired using different modalities 
to ultrasound. Figure 5.3 shows an axial MR image with a clear distinction 
between the prostate and its surrounds. Figure 5.4 shows an axial CT image 
where the prostate is also more easily discernible than in transrectal ultrasound 
images. It should be noted, however, that the clear outline of the prostate in an 
MR or CT image may not necessarily be the same as the outline which is apparent 
on an ultrasound image. The three modalities (MR, CT and ultrasound) each 
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Figure 5.3: An example axial MR image. The prostate outline is clearly visible. 

acquire images which vary according to different properties of the tissue (MR 
depends on the number of protons in the tissue, CT changes according to the 
attenuation of the x-rays, ultrasound varies depending on the reflections from the 
tissue). 

The prostate is most clearly visible in CT images. If it is assumed that the 
prostate boundary is the same on the different modalities, then it is clear that the 
registration should be made between ultrasound and CT images. There are many 
practical reasons why obtaining CT images of the prostate would be difficult. Not 
least is the expense of CT in comparison to an ultrasound examination. However, 
even if the factors of cost, ethical approval etc. are not considered then there 
are fundamental reasons why comparing ultrasound scans to CT images is not 
feasible. 

Prostate ultrasound images do not exhibit the necessary anatomical landmarks 
which would enable direct registration to the CT image. This could possibly be 
overcome by inserting fiducial markers into the prostate which would show up on 
both the CT and ultrasound images.. The deformation of the prostate caused by 
the transrectal probe during ultrasound imaging, could be replicated by using an 
ultrasound probe shaped phantom whilst acquiring the CT image information. 
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Figure 5.4: CT image of the prostate. 

However, there is additional movement and deformation of the prostate which 
could not be compensated for. This movement results from the change in body 
position of the patient between the two imaging modalities. During CT imaging, 
the patient is positioned within the bore of the machine with legs out straight and 
together. Patients undergoing prostate ultrasound examinations lie on their side 
with legs drawn up. Studies involving patients undergoing conformal radiotherapy 
have shown movement of the prostate of 10 mm depending on the position of the 
legs [92]. 

5.3.3 Prostate phantoms 

One possible solution to the problem of lack of knowledge of the correct outline is 
to use a phantom, since a phantom allows images to be acquired with full knowl-
edge of the underlying shape of the phantom prostate. However, such a study 
will only have relevance if the phantom behaviour when probed, cut, deformed or 
ultrasound imaged is reasonably similar to that in-vivo. A commercial prostate 
ultrasound phantom is available, marketed as a training aid for surgeons to prac-
tice prostate brachytherapy techniques'. This phantom may be imaged using a 
standard transrectal ultrasound probe and has a elastic membrane through which 

5Prostate brachytherapy phantom, Nuclear Associates ltd, NY, USA. 
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(a) 
	

(b) 

Figure 5.5: a) Brachytherapy phantom. b) Resulting ultrasound image. 

needles may be inserted into the prostate. The phantom and an ultrasound image 
of the phantom are shown in figure 5.5. 

The ultrasound image in figure 5.5 was acquired with the phantom in air, using a 
transrectal ultrasound probe smeared with ultrasound gel to give a good acoustic 
coupling between the probe and the phantom. The ring artefacts below the probe 
are due to the lack of contact between the probe and phantom, and the bright 
areas at the sides of the images are due to the phantom/air interface. These could 
be reduced or removed by imaging the phantom inside a water bath. However, the 
important elements of the image are the prostate and its immediate surrounds, 
and these are strikingly different from the prostate observed in clinical ultrasound 
images. The phantom prostate image is uniform in grey level and considerably 
brighter than the surrounding matrix. Therefore, images from this phantom are 
of little use for testing the outlining algorithms. 

Given the lack of an appropriate commercial phantom, the author investigated 
the possibility of developing a phantom which provides clinically realistic ultra-
sound images. A search of the literature reveals a variety of materials which 
have been used in ultrasound phantoms to mimic the echogenic properties of 
tissue. There are two types of application; phantoms for testing ultrasound ma-
chine performance and specification, and phantoms used as teaching and training 
aids. The first type attempts to create phantoms where physical ultrasound prop-
erties (such as attenuation coefficients and sound velocity) match those of real 
tissue. The second category generally consists of phantoms for practicing surgi- 
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cal procedures which are conducted under ultrasonic guidance, such as biopsy. 
The important requirement for these phantoms is that the surgical targets (sim-
ulated cysts and masses) are clearly visible; producing clinically realistic images 
is secondary. However, some of the techniques produce images which provide 
reasonable approximations to the clinical images. 

Cos [46] describes the construction of a transrectal prostate ultrasound phantom 
from a Foley balloon and catheter, and a collapsible wine container, but the pre-
sented results are far removed from the images obtained in in-vivo scanning even 
though the purpose of the phantom is to provide training in prostate ultrasound 
anatomy rather than surgical procedure. Biopsy phantoms generally consist of 
a gelatin or agar gel with added scatterers. Various materials have been used 
as scatterers such as flour [154 cornstarch [185], silicium-carbide powder [75], 
graphite powder [160], polyethylene granules [30] and psyllium hydrophilic mu-

cilloid fibre [29]. 

A trial by the author, using each of these materials, showed that the most suitable 
material for the scattering agent is the psyllium fibre used by Bude and Adler [29], 
assessed qualitatively in terms of the visual appearance of the speckle on the 
ultrasound image. The particle size of flour and cornstarch is too small for realistic 
images, and the silicium-carbide and graphite powders make the mixture too 
dark to distinguish the different colours of the prostate and surrounding regions. 
Polyethylene granules provide good images, but it is difficult to prevent them 
from floating on the surface. 

After much experimentation adjusting the quantities of psyllium fibre in the 
prostate and non-prostate regions, the best prostate phantom found produced 
images of improved realism over the commercially available phantom. Figure 5.6 
shows the phantom suspended in a custom-built phantom box. The wires sus-
pended across the box are visible on the ultrasound image and coincide with a 
slicing template which may be used post-imaging to slice the phantom at the 
same location as the image acquisition. A sample ultrasound image of the phan-
tom and an optical image of the associated slice are given in figure 5.7. It is 
clear the ultrasound phantom produces images which are more realistic than 
those from the commercially available phantom. However, there are still signifi-
cant differences between the phantom images and clinical images. For example, 
the speckle patterns observed in the phantom image are highly regular since the 
phantom material is uniform (within the prostate or non-prostate regions), and 
the boundaries between the regions are much clearer than those observed in din- 
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Figure 5.6: Ultrasound phantom box and prostate. 

(a) 
	

(b) 

Figure 5.7: a) Ultrasound image of the phantom. b) Optical slice at the same 
location with overlaid hand draw outline. 
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ical prostate ultrasound images. Therefore, use of the phantoms for testing the 
outlining algorithms was abandoned. 

5.3.4 Ultrasound outlining by "experts" 

From the discussion in sections 5.3.1 through 5.3.3, it would appear that it is not 
possible to obtain the true outline of the prostate by either direct measurement or 
matching with a different imaging modality, neither can a phantom be produced 
which produces realistic images. In the absence of a direct measurement, the best 
estimate of the outline can be taken to be that drawn by a human observer with 
considerable knowledge of prostate anatomy, surgery and ultrasound. Such an 
observer is termed "expert". 

Four experienced urologists were asked to perform outlining on a series of ul-
trasound images. Since hand outlining is time-consuming, a sample of twenty 
one images was randomly selected from the complete set of images. The selec-
tion was performed once, i.e. each urologist was shown the same set of images. 
Each image was displayed on a computer and a urologist marked salient points 
to identify his opinion of the outline. Parametric cubic spline interpolation was 
used to connect these points. Points could be added, moved or removed until the 
urologist was satisfied that the displayed outline was satisfactory. Each of the 
urologists worked independently, therefore they were not biased by the outlining 
opinions of their counterparts. 

Each of the urologists have extensive experience and therefore may be considered 
to be experts in the art of prostate outlining. However, the prostate outlines as 
drawn by the experts are not always the same. In some images there is a close 
match between the boundary opinions of the experts. Others show significant 
discrepancies between the position of the outline. Figure 5.8 shows two ultrasound 
images with overlaid expert drawn outlines. The outlines in the ultrasound image 
on the left of figure 5.8 show close agreement between the experts, while those 
on the right show clear discrepancies. The choice of which outline to use as the 
de facto reference, depends on the intended use of the outline. For example, if 
the outline were used to decide the resection boundaries for an automated TURP 
system such as CASMS, it would be prudent to err on the side of safety and 
combine the innermost outline portions to create the reference. 

For the benchmark in the assessment of the algorithms, the reference outline is 
taken to be the average of the outlines from the group of experts. The average 
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(a) 
	

(b) 

Figure 5.8: Transrectal ultrasound images with expert delineated prostate bound-
aries. a) Close agreement between the experts' outlines. b) Marked disagreements 
between the experts' opinions. 

outline can be calculated from corresponding points on the outlines. Since there 
are no anatomical landmarks on the prostate outline which may be used for cor-
respondence, some means of assigning artificial corresponding points is required. 

The method for finding the corresponding points is based on work reported by 
Chalana and Kim 1381. From a set of N outlines, a random point P1  on a randomly 
selected outline is chosen. This outline is divided into n6  segments of equal length 
starting from point P1 . These n segments have n endpoints which define the 
outline. For each of the N — 1 remaining outlines, the closest point on the outline 
to the point P1  on the first outline is found, and denoted P1  for that outline. 
These outlines are also divided into n equal segments, which define n endpoints 
describing each outline. Thus each outline is described by points  (P1 , - P  2, • • • • Pa) 
and the points P, of all the outlines are corresponding points. 

An initial approximation of the average outline is found by taking the mean x and 
y values of each set of corresponding points. These mean corresponding points 
are used in a cubic spline interpolation to produce the initial average outline. 
Chalana and Kim [38] update the initial approximation in the following manner. 

6n is a user defined parameter. 
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(a) 
	

(b) 
	

(c) 

Figure 5.9: Breakdown in the Chalana and Kim method of finding the average 
outline. The input curves are the red, green, blue and yellow lines, and the black 
curve is the average at each iteration. a) Initial average with two points (red and 
blue) and their normals highlighted. b) Migration of the blue point due to the 
shallow angle between the normal and the yellow curve. c) After three iterations 
the normal at the red point of the mean curve no longer intersects all the input 
outlines. 

At each of the mean corresponding points, the normal to the average outline is 
calculated. The intersections between these normals and the original outlines 
are then taken to be a new set of corresponding points. The means of the new 
corresponding points give a better approximation of the average outline, and the 
process is repeated. The final average outline is found when none of the mean 
points changes by more than a threshold between iterations. 

The problem with this method is that the outlines must be concave, otherwise it 
is possible that no intersection exists between the normal to the average outline 
and one (or more) input outlines. An example where the method breaks down is 
shown in figure 5.9. The black curve in figure 5.9 is the mean of the four input 
curves (red, blue green and yellow). As the algorithm progresses, the intersection 
between the normal to the mean curve at the blue asterisk and the yellow curve 
causes the migration of the blue asterisk. In the third iteration, this movement 
results in a situation where the normal to the mean curve at the red asterisk does 
not intersect the yellow curve. 

This breakdown in the Chalana and Kim method has been solved by taking the 
new corresponding points as the point on each outline which is closest to the 
point on the average outline, repeated for every point on the average outline. A 
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(a) 
	

(b) 

Figure 5.10: Finding the average of two outlines. a) The input (green and blue) 
curves and initial (black) mean outline. The initial correspondency is highlighted 
by the red markers. b) The final mean outline and corresponding points after 
algorithm convergence. Note the movement of the mean curve on the right hand 
side of a) and b). 

better approximation to the average outline is then found by taking the mean of 
the new corresponding points. The process is repeated until the average outline 
changes by less than threshold. It is important to assess changes over the whole 
outline between iterations since the mean corresponding points may change while 
the outline remains the same — i.e. the points cycle around the outline without 
the shape changing. This new method is robust for any shape of outline and any 
degree of overlap between the two outlines. The average outline of two outlines is 
shown in figure 5.10, where a) shows the initial average, and b) the final average 
outline. 

5.4 Outline comparison 

In the previous section various methods of determining the ideal reference outline 
for a given images were discussed. Given a reference outline and a candidate 
outline result from one of the outlining algorithms, the question which needs to 
be answered is how well do the two outlines match? This section discusses various 
possible measures which could be compared to answer this question. 
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5.4.1 Derived parameters 

Knoll et al [109], Pathak et al [162] and Aarnink et al [2] calculate the area 
contained within an automatically determined prostate outline and assess perfor-
mance by comparing the area with the area contained within an expert's manually 
drawn outline. In each case, the purpose of the algorithm is to determine the vol-
ume of the prostate (by summing the areas of each scan and multiplying by the 
inter-scan distance), since prostate volume is an important clinical factor when 
deciding treatment methodologies. 

In other areas of medical imaging it is common to derive different clinical pa-
rameters from the outlining results. Chalana et al [37] derive head circumference 
and abdominal diameter from outlining ultrasonic images of the foetus. Geiser et 
al [76] use the perimeter of heart outlines as a basis for evaluating their outlining 
algorithm. 

The choice of which parameter to use is normally based on the clinical relevance 
of a particular measure. However, the problem with using a derived clinical 
parameter is that very different outlines may produce the same result. In appli-
cations where the desired goal is simply to calculate the clinical parameter, then 
comparing the parameter calculated from an automatically determined outline 
to the parameter calculated for the reference outline is valid. In terms of the 
current investigation for surgical monitoring systems, it is the shape and posi-
tion differences between the candidate and reference outlines which is important. 
Therefore, comparison using only a derived parameter is not justified. 

5.4.2 Error metrics 

Chalana and Kim [38] present three methods for determining a metric suitable 
for assessing the similarity of two outlines. The first two methods calculate the 
metric using a set of corresponding points between the curves. The method for 
obtaining corresponding points is discussed in section 5.3.4. Given outlines A, B 
and C, an error metric e must exhibit the following three properties: 

I) e (A, A) = 0 and e (A, B) > 0 
II) e (A, B) = e (B, A) 

	
(5.1) 

III) e (A, C) < e (A, B) + e (B, C) 
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(a) 	 (b) 

Figure 5.11: Hausdorff distance (thick black line) for two pairs of outlines 

5.4.2.1 Hausdorff distance 

Consider two outlines A and B, each described by a set of m corresponding points 
such that A = {al, a2 , 	, a,„} and B = {b1 , b2 , 	, b,„,}, where a and b are pairs 
of (x, y) coordinates. The distance to closest point (DCP) for a point a, to the 
curve B is described as: 

DCP (az , B) = 	— aill 
	

(5.2) 

where 11'11  is the Euclidean distance between two points. 

The Hausdorff distance [104] is defined as the maximum value of the DCP for all 
points on both contours, i.e.: 

e (A, B) = max (max {DCP (az , B)} , max {DCP (b3 , A)}) 	(5.3) 

The Hausdorff distance obviously obeys the first two requirements of a metric, 
and Chalana and Kim [38] show that the third property is also valid. However, the 
Hausdorff distance is a measure of the largest discrepancy between two outlines, 
therefore it does not provide a satisfactory measure for assessing the similarity 
of two outlines. Figure 5.11 shows two pairs of outlines which have the same 
Hausdorff distance, but the outlines are very different. 

5.4.2.2 Distance between outlines 

Chalana and Kim 1381 describe a second metric for analyzing outlines based on the 
root mean squared distance (RMS) between the contours, however, the method 

166 



CHAPTER 5 	 Assessment of outlining algorithms 

uses corresponding points which are found in a radial manner. First, a com-
mon centroid is specified for both contours. The radial corresponding points are 
defined by extending rays from the centroid at equal angular increments - the 
intersection of the rays with the outlines give the points. The metric is defined 
as the RMS distance between the corresponding points, and has been used to 
analyze ventricle outlines in ultrasound images [64, 74]. 

The problem with this metric is that it is not applicable in general, since it would 
fail on outlines where some parts of the outline are occluded by other parts, when 
viewed from the centroid - i.e. where outlines have concave regions with a high 
degree of curvature. in the set of expert drawn prostate outlines, most shapes 
were suitable for this method, but a few failed. Therefore, the RMS distance is 
not suitable for use as a metric in the current study. 

The average distance between curves — the mean of the distance between corre-
sponding points — is a useful measure for comparing outlines. For example, the 
curves in figure 5.11a) have a lower mean distance than the curves in figure 5.11b), 
despite having the same Hausdorff distance measure. However, average distance 
is not strictly an error metric, since it does not obey the triangle property (equa-
tion 5.1 III), but will be used to compare outlines in the statistical analysis 
(section 5.5.2). 

5.4.2.3 Area between outlines 

The third metric is a measure of the area between the outlines. Each outline 
is converted to a binary image where white pixels constitute the outline and the 
area enclosed by the outline, and black pixels form the remainder. By performing 
an XOR operation on the two binary images, the result has white pixels corre-
sponding to the area between the outlines. Chalana and Kim [38] state "the 
average number of non-zero pixels (white) in the resulting image defines a metric 
for the two boundaries". It is unclear what the authors mean by average since 
the XOR operation produces a single image, and the sum of white pixels would 
not be a valid metric. However a valid metric may be obtained by normalizing 
by the area of one of the contours (dividing the sum of white pixels by the sum 
of white pixels in one of the outline binary images). 

Prater and Richard [166] use percentage of correctly classified pixels (%CCP) as a 
parameter for determining the success of their prostate segmentation algorithms. 
The algorithm produces a binary image of prostate and non-prostate pixels, and 
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Figure 5.12: Area between corresponding points 

is compared against a manually derived image. This may be converted to a valid 
metric by using the percentage of incorrectly classified pixels (%ICP) i.e. 

%ICP = 	1—%CCP 
1 	E prostate+ +E  nonprostate+ 

=  

where E prostate+ is all the pixels correctly identified as part of the prostate, 
> nonprostate+  is the pixels correctly identified as not part of the prostate, and 
E pixels is the total number of pixels contained within the image. 

The drawback of these methods is that they are computationally expensive. An 
alternative is to approximate the area between the outlines using the correspond-
ing points [25J. Two possibilities exist for overlapping areas between adjacent 
pairs of corresponding points, either a quadrilateral or two triangles, as shown in 
figure 5.12. 

Consider four points Pi, P2 P3, P4 where P1, P2  are adjacent points on one outline, 
and P3, P4  are the corresponding points on the second outline, and each point Pi  
has a pair of Cartesian coordinates (xi, yi). The area of the quadrilateral formed 
by the four points is given by: 

1 
Aquad = — 2 (101 x2y3 X3Y4 X4Y1 x1y4 X2Y1 x3y2 x4y3) 

For the triangles case, the intersection of the outlines must be approximated by 
finding the intersection of the straight line segments joining Pi  to P3  and P2  to P4.  
If the intersection is denoted P5, then the area of the two triangles is calculated 
as: 

AA = 	X1Y5 X4Y1 X1Y4 X4Y5 X5Y1+ 
x2y5 x3y2 x5y3 x2y3 x3y5 x5y2 ) 
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Figure 5.13: Outline area approximation using the trapezium rule 

The total intersection area is normalized by dividing by the area of one of the 
outlines, to give a valid metric. The outline area may be approximated by treat-
ing the outline as a polygon constructed of straight line segments joining the 
corresponding points. The area is found by subtracting the area below the lower 
half of the polygon from the area under the upper half of the polygon, as shown 
in figure 5.13. These areas are found using the trapezium rule. 

5.4.2.4 Error metric selection 

The Hausdorff distance assesses the worst discrepancy between two outlines, 
therefore it can be used to measure the maximum error between the outline 
result from an algorithm and the reference outline, giving a valuable measure of 
algorithm performance. However, use of the Hausdorff distance alone is flawed 
as demonstrated by the outlines in figure 5.11, since different outlines may pro-
duce the same result. Therefore, an additional assessment is required using either 
the average distance between the outlines, or the area between the outlines. For 
the application of assessing prostate outlining algorithms for use in the CASMS 
system, the average distance provides a more suitable measure, because it is not 
affected by the overall size of the prostate. This is important because the final 
use of the outlines - to prevent the resectoscope from puncturing the capsule - is 
governed by the absolute distance to the outline, not a relative measure in terms 
of prostate size. 
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5.5 Statistical analysis 

The objective of assessing the different outlining algorithms is to find the algo-
rithm which performs best over the set of images. Therefore the question posed 
is: Can an expert observer be replaced with an automated outlining algorithm? 
The following sections discuss various statistical techniques which have been pre-
viously used in an attempt to answer such a question. Section 5.5.1 describes 
a repeated measurements study which compares each algorithm's measurement 
of a clinical parameter with the measurement made by the experts. Although, 
a clinical parameter based assessment is not ideal, the study is included since 
it takes into account the possibility of variation in one expert's opinion when a 
prostate image is outlined multiple times by the same expert. Two additional 
statistical analyses are presented which determine algorithm performance either 
by comparing error metrics calculated between the algorithm outlines and expert 
outlines (joint agreement study in section 5.5.2), or by assessing the ability of 
each algorithm to produce outlines which lie within the range of the experts' 
results. 

5.5.1 Repeated measurements study 

The first statistical test is a repeated measurements study first described by 
Eliasziw et al [69], and used by Tong et al [212] to assess the prostate volume 
determination performance of expert observers. In their study a group of o ob-
servers make in measurements (on their outlines), on n subjects (prostate ultra-
sound images). In the current study, the observers are the experts (urologists) 
and the automated outlining algorithms. Prostate area is chosen, rather than 
volume, since only a single image from each prostate is used. 

The study results are formulated into a table for each observer as shown in ta-
ble 5.1, with the result Xijk indicating the jth observation of the ith subject by 
the kth  observer, where i = 1, . , n, j = 1, . , m and k = 1, . . . , o. 

The composition of an observation is broken down into the true value of the 
observation with certain errors added: 

Xijk = µ + pi  + o f  + poij  + eijk 	 (5.7) 

whereµ is the overall mean value of the prostate area, pi  is the effect of prostate i 
on the measurement, oi is the effect of observer j on the measurement, poijis the 
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X j.k  

Xn.k 
SUM X.lk • • • X.jk - 	• • X.mk X..k 
mean X dk  .. . X .jk  . 	.. X rnk  X ..k  

Table 5.1: Observations of observer on a set of subjects, conducted n times. 

effect of the interaction of observer j and prostate i, and eijk  is the intra-observer 

random error in Xijk . 

The study allows the inter-rater and intra-rater reliabilities to be determined 
concurrently. Eliasziw et al provide a lucid example detailing the procedures for 
estimating the quantities in equation 5.7 from a completed table of values such as 
table 5.1. However, there are a number of difficulties which preclude the use of a 
repeated measurement study as an initial assessment of the outlining algorithms. 

A subtle problem is that choosing the correct sample size is not straightforward. 
An appropriate number of observers and subjects must be used for a valid study, 
without over-burdening the expert observers and spending too long acquiring 
the data set. However the appropriate numbers which can be used to estimate 
reliability are dependent on the reliability. This problem could be overcome by 
performing an initial pilot test to assess the likely reliability and choose numbers 
for the full study based on these. 

The use of a derived parameter such as prostate area is undesirable for the rea-
sons discussed in section 5.4.1. However, the use of an error metric breaks the 
statistical basis of the study since the overall mean of the error metric tends 
toward zero. The statistical model is also violated if the automated outlining 
algorithm is completely deterministic, i.e. the algorithm always gives the same 
result when repeatedly applied to the same input image, since the terms pi  and 

eijk  will be zero. This is the case for the edge base detection algorithms, therefore 
a repeated measurements study is only applicable to the feature modelling and 
genetic algorithms approach by Wu [224, 225]. 
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5.5.2 Joint agreement study 

Chalana and Kim [38] describe a different test known as a joint agreement study. 
The study aims to determine whether an individual observer agrees with the set 
of observers less than any observer agrees with the set, and was first presented 
by Williams [222]. Consider n + 1 observers, numbered from 0 to 71, making 

measurements on N subjects. The average level of agreement between observer 
0 and the set of observers 1, 	, n is given by: 

P0 =  E Po,i n j=1 

and the average level of agreement between the set of observers is: 

2 
Pn =7- 	E E i .11  n (n — 1) .  .7 	3' :31  7-3 

where 	is the proportion of agreements for a pair of observers j and j' 

(j, j' E [1, ... ,n]). 

For the nominal data in Williams' analysis, the ratio p, _ is an index which com-
pares observer 0 agrees with the remaining group of n observers. Chalana and 
Kim define a modified Williams index for the numeric multivariate data used in 
the current analysis: 

The problem is reduced to how to calculate the agreement between two observers' 
outlines. Chalana and Kim [38] define the average disagreement D of two ob-
servers as the average of the chosen error metric calculated for the N subjects, 

i.e.: 
1 	, , „ = 	 (5.11) 

where Xii  is the ith  observation of observer j. 

Chalana and Kim next define the agreement of the two observers as the reciprocal 
of the average disagreement: 
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P.7  =  	 (5.12) .7, 

However, the asymptotic nature of this function creates a certain bias in the value 
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of the agreement. Therefore, the agreement has been redefined as: 

= exp
K 

 ij 	 (5.13) 

where K is a positive real number. 

The confidence interval for the index is estimated using a jackknife non-parametric 
sampling technique as described by Bland and Attman [19]. The results for one 
of the subjects (images) is omitted and the modified Williams index is calculated 
for the remaining observers. The calculation is repeated by leaving out the results 
for each subject in turn. If the modified Williams index calculated by leaving out 
the results for the ith  subject is denoted by P(i) , then the standard error in the 
modified Williams index may be estimated as: 

se = 
N 	 2 

N — 1 E i=1 } 
(5.14) 

where the mean modified Williams Index is given by: 

(5.15) 

The 95% confidence interval may then be calculated as: 

C195 = 	Z0.95Se 
	 (5.16) 

where 4.95  = 1.96 is the 95th percentile of the standard normal distribution. 

5.5.3 Percentage statistic 

Chalana and Kim [38] propose a second technique which tests the number of 
successful results produced by a given algorithm. Success is judged according to 
whether or not the result of the algorithm lies within the range of results produced 
by the observers. For derived parameters such as area, the test simply assesses 
whether the result from the outlining algorithm is greater than the minimum 
value and less than the maximum value of the experts' results. 

For the error metrics, the success may be approximately judged by comparing 
the maximum algorithm to observer metric to the maximum observer to observer 
metric. For a given metric e, the success for one result of the outlining algorithm 
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depends on whether: 

max {e (A, Xi)} < max le (Xi , Xi)} 	 (5.17) 

where A is the algorithm result for one image, Xi  are the results from the experts 
for the same image. 

The assumed hypothesis is that the observers (algorithm and experts) produce 
boundaries which are samples from the same distribution. Therefore, for n + 1 
observers, the probability that one observer's result lies outside range of the other 
observers' boundaries is 1/ (n 1). Similarly, the probability that one observer's 
result is inside the range is given by n/ (n + 1). Therefore, using the outline result 
for the four human expert observers. the expected percentage is 80%. 

5.6 Results 

The successful algorithms identified in the previous chapter were those based on 
work by Aarnink [1] (section 4.3.3), Pathak [162] (section 4.3.4), Liu [136] (sec-
tion 4.3.5) and Zhao [234] (section 4.3.2) from the edge based detection schemes, 
and the feature modelling approach adopted by Wu [225] (section 4.4.3). Each 
of these algorithms was applied to the 62 images in the dataset. For the edge 
based methods, several parameters are required such as the high and low levels 
for the hysteresis thresholding (section 4.3.3), the prostate centre, the radius of 
the circle from the prostate centre within which no edges are permitted and the 
minimum allowed segment length. 

For the prostate centre parameter, it is not appropriate to ask the user to pick the 
centre point as this violates the automated algorithm criterion, The centre point 
must be determined in some automated fashion. However, this prostate centre 
point has an important role in all the edge based methods, since it determines 
which of the edge segments (dark to bright transitions and at a set distance 
from the centre) are kept in the construction of the closed outline. It is also the 
centre point of the radial-bas relief process used in Liu's algorithm. If the centre 
point lies too close to or outside the boundary then all the edge based techniques 
will fail. The adopted approach to find the centre has been to calculate the 
position' of the centroid of the expert delineated outlines relative to the probe 

7The physical position is measured rather than the pixel position, i.e. the image zoom factor 
is taken into account. 
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(a) 
	

(b) 	 (c) 

Figure 5.14: Results for the ultrasound image with close expert agreement. a) 
Reference outline. b) Edge based detection results (Aarnink — red, Pathak —
green, Liu — blue, Zhao — yellow). c) Best (green) and worst (red) feature mod-
elling result. 

position for the set of prostate ultrasound images. The mean relative position 
was calculated. The prostate centre is then taken as the mean physical position 
relative to probe for each of the images. Several attempts were made to optimize 
the other parameters to give the best results judged qualitatively over the whole 
image set. 

The feature modelling approach of Wu does not require any parameters once the 
feature model is formed. The construction of the feature model is discussed in 
detail in the next chapter, section 6.2. In contrast to the edge based detection 
schemes, Wu's algorithm produces different results when applied repeatedly to 
the same image due to the random nature of the genetic algorithm optimization. 
Therefore, Wu's algorithm was applied ten times to each image. For a single im-
age, the ten results were compared to the reference outline8  and ranked according 
to the average distance between the corresponding points. Both the sets of best 
results and worst results are included in the analysis. 

The reference outlines, edge based detection algorithms results, and feature mod-
elling results for the prostate ultrasound images of figure 5.8 are shown in fig-
ures 5.14 and 5.15. 

8The reference outline is either the average of the experts' outlines in the case of an image 
from the multiple experts set, or the single expert result for the remaining images. 
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(a) 
	

(b) 
	

(c) 

Figure 5.15: Results for the ultrasound image with poor expert agreement. a) 
Reference outline. b) Edge based detection results (Aarnink - red, Pathak 
green, Liu blue, Zhao - yellow). c) Best (green) and worst (red) feature mod-
elling result. 

5.6.1 Multiple experts results 

Table 5.2 shows the Hausdorff distances found by comparing each of the algo-
rithms to the four expert outlines and by comparing each of the expert outlines 
to the other experts' results, averaged over the 21 images in the multiple expert 
data set. The calculated values for the Williams index and percentage statistic 
are also given, along with their respective 95% confidence intervals (CI). 

The results demonstrate the importance of comparing the algorithm outlines to 
the opinion of more than one expert. If the values for the computer to observer 
difference are taken in isolation, then even the lowest value of 4.63 mm for the set 
of best Wu results can be construed as poor. However, when the variation in the 
experts results is also considered, the algorithms' results are far more promising. 
The slight variation in the inter-observer agreement is due to the random starting 
point for the corresponding points algorithm. 

The results in table 5.2 show that the mean computer observer differences for 
the four edge based detection schemes are very similar, as are the corresponding 
Williams indices. This is expected since the four algorithms themselves only 
differ in their methods of finding the initial edge segments which are likely to be 
part of the prostate. Given that one of the algorithms finds a strong, suitable 
edge segment at a particular location in an image, it is likely that the other edge 
based algorithms will also find an edge segment at the same location, regardless 
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COD[mm] / (a) IOD[mm] / (a) WI / [CI] P(%) / [CI] 
Aarnink 5.95 3.75 0.80 23.8 

(0.14) (0.19) [0.82, 0.78] [22.8, 24.8] 
Pathak 6.48 3.75 0.76 19.0 

(0.34) (0.16) [0.74, 0.78] [18.3, 19.8] 
Liu 5.97 3.72 0.80 14.3 

(0.41) (0.12) [0.78, 0.82] [13.8, 14.8] 
Zhao 5.99 3.74 0.80 23.8 

(0.20) (0.15) [0.79, 0.81] [24.8, 22.8] 

Wuworst 13.97 3.73 0.36 0 
(0.31) (0.13) [0.35, 0.37] [0, 0] 

Wubest 4.63 3.75 0.92 52.4 
(0.38) (0.19) [0.90, 0.93] [49.8, 55.0] 

Table 5.2: Comparing the algorithms' outlines to the experts' outlines using the 
Hausdorff distance as an error metric. COD is the mean computer to observer 
difference, IOD is the mean inter-observer difference, a is the standard deviation, 
WI is the Williams index, P is the percentage statistic and CI are the respective 
confidence intervals. 

of whether the true prostate edge lies at that location. 

The set of best results using Wu's algorithms show the closest agreement to the 
expert results. This is reflected in their Williams index which is closer to the 
optimal value than the index for any other algorithm. Unity for the Williams 
index implies that no distinction can be made between the outlining algorithm's 
result, and the set of observers' results, i.e. the algorithm can replace a hu-
man observer without any change in the statistical comparisons. However, the 
percentage statistic is more exacting since it tests the frequency with which the 
algorithm result lies within the range of the experts' results, rather than how well 
the algorithm results agrees with the set of experts results. Although this seems 
to be a contradiction, the hypothetical outlines shown in figure 5.16 demonstrate 
that the Williams index and percentage statistic do measure different aspects of 
agreement. 

Figure 5.16 shows outlines from three experts (black and blue circles) and one 
algorithm (red circle). The Hausdorff distances between each of the experts' 
results and the algorithm result are also shown. Clearly the algorithm's result 
agrees with the set of outlines as much as the blue expert result agrees with the 
set, therefore it is consistent with the hypothesis that the algorithm can replace 
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Hausdorff distances 

Figure 5.16: Hypothetical outlines demonstrating the stringency of the percentage 
statistic. 

a member of the group. However, the percentage statistic is not satisfied; the 
green line representing the largest Hausdorff distance for the algorithm outline 
does not lie in the range of the other experts. 

The most striking result from table 5.2 is the how badly the set of worst results 
from Wu's algorithm compare to the experts results — the Williams index is much 
lower than for any other algorithm's results, and the percentage statistic is zero, 
meaning that the worst results from Wu's algorithm are never within the range 
of the experts' outlines. Therefore, although capable of producing very good 
results, the feature modelling approach is too variable to be used reliably as an 
automated outlining technique. 

Table 5.3 shows a similar set of statistics to table 5.2 where the average distance 
is used as the performance measure rather than the Hausdorff distance. Simi-
lar trends are observable in the presented results, with the best set of feature 
modelling outlines lying closer to the experts opinions than the result of any 
other algorithm. The Williams index for the best feature modelling set is almost 
unity, therefore fulfilling the hypothesis that the algorithm is a reliable member 
of the expert group. However, the percent statistic is still some way short of the 
expected value of 80%. 

Once again, the worst set of feature modelling results, falls far below the standard 
of the other algorithms' results. 
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COD[mm] / (a) IOD[mm] / (a) WI / [CI] P(%) / [CI] 
Aarnink 2.21 1.22 0.90 33.3 

(0.10) (0.13) [0.89, 0.92] [31.8, 34.9] 
Pathak 2.53 1.23 0.88 28.6 

(0.19) (0.14) [0.87, 0.89] [27.3, 29.9] 
Liu 2.20 1.22 0.91 28.6 

(0.20) (0.13) [0.89, 0.92] [27.3, 29.9] 
Zhao 2.27 1.23 0.90 14.3 

(0.12) (0.14) [0.89, 0.91] [13.8, 14.8] 
Wuworst 9.14 1.22 0.45 0 

(0.15) (0.13) [0.44, 0.46] [0, 0] 

Wubest 1.31 1.24 0.99 47.6 
(0.17) (0.15) [0.99, 1.00] [45.2, 50.0] 

Table 5.3: Comparing the algorithms' outlines to the experts' outlines using the 
average distance measure. COD is the mean computer to observer difference in 
mm, IOD is the mean inter-observer difference in mm, a is the standard deviation, 
WI is the Williams' index, P is the percentage statistic and CI are the respective 
confidence intervals. 

5.6.2 Reference outline comparison 

Figure 5.17 shows the average boundary distance for the 62 results of each out-
lining algorithm from the 62 reference outlines. The red line in each box marks 
the median value for the data, the box limits are placed at the lower and upper 
quartile boundaries, and the whiskers extend across the data (1.5*inter-quartile 
range). Data outliers are marked with a red plus. 

The plot shows that the edge based outline detection algorithms perform simi-
larly to each other, with the modified RBR method of Liu showing slightly better 
results than the other algorithms. The set of best results from the feature mod-
elling algorithm by Wu shows a significant improvement, with the lowest median 
result, the smallest interquartile range, and the minimum outlier values. How-
ever, the average distance data for the worst feature modelling set shows an order 
of magnitude degradation over any of the other algorithms. 

The results show that whilst Wu's algorithm has the potential to perform very 
well, it is not well enough confined and can also produce very poor results. There-
fore, the statistical analysis shows that the RBR method is the best overall per-
forming algorithm from the literature when factors such as the repeatability and 
robustness are taken into account. However, the potential of the feature mod- 

179 



Assessment of outlining algorithms CHAPTER 5 

Liu Zhao Pathak Wu best Wu worst 

20 

5 

0 

Aarnink 

Figure 5.17: Box plots of the average boundary distances from the reference 
outlines. 

elling algorithm to provide the best results warrants further investigation. The 
analysis of various aspects of the feature modelling algorithm forms the basis of 
the next chapter. 

5.7 Conclusion 

This chapter provided a rigorous assessment of the promising algorithms from the 
initial outlining trials of chapter 4. Acquisition of an image data set which covers 
the range of image quality found in routine clinical ultrasound examinations has 
been described. Various possible techniques for assigning a correct outlining result 
to each of these images were investigated, with repeated outlining by human 
expert being chosen as the most suitable method. 
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A modified method for assigning artificial correspondency between outlines has 
been presented, which overcomes the fallibility of the previous technique. The use 
of these corresponding points to calculate comparison metrics between outlines 
has been demonstrated. Several statistical methods were discussed which use the 
error metrics to analyze the performance of each algorithm over the whole image 
set, in comparison to the experts' evaluations. 

The results of the statistical analysis have shown that the feature modelling ap-
proach is capable of performing significantly better than any of the other algo-
rithms. However, the feature modelling technique is not completely deterministic, 
and has the potential to perform significantly worse than the other methods. This 
leads on to the next chapter which analyses the feature modelling technique and 
the associated pitfalls which degrade performance, and investigates methods for 
improving the result. 
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Optimizing the prostate outlining 

6.1 Introduction 

The results from the previous chapter identified statistical shape modelling com-
bined with genetic algorithms as the best approach from the literature for finding 
the prostate outline, such as the technique proposed by Wu [225]. However, the 
technique does not achieve a correct result when applied to every image in the 
test dataset. The rest of the image processing work presented in this thesis aims 
to improve upon these results. There are three areas of the genetic algorithms 
technique which warrant further investigation to provide improved results. 

The genetic algorithm is a global optimization technique whose aim is to main-
tain a population of different boundaries and create new boundaries derived from 
promising members of the population. The final output of the genetic algorithm 
is a boundary which corresponds to the best fit with the underlying image. There 
are many different genetic algorithm schemes available where factors such as the 
population size, encoding scheme, mutation and crossover rates etc. may be var-
ied, which will affect the outcome of the algorithm and the speed of execution. 
The work of Wu [224] explored the effects of varying the genetic algorithm pa-
rameters, but the results were assessed based upon the maximum value of the 
objective function for a given image and the repeatability of the objective func-
tion score when the same image is processed multiple times. A better assessment 
would score the schemes according to the quality of the result in comparison to 
the experts' results in the same manner as the statistical analysis described in 
chapter 5. Other techniques besides genetic algorithms are possible candidates for 
performing the global optimization. These include simulated annealing methods 
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(described in section 6.3.1 for automatically aligning shapes) and various simplex 
methods. However, the method of obtaining the global optimization is secondary 
to the problems of finding the best objective function and ensuring the validity 
of candidate outlines. 

The objective function used by Wu uses some measure based upon the first deriva-
tive of the image to decide what is a good result and what is not. In essence it 
is very similar to the edge-based detection schemes discussed in chapter 4, sec-
tion 4.3.1 — using the strength of edges within the image to determine the position 
of the final outline. However, the strongest edges present in a given image do not 
necessarily correspond with the prostate outline which is characterized by its lack 
of a distinct edge. Therefore, measures other than the first derivative should be 
investigated to find an objective function which scores highly for the correct out-
line in the majority of the images. The work described in the second half of 
this chapter, starting on page 211 describes a statistical analysis whose aim is to 
determine the best objective function. 

The work described in the first part of this chapter investigates the problem of 
modelling the shape variation of the prostate. Section 6.2 discusses the model 
used by Wu's algorithms and highlights the deficiencies of the method. Section 6.3 
describes a method of automatically aligning shapes using affine transformations 
as a pre-cursor to the point distribution modelling described by Cootes et al [45). 
The background to the point distribution model is given in section 6.4, and sev-
eral models are presented using different strategies for assigning correspondency 
between the aligned shapes. Section 6.5 presents the work undertaken to optimize 
the correspondency of the shapes, and gives example results using the optimal 
statistical shape model. 

6.2 Feature modelling 

Wu uses an adaptation of the point distribution model of Cootes and Taylor, 
called feature modelling. The essential difference between the two modelling pro-
cesses is that Wu omits the alignment stage in the model formation. Wu argues 
that by maintaining the physical dimensions of the model training shapes, the 
model is able to provide a better representation when used for "featureless" shapes 
such as the prostate. 
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Ultrasound probes 

Figure 6.1: Corresponding points of two outlines where mismatch occurs due to 
lateral displacement. 

Figure 6.2: Expert outline which cannot be represented by polar points. 

6.2.1 Feature model formation 

The initial stage of the feature modelling process is an automated labelling of cor-
responding points on each prostate outline. First, the positions of the ultrasound 
probe centre and centroid of the outline are found. The corresponding points are 
then found at equal angular increments around the outline, with the initial point 
situated at 90 degrees (to the right) of the line joining the probe centre to outline 
centroid. Figure 6.1 shows the labelling for two prostate outlines. 

The automated labelling introduces the first problem of feature modelling. Since 
the corresponding points are taken at angular intervals, only outlines which are 
continuous in polar space may be represented (where the origin of the polar coor-
dinate system is the outline centroid). Figure 6.2 shows an example outline from 
the set of expert drawn outlines which cannot be represented in polar coordinates. 
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A second, less obvious problem with the automated labelling scheme is that it 
is based on the assumption that the prostate lies directly above the rectum, and 
that any rotation of the outline centroid around the probe centre, is caused by 
rotation of the ultrasound probe within the prostate. This is not necessarily true; 
the prostate can move around inside the body therefore a lateral displacement of 
the prostate with respect to the probe centre is possible. Figure 6.1 shows the 
correspondency of two outlines which are identical in shape but have different 
positions with respect to the probe centre. Ideally, the corresponding points of 
the two outlines would be identical, but this does not occur in practice. 

The radius of the black probe circle is used to calculate the zoom setting of 
the ultrasound machine during the image acquisition. This allows conversion 
of the pixel position of the labelled points to positions in physical dimensions 
(mm). However, this means that the algorithm is tied to one particular ultrasound 
machine model rather than allowing images of prostates captured using different 
scanners to be analyzed using the same feature model. 

Once all the outlines have been labelled, the feature modelling process follows 
the same procedure as the point distribution modelling, which is described in 
full in section 6.4. A vector representing each outline is constructed from the 
distance between the probe centre and outline centroid, and the radii of each of 
the landmark points. The vectors for each outline in the training set define a 
region in n1  dimensional space which is the "allowable shape domain" — i.e. all 
valid prostate outlines should lie within this domain. The allowable shape domain 
is assumed to be ellipsoidal in n dimensions - i.e. the distribution along each axis 
is approximately Gaussian. The centre of the allowable shape domain is calculated 
from the mean of the feature vectors in the training set. Following construction of 
the covariance matrix of all the vectors, a principle components analysis provides 
the eigenvectors and eigenvalues which may be used to approximate the allowable 
shape domain. 

6.2.2 Feature modelling discussion 

Figure 6.3 shows the labelled point distribution of the expert outlines using fea-
ture modelling, and the mean outline (the centre of the ellipsoidal space) aligned 
so that the distance from the probe centre is the same in each case. The most 
obvious feature from figure 6.3 is that there is significant variation in the radius 

1The n dimensions are n-1 outline radii and the distance from the probe centre. 
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Figure 6.3: Corresponding points and mean outline for the feature modelling 
prostate model. 

of the points for any given angular position. Figure 6.4 shows the variation in 
shape achievable by independently altering the weights applied to each of the first 
four principal components. 

At first sight the results seem promising — the shape variations contained in 
figure 6.4 are nearly all valid prostate shapes, with the exception of the second 
mode extremes where the lateral lobes exhibit uncharacteristic concavities, and 
the minimum weighted first component (figure 6.4a) black curve) which has a 
small sharp corner at the base of the prostate. 

The shapes in figure 6.4 are created by adjusting only one weight at a time with 
all the other weights fixed at zero. Figure 6.5 shows the effect on the prostate 
shape of adjusting more than one weight at a time. The curves in figure 6.5a) are 
formed by adjusting the odd numbered mode weights from the minimum value 
to the maximum value, while conversely adjusting the even numbered weights 
from the maximum to the minimum value. All the weights are adjusted from 
minimum to maximum value to produce the curves in figure 6.5b). These two 
sets of adjusted weights show some of the extremes of the permissible space 
occupied by the model. It is clear that these curves are not legitimate examples 
of prostate shapes — the outlines exhibit sharp corners and even double back on 
themselves, despite being "valid" in terms of the model definition. 
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Figure 6.4: Effect of varying the weights on the feature modelling prostate model. 
The black curves are obtained using the minimum value for the weights; the 
yellow curves use the maximum. The variance of each component lessens from a) 
through d). 
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Figure 6.5: "Un-prostate-like", valid shapes from the feature modelling prostate 
model. a) The ten weights are varied so that the odd numbered weights (1,3,5,..) 
vary from the minimum to maximum value and the even numbered weights 
(2,4,6,...) vary from maximum to minimum value. b) All the weights vary from 
minimum to maximum value. 

6.3 Automated shape alignment 

The problem highlighted in the previous section is the "looseness" of the model 
formed using the feature modelling approach. The initial hypothesis is that the 
large variation in size between the outlines in the training set results in an al-
lowable boundary region which is too large, and contains many regions where 
candidate outlines are invalid. The first approach adopted to overcome this prob-
lem has been to revert to the standard point distribution model approach of 
Cootes and Taylor. This approach has been use previously by Arambula [5] to 
model the shape of the prostate in transrectal ultrasound images. 

The first stage of the point distribution modelling is to align the training shapes 
before labelling. Arambula [5] used a manual approach to match outlines from 
transrectal prostate ultrasound images. Initially, one shape in the set was chosen 
as a typical prostate shape; subsequently each of the remaining outlines was 
transformed to fit the example shape through a series of translations, rotations 
and scalings. The transformation parameters were adjusted manually until the 
fit was deemed suitable enough by visual inspection. 

Manual alignment of the training set is time-consuming and tedious, and is also 
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highly dependent on the choice of the typical prostate shape and the user's judge-
ment of optimal fitness. Therefore a method of automated shape alignment has 
been developed. 

The initial stage of the automated alignment randomly selects one outline from 
the set as the base against which the other outlines are matched. The adapted 
corresponding points technique presented in section 5.3.4 is used to assign an 
initial correspondence to each outline and the base outline. For each outline, 
simulated annealing optimization is used to adjust the pose parameters (transla-
tion, rotation and scaling) of the candidate outline so as to minimise the sum of 
squares distance between the corresponding points. 

6.3.1 Simulated annealing 

Simulated annealing [108] is a global optimization technique which performs par-
ticularly well in problems where the global minimum is hidden among many local 
sub-optimal minima, and is therefore ideally suited to the problem of prostate 
shape matching. The technique takes it name from the analogy with the ther-
modynamic process of formation of crystals in freezing liquids, or the annealing 
of slowly cooled metals. In a liquid at high temperature, the molecules have high 
kinetic energy and are able to move around freely. As the temperature drops, 
the molecules lose energy and are able to move less. If the cooling process is 
sufficiently slow, then the molecules can form a structured, ordered crystalline 
lattice, which is uniform throughout the medium. This structured state is the 
lowest possible energy form of the crystal. 

There are four components to the simulated annealing technique. The first com-
ponent is a description of the possible configurations of the system; for the current 
problem, the possible configurations are controlled by adjusting the pose param-
eters of the outline transformation. Five parameters are employed in this case: 
translation in the x and y dimensions, scaling in the x and y dimensions, and 
one rotation parameter. The second element of the simulated annealing process 
is a generator which causes random changes in the configurations of the system. 
As each change is made, an objective function is used to assess the effect of 
the change; the objective function for the current problem calculates the sum 
of the squared distance between the corresponding points of the base contour 
and the transformed candidate contour. The objective function forms the third 
component of the simulated annealing process. The final, fourth component is a 
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control parameter which is analogous to the temperature of a cooling liquid or 
metal. At high temperatures, the control parameter allows large random changes 
to occur even if these changes result in a higher cost when the objective function 
is processed, therefore the system has the ability to escape local minima. As 
the temperature drops, the ability to escape is reduced and the algorithm makes 
changes which result in a lowering of the system energy, i.e. the objective function 
gives a lower score than previous states. The simulated annealing process con-
cludes once the temperature reaches zero. The control parameter also specifies 
the rate at which "cooling" occurs - i.e. the number of random changes which may 
occur before a temperature drop occurs, and how large the temperature drop is. 

Once each shape has been matched to the base outline, the mean of all the 
corresponding points from the aligned outlines is calculated. This mean outline 
becomes the new base against which the complete set of outlines is matched. The 
process of aligning the shapes, calculating the mean of the aligned shapes and 
recalculating the pose transformations is repeated until the mean shape changes 
by less than a threshold. The mean shape change is calculated using the sum of 
squares distance between the corresponding points on the mean shapes between 
iterations. 

The simulated annealing algorithm was implemented on the Matlab programming 
platform using an adaptation of the method from [172]. Figure 6.6 shows two 
outlines used as an input to test the efficacy of the simulated annealing outline 
matching method. The second outline (the ellipse) was created by applying an 
affine transformation to the first (circular) outline. Each curve was represented by 
fifty corresponding points2  and initial correspondences are shown by the coloured 
points. The outlines provide a rigorous test of the algorithm since there are 
many configurations with a low energy state (matching the circular outlines but 
without matching the indentations), but the algorithm managed to find the global 
minimum where the indentations are aligned. 

6.3.2 Expert outlines alignment 

In the aligning of the expert outlines, each shape was represented by fifty corre-
sponding points. The algorithm converged after a few iterations using a distance 
threshold corresponding to less than one pixel displacement for any correspond-
ing point pair, between the mean base outline points from one iteration to the 

2Sixteen corresponding points are shown in the figure to preserve clarity. 
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Figure 6.6: Test input outlines for the simulated annealing outline matching 
algorithm. 

next. The algorithm was run with different random initial base outlines with no 
perceptible change in the final mean base outline. The alignment took approxi-
mately one hour to complete on a dual PIII 1GHz processor PC running Windows 
2000. However, the alignment needs only to be performed once for each point 
distribution model so the time requirement is not a critical factor. 

The aligned outlines are shown in figure 6.7, which shows that the outline shape is 
tightly bounded to an approximately elliptical shape with and indentation caused 
by the the probe, which is also the region of most outline variation. 

6.4 Point distribution model for the aligned ex-
pert outlines 

The point distribution model relies on the degree of "correspondency" of the points 
which are considered to be equivalent between the shapes in the training set. For 
many shapes, the choice of some corresponding points is obvious - for example 
corners of objects, or junctions between lines on the object's boundary are obvious 
landmarks. In such cases, the simplest method of establishing correspondency 
is for a human observer to annotate each of the example shapes with a set of 
corresponding points. However, more corresponding points are required for the 
modelling than would be provided by the landmarks alone, therefore additional 

191 



CHAPTER 6 	 Optimizing the prostate outlining 

150 

100 

50 

0 

-50 

-100 

-150 	 
-200 

    

-150 	-100 	-50 50 	100 	150 200 

Figure 6.7: Outline results from the simulated annealing automated alignment. 

points are added, often at equally spaced locations between the landmark points. 
Figure 6.8 shows the landmark and intermediate points for a pair of rectangles. 

Hand annotation of the shapes is tedious and time consuming. More importantly 
in the case of the prostate outlines, no suitable landmarks exist making the choice 
of corresponding points arbitrary and difficult. Therefore, some method of auto-
matically applying correspondency is required. 

6.4.1 Selecting corresponding points 

Two methods of finding the corresponding points have been previously discussed 
in this thesis. The first method assigns correspondency to points at equal angular 
elevation to a common centre of the shapes — this is the polar method used by 
Arambula and Davies [5] and Wu et al [225]. Whereas this method was unable 
to accurately represent all the training shapes in the feature modelling method 
described in section 6.2, the transformed, aligned expert outlines are continuous 
in the 7-0 polar representation using the centroid of the mean shape as the origin. 
However, this does not hold for the general case of modelling arbitrary objects, 
and it is certainly possible to have other prostate shapes which would still not be 
representable in polar form after the alignment phase. 

The second method of assigning correspondency uses the adaptation of the ap-
proach described by Chalana and Kim [38], described in section 5.3.4. A third, 
obvious method is to divide each contour so that the distance between adjacent 
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Figure 6.8: Manually annotated landmark points and automatically placed inter-
mediate corresponding points. 

points is the same for a given contour. Results for the point distribution models 
created with these three methods of establishing correspondency are given in the 
following sections. 

6.4.2 Model formation 

Once the corresponding points are established for each outline in the training 
set, the point distribution model is calculated as follows. Let there be N, shape 
vectors s, defined as: 

Si = [81, 82, 837 • ' 
	 (6.1) 

In the general Cartesian case, there are n corresponding points, each with an x 
and a y coordinate, therefore: 

Si = [xl, Yl, x2,Y2,•••, xn-1, Yn-1, Xn, yn] 	 (6.2) 

These vectors may be represented as points in a hyper-ellipsoid in 2n-dimensional 
space. The point distribution model (PDM) aims to model the distribution of 
these points and provide a parameterisation of the model which may be used to 
produce new example shapes which are similar to those in the training set. First, 
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the mean of all the vectors is found as: 

1 Ns  
g 	 E si 	 (6.3) 

vs i=1 

Next, the covariance of the data is calculated: 

1  N, 
C = 

Ns  — 1 i=i 
E (si  — g) (si  — .s-)T 	 (6.4) 

Using principal components analysis, the main axes of the point distribution in 
n-dimensional space are calculated. This equates to finding the eigenvectors (bi) 
and associated eigenvalues (Ai) of the matrix C, then ranking them according 
to the eigenvalues (largest first). The eigenvalues give the variance of the data 
around each of the eigenvector axes, therefore only the principal eigenvectors are 
kept — such that the model retains a high percentage of the total variance of the 
data (in this case 98% is used). Thus, the first t ranked eigenvectors are retained 
according to: 

E Ai  > kAT 	 (6.5) 
i=1 

where AT  = EriLl  Ai  is the total variance of the data and k = 0.98. 

New example shapes can be created starting from the mean of all the outlines 
and applying differing weights upon each of the principal component axes. Math-
ematically: 

S candidate = § E biwi 	 (6.6) 
i=1 

Following the assumption of Gaussian distributions for the data along each of the 
principal axes, the weights are allowed to vary within limits set by the eigenvalues, 
such that: 

—3 	Ti < wi  < 3 VTi 	 (6.7) 

6.4.3 Polar corresponding points 

Figure 6.9 shows the corresponding points and mean outline from the aligned 
outlines where the points are taken at equal angular elevations referenced to 
the centroid of the mean outline. There is significantly less variation in the 
point spread at any given angle in comparison to the feature modelling points set 
shown in figure 6.3. Figure 6.10 shows the effect of independently varying the 
weights of each of the first four principal components for the polar PDM prostate 
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Figure 6.9: Polar corresponding points from the aligned expert outlines. 

model. The variation in the curves shown in figure 6.10 is markedly less than 
the curves from the feature modelling approach (figure 6.4). Since the curves 
were aligned prior to the model formation, the first principal component does not 
exhibit the large size change apparent in the most significant feature modelling 
component. However, the outline created with the maximum value in the first 
weight (the yellow curve in figure 6.10a) exhibits concavities at the side lobes 
which are uncharacteristic of prostate shapes. 

Figure 6.11 shows the effects of varying more than just a single weight at a time. 
The outlines shown in figure 6.11a) result from varying the odd numbered weights 
(1st component, 3rd component, etc.) from the minimum to the maximum value, 
and the even numbered weights from the maximum to minimum value. In fig-
ure 6.11b), each weight is varied from the minimum to maximum value. These 
outlines represent some of the extremities of the hyper-ellipsoid space occupied by 
the model and display sharp indentations which are are "un-prostate like". How-
ever, the curves do not overlap themselves as observed in the feature modelling 
extremities shown in figure 6.5. 

6.4.4 Equally spaced corresponding points 

Figure 6.12 shows the corresponding points and mean outline from the aligned 
outlines where the points are taken at regular intervals along each contour. The 
starting point for each contour is at zero degrees with respect to the contour 
centroid, as can be seen by the close clustering of the points on the right hand 
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Figure 6.10: Effect of varying the weights on the polar PDM prostate model. The 
variance of each component lessens from a) through d). 
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Figure 6.11: Example curves from the extremities of the polar corresponding 
points PDM model. 

side of figure 6.12. Since the contours are different lengths, the clustering of each 
corresponding point becomes more spread when moving away from the starting 
point (towards the left hand side of the figure). 

Figure 6.13 on page 199, shows the effect of independently varying the weights 
of each of the first four principal components for the PDM prostate model con-
structed using equally spaced corresponding points. All the curves given in fig-
ure 6.13 are valid examples of prostate shapes Figure 6.14 (on page 200) shows the 
effects of varying more than just a single weight at a time using the same methods 
of adjusting the weights as used previously with the feature modelling model (fig-
ure 6.5, page 188) and the polar corresponding points model (figure 6.11). The 
resulting curves are much improved in terms of their "closeness" to what would 
be expected of a prostate like shape — i.e. they do not exhibit the sharp corners 
presence in the previous models. 

6.5 Optimizing the corresponding point positions 

The PDM models described in the previous section using pre-aligned contours give 
improved results over the feature modelling method described in section 6.2. It is 
also clear that the positions of the corresponding points on the aligned contours 
play an important role in the success of the model — as demonstrated by the 
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Figure 6.12: Equally spaced corresponding points from the aligned expert out-
lines. 

differences between the extremities of the polar and equally-spaced corresponding 
point models. However, at present there is no quantitative measure available for 
how good a particular model is, rather the comparison have been based upon 
qualitative visual inspections of the sample contours resulting from each model. 

In order to optimize the positions of the corresponding points, a quantitative 
measure is required to assess how optimal the resulting PDM model is. Previous 
work in this area has tended towards assigning correspondency to equally spaced 
points along each contour [12] (as used in section 6.4.4), or to shape features 
present on the outlines [12, 106, 207, 215], such as areas of similar curvature. 
However, none of this work shows that the models are in any sense optimal. 

Several authors have used the variance of the PDM model to provide a quanti-
tative assessment of the optimality of a model. Hill and Taylor [93] use the total 
variance (the sum of the eigenvalues of the co-variance matrix from equation 6.4) 
as an objective function in the optimization problem and adjust the corresponding 
points so as to minimise the total variance. Rangajaran et al [176] also optimize 
to reduce the total variance, but include the alignment parameters by which pairs 
of contours are matched to one another. Kotcheff and Taylor [112] use genetic 
algorithms to find the optimal parameters for the alignment pose transformations 
and corresponding points positions. The objective function is calculated from the 
determinant of the covariance matrix of the model and therefore favours models 
with fewer, more significant modes of variation. 

Table 6.1 gives the values of variance for the four most significant components 
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Figure 6.13: Effect of varying the weights on the equally spaced corresponding 
points PDM prostate model. 
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Figure 6.14: Example curves from the extremities of the PDM constructed from 
equally spaced corresponding points. 

of the three models presented thus far. The total variance for each model, and 
the relative percentage of each component are also shown, along with the num-
ber of components required to represent 98% of the total variance, according to 
equation 6.5. The feature modelling approach requires the lowest number of com-
ponents (10) in order to achieve 98% of the total variance, but the dominance of 
the first component is evident — 70% of the total variance. This is corroborated 
by the visual effects of the first component as shown in figure 6.4a) on page 187, 
i.e. the first component is dominated by the change in size of the prostate shapes 
rather than any change in shape. The total variance for the feature modelling 
approach is also significantly greater than the total variance for the two aligned 
PDM models, which matches the significantly poorer results from the feature 
modelling approach which were shown previously in figure 6.5 on page 188. 

The variances of each component of the two aligned PDM models are similar, with 
the equidistant points model showing lower variance in all but the first compo-
nent. The total variance of the equidistant points PDM is also significantly lower 
than the total variance of the polar points PDM. Since the equidistant points 
PDM model provides the best results visually (compare figure 6.10 with 6.13, 
and figure 6.11 with 6.14), the results seem to corroborate the use of the total 
variance as an objective function for the optimization problem, as used by previ-
ous researchers. However, the results of the following section show that a lower 
total variance does not necessarily lead to a better model qualitatively. 
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Component i Variance Ai  
FM Aligned Polar Aligned Equidistant 

1 22279 2026 2321 
2 4040 721 464 
3 1494 623 409 
4 1304 362 230 

Total Variance AT 31837 4733 4171 

Component i Percentage Variance 
FM % Aligned Polar % Aligned Equidistant % 

1 70.0 42.8 55.6 
2 12.7 15.2 11.1 
3 4.7 13.2 9.8 
4 4.1 7.7 5.5 

Number of modes t 10 15 15 

Table 6.1: Variances of the first four principal components for the feature mod-
elling points model, aligned polar corresponding points PDM and aligned equidis-
tant corresponding points PDM models. The total variance (AT) for each model 
is given along with the percentage variance of each of the four principal compo-
nents. The number of modes (t) is the number of principal components required 
so that 98% of the total variance of the corresponding points models are contained 
in the respective models. 
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Figure 6.15: Modified Chalana and Kim corresponding points from the aligned 
expert outlines. 

6.5.1 Modified Chalana and Kim corresponding points 

The third method of establishing corresponding points on the set of aligned expert 
outlines uses the modified Chalana and Kim method described in section 5.3.4. 
The resulting corresponding points and mean outline are shown in figure 6.15. 
Table 6.2 gives the variances and percentage variance of the first four principal 
components of the model, as well as the total variance and number of modes to 
produce 98% of the total variance. The total variance for the model is much 
less than the totals for the polar and equidistant corresponding points models 
presented in the preceding section. 

Figure 6.16 shows the effect of independently varying the weights of each of the 
first four principal components. Each of the outlines in figure 6.16 is an accept-
able prostate shape. However, the model does not perform as well when more 
than one weight is adjusted at a time. Figure 6.17 shows the outlines resulting 
from changing the weights according to the same regime as used previously —
alternately changing the weights from minimum to maximum and maximum to 
minimum in figure 6.17a), and adjusting all weights between the minimum and 
maximum in figure 6.17b). The resulting outlines are worse than those for the 
equidistant points model (in figure 6.14), exhibiting sharp corners and kinks. 
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Figure 6.16: Effect of varying the weights on the modified Chalana and Kim 
corresponding points PDM prostate model. The variance of each component 
lessens from a) through d). 
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Component i Variance A Percentage Variance 
1 965 41 
2 369 16 
3 238 10 
4 160 7 

Total Variance AT 2342 
Number of modes t 22 

Table 6.2: Variances and percentage variances of the first four principal compo-
nents for the modified Chalana and Kim corresponding points model The total 
variance (AT) and number of modes (t) to represent 98% of the total variance are 
also given. 
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Figure 6.17: Outlines from the extremities of the PDM constructed using the 
modified Chalana and Kim corresponding points method. 
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6.5.2 Model information 

The results from section 6.5.1 show that optimizing the points correspondences on 
the basis of minimum total model variance does not lead to a model which reflects 
the twin goals of 1) generality — the model is able to produce any of the shapes 
in the training set, and 2) specificity — only legal examples of prostate shapes 
should be produced. This is a somewhat surprising result since total variance has 
been used as a scoring parameter in many of the optimizing regimes found in the 
literature. However, the use of the total variance alone neglects the influence of 
the number of modes of variation present within the model — despite having a far 
lower total variance than the preceding models, the modified Chalana and Kim 
corresponding points model also has many more modes. Therefore, the model 
must be optimized by some means which takes both the variance of each mode 
and the total number of modes into account. 

6.5.3 Minimum description length 

The work of Davies et al [58, 59, 60] uses the concept of the model information as 
a parameter for optimization. They argue that the best model balances the cost 
of the model complexity against the ability of the model to fit the data, using 
the principle that the simplest description provides the best general model. The 
measure of this "simplicity" is made in terms of the minimum description length 
principle of Rissanen [181, 182]. The minimum description length parameter is 
based upon the concept of the cost of trying to transmit the model information 
across a network, where the data stream must include not only the data values, 
but also the model parameter values. 

The following is a summarized version of the minimum description length deriva-
tion given in [64 To calculate the description length for a given set of corre-
sponding points, the PDM is constructed in exactly the same manner as described 
in section 6.4, except that the model is not approximated to a high percentage of 
the total variance. By noting that only the N, — 1 eigenvalues are not identically 
zero, equation 6.6 may be adapted to include the complete model as: 

N3 -1 
Si = S 	E .7  •w • .7 

j=1 

The eigenvectors b form the principal axes of the data points in n-dimensional 

(6.8) 
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space. The data points, projected onto these new axes become: 

yj  = s • b j  

where 
bj  

b3 	1111 

are the normal vectors. The range of values of all the original points s = {sic,} is 

— 
2 

< 	< —
r 

i = 1 to Ns , = 1 to 2n 
— — 2 

which gives the range R for the projected values yj  = fyifil as: 

R = 	therefore — 
R 

< yjf3  < 

The projected data must be quantized into discrete levels for transmission. The 
quantization parameter A is chosen so that the quantization accuracy is of the 
order of one pixel in the original data. Along each of the principal axes, the data 
is modelled as a Gaussian distribution of variance a and mean p. The mean of the 
data is calculated and quantized to the same accuracy, A, to give the quantized 
mean Pi . The variance of the quantized data is then calculated as: 

1 
N3 

 a2 	 ^ 
= fo2  

j=1 

with an upper limit of 	= 	and a lower limit of o-niin  = 20. The variance 
is approximated to a quantization level 6. 

The length of code required to transmit the model parameters is given by: 

, 
Lpararns = 1  + W + In (arnax 	min) +1In6  

The description length of code required to transmit the model parameters and 
the data depends on the variance a of the data. For a > amin: 

In + T
N, 

 In (27ra
2
) + 	Ars82  

DL = Lparams — Ns 23  + 12a2  

For the case where a < o-min , but the data still occupies more than one bin, i.e. 
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max (yj) — min (yj) > A, the description length is: 

Ns
2 	

N852 	Nso-2 ( 1  + 

62 
DL = Lparams — in (27um "2)  24a2  + 2 	 in 2  min gamin 44 2 	 n 

Finally, for the case where all the data lies in one bin, only the mean need be 
transmitted, with a description length: 

DL = ln (—R)  
A) 

6.5.4 Outline parameterisation 

The previous section described the procedure for calculating a score for a par-
ticular set of corresponding points. The procedure may be used as the objective 
function for an optimization regime which aims to find the best set of correspond-
ing points for a set of curves. All that remains is to define a method by which the 
optimization regime can adjust the position of the corresponding points. Davies 
et al [58] use a set of parameterizations functions cbi  (t) which control the cor-
responding point positions of each curve. The parameterisation functions are 
monotonically increasing functions of t with a range of 0 < q5 (t) < 1, where t 
is the normalized distance along the contour. Figure 6.18 shows an example pa-
rameterisation function, and the resulting points on a circular example contour. 
The points are sampled uniformly along the x-axis, and the corresponding y-axis 
values are taken as the distance from the starting point of each of the points on 
the curve. Therefore, the positions of the corresponding points on the contours 
are controlled by adjusting the parameterisation functions Oi  (t). The parameter-
isation functions can be described by a cumulative distribution function of the 
form': 

(t) = c + f p (x) dx 

where p (x) is approximated by a sum of Gaussian functions: 

P (x) = c [1 + E  Ai 	1 
(27) cri 
	 exp (-2(7  (x — ai)2) 

V 

where 
f  (1 — a = 	 , Ai erf  

2 er  cy.i0 ) 	2 	ai NiV 
3The method of forming the parameterisation functions is described fully in [581 
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Figure 6.18: a) Points of correspondence on a circle determined by b) the param-
eterisation function 0 (t). (Taken from [58]). 

and 
2 	x 

erf (x) = 	Cr2  
v7r o 	

dr 

The parameterisation is controlled by the heights Ai , widths a, and positions ai  of 
the i Gaussian curves and €, the offset from the origin of each of the outlines. For 
a given number of Gaussian functions, a direct optimization of all the parameters 
leads to a search space which is too large for efficient convergence. Therefore, the 
parameters are found in a multi-resolution approach as defined in [58]. 

The initial stage uses a single Gaussian of width ai  = 4 at the position al  = 
and optimizes its height Al  and the offset E. For the second level, two additional 
Gaussian curves are added at positions a2  = 4 and a3  = 1, each with a width 
of a2,3 = s , and their heights are optimized. At each subsequent level k, an 
additional 2k-1  Gaussian curves are added, at intervals of .Vc , and with widths 

k 
(1) 	, and the optimization algorithm adjusts the heights to give the best 
result for the objective function. 

6.5.5 Optimized corresponding points 

The parameterisation scheme and minimum description length were used as the 
basis for optimizing the corresponding point positions on the aligned expert 
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Figure 6.19: Optimized corresponding points from the aligned expert outlines. 

outlines using the simulated annealing optimization algorithm described in sec-
tion 6.3.1. The algorithm was run for four iterations, giving a total of 15 Gaus-
sian functions to describe each parameterisation function. The algorithm was 
implemented on the Matlab programming platform and processing time was ap-
proximately 72 hours on a dual 1GHz PC running Windows 2000. Although this 
processing time is extremely lengthy, it only needs to be performed once for a 
single set of outlines, so execution speed is not a limiting factor. 

Figure 6.19 shows the optimized corresponding points and mean outline from 
the aligned outlines. Figure 6.10 shows the effect of independently varying the 
weights of each of the first four principal components for the optimized model. 
The outlines in figure 6.20 are all acceptable prostate shapes. Figure 6.21 shows 
the effects of varying more than just a single weight at a time, using the same 
method of adjusting the weights as with the previous models. The worst outlines 
in figure 6.21 are rather un-prostate-like, since they exhibit concave regions in 
areas other than around the probe, however, the outlines are smooth without the 
corners and kinks observed in some of the previous models. These outlines are 
qualitatively the best of the results when compared to the previous models. 

Table 6.3 lists the total variance and objective function score for all the models. 
The results clearly show that the values of the minimum length description for 
each model is much more closely aligned to the qualitative visual results, than 
the corresponding total variance value. 
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Figure 6.20: Effect of varying the weights on the optimized PDM prostate model. 
The variance of each component lessens from a) through d). 

Model Total Variance AT Description Length 
Feature Modelling 31837 36408 

Aligned Polar 4733 35377 
Aligned Equidistant 4171 32944 

Aligned Modified Chalana and Kim 2342 33774 
Aligned Optimized 3874 32906 

Table 6.3: Total variances and description length objective function scores for 
the models. The description length results mirror the qualitative results seen in 
the example outlines from each model. 
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(a) 
	

(b) 

Figure 6.21: Outlines from the extremities of the PDM constructed using mini-
mum description length optimized corresponding points. 

6.6 Statistical analysis 

The work of the preceding sections of this chapter has attempted to determine 
an optimal statistical shape model for the prostate. The purpose of the model is 
to provide candidate shapes for use in a genetic algorithm which determines the 
prostate outline in an ultrasound image. At each iteration of the genetic algorithm 
the population of shapes are assessed so that outlines which give a good fit to 
the underlying ultrasound image are proposed as candidates for parenting the 
next generation of shapes. The work presented in the remainder of this chapter 
describes the approach adopted to best analyze the fitness of any candidate shape 
to the ultrasound image. 

Any technique for finding the prostate within an ultrasound image must ulti-
mately obtain its information from the grey-levels of pixels within the image. 
Many techniques for finding the prostate were discussed in chapter 4. Most of 
these (with the exception of the artificial neural net-based methods) assume that 
there is one or more characteristics of the image in the locality of the prostate 
boundary that allows the boundary to be identified. However, the suitability of 
the characteristic that has been chosen as the boundary identifier (often some 
combination of the first and second derivatives of the low-pass-filtered image 
density gradient perpendicular to the outline) can only be assessed as part of the 
overall outlining algorithm. 
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Figure 6.22: Histogram result for an ideal statistical measure. 

In the rest of this chapter, the properties of the ultrasound image in the region of 
the boundary are examined using statistical means to evaluate whether these dif-
ferent assumed characteristics of prostate boundaries do actually correlate to the 
known boundary on a set of images. A number of different candidate indicators 
are evaluated by directly comparing how well they correlate to the known correct 
boundary rather than by their efficacy as part of some outlining algorithm. 

The approach adopted by previous researchers to find the prostate in ultrasound 
images is top-down in nature. The input image is filtered and assessed in terms 
of a particular indicator with the expectation that the indicator will give a high 
score for the prostate boundary. In many cases, the indicator used combines the 
zero-crossing of the second-derivative (the position of edges in the image) with 
the first-derivative (the strength of the edges). The algorithms then attempt to 
select and combine the sections which score highly for the indicator. 

The basis for the statistical analysis described in this chapter questions this as-
sumption that the first-derivative/second-derivative indicator is the best measure 
for selecting prostate boundaries. The work follows a bottom-up approach; i.e. 
starting from the known expert-drawn boundaries, assess many indicators in the 
image in both the boundary and non-boundary regions. The search aims to find 
the indicator which best separates the boundary and non-boundary regions cor-
related across the set of images. The prostate/non-prostate distributions for an 
ideal indicator are shown in figure 6.22. 

The statistical analysis follows a Monte-Carlo type approach. Given an input 
image and a statistical test, the analysis computes a histogram of values of the 
statistical test at points in the image where the boundary is known not to occur 
— the null hypothesis. The same statistical test is then applied to points on 
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the expert drawn outline, and the histogram for these results calculated. If the 
histograms are similar to those shown in figure 6.22 then a simple thresholding 
(the dotted red line) may be used to test how well a candidate outline matches 
the prostate boundary. 

There are two components which may be adjusted for any given outline, namely 
the image and the particular statistic measured. Varying the image involves 
applying different filters to the image with the aim of emphasizing particular 
image features. The set of filters which have been used to produce input images 
for the statistical analysis are described in section 6.7. The statistical measures 
are described in section 6.8. 

6.7 Image pre-processing 

6.7.1 Speckle reduction 

The indicators used for the statistical analysis will be affected by the presence of 
speckle within the image. Twelve different speckle-reduction algorithms from the 
literature have been implemented and applied to the ultrasound images. These 
speckle reduction algorithms attempt to reduce speckle by smoothing the image 
in areas where the pixel values do not vary much, whilst maintaining the differ-
ences in areas where the grey-levels change considerably. The speckle-reduction 
algorithms are described in appendix A which also gives results of applying the 
algorithms to a typical image. 

All the algorithms have input parameters which affect the degree of smoothing 
applied to the input image. Each algorithm has been applied four times to each 
image, with the parameters varied so the results range from light smoothing to 
heavy smoothing (the degree of smoothing is qualitatively judged). The speckle 
reduction algorithms are listed in table 6.4. 

6.7.2 Edge-enhancement 

During the search for speckle-reduction algorithms, three algorithms were found 
which are classed as speckle reduction algorithms, but perform in a very differ-
ent manner to the region smoothing algorithms described in section 6.7. These 
algorithms operate by accentuating edges within the image and suppressing re- 
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Speckle reduction filters (section/reference) Parameters 

Anisotropic diffusion (A.1.1/[163]) A = 0.25 	n = 100 	K = 2, 4, 8,16 

Anisotropic diffusion (A.1.1/[202]) A = 0.25 	n = 100 	K = 4,8,12,16 

Homogeneous region growing median (A.1.2/[111]) x = 7 	y = 7 	HT = 0.01, 0.03, 0.05, 0.1 

Median (A.1.3/11671) n= 5,9,15,23 

Separable median (A.1.4/[132]) n= 5,9,15,23 

Variable length median (A.1.5/[140]) C = 0.2 	K = 2,4,7,11 

Double window modified trimmed median (A.1.6/11251) m = 3,5,9,13 	n = 7,9,15,23 

Adaptive weighted median (A.1.7/[140]) w = 99 	c = 20 	K = 2,4,7,11 

Gaussian (4.3.2/1168D n = 12,24,36,48 	a = 4,8,12,16 

Directional median (A.1.8/[48]) thickness = 3 	n = 5, 9,15, 23 

Maximum sticks (A.1.9/[49]) thickness = 3 	n = 5, 9,15, 23 

Decision-directed sticks (A.1.9/1501) thickness = 3 	n = 5, 9, 15, 23 

Table 6.4: Speckle reduction algorithms and parameter values 

Edge enhancement algorithms (section/reference) Parameters 

Order statistics (A.2.1/[164]) m= 5,9,15,23 	k = 1,2,4,6 

Rotating kernel transformation (A.2.2/[126]) thickness = 3, 3, 5, 5 	n = 15, 23, 15,23 

Modified ratio of averages (A.2.3/[232]) n = 5,9,15,25 

Sobel (4.2.2.2/[168]) 

Laplacian (4.2.3/[168]) a = 0.2 

Table 6.5: Edge enhancement algorithms and parameter values 

gions of relative smoothness, therefore they are classed here as edge enhancement 
algorithms rather than speckle-reduction algorithms. 

Each of the images from the pre-processing stage (including the initial input 
images with no pre-processing) is used as an input for the edge-enhancement 
algorithms. Five edge-enhancement algorithms have been implemented, listed in 
table 6.5. Three of the algorithms have parameters which determine the size of 
the edges which are enhanced. These algorithms have been applied with varying 
parameter values so that they progressively ignore smaller edges in the input 
image (again the parameter selection is qualitative in nature, based on visual 
results as presented in appendix A). 

6.7.3 Statistical image input dataset 

The sixty-two ultrasound images from the data set described in section 5.2, chap-
ter 5, have been used as initial inputs for the statistical analysis. Each of these im- 
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ages has also been filtered with the twelve speckle reduction filters (section 6.7.1) 
and five edge enhancement algorithms (section 6.7.2) using the various parameter 
values given in table 6.4 and table 6.5 to produce a further set of 3720 images. 
Finally, each of the results of the speckle reduction algorithms has been further 
filtered for edge-enhancement, to create an additional set of 40320 images. There-
fore, there are a total of 44100 input images for the statistical test. 

The total size of the dataset is large and some of the combinations of filters 
produce outputs in which all the useful ultrasound information is destroyed, e.g. 
some results only contain the edge information for the strongest edge in the input 
— the periphery of the ultrasound probe. Therefore, the filters should be tested 
on a single image to remove those combinations which destroy all the useful 
information. However, the software to calculate the dataset, and to perform the 
statistical analysis (described in the proceeding sections) was written so that it 
runs completely without user intervention, thus no interim checking of the results 
was performed, and the full set of images was processed. 

6.8 Statistical measures 

6.8.1 Point, line and patch selection 

The aim of the statistical analysis is to find an indicator which best distinguishes 
the boundary from non-boundary regions. This section describes the approach 
used for selecting the points at which to calculate the indicators used in the 
statistical analysis. 

One hundred points on each expert drawn boundary are selected at equal dis-
tances along the length of the boundary. These points form the set at which 
the boundary indicators will be assessed. However, it is unlikely that the expert 
drawn boundary will fall exactly onto the pixels with the best significant indica-
tors in the boundary proximity. Therefore, the analysis is extended to look for 
indicators along line segments and patches at the boundary. At each selected 
point on the boundary, the normal to the boundary is found (the normal direc-
tion is always chosen to lie in the external region of the boundary). The line 
segments are selected from the normals extending ten pixels either side of the 
boundary (thus each line segment is 21 pixels in length). The ten pixel length is 
chosen to compensate for an error on the expert delineated outline of up to ±5 
mm in the normal direction, and the statistical analysis will still find the most 
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Y 
1—ck  

Figure 6.23: Bi-linear interpolation 

appropriate value. The patches are created from 21 by 10 pixel patches centred 
on the boundary point of interest and oriented so that they lie along the nor-
mal to the boundary. The justification for using patches is to use the complete 
boundary rather than sections of it. However, the patches involve significantly 
more calculation. 

The value of the pixels in the lines and patches are calculated using bi-linear 
interpolation. Referring to figure 6.23, the value of an interpolated pixel W is 
calculated as: 

W = ai3G + a (1 — )3)R + 13 (1 — B + (1 — a) (1 — a) Y 	(6.9) 

where G, R, B and Y are the grey-level values of the four pixels. A sample point 
(A), line (B) and patch (C) for an outline are shown in figure 6.24. The green/red 
line (Di/De) and patch (Ei/Ee) in figure 6.24 are used for additional statistical 
measures where the values are calculated for the internal and external line/patch 
separately. 

To calculate the statistical indicator under the null hypothesis, sets of 100 points 
were randomly chosen. These points were taken from the areas of the image 
which did not form part of the expert drawn boundaries, or the non-ultrasound 
areas (the black areas of the image at the probe and the extremities of the beam). 
Since there are multiple expert boundaries for a single image, the out of bounds 
region for the null hypothesis points includes all of the area bounded by the 
expert boundaries. Figure 6.25 shows an ultrasound image overlaid with expert 
boundaries and the regions of the image where the points are randomly chosen. 
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Figure 6.24: Point, line and patch regions for the statistical analysis. 

(a) 

Figure 6.25: a) Expert boundaries on a typical ultrasound image. b) Resulting 
null hypothesis regions (white areas). 
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Random orientations are also calculated at each of the random points so that 
lines and patches may be generated. This orientation is also used to define the 
pseudo internal/external parts for the random lines and regions. 

6.8.2 Indicators 

The indicators differ depending on whether a point, line or region is chosen. 
For points, the actual grey-level value of the indicator at the point is the only 
statistical measure. 

When the line segments and patches are used, six different metrics are used. These 
are the maximum, minimum, mean, median, variance and max/min difference 
of the pixels within the lines or patches. These same tests have been applied 
separately for the internal/external split lines and patches. In addition, eight 
metrics have been used for the internal/external split lines and patches, which 
are the differences in internal and external value for each metric (max, min, mean, 
etc.) and the maximum internal minus minimum external and minimum internal 
minus maximum external value. The 45 metrics are summarized in table 6.6. 

6.9 Analyzing the indicators 

The statistical analysis of the outline indicators was conducted in three stages. 
The first stage assessed whether the outline indicators gave results which were 
significantly different for the expert drawn outlines compared to the indicators 
for the sets of random points. 

6.9.1 Kolmogorov-Smirnov test 

The first part of the statistical analysis attempts to answer the question "does the 
statistical measure give significantly different results for the region in the image 
which contains the prostate boundary in comparison to the regions of the image 
without the boundary?". The statistical measure (for a given image, filter and 
statistic) provides two datasets, the first for the points on the experts' boundaries, 
and the second for the non boundary areas. Therefore, the previous question may 
be simplified to "are the two datasets drawn from the same distribution function, 
or from different distribution functions?". The null hypothesis in this case is that 
the two datasets come from the same distribution. Therefore, the objective is 
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Points A 
grey-level value 

Lines B, Di, De  and patches C, Ei, Ee 
maximum grey level 
minimum grey level 

mean grey level 
median grey level 
max minus min 

Lines D and patches E 
max internal - max external 
max internal - min external 
max external - min internal 
min internal - min external 

mean internal - mean external 
median internal - median external 

(max-min internal) - (max-min external) 

Table 6.6: Statistical measures. The points, lines and patches (A—E) are described 
in figure 6.24. 
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to ascertain whether, to a given level of significance, the null hypothesis may be 
rejected. 

The Kolmogorov-Smirnov [361 (KS) test is ideally suited to assessing the null 
hypothesis in the current application since it makes no assumptions about the 
distribution of the datasets (it is non-parametric and distribution free). This is in 
contrast to most statistical tests (e.g. the Student's t-test) which do require the 
data sets to fit some assumed distribution. The KS test calculates an empirical 
cumulative distribution for each of the samples and assesses the likelihood of the 
null hypothesis being true based on the maximum deviation between the two 
distributions. 

The level of significance is an important factor since it determines the degree of 
confidence that may be placed in the KS test. Common values are 5% or 1%, 
meaning that (for the 5% level) one out of every twenty tests where the null 
hypothesis is ascertained as true will be a false conclusion. However, reducing 
the significance level comes at the cost of rejecting the null hypothesis in many 
more cases where it might be true. A further aspect of the significance level is 
that the results from the test are cumulative. For the current application, there 
are 100 sets of random results for each set of expert results, therefore to reject 
the null hypothesis to a level of 5% each individual test must be assessed at a 
level of 0.05%. 

The KS test was used as a first pass test to assess each combination of filter and 
indicator in the set of 21 expert outlined images. The test was applied to compare 
each of the four expert outlines and the reference outline for each image with the 
random results, to an overall significance level of 5%. Images where the null 
hypothesis could not rejected for all the random points and outline points were 
not carried forward to the later stages of analysis. The rejected images comprise 
those where the combination of filters (speckle reduction and image enhancement) 
caused the destruction of the edge information at the prostate boundary. 

6.9.2 Random points histogram 

The second part of the statistical analysis aims to determine those combinations of 
filter and indicator which give the greatest difference between the random points 
and the points from the expert and reference outlines. For each combination, the 
mean indicator value was calculated for the sets of random points and the outline 
points. The histogram of the random point indicator means was constructed, 
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(a) (b) 

 

Figure 6.26: a) Original input prostate image. b) HRGMF filtered image — the 
best result of the random point analysis. 

and the positions of the mean outline indicators compared to the histogram. The 
basis of the test is to search for the filter / indicator pairs for which the expert 
and reference results all fall into the first region or all fall into the last region 
of the histogram, i.e. the real outlines can be distinguished from most of the 
random points by a simple threshold. 

During the histogram analysis, many combinations of filters and indicators were 
found where the expert and reference outline indicator means fell outside the 
range of values in the random mean indicator histogram. Therefore the combina-
tions which were put forward for the third stage in the statistical analysis were 
those for which all the expert and reference outlines fell to one side (always the 
same side) of the histogram for all the 21 images - i.e. the expert outlines and 
reference outlines could always be distinguished using a simple threshold with the 
same value on all the images. 

Figure 6.26 shows one image from the dataset which has been filtered using 
the homogeneous region growing median filter (HRGMF) (see appendix A, sec-
tion A.1.2) with HT  = 0.05. This filter, combined with the maximum minus 
minimum line indicator, gave the best overall result — the largest interval be-
tween the maximum random mean and the minimum expert mean. 
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6.9.3 Random outlines histogram 

The best result from the random point statistical assessment would suggest that 
the combination of the HRGMF and maximum minus minimum line indicator 
is the best method to use as a fitness function in the genetic algorithm outline 
detection scheme. However, although the test provides a clear distinction between 
actual outline points and random points, it does not necessarily follow that the 
best result comes from the ideal test for the fitness function, particularly because 
the random points are never chosen from the region around the actual boundary. 

The promising results from the random point analysis (those where the expert 
and reference outlines were always outside the random histogram) were further 
processed to assess their performance at distinguishing between candidate out-
lines and the expert outlines. This third test analyses the results in an identical 
fashion to the the selection method of the genetic algorithm, i. e. for each image 
a set of 100 random outlines was generated using the optimized outline model of 
section 6.5.5. The remainder of the test is identical to that used for the random 
point analysis, except that the histogram of random means was generated using 
sets of 200 points on each of the 100 random outlines. No restrictions were made 
on the positions of the random outlines, other than ensuring that they remained 
wholly within the data regions of the images (i.e. the regions outside the probe 
circle and image extremities; those areas where the pixel value is not zero). 

The result of the random outlines histogram analysis shows that the best overall 
result for the 21 images in the multiple expert outlined set is the combination of 
the Gaussian filter (a = 4) with the "maximum-minus-minimum" line indicator. 
The HRGMF filter (best result from the random points histogram analysis) also 
performs to a similar degree of effectiveness at distinguishing the expert outlines 
from the random outlines. However, the Gaussian filter has been chosen as the 
best result since its execution speed is far higher than the HRGMF filter. This 
combination is referred to as the best fitness function in the remainder of the 
chapter. 

Figure 6.27 shows the best and worst results when comparing the best fitness 
function values for the expert, reference and random outlines for the 21 images in 
the dataset. The graphs show that even in the worst result, the reference outline 
(red line) is always outside the histograms of random results (although it is very 
close in the worst result). The best result shows a clear distinction between all 
the expert drawn outlines and the random outlines. However, this does not hold 
for the worst result, where only one expert's outline is greater than all the random 
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Figure 6.27: Histograms of random outlines and expert and reference outlines. 
a) Worst result of the HRGMF/max minus min indicator. b) Best result. 

outlines, but these expert boundaries still fall within the top 15% of the random 
outline results. 

The best and worst results from applying the fitness function of Wu's algo-
rithm [224, 225] to the reference, expert and random outlines are shown in fig-
ure 6.28. The best results show that Wu's fitness function can score the expert 
and reference outlines higher than the random outlines. However, the worst result 
shows that the fitness function can also score the expert and reference outlines 
so that they fall on both sides of the random histogram, as well as within the 
histogram. This suggests that the assumption of Wu's fitness function — that the 
best outline highlights a dark to bright transition when looking from inside the 
prostate — is false. 

The best fitness function was also tested on the complete set of 62 images by 
comparing the reference outline to a set of 100 random outlines generated for 
each image. The 62 images were also assessed using the fitness function from the 
Wu algorithm (with a small modification so that the absolute value of the test 
was used in each case). Figure 6.29 shows the number of random outlines for 
which the fitness score was greater than the reference outline fitness score, for 
both the Wu algorithm and the best result from the analysis. 

Figure 6.30 shows the input prostate ultrasound image and the reference outline 
for which the best fitness function failed. In this particular image much of the 
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Figure 6.28: Comparing the Wu fitness function for the random outlines and 
expert and reference outlines. a) Worst result. b) Best result. 
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Figure 6.29: Comparison of the Wu and best fitness function for all the 62 images 
in the dataset. 
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Figure 6.30: Input image for which the best fitness function does not distinguish 
the reference outline (green) from the random outlines. 

boundary is not evident, particularly in the left hand lobe where no ultrasound 
information is present. The bottom region of the reference outline also shows no 
clear distinction between the prostate and non-prostate regions. There is also a 
bright region on the right hand side of the image which is sufficiently "prostate-
boundary-like" to make random outlines in this region have a higher fitness score 
than the reference outline. 

6.10 Results 

The optimized prostate model and fitness function were implemented into the 
genetic algorithm and applied to the 62 images in the data set. Each image was 
assessed 10 times due to the random element involved in the construction of the 
outline populations in the genetic algorithm. 

The best and worst results of the optimized algorithm applied to two different 
images are shown in figure 6.32 on page 228 (compared to the reference outline 
using the average distance metric of section 5.4.2.2, chapter 5). The input images 
were those showing good and poor expert outline agreement; cf. the results of 
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COD[mm] / (a) IOD[mm] / (a) WI / [CI] P(%) / [CI] 

Wuworst 13.97 3.73 0.36 0 
(0.31) (0.13) [0.35, 0.37] [0, 0] 

Wubest 4.63 3.75 0.92 52.4 
(0.38) (0.19) [0.90, 0.93] [49.8, 55.0] 

Optimizedworst  5.55 3.75 0.84 61.9 
(0.38) (0.17) [0.80, 0.86] [58.9, 64.9] 

Optimizedbest  4.30 3.75 0.95 71.4 
(0.35) (0.15) [0.93, 0.97] [68.2, 74.7] 

Table 6.7: Comparing the optimized algorithm's outlines to the experts' outlines 
using the Hausdorff distance as an error metric. COD is the mean computer to 
observer difference, IOD is the mean inter-observer difference, a is the standard 
deviation, WI is the Williams index, P is the percentage statistic and CI are the 
respective confidence intervals. 

figures 5.14 and 5.15 on pages 175 and 176, respectively. 

6.10.1 Multiple expert results 

Table 6.8 gives the Hausdorff distances comparing the best and worst outlines 
from the optimized algorithm with the expert outlines, and the corresponding 
Hausdorff distances for the best and worst results of Wu's feature modelling al-
gorithm. The Hausdorff distance results show that the best outlines from the 
optimized algorithm are significantly better than the best results of Wu's algo-
rithm. This is confirmed in the William's indices and percentage statistics which 
are closer to the optimal values of 1 and 80 respectively, than the corresponding 
Wu results. However, the major finding of table 6.8 is that the worst results of the 
optimized algorithm are much better than the worst results of Wu's algorithm. 
This demonstrates that the optimized algorithm is far more consistent than the 
feature modelling algorithm of Wu, since it uses a tighter, more compact prostate 
model, and a more efficient fitness function. 

Table 6.8 shows a similar improvement in the optimized algorithm's results versus 
Wu's algorithm's result when using the average distance to the expert outlines as 
a metric. The best of the optimized results are slightly better than the best of 
Wu's algorithm, with the mean computer observer difference only slightly greater 
than the inter observer difference, This is reflected in the William's index which 
is unity for the best of the optimized results. 
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COD[mm] / (u) IOD[mm] / (a) WI / [CI] P(%) / [CI] 

Wuworst 9.14 1.22 0.45 0 
(0.15) (0.13) [0.44, 0.46] [0, 0] 

Wubest 1.31 1.24 0.99 47.6 
(0.17) (0.15) [0.99, 1.00] [45.2, 50.0] 

Optimizedworst  1.68 1.22 0.95 66.67 
(0.20) (0.14) [0.94, 0.97] [63.5, 70.0] 

Optimizedbest  1.28 1.24 1.00 66.67 
(0.11) (0.15) [0.99, 1.01] [63.5, 70.0] 

Table 6.8: Comparing the optimized algorithms' outlines to the experts' outlines 
using the average distance measure. COD is the mean computer to observer 
difference in mm, TOD is the mean inter-observer difference in mm, a is the 
standard deviation, WI is the Williams' index, P is the percentage statistic and 
CI are the respective confidence intervals. 

6.10.2 Reference outline comparison 

Figure 6.31 shows the average boundary distance for the 62 results of each out-
lining algorithm from the 62 reference outlines. The plot shows that the best 
results of the optimized algorithm give the best overall results, with the lowest 
median value (red line), smallest inter-quartile range (blue box) and minimum 
outlier values (red pluses). This is expected since the best results of the opti-
mized algorithm gave the best results in the Hausdorff and average distance test 
presented in section 6.10.1. 

The worst results of the optimized algorithm give the second best set of results 
in figure 6.31, performing slightly better than the best results of Wu's algorithm. 
This is a somewhat surprising result initially, since the best result from Wu's 
algorithm outperformed the worst optimized results in the tests of section 6.10.1. 
However, the reference outline comparison was conducted over the whole image 
dataset of 62 images rather than the subset of 21 images for which multiple expert 
boundaries were obtained. For the remaining 41 images, the worst results of the 
optimized algorithm are sufficiently better than the best of Wu's algorithm, such 
that the overall result is slightly better for the optimized algorithm. 
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Figure 6.31: Box plots of the average boundary distances from the reference 
outlines. 

(a) 
	

(b) 

Figure 6.32: Optimized algorithm outlines (green — best, red — worst). a) Results 
for image with close expert agreement (cf. figure 5.14 on page 175). b) Results 
for image with poor expert agreement (cf. figure 5.15 on page 176). 
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6.10.3 Algorithm execution speed 

The final part of the assessment of the optimized algorithm was to measure the 
speed of execution of the algorithm. All the development work for the image 
processing was conducted using the Matlab platform to program each algorithm. 
However, despite providing an easy framework for algorithm evolution, Matlab is 
notoriously slow in execution, particularly for non-linear algorithms where pixel 
based processing is required. 

The optimized outlining algorithm was implemented in C++ using the Metrow-
erks Codewarrior platform to compile the code. The genetic algorithm code was 
taken from a freely available library developed by Matthew Wall [216], and the 
image processing and spline drawing routines from the Magic software source 
code [142]. 

The C++ version of the optimized algorithm was tested using boundary pop-
ulations of 400 outlines, iterated for 2500 generations before termination. The 
complete process of pre-filtering the image, and running the genetic algorithm 
takes approximately one minute to execute on a dual 1GHz processor PIII com-
puter (using only a single processor to execute the code). 

6.11 Discussion 

6.11.1 Shape model optimization 

The work of the first part of this chapter developed the concept of the point 
distribution model and investigated the effect of the assignment of corresponding 
outline points in the model. Various methods for deciding the correspondency 
were implemented and assessed in terms of the visual appearance of a discrete 
set results from each model. 

Two quantitative criteria were investigated as possible measures of the optimality 
of a particular model, namely, the model variance and the description length. 
The results show that use of the model variance alone is flawed, since there 
is no correlation between the variance value for and qualitative assessment of 
each model. A better quantitative parameter could be found by using some 
combination of the number of modes and the variances of each mode, however, it 
is difficult to formulate a rigorous argument for why any particular combination 
would be optimal. 
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The description length principle does give a better correlation between the vi-
sual appearance of the outlines and the quantitative derived parameter, so that 
the optimized model with the lowest description length also produces the most 
prostate-like outlines, even at the extremes of the model. However, there are two 
closely related problems which prevent a definitive statement that the optimized 
model of section 6.5.5 is indeed the best possible model for the set of prostate 
shapes. The first problem is that although minimizing the description length 
seems like a plausible method for approaching the best model, there is no way 
to directly prove that the model with the lowest description length is the best 
model. The work of Davies et al [58, 59, 60] followed the principle of Occam's 
razor (i.e. the simplest model gives the best performance), which is superficially 
satisfactory, but does not provide a rigorous proof. 

The second area of difficulty is that it is not possible to define exactly what is the 
optimal model. Two aspects of an ideal model have been previously defined — the 
generality of the model to describe all valid prostate shapes and the specificity of 
the model to only describe valid prostate shapes. Clearly, the optimized model 
from section 6.5.5 fails to achieve these objectives, since it allows prostate shapes 
which would never occur in reality. However, it is certainly possible and probably 
very likely that an ideal model cannot exist for the particular outlines used in the 
model creation. 

6.11.2 Objective function optimization 

The second part of the chapter investigated the underlying statistics in both 
outline and non-outline regions of the image to try and identify the best criteria 
for deciding whether an outline is present in a particular position in a candidate 
image. Many different indicators and filters were included in the analysis to 
provide a thorough investigation of the properties which determine the presence 
of an outline. The statistical analysis provides a robust method of determining 
which of the filter/indicator combinations is most suited to discerning the prostate 
outline in any given image. 

Once again, it is not possible to declare that the best combination for assessing 
the prostate outlines is the one presented in section 6.9.3, only that this is the best 
combination selected from those which were included in the analysis. Other filters 
have been presented in the literature; likewise other statistical indicators could 
be investigated, and these could give improved results over the current optimum. 
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For example, no attempt has been made in the current investigation to assess the 
frequencies (using the Fourier transform) or textural energies associated with the 
prostate outline. However, such work falls outside the scope of this thesis and 
forms one possible direction for future work in the field. 

One aspect of transrectal ultrasound images which has not been included in the 
analysis is the polar nature of the image formation process. The ultrasound beam 
is emitted radially from the probe, and reflected signals are also received radially. 
In accordance with Snell's Law, the strength of the reflected signal is dependent 
upon the angle of incidence between the beam and the reflecting surface. There-
fore, in areas of the ultrasound image where the prostate outline lies perpendicular 
to the ultrasound beam, a strong received echo is expected. Conversely, regions 
where the ultrasound signal and outline are parallel are unlikely to show a strong 
edge feature. This is apparent in most transrectal prostate ultrasound images, 
where the top and bottom sections of the outline are comparatively strong, while 
the side lobes are more poorly discerned. The inclusion of the angle between the 
ultrasound beam and the outline should be included into the statistical analysis, 
since it is very likely to improve the overall performance of the outlining algo-
rithm. This forms one major area for further work in the automated outlining of 
prostates in transrectal ultrasound images, but does not lie within the scope of 
the current research. 

6.11.3 Algorithm speed 

The speed of the final optimized algorithm implemented in C++ is not fast 
enough to achieve the overall goal of monitoring the position and shape of the 
prostate as it is affected by the movement of the resectoscope during TURP. 
The current time of one minute to process each image is significantly slower than 
the ideal, for which the maximum allowable time is of the order of hundreds of 
milliseconds per image, to achieve a a rapid response to changes in the prostate. 
However, several factors could be investigated which would allow the processing 
time to be reduced. 

The first aspect which could be optimized is the hardware upon which the al-
gorithm is run. Computer processor speeds are constantly increasing, with a 
common rule of thumb being that processor speeds double every 18 months. The 
test computer for the algorithm was a dual 1GHz PIII processor machine; at the 
time of writing top of the range workstations contain 2.8GHz processors, which 
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could give an instant reduction to approximately 20 seconds per image. Further 
performance gains could be achieved by adapting the genetic algorithm code so 
that the task of assessing each outline in the population at any generation is 
performed in parallel by more than one processor, either in a multi-processor 
machine, or a more distributed architecture across a network of machines. Some 
performance gains are likely to result from hand tuning of the assembler code 
so that fast multimedia features of the processor (such as vector processing) are 
exploited, redundant code is removed and memory requirements are reduced. Fi-
nally, various parts of the algorithm could be implemented in hardware (either 
dedicated for a particular purpose, or using existing features such as the process-
ing capabilities of the built-in graphics card). 

6.11.4 Additional outlining applications 

The final objective for the outlining algorithm results is to provide information 
about the prostate position and shape during surgery; this objective cannot cur-
rently be achieved using any of the outlining algorithms presented in this thesis. 
However, the optimized PDM and genetic algorithm outlining method presented 
in this chapter gives significantly improved results over previous outlining algo-
rithms presented in the literature. These benefits include both improved cor-
relation with the reference outlines for a set of image, and an improvement in 
algorithm speed over previously reported execution times (although much of the 
increase can be attributed to the improvement in computer hardware). 

Despite the failure for prostate monitoring, there are many other areas in which 
the optimized algorithm can provide benefit. Pathak et al [162] define three areas 
where prostate outlines obtained from transrectal ultrasound images provide key 
information in the clinical decision making process. The first area is in diagnosis 
where prostate specific antigen density [34, 173] is a factor in assessing the likeli-
hood of cancer, and prostate size is a crucial parameter in the analysis of benign 
prostate disease [99]. Both these applications require an accurate assessment of 
prostate volume rather than the actual outlines, however, various studies have 
shown that obtaining the prostate volume by outlining a series of scans provides 
a better estimate than cruder methods based on measuring the height, width 
and depth of the gland and assuming an ellipsoid shape [212]. The second area 
where outlining is routinely performed is during the treatment of prostatic dis-
ease. Therapies such as brachytherapy [84, 85], high intensity focused ultrasound 
(HIFU) [94, 141] and cryotherapy [33, 134] all require accurate knowledge of 
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the prostate outlines so that treatment can be confined to the prostate, and sur-
rounding tissues are not unduly affected. Other therapies such as TURP [35, 208] 
and transurethral microwave therapy [51, 175] require knowledge of the prostate 
volume; calculation of the volume from the outlines would again provide more 
accurate information. The final area for which prostate volume is important is 
in post-operative treatment assessment, and in the monitoring of non-invasive 
therapies such as hormonal treatment [220, 217]. 

6.12 Conclusion 

The work presented in this chapter has been conducted with the aim of improving 
upon the best method for outlining the prostate algorithm from chapter 5 — the 
feature modelling and genetic algorithm method presented by Wu et al [224, 225]. 
Two areas were identified which were candidates for optimization — namely, the 
method of modelling the variation in shape of the prostate, and the method of 
testing the "fitness" of a candidate outline with the underlying image. 

Several methods for generating prostate shape models were investigated, with 
the best result found using an implementation of the optimization method from 
Davies et al [58, 59, 60]. This gave a significantly better model than the feature 
modelling approach, since the model is more compact, and does not exhibit the 
sharp corners or crossings apparent in the former method. 

The criteria for assessing the fitness of each outline was investigated using a 
novel approach, based upon identifying the features present in the images at 
the locations of the expert drawn outlines, rather than by assuming that any 
particular feature best signifies the outline. The approach adopted was to include 
many potential outline indicators and perform a rigorous statistical analysis to 
assess the potential of each indicator. The results of the analysis show that the 
best result performs significantly better than the fitness function used by Wu. 

The optimized algorithm was applied to the prostate image dataset and the result-
ing outlines compared to those drawn by the experts. Whilst still not performing 
to the level of consistency of the human experts, the optimized algorithm shows a 
significant step forward towards this goal, especially in the congruity of outlines 
from the repeated application of the algorithm on a single image. 

The original goal of the image processing of prostate images to find the prostate 
outline was aimed at monitoring the movement and deformation of the prostate 
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which is apparent during TURP operations. The final section of work presented in 
this chapter assessed the execution speed of the optimized algorithm. The result 
of approximately one minute per image shows an improvement over previous 
researchers' algorithms, however, it is still much too long for the goal of real-time 
processing to be achieved. 
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Chapter 7 

CASMS TURP monitoring system 

7.1 Introduction 

The work of the previous chapters has been aimed at finding the outline of the 
prostate in ultrasound images automatically, without user interaction. The pur-
pose of finding the outline is to use this information to track the position of the 
prostate, and monitor changes in the prostate shape, during the course of the 
TURP operation. The outlining work of this thesis has made substantial im-
provements in the reliability and accuracy of automated outlining over previous 
techniques detailed in the literature. However, the execution speed of the new 
outlining algorithm is still not sufficiently swift for the timely tracking of the 
prostate in a real TURP operation. 

The problem of the execution speed precludes the development of a fully func-
tional CASMS system for monitoring TURP procedure in the OT. Despite this 
obstacle, initial advances towards reaching the CASMS goal have been made. 
Section 7.2 gives an overview of the CASMS system and describes the additional 
equipment for such a system over and above that required for the CASTS TURP 
system. Section 7.3 presents the initial trials of the new equipment in the OT 
and highlights additional problems for CASMS, other than the image processing. 

The remainder of the chapter describes the implementation and testing of a 
laboratory-based CAS MS system in which the problems of the OT need not be 
considered. The purpose of the laboratory system is to demonstrate that despite 
the difficulties, ultrasound imaging of the prostate and subsequent processing is 
a viable method for tracking deformation and movement. The laboratory based 
CASMS system also provides the additional tracking required to improve the ac- 
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curacy of the CASTS trainer system discussed in chapter 3. In this respect, the 
training and monitoring system are essentially the same. However, functionally 
the emphasis of the trainer is to provide a positionally accurate visual display to 
the trainee and a true record of performance, while the main objective of the mon-
itoring system is to provide warnings of proximity to resection limits. Therefore, 
the laboratory based trainer/monitor system is referred to as CASTMS (Com-
puter Aided Surgical Training and Monitoring System) throughout the chapter. 

Section 7.4 describes the components and software for CASTMS, including the 
steps taken to circumvent the problems associated with an OT based CASMS 
system (section 7.4.1). The image processing required to detect the phantom's 
outline in ultrasound images is given in section 7.4.2. These outlines must then be 
collated to form the complete 3D model of the resectable region in the phantom. 
It should be noted that the algorithm to perform this task is also applicable to 
formation of a resectable region model from outlines of real prostate ultrasound 
images; where possible all aspects of CASTMS are directly transferable to the 
OT based CASMS. The formation of the model is presented in section 7.4.3. 

The software for CASTMS is described in section 7.4.4. The software is markedly 
different from the original CASTS system although the graphical user interface 
remains practically identical. The main changes are that the architecture has 
been implemented with concurrent threading for true multitasking (CASTS used 
a single execution thread) since the computational demands are far greater, and 
a different programming framework has been used (the Microsoft Foundation 
Classes used in CASTS are too restrictive and overly bulky for rapid execution). 

Section 7.5 presents the testing of the system and the results of a resection trial 
on a prostate phantom. The results are discussed in section 7.6 which highlights 
the improvements afforded by the use of ultrasound for prostate motion tracking. 
Finally, section 7.7 provides a conclusion to the chapter. 

7.2 System components 

Many of the components used in the CASTS TURP system are also necessary 
for the CASMS system. The key difference is that while the CASTS system uses 
and models a prostate phantom, the CASMS system must track changes to the 
unique prostate within each patient. However, there are other, smaller differences 
which are required for the in-vivo system. An overview of the CASMS monitoring 
system for TURP is shown in figure 7.1. 
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Footswitch 

Figure 7.1: Components of the CASMS TURP system. 

The surgical equipment used for the real operation is identical to that used in 
the training system — a desirable feature of the training system since the trainees 
can familiarize themselves with the equipment prior to surgery. However, the 
instrumentation attached to track the surgical tools must be adapted to suit the 
operating theatre environment — the largest difference being that the components 
must be sterilizable. 

7.2.1 Tracking the resectoscope 

The resectoscope ring used in the training system was constructed of a material 
which could survive the sterilization process in an autoclave. However, after 
several sterilizing cycles, the ring was found to shrink slightly causing difficulty 
in mounting the ring onto the resectoscope. The strain relief on the connecting 
wire was also insufficient and did not stand up to the rigours of use, leading to 
problems with IRED malfunctions. An additional problem with using the ring 
was that the positional accuracy deteriorated along the perpendicular axis to the 
ring plane due to the co-planar geometrical arrangement of the IRED trackers. 

The original ring design was modified and the new "endotracker" is shown in 
figure 7.2. The updated design contains additional IRED trackers which are no 
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Figure 7.2: New IRED tracking component. 

longer co-planar to provide improved positional accuracy. The endotracker is 
constructed from aluminium which improves durability and contains a screw-fit 
strain relief to prevent damage to the internal wiring. An additional advantage 
of the aluminium material choice is that the overall weight of the endotracker is 
reduced so the change to the "feel" of the resectoscope is reduced. 

In the CASTS system, motion of the resectoscope's trigger was monitored using 
a potentiometer and cog arrangement directly screwed to the body of the resecto-
scope. This required direct modification of the resectoscope with threaded holes 
for the clamping screws. This method of trigger monitoring is unsuitable for the 
OT because the potentiometer does not survive the autoclave sterilization. The 
position of the potentiometer on the resectoscope and its proximity to the site of 
operation preclude the use of drapes to form a sterile barrier. 

A new design was chosen using the IRED tracking system to provide information 
on the trigger position in addition to the gross position of the resectoscope. The 
trigger tracker contains four IRED markers, two on its top surface and two on the 
underside allowing position tracking regardless of the rotation of the resectoscope. 
Relatively few markers are required in the design since the tracking system only 
needs positional information of a single IRED at any given moment, to provide 
the trigger position relative to the resectoscope body. The trigger tracker fits 
onto the resectoscope body over the electrosurgical lead terminal and is locked in 
place by the electrosurgical lead. The tracker is shown in figure 7.3. 

7.2.2 Ultrasound probe platform 

Ultrasound was discussed in chapter 3 as a means for tracking the position of the 
prostate phantom in the CASTS system, and in chapter 2 for tracking the real 
prostate within a patient. For both applications, ultrasound images are required 
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Figure 7.3: Optical tracking IRED mount for monitoring the trigger motion. 

which cover the whole of the resection region within the prostate. Some modern 
ultrasound scanners are equipped with 3D scanning probes which allow volumet-
ric ultrasound information to be acquired whilst the probe remains stationary. 
However, for the author's PhD work, the only scanner available was an older 
ultrasound system' which provides 2D ultrasound images. This ultrasound ma-
chine is similar those in use in most hospital urological departments - the modern 
3D systems are expensive and their benefit has yet to be proved in the urological 
arena. The potential benefit of 3D ultrasound to the CASMS system is discussed 
in chapter 8, section 8.5.1. 

Obtaining 3D ultrasound information is achievable using a 2D ultrasound machine 
by moving the ultrasound probe along a line perpendicular to the image plane 
whilst monitoring the probe position. The concept is not new — previous work 
in the literature includes methods for obtaining 3D ultrasound using a hand held 
probe [165], or using a mechanical system for moving the probe in a controlled 
motion [166]. For the CASMS application, motion by hand is not feasible since 
the ultrasound information must be continuously updated, and the operative site 
is too crowded for an additional person to be able to access the probe easily (the 
surgeon has too many other concerns to expect them to move the probe!). 

A motorized platform has been designed which holds the ultrasound probe and 
allows precise translation of the probe to give registered 3D ultrasound informa-
tion. The platform can be clamped to a standard photographic tripod for gross 
positioning, whilst finer positioning may be achieved through manual adjustment 
of one translational (in the axial plane of the patient) and one rotational (in 
the patient's coronal plane) axis. The motorized axis of the platform moves the 
ultrasound probe in a reciprocating motion within the rectum, so that axial ul-
trasound images through the prostate can be acquired. The power train for the 

1B&K Medical type 1849 ultrasound machine. 
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Figure 7.4: Ultrasound probe platform. 

platform consists of a lead screw which is driven by a stepper motor through a 
toothed pulley and belt connection. The stepper motor controller is connected 
to the parallel port of the CASMS PC; each step of the motor is achieved by 
pulsing a pin on the parallel port, while the state of a second pin determines the 
direction of motion. The ultrasound probe platform is shown in figure 7.4. 

7.3 Initial operating theatre trials 

During the course of development of the equipment for CASMS, various trials 
were conducted in the OT, both during real TURP operations and whilst the 
theatre was not in use. The purpose of the trials was to obtain feedback from the 
surgeons as to the suitability of each piece of equipment, principally the impact 
on the normal routine of the operation. 

A large proportion of the OT is occupied by equipment and people during a typical 
TURP procedure. The patient lies supine on the operating table with his legs 
clamped open in stirrups. The surgeon is seated at the end of the operating table 
between the patient's legs. A scrub nurse stands to the side of the surgeon beside 
a trolley containing the various surgical equipment required during the course of 
the operation. The equipment required for the operation (electrosurgical current 
generator, endoscopic displays, endoscopy camera base unit and light source) 
resides on a trolley which is positioned on one side of the operating table. The 
head end of the table is occupied by the anaesthetist and the equipment required 

240 



CHAPTER 7 	 CASMS TURP monitoring system 

monitor and maintain anaethesia. Several additional nursing staff are usually 
present within the theatre during the course of the procedure. 

The OT environment is already crowded during a conventional TURP, therefore 
one of the requirements for CASMS is that the equipment be as unobtrusive as 
possible. Access to the patient is difficult — although one side of the operating 
table is clear of equipment, it has to remain so to allow access to the patient by 
the nursing staff. 

7.3.1 Optical tracking system camera 

The "Flashpoint" tracking system uses an array of three infra-red cameras which 
view IREDs on the tracked object and allow calculation of its orientation and 
position. The camera array has a limited working volume within which tools 
can be tracked, and also requires a direct line of sight between each camera and 
the tracked tool. This imposes a stringent limit on the placement of the camera 
system in relation to the position of the tracked tools — the camera must have a 
view of the site of the operation. 

Initial attempts were investigated using a large camera tripod holding a long 
boom, with the camera system bolted to the end of the boom, allowing the camera 
to be sited above the patient and in front of the surgeon — the only position at 
which a clear view of the operating site is attainable. However, the tripod requires 
a large footprint to maintain stability and severely restricts access to the patient 
from the open side of the operating table. The surgical equipment trolley on 
the other side of the operating table prevents siting of the tripod on that side. 
Therefore, the use of a tripod to hold the camera is not a viable solution. 

The adopted solution was to mount the camera on a mechanical arm fixed to the 
ceiling of the OT. The mechanical arm is a pre-existing fixture, usually used to 
hold a video camera and allow filming of an operation. The arm is spring loaded 
to counterbalance the video camera weight (12kg) therefore an additional weight 
attachment was made for the Flashpoint camera system (which weighs 3kg) to 
balance the arm. The arm allows passive position of the Flashpoint camera 
system above the operation site without additional attachments, and provides 
a guide way for the trailing cable between the camera and the Flashpoint base 
unit. The Flashpoint camera, mechanical arm and counterweight are shown in 
figure 7.5. 

One problem introduced from using the mechanical arm is that the Flashpoint 
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Figure 7.5: Flashpoint camera on the OT mechanical arm. 

Figure 7.6: The mock-up tools for tracking the resectoscope and trigger motions 
in use during a TURP procedure. 

camera cannot be locked in position. Therefore, the dynamic reference frame 
(see section 3.2.3.1, chapter 3) of the Flashpoint system must be used so that 
motion of the camera is not mistaken for motion of the resectoscope. The DRF 
must be within the working volume of the camera (alongside the tracked tools) 
thus introducing an additional object close to the operation site. However, even 
with a locked system (such as when the camera was held on the tripod and boom 
arrangement), the use of the DRF is a prudent precaution to detect any motion 
of the camera. 

7.3.2 Tracked instruments 

Mock-ups of the attachments for tracking the resectoscope and resectoscope trig-
ger motion have been trialled in the OT to assess their impact on the TURP 
procedure. Figure 7.6 shows the mock tracking tools in use during a TURP. The 
resectoscope endotracker was found to give minimal interference to the surgeon's 
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movements. In the trial pictured in figure 7.6, the trigger tracker also did not 
cause problems. However, additional trials showed that the trigger tracker could 
prevent the full range of lateral motions during resection when the patient's legs 
are not widely separated. Most patients undergoing TURP are elderly, and many 
have hip problems which prevent the legs from opening to a large angle. At 
present, a successful method for trigger tracking in all cases is still an issue to be 
resolved. 

7.3.3 Ultrasound platform 

Designs for the ultrasound platform were discussed with the surgeons and a mock-
up of the platform was used to assess the likely impact of the probe platform 
on the surgery. During TURP, the surgeon is usually seated on a stool placed 
between the patient's legs. The only possible location for the probe platform is in 
front of this stool, between the surgeon and the patient. The platform's position 
requires the surgeon to be seated further from the patient than during standard 
TURP, however, the surgeons felt that this would not be overly inconvenient. 

A more pressing concern is that the platform restricts the downward movement 
of the resectoscope, preventing resection in the upper sections of the prostate. 
Most of the resection performed during a TURP occurs in the lateral lobes and 
base of the prostate and therefore the presence of the probe platform would not 
prevent TURP surgery, but would hinder a complete resection in some cases. 

The mock probe platform is shown in figure 7.7. 

7.3.4 Ultrasound 

Four TURP operations were conducted with concurrent TRUS imaging of the 
prostate, with the ultrasound probe positioned within the patient's rectum and 
clamped rigidly to the operating table. Initial concerns that the presence of the 
ultrasound probe within the rectum would prevent full motion of the resectoscope 
were unfounded. The resectoscope causes some acoustic shadowing within the 
ultrasound image, but not enough to fully occlude the prostate boundary distal 
to the resectoscope, as shown in figure 7.8. 

The major finding from the ultrasound trials is that the electrosurgical current 
causes severe disruption to the ultrasound imaging system during cutting and 
coagulation of the prostate tissue. Figure 7.9a) shows the image artefact which 
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Figure 7.7: Mock-up of the ultrasound probe platform positioned in relation to 
the surgeon during TURP. 

Figure 7.8: Acoustic shadowing due to the presence of the resectoscope. 
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(a) 
	

(b) 

Figure 7.9: Artefacts due to the electrosurgical current during a) cutting and b) 
coagulation. 

occurs during cutting, while figure b) shows the corresponding artefact resulting 
from coagulation. It is clear that the electrosurgical current during cutting causes 
severe interference with the ultrasound signal and effectively destroys all useful 
image information. During coagulation, the ultrasound image can be partially 
observed, however the image quality is degraded substantially. 

7.3.5 OT trial outcomes 

Following initial trials of the equipment in the operating theatre, it was decided 
that too many problems exist to enable the goal of a full-scale OT monitoring 
system for TURP to be achieved at present. These problems are listed in table 7.1, 
which is subdivided into major and minor difficulties. Table 7.1 also includes a 
list of potential problems which would also need to be investigated should the 
project be continued in the OT scenario. 

The loss of ultrasound information during both cutting and coagulation of tissue 
means that it is not possible to obtain knowledge of the prostate boundary during 
these periods. This is precisely the time when knowledge of the prostate bound-
ary is most crucial, since the likelihood of damage to the critical structures within 
the prostate (verumontanum and puncture of the capsule) is most likely during 
the cutting strokes! However, even if the cutting and coagulation did not cause 
artefacts on the ultrasound image, the time-delays required for processing the ul-
trasound images and moving the ultrasound probe mean that real-time knowledge 
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Major issues 
Cutting current destroys ultrasound image 

Coagulation current partially destroys ultrasound image 
Latency of ultrasound probe platform 

Latency of ultrasound image processing 

Minor issues 
Trigger tracker interference with full resectoscope motion 
Probe platform interference with full resectoscope motion 

Less comfortable surgeon posture 

Potential problems 
Loss of line of sight between optical tracker and tools 

Table 7.1: Current difficulties for establishing a fully functional CASMS system 
for TURP. 

of the prostate shape and position would still not be possible. These time-delays 
are presently too large to be solved simply by using new, faster processors. 

Given the major difficulties described in the previous paragraph, no further work 
was conducted to reduce the minor problems described in table 7.1. The in-
terferences to resectoscope motion could be partially reduced by redesign of the 
components, particularly for the trigger tracker component. In addition the po-
tential problems of loss of sight of the IRED trackers was not investigated. These 
issues should be dealt with once solutions to the major problems are found. 

A more detailed description of possible methods of overcoming these problem 
to enable a fully working OT based CASMS system for TURP is given in the 
next chapter, section 8.5.1. The remainder of the work in this chapter is based 
around a dual purpose system which extends the CASTS system and also gives 
a laboratory based proof-of-concept for using ultrasound as a means to track the 
prostate in the CASMS system. 
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The purpose of the laboratory based system is two-fold in nature, namely the 
extension of the CASTS trainer so that registration is maintained between the 
computer model and the prostate phantom, and secondly, to show that ultrasound 
can be used in CASMS to track the prostate once the issues of timeliness and 
interference are resolved. Figure 7.10 shows the modified laboratory based com-
bined CASTMS system with the patient replaced by the ultrasoundable prostate 
phantom described in chapter 3, section 3.4.2. 

7.4.1 Overcoming the major OT problems 

The problems of electrosurgical current interference on the ultrasound image and 
the time delays from image processing and ultrasound probe motion are not 
immediately solved when moving from the OT to the laboratory. 
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7.4.1.1 Electrical interference 

Resection of the original prostate phantom2  used in CASTS, required current to 
the cutting element to heat the loop and burn through the phantom material. 
However, the gelatin phantom can be resected using a wire loop electrode without 
heating, i.e. the electrosurgical current does not need to be activated for cutting 
to occur. Therefore, the solution to electrical interference in the ultrasound image 
is to use the loop element as a cutting blade without heating. Resection without 
heat has the additional advantage of cutting without melting the gelatin, so the 
resected chips do not tend to stick to the remaining material. 

The adverse effect of not using the electrosurgical current for cutting the phantom 
is that the cuts are not necessarily detected by the laboratory CASTMS PC. The 
electrosurgical current is activated by pressing a foot switch; a micro-switch on 
the foot switch signals this activation to the PC (as described in section 3.2.3.3, 
chapter 3). Foot switch activation is still required in the CASTMS system during 
phantom resection so that the cutting strokes are signalled to the PC. However, 
the two events (current activation and cutting) are no longer inherently coupled, 
and CASTMS relies on timely activation of the foot switch by the user. 

7.4.1.2 Time delays 

Monitoring in the OT requires timely information of the position and shape of the 
prostate so that accurate feedback can be given to the surgeon. It is not possible 
for the surgery to be suspended while the CASMS system catches up with reality. 
However, this restriction does not apply for the laboratory CASTMS trial. 

The main bottleneck which restricts timely updating of the computer's model 
of the prostate phantom is due to the slow movement of the ultrasound probe 
platform, which has a maximum speed of 1.44mm s-1. The maximum speed was 
deliberately made to be slow, so that movement of the probe within the patient 
in the OT would be constrained to be slow by design and not cause damage. 
A faster probe speed could be used in the laboratory trial, however, the goal 
of real time update would still not be achievable so no attempt was made to 
increase the speed. The treatable volume within the phantom is 6cm in length 
(from verumontanum to bladder neck), therefore the time required for a complete 
traverse of this region by the probe is approximately 40 seconds. This gives a 

2The commercial phantom from Limbs and Things Ltd, Bristol, UK. 
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minimum time of at least 40 seconds for each update of the computer model of 
the resection region. 

Time delays due to processing of the ultrasound images are minimized by process-
ing the images during the periods of motion of the ultrasound probe platform. 
The ultrasound images of the prostate phantom are significantly clearer than 
those of real prostates, therefore a faster image processing method may be used 
to detect the outline. Detection of the phantom prostate outlines is discussed in 
section 7.4.2. 

During testing, each resection stroke was preceded by a period of no resectoscope 
movement to allow the CASMS computer model of the phantom to catch up with 
the position of the real phantom. This was achieved by moving the resectoscope 
to the desired position for a cut and then clamping it using a chemical retort 
clamp stand. Once the ultrasound probe platform had made a complete traverse, 
the resection stroke was made by squeezing the trigger, but without changing the 
gross position of the resectoscope. 

For the CASTS trainer, delays in the resection do not make the trainer unfeasible, 
however they are clearly not ideal. Therefore, further testing of the system has 
been performed to gauge the accuracy of monitoring a resection performed in the 
usual manner, i.e. without the waiting period prior to each resection stroke. In 
this trial, the ultrasound probe platform was only used in the initial phase to ob-
tain referenced ultrasound images of the phantom. During the cutting phase the 
probe was clamped at the verumontanum position. The experimental procedure 
for both types of testing is explained in section 7.5.2. 

7.4.2 Phantom outline detection 

Detection of the phantom outline is performed using an optimised PDM and GA 
combined algorithm as described in chapter 6. The PDM was constructed from 
a set of outlines drawn by the author by hand on a series of ultrasound images 
taken at intervals along the length of the prostate phantom. Acquisition of ultra-
sound images was also repeated with the phantom deformed by varying degrees 
using a clamped resectoscope. The complete set of outlines were automatically 
aligned using the simulated annealing algorithm described in section 6.3, chap-
ter 6, and the optimised PDM obtained by using the algorithm of Davies et al [59] 
as described in section 6.5, chapter 6. 

The phantom's PDM is much more compact than the model obtained from out- 
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Figure 7.11: Phantom ultrasound image after preprocessing and outline detection. 

lines of real prostates, since variation in outline shape is much less. The phantom 
outlines are approximately circular or elliptical depending on the degree of de-
formation/movement. Following alignment, the outlines match each other very 
closely so that the final PDM is a highly compact model. 

The compactness of the PDM means that the searching performed by the GA is 
predominantly to find the best pose parameters to fit the outline to the given ul-
trasound image. An additional advantage stems from the fact that the ultrasound 
image of the phantom is relatively clearer in comparison to ultrasound images of 
real prostates. The contribution of both these factors allows the GA to find an 
optimal solution using a smaller population of outlines (100 instead of 400), and 
convergence after fewer iterations (500 instead of 2500) when compared with the 
GA for finding outlines of prostates in real ultrasound images. 

A further gain in terms of algorithm speed is achieved by using a simple, fast 
averaging preprocessing filter for the phantom images, rather than the compu-
tationally expensive speckle reduction algorithm which gives the best result for 
the real prostate ultrasound images. The final algorithm takes approximately 5 
seconds to perform the preprocessing and genetic algorithm optimization on the 
PIII dual processor machine' which is the PC for CASTMS. The gains in execu-
tion speed are such that computing the position of the outline in each image takes 
less than the time required to move the ultrasound probe to the next acquisition 
position (section 7.4.1.2). Figure 7.11 shows an ultrasound image of the phantom 
following smoothing with a spatial averaging filter, which is overlaid with the 
PDM/GA algorithm outline result. 

3The outline detection algorithm runs in a single thread so can only use one of the PC's 
processors. 
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Figure 7.12: IRED tracker for the TRUS probe. 

7.4.3 Modelling the treatment volume 

Once a set of outlines is found from a series of ultrasound images taken at in-
tervals through the phantom, the next step is to construct a 3D model of the 
phantom from these outlines. The method of achieving this goal is described in 
the proceeding sections. The modelling algorithm has been constructed with twin 
goals of fast construction of the 3D model, and the ability for rapid interrogation 
of the model to assess collision detection. Although speed is not a critical issue 
for the lab-based trial, the objectives were set to allow the same algorithm to be 
used in an in-vivo CASMS system. 

Other algorithms are documented in the literature for performing the same task 
generating a 3D mesh from a series of points [137, 139, 231]. However, no 

attempt has been made to compare the timeliness of other algorithms with the 
mesh generation algorithm presented in the proceeding sections. 

7.4.3.1 Coordinate transformations 

The first step in generating the model is to convert pixel points on the ultrasound 
image to points in a 3D coordinate system relative to the resectoscope. These 
transformations have been broken down into a series of steps. The first step re-
lates the pixel position within the image to a co-ordinate system defined around 
the ultrasound probe, which introduces physical dimensions. The position and 
orientation of the TRUS probe is initially captured using an IRED tracker at-
tached to the probe as shown in figure 7.12. Once the resection is underway, the 
resectoscope obscures the TRUS tracker, so the position of the ultrasound probe 
is calculated by counting the number of steps completed by the stepper motor, 
and computing the current position using the initial position and orientation. The 
second step defines the relationship between the ultrasound co-ordinate system 
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Figure 7.13: a) Image and b) ultrasound coordinate systems. 

and the tracking system (world) co-ordinates. The tracking system also moni-
tors the position of the resectoscope, which is used to initially pinpoint certain 
anatomical features of the phantom (or patient's) prostate, allowing definition of 
a co-ordinate system for the boundary. Thus the transformation from the world 
co-ordinate system to boundary co-ordinate system may be defined. Combining 
all the transformations achieves the goal of relating an outline on the ultrasound 
image to the position of the phantom. 

7.4.3.1.1 Image to ultrasound coordinates The first requirement is to 
transform positions from the image co-ordinate system (shown in figure 7.13a) 
given in terms of pixels, to the ultrasound probe co-ordinate system (figure 7.13b) 
in real-world units. 

The transformation requires knowledge of the probe centre within the image, 
and the scales in r and c directions respectively (in pixels per millimetre). One 
method for determining these values would be to measure them once on the 
ultrasound machine at a particular zoom setting, and then use the measured 
values in CASMS. However, this constrains the user to always select the same 
zoom factor when using the system; incorrect setting would result in a boundary 
model which did not match the true size and position of the treatment volume 
within the prostate. 
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Figure 7.14: World and ultrasound coordinate systems 

For the B&K ultrasound system used in the lab trial, the position of the probe 
centre does not change with variations in the zoom setting. Therefore, the probe 
centre parameter has been manually set in the CASMS software. For ultrasound 
machines in which the probe position in the image varies with the zoom, the 
centre can be found rapidly by using a Hough transform 11031 to identify the most 
likely position.4  The pixel per millimetre scale factors are found automatically 
by detecting the scale markings on the left and bottom of the image. 

The position of a pixel P (r, c) transforms to the ultrasound probe coordinate 
position P (xus,Yus,zus) according to: 

xus = (c — co)cseate, Yus = (ro — r) rscate, zus = 0 	(7.1) 

where (ro , co) is the probe centre in the image and rsea/e, escate are the respective 
pixel per millimetre scales. 

7.4.3.1.2 Ultrasound coordinate system Figure 7.14 shows the relation-
ship between the ultrasound coordinate system and the world coordinate system 
used by the Flashpoint tracking system. The Flashpoint system initially captures 
the ultrasound probe position from the IRED markers attached to the TRUS 
probe, and calculates the unit vectors corresponding to the long axis of the probe 

4The Kretz 420 machine, which was used to capture the prostate image data set described 
in chapter 5, is an example of an ultrasound system in which the probe position in the image 
is governed by the zoom setting of the machine. 
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(flprobe) and a perpendicular axis which corresponds to the vertical axis from the 
transducer, and the position of the probe tip (Swor/d0)5.  As the probe moves 
on the probe platform, these unit vectors remain the same, but the tip position 
varies according to: 

Sworld = SWorldo Nsteps scaleflprobe 
	 (7.2) 

where Nsteps  is the number of steps moved by the probe platform's stepper mo-
tor, and Mscate  is the corresponding millimeters per step parameter of the probe 
platform. 

CASMS uses these vectors to determine the position and orientation (the cosines 
of the angles) of the probe with respect to the world co-ordinates. The ultra-
sound co-ordinate system is defined such that the zero-point (i.e. the monitored 
position where [xworid, World' zwortd, °XWorld °World ° ZWorldi = [0, 0, 0, 0, 0, 0])  cor-
responds to the long axis of the probe lying along the positive Zworld axis, with 
the transducer in the plane zworid = 0, and the xus  and yus  axes aligned with 

the XWorld and 'Worm axes respectively. ° 	orld °World ,  ZW °rid are the angles of 
rotation around each of the world axes, defined as positive clockwise when looking 
from the origin along the respective positive axes. For a point P (zus,  yus, zus) 

in ultrasound co-ordinates, the corresponding position in the world co-ordinates 
system is found by a series of rotations (R) and translations (T), given the probe 

Orb. = tip origin SW 	[ LS XWorld 7  SYW °rid ) SZWorldl :  

Rotate around zworid  axis: 

cos (Ozwor(d) 	— sin (Ozworid ) 
sin (0 zWorld) 	cos (0 zWorld) 

0 	 0 
0 	 0 

0 
0 
1 
0 

0 
0 
0 

1 

zus 
yus 
zus 
1 

= R (Ozwor(d) P (7.3) 

Rotate around XWorld  axis: 

1 	0 	 0 	0 
0 cos (Oxw  orld) — sin (Oxwor(d)  0 
0 	sin (Oxwor(d ) 	cos (Oxw  orld ) 0 
0 	0 	 0 	1 

R (0 zworid) P= R  ( 9Xworld) R (Ozwor(d) P 

  

(7.4) 

5The ultrasound image is formed from mechanically rotating transducer with the TRUS 
probe. The "tip" position refers to the centre of rotation of the transducer. 
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Rotate around yworid  axis: 

cos (0yWorld)  
0 

— sin (0yWorld)  
o 

0 
1 
0 
o 

sin (19 yw orid ) 

0 
cos (°ywortd)  

0 

0 
0 
0 
1 

R (OXWorld) R ( 0  zworid) P-- 
(7.5) 

... = R ( 0yWorld) R (eXWoriel) R (°ZWorld) P 

Translate to the scan position: 

1 	0 	0 	S XVII arid 

0 	1 	0 	Syworid  

o 0 	1 	S ZWorld 

0 	0 	0 	1 

R (0ywo„) R (Oxworid ) R (Ozworid ) P... 

(7.6) 

... = T (SWorld) R (eywor,d ) R (0,„,orld ) R (0 zwor ,d ) P 

The world and ultrasound co-ordinate systems are aligned, therefore the position 
of P in the world co-ordinate system is: 

PWorld = T (SWorld) R ( 9YWorld) R (°1World) R (Ozworld) P 
	

(7.7) 

7.4.3.1.3 Boundary coordinate system Figure 7.15 shows the co-ordinate 
system used to define the boundary and its relationship to the world co-ordinate 
system. The boundary co-ordinate system is defined such that the origin lies at 
the verumontanum (the lower bound for resection) with the zGiand  axis lying along 
the urethra the straight line joining verumontanum to bladder neck. The planes 
orthogonal to the zGiand  axis are defined using a polar co-ordinate system, with 

rmand defining the distance from the Zmand axis in each plane, and 
i9 - 	

19- Gland the angle 
around the axis. The line Gland = 0 is arbitrarily defined such that transforming 
the boundary co-ordinate system by translating the origin (verumontanum) to 
the world origin, followed by rotating around the Xworid and yworid  axes to align 
the zmand axis with the zwortd  axis, causes the line 79Gland = 0 to lie along the 
XWorld axis (assuming no rotation around the zwortd  axis). 

The positions of the verumontanum and bladder neck must be defined in terms of 
the world co-ordinate system. At present, this is achieved initially by asking the 
user to mark the position of the verumontanum and four points on the bladder 
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Bladder neck 
( BXworld , BYWorld , BZ rid) 

zWorld 

Figure 7.15: Relationship between the prostate boundary, ultrasound and world 
coordinate systems. The prostate (blue dashed outlines) is shown elongated to 
aid clarity. 
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neck (topmost, leftmost, bottommost and rightmost) using the resectoscope as 
a pointing device. The world co-ordinates of these points are recorded using 
the Flashpoint optical tracker. The bladder position is calculated as the average 
position of the four defined points. 

These initial positions for the verumontanum and bladder neck also provide the 
limits for the motion of the ultrasound probe platform, i.e. the traverse of the 

ultrasound probe starts at the position where the verumontanum point lies within 
the ultrasound image, and finishes once the bladder neck point lies within the 
image plane. The end stops for the ultrasound probe remain constant throughout 
the course of the resection. However, the positions of the verumontanum and 
bladder neck are updated with each traverse of the ultrasound probe. They 
are calculated from the mean of a set of points on the detected outline in the 
respective ultrasound scans so that the gland coordinate system moves as the 
phantom (or real prostate) moves. 

Considering a point P (XWorld)YWorld) ZWorld) defined in the world co-ordinate 
system, the corresponding point in the boundary co-ordinate system is found 
as follows, given the verumontanum position Vw  orld (V xworld)VYWorld)VZWorld)  and 

bladder neck position Bvvorld (By world BYWorld7 BZWorld) :  

Translate verumontanum back to origin: 

1 0 0 —Vxworid 
0 1 0 —Vywo, 

P = T (Vworid) P (7.8) 
0 0 1 —Vzworid  
0 0 0 1 

The angle needed to rotate around the xw„id  axis to bring the zmand  axis to lie 
on the XWorld) ZW orld plane is calculated as: 

OXWorld = atan2 (Bywortd VYW °rid) BZworld 	VZWorid) 

	
(7.9) 

where atan2 (y, x) returns the arctangent of in the range —7r to +7r radians 
using the signs of y and x to determine the quadrant. 

257 



CHAPTER 7 
	

CASMS TURP monitoring system 

Rotate around the XWorld axis: 
- - 

1 
0 
0 
0 

0 
cos (co . , XWorld) 
sin (Oxworid)  

0 

0 

— sin (OXWorld) 
cos  (Ox World ) World 

0 

0 
0 
0 

1 

T (VWorld) P. • • 

(7.10) 

•• • = R (Oxworld) T (VWorld) P 

The angle needed to rotate around the yworid axis to bring the zGiand  axis to lie 

along the Zworid axis is calculated as: 

OYWorld = -atan2 (BXWorld — V XWorld • • • 

(7.11) 

• • • (Bywor(d  — Vyworid ) sin (OXWorld) + (BZWorld — V2World) cos (OTWorld)) 

Finally, rotate around yworld axis : 

cos (0  World ) 0 	sin (0yWorld
) 	0 

0 	1 	0 	0 
R (Oxwo,) T (VWorld) P... 

— sin (6World) 	0 	cos (0World) 	0 . ,  (7.12) 
0 	0 	0 	1 

— = R (0Yworid) R(Cbxworid)T (VWorld) P 

Therefore, PGland (the point P in the boundary co-ordinate system) is defined as: 

PGland = 

and the rGiand and 19Gland 

XGland 

YGland 

ZGland - 	- 

rGland 

19 = atan2 

coordinates 

= R (yworld) R (Oxwortd)T (Vworid) P 

are found as : 

(7.13) 

(7.14) 

(7.15) 

= kland ± YGiand 

( \YGlandl XGland) radians  

7.4.3.1.4 Outline contour transformation The transformation equations 7.1, 
7.7 and 7.13 can be combined to transform the position of a point in the image 
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to the boundary co-ordinate system. The full transformation is: 

XGiand 

YGland 

zGland 

1 

= R(Oyworid) R (ISI4rorld) T  (V W orld)T (Sworid) • • • 

• • • R ( ByWorld) R ( BXWorld) R (e  ZWorld) 

PGland = 

(C — Co) X scale  

(r0 — r) rscate 

0 

- 	 (7.16) 

1 

with the boundary polar co-ordinates defined according to equations 7.14 and 7.15. 
However, the conversion of each outline to a polar coordinate system (as discussed 
in section 7.4.3.1.5) requires knowledge of the position of the urethra in each im-
age, which is the solution for xus, yus  and zGiand  given that XGland = YGland = 

ZUS = 0. 

Re-writing equation 7.16 as: 

XGland ABCD
- 

xus 

YGland EFGH Yus 
= 

ZGland I 	JK L zus 
1 MN 0 P 1 

multiplying out, re-arranging and inserting known values gives: 

xus = Uxus  
DF—BH    . 	 
BE—AF 

Yus = Uyus  
_ AH — DE 

BE—AF 
(7.17) 

DF — BH AH — DE 
zm 	 I 	 and — Uzciand =  BE — AF + J 	BE — AF 

where U is the position of the urethra in the image, and the distance along the 

Zmand axis. 

The transformations are adjusted so that they relate the position in the image 
with respect to the verumontanum position, to the boundary co-ordinate system. 
This is synonymous with moving the ultrasound probe position to the position 
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(a) 
	

(b) 

Figure 7.16: a) Outline which cannot be represented in polar form. b) Polar 
approximation of the outline. 

of the urethra, i.e. 

	

(BXW id — V• XWorld) 	 (7.18) Sxworld = VXWor ld UZGlan d 
LGland 

= VW 	+ UZGland(
BYW oriel V• YWorid) 	(7.19) yWorid 	orld 

( ZWorld 	V• VINorld) 
S Zw oriel = VZWorld U 	

B
ZGland 	 (7.20) 

LGland 

where LGland  is the distance between the verumontanurn and bladder neck: 

)2 	( pe 	 )2 
LGland 	 + ( Bxwortd 	Vxwortd1 	l'-"Ywold 	VYW orld 	(-"ZWorld 	VZWorld 

(7.21) 

7.4.3.1.5 Polar outline transformation The mesh generation algorithm 
described in section 7.4.3.2.2 requires a polar representation of the prostate out-
lines from section 7.4.2. The origin of the polar coordinate system is defined as 
the position of the urethra within each scan. The use of a polar representation 
r = f (79)presents certain limitations in that each value of 79 has a single radius 
associated with it. Figure 7.16a) shows an outline which cannot be represented in 
polar form, hence cannot be used in CASMS. However, inspection of the prostate 
ultrasound images and expert drawn outlines shows that very few are not capa-
ble of exact representation in polar form. When approximation is necessary as in 
figure 7.16b), the polar representation is defined such that the modified outline 
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Median lobe 

\ZGland aX1S 

Bladder neck 

(a) 	 (b) 

Figure 7.17: a) Enlarged median lobe overhanging bladder neck. b) Ultrasound 
image through the median lobe. 

does not lie outside the original outline. 

A further limitation of the polar co-ordinate representation is that outlines which 
do not encircle the urethra, may not be defined. Such an occurrence can occur in 
prostates where the median lobe is so enlarged that it extends beyond the bladder 
neck as in figure 7.17. Whilst not a problem for the laboratory test of CASMS 
on the prostate phantom, in the real CASMS system it may present difficulties. 
However, it is likely that the volume of treatable tissue within such an overhang 
is small, and that with proper knowledge of CASMS, the surgeon will know when 
to disregard a proximity warning given in this region. 

7.4.3.2 Boundary generation 

Once outlining is completed for all the acquired TRUS scans, CASMS devel-
ops a 3D model of the treatment volume within the prostate. The points on each 
outline are gathered and transformed to the boundary cylindrical co-ordinate sys-
tem. Thus, each point (interpolated from the complete outlines) has co-ordinates 
(z, r,79). Additional points, with zero radius and at incremental q9, are added at 
both ends of the boundary, to ensure that interpolation at the boundary ends is 
performed between the most appropriate points. 

7.4.3.2.1 Data space transformation The objective of the boundary gen-
eration procedure is to develop a mathematical model of the boundary, such that 
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the radius can be calculated for any (zo9). This corresponds to a two dimen-
sional interpolation, between three defined points on at least two TRUS scans. 
Various schemes exist for performing such an interpolation, but the best way is 
to form triangles across the data space, and interpolate a point according to the 
vertices of the triangle that it falls inside. The problem with the interpolation is 
that the data points are defined with one linear (zGund) and one angular ( 19,-- Gland) 

dimension, implying a complicated calculation involving the radius of each point 
in order to compare relative distances. CASMS overcomes this problem by trans-
forming the angular dimension to a linear one (w), by multiplying the angle of 
each point by a constant. The transformation corresponds to unrolling the cylin-
drical co-ordinate system onto a 2D plane. The assumption is that the radius 
does not vary significantly between points. The transformation constant is chosen 
so that the range of the dimension w is the same as the dimension ZGland, i.e. the 

data-space is square. 

7.4.3.2.2 Triangulation The data points now lie on a 2D plane. A Voronoi 
tessellation [218] of the data-space is obtained by drawing polygons around each 
point such that the area within the polygon is closest to that point. Each side 
of each polygon bisects the line joining the two data points whose polygons are 
bounded by that side. Therefore, each vertex of the polygons is the centre of a 
circle which passes through the three nearest data points. The triangles formed 
by the data points are the basis for interpolation for any point on the boundary. 
This triangular mesh is known as a Delaunay triangulation [62]. The criterion for 
the mesh is that no data-point falls within the inscribing circle of any triangle. 
Figure 7.18 shows a sample data-space with Voronoi tessellation and Delauney 
triangulation. 

Constructing the mesh is a stepwise process of introducing a new point, checking 
all triangles to find those where the new point falls within the inscribing circle, 
deleting the found triangles, and reforming the triangles with the new point. 
The usual initial starting point is to create one triangle from three extra points 
that encompasses the whole data-space; two triangles (and four points) are used 
in CASTMS since the data-space is square. The initial triangles are shown in 
figure 7.19. 

The software implementation of the triangulation routine contains an extra cri-
terion beyond a simple Delaunay triangulation of the data points. As each point 
is added to the mesh, an additional check is made to ensure that new triangles 
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Figure 7.18: a) Data points. b) Areas closest to each data point (Voronoi tessel-
lation). c) Inscribed circles inside which no point may lie. d) Delaunay triangles. 

Figure 7.19: Initial triangles formed by four extra points (blue) completely sur-
round the true data points (red). 
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are constructed from points which derive from at least two different ultrasound 
images. The check is necessary because points from the same ultrasound im-
age will only lie on a straight line (and therefore not produce a triangle) in the 
data space transformation if the zatand and zus axes happen to be parallel. The 
additional check extends the calculation time required to construct the mesh, 
however, the execution speed is still sufficiently rapid for a mesh of 600 data 
points6  to be performed in under a second on the CASTMS PC (using a single 
1GHz processor). 

7.4.3.2.3 Radius interpolation The purpose of constructing the triangle 
mesh is to interpolate the radius at any point from the vertices of the triangle 
around the point. Thus, the first task is to find the triangle that contains the 
point in question. A simple method for performing this function is to sum the 
angles between lines joining the point to the triangle's vertices. However, such 
a method requires trigonometric calculations, and is therefore too slow, (since it 
must be applied many times). Instead, a line from the point to infinity in any 
arbitrary direction is drawn. This line will cross the containing triangle once, 
and twice or not at all for any other triangle. There are two possibilities for error 
(since the computer has a limit of precision). The first is caught by an explicit 
check for the point lying on a vertex - the radius of the vertex is returned. If 
the point lies on or near a triangle edge, then the lack of precision could possibly 
cause the wrong triangle or no triangles to be found. Wrong triangles are rejected 
by performing a second edge-crossing test in the orthogonal direction. Extensive 
testing of the algorithm has shown that this mechanism is adequate to prevent 
any false finds or search failures. 

Once the surrounding triangle is found, calculating the radius is a simple interpo-
lation. The triangle lies in the plane defined by its vertices (x1, Yi, ri), (x2, Y2, r2), 

(x3, y3, r3) such that: 
dr dr 

r  = x—dx + y—dy c  
which may be solved by substituting for the known values at the vertices. 

The software implementation of the radius interpolation routine is important since 
the position of the resectoscope's cutting loop must be constantly checked against 
the mesh to detect proximity to the resection limits. The triangle search method 
is accelerated by starting each new search from the previously found triangle. 

6The 600 data points are formed from 100 interpolated outline points on each of six ultra-
sound images at 10mm spacings through the resectable region in the phantom prostate. 
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Thus extensive searching of the mesh is only required when the resectoscope 
moves from one side of the zGiand  axis to the other (during which the cutting 
loop cannot be close to the resection limits, so extended searching time is not a 
problem). Testing of the software implementation shows that radius interpolation 
can be performed at rates of 50Hz using a mesh containing 600 data points and 
running on the CASTMS PC. 

The radius interpolation routine does not guarantee that the returned point is 
necessarily the closest point on the mesh to the cutting loop, i.e. exact collision 
detection between the resection limits and the cutting loop is not performed. 
However, for smoothly varying shapes such as the prostate (both the real and 
phantom varieties) this only presents a problem when the cutting loop is at ei-
ther end of the resection region (near to the verumontanum or bladder neck). 
Additional checks are made to find the true closest point when the cutting loop 
gets close to these ends. 

Fast explicit collision detection routines which always find the closest point on a 
surface do exist, such as the method proposed by Starkie [200], where a NURBS 
surface is used as the collision boundary. However, direct generation of a NURBS 
surface from a cloud of points is not a simple task. For the purposes of CASTMS, 
boundary proximity rather than collision detection is the required knowledge, and 
the current interpolation routine is considered to be sufficient. 

7.4.4 Software architecture 

The software for CASMS has been created according to the principles of good 
object-oriented design [133] using the Unified Modelling Language [73] approach 
to analyze the problem and assess possible usage scenarios prior to coding [81]. 
The software classes have been written with strong encapsulation of the required 
tasks, and provide a level of abstraction to the underlying hardware. The result 
is a highly modular structure within which many individual components can be 
re-used in subsequent minimally invasive training or monitoring systems. An 
overview of the software is given in figure 7.20, which shows the class hierar-
chy, inter-class relationships and the number of instances corresponding to each 
relationship (one to one or one to many7). 

The PC used for the laboratory CASMS system is a Dell8  Precision 220 worksta-
tion with dual 1GHz Pentium III processors running the MicrosoftTM  Windows 

7One to many relationships are denoted by an asterisk on the multiple instance class. 
8Dell Computer Corporation, Bracknell, Berkshire, UK. 
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Figure 7.20: Software class hierarchy. 
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2000 operating system. The additional components for the PC are the DT302 
data acquisition card for detecting foot switch activation (described in chapter 3, 
section 3.2.3.3) and a Matrox Meteor-II frame grabber card for capturing video 
signals from the ultrasound system. Unfortunately, both these cards are only sup-
plied with drivers for the Microsoft Windows family of operating systems, so that 
the choice of operating system for the CASTMS PC is restricted to these. This 
does not pose a significant problem for the laboratory CASTMS setup, however, 
the preemptive and closed-source nature of the Windows operating system means 
that it is unsuitable for use in a real time application such as a complete CASMS 
system for use in the OT. The author advocates the use of alternative operating 
systems, such as one of the Linux distributions, as a more suitable alternative to 
Windows since they are open-source, capable of true real-time performance and 
highly configurable to the required task. 

To enable progress towards adoption of an alternative operating system, the soft-
ware has been designed for cross-platform compatibility where possible. In par-
ticular, the design provides a clear boundary between the graphical user interface 
(GUI) and the remainder of the software. The GUI itself has been designed using 
the freely available FLTK [71] cross platform library, which provides a fast toolkit 
without the unnecessary overheads of the native Windows GUI framework. In-
stances where specific Windows instructions are necessary, such as access to the 
boards and ports, have been completely encapsulated to enable a change in op-
erating system with minimal rewriting of code. 

The following sections describe the major classes within the CASTMS software 
design. 

7.4.4.1 Frame Factory class 

The frame factory class controls the automated aspects of the CASTMS sys-
tem. Figure 7.21 shows the flow diagram for the frame factory's active thread. 
The frame factory generates requests for movement of the ultrasound probe and 
passes them to the motion controller class (section 7.4.4.4). Once completion of 
each movement is signalled by the motion controller, the frame factory collects 
an ultrasound image from the grabber class (section 7.4.4.2), and the current 
ultrasound probe location from the motion controller, which are combined in a 
frame class. Once processing of the previous frame9  into an ultrasound slice ob- 

9The frame contains the ultrasound image and the location of the probe when the image 
was captured. 

267 



Clear frame set 11
19

7s
  i fs

 . g
ri

!J
cq

T
tio

cu
  c

flI
fl

L
 S

I4
[S

IT
3 

L  
1:1

3,L
dV

H
D

  

Send forward to 
Motion Controller 

Send backward to 
Motion Controller 

NO 
Wait on Motion 

Controller semaphore 

START Grab frame 

Frame Factory thread 
I 	  

Wait on Frame 
Processor semaphore 

US slice set full? 

(ThYES 

Wait on Gland 
Processor semaphore 

Get processed US slice 

Add US slice to 
US slice set 

Send US slice set to 
Gland Processor 
	I 

YES 
Frame set full? 

Get probe and 
resectoscope position 

J 

Send frame to 
Frame Processor 

Frame Processor thread', Gland Processor thread; 
(see figure 7.23) 	; (see figure 7.23) 

, 



CHAPTER 7 	 CASMS TURP monitoring system 

ject is completed by the frame processor class (section 7.4.4.5), this ultrasound 
slice is retrieved and the new frame passed to the frame processor. The processed 
ultrasound slice is added to a set of slices for the current traverse of the ultra-
sound probe. Once the ultrasound slice set is complete, it is passed to the gland 
processor (section 7.4.4.7) and the probe motion changes direction. 

7.4.4.2 Grabber class 

The grabber class provides an abstracted interface to the low-level driver for the 
Matroxi°  Meteor-II frame grabber card. The grabber class captures image data 
from the card and performs some preliminary calculations including establishing 
the scale setting and probe location in the ultrasound image. 

7.4.4.3 3D Position class 

The 3D position class provides information on the positions and status of the 
resectoscope, cutting loop and foot pedals. The class provides an abstraction 
layer to the flashpoint class which provide access the Flashpoint hardware though 
a serial port class. The 3D position class has an in built timer which triggers 
requests to update the positional information. On each tick, the current position 
of the resectoscope and cutting loop are acquired from the flashpoint class, and 
the status of each foot pedal is checked to detect cutting and coagulation actions. 

7.4.4.4 Motion Controller class 

The motion controller class is an abstraction layer for interfacing to the underlying 
hardware which controls the motion of the ultrasound probe platform. The class 
contains a list of requested moves which are carried out in sequence; completion 
of each move is signalled to the requesting class through a functoril  so that the 
class is encapsulated according to the set design criteria. 

The motion controller class contains a timer which triggers at intervals of 25 
milliseconds'. On each tick, if a move is requested or already underway, a pulse 

1°Matrox Electronic Systems Ltd, Dorval, Quebec, Canada. 
11A functor is an object which may be called as though it is a function. In the motion 

controller class, calling the functor releases a semaphore in the Frame Factory class, although 
the Motion Controller does not (or need to) know this. 

12The timer interval is adjustable and alters the velocity of the stepper motor. The current 
value of 25ms is the minimum interval which still ensures correct activation of the stepper 
motor, without loss of steps. 
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is sent through a pin on the parallel port to the stepper motor controller hardware, 
and the ultrasound probe platform moves through one step. The desired direction 
is controlled by changing the state of a second parallel port pin. Control of the 
parallel port is abstracted in a separate class which uses a freeware utility to 
access the parallel port under Microsoft WindowsTM.13  

The flow of the motion controller class is presented in figure 7.22. 

7.4.4.5 Frame Processor class 

The frame processor class receives grabbed frames from the frame factory and 
uses the genetic algorithm/PDM method described in section 7.4.2 to find the 
boundary of the prostate/prostate phantom. The prostate boundary information 
is stored in an outline class, which together with the frame comprise an ultra-
sound slice class. Completion of processing is signalled by calling a functor which 
releases a semaphore in the frame factory class. Figure 7.23 shows the flow of the 
frame processor thread 

7.4.4.6 Ultrasound Slice class 

The ultrasound slice class is an abstract parent class which allows other classes 
access to the ultrasound image and outline information. The class is split into 
two child classes, a real ultrasound slice class which is generated by the frame 
processor and contains the functionality for processing the image and creating the 
outline information, and a proxy ultrasound class which allows other classes access 
to the data but without the ability to change it, such as the gland processor and 
GUI classes (sections 7.4.4.7 and 7.4.4.10). The real/proxy divide ensures that 
only one copy of the ultrasound slice information is stored, and that it remains 
valid while other classes are accessing it. Once all the proxies are released, the 
real ultrasound slice data is deleted. 

7.4.4.7 Gland Processor class 

The gland processor class receives a set of processed ultrasound slices from the 
frame factory, and uses the detected outlines to generate a 3D mesh of the allow-
able operating zone within the prostate. The outlines in each frame are converted 
to polar form, then interpolated to a set of points which are transformed to the 

13The parallel port driver is freely available from www.mtnmicro.com/resources.  
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gland coordinate system, as described in section 7.4.3. The resulting points are

triangulated to form a gland object (also described in section 7.4.3).

7.4.4.8 Gland class

The gland class is an abstract parent class allowing other classes access to the

current 3D model of the resectable region within the prostate. The class follows

a similar structure to the ultrasound slice class with a real gland class which

is generated by the gland processor containing the functionality for generating

the model, and a proxy gland class which allows for interrogation of the model

by other classes, such as the gui class and the operation class, but without the

ability to change the underlying gland model. The real/proxy divide ensures that

only one copy of the model information is stored, and that it remains valid while

other classes are accessing it. Once all the proxies are released, the real gland

data is deleted. Since the gland data is continuously updated, the real/proxy

structure provides an excellent method for allowing many classes access to the

same information without unnecessary duplication of the data.

7.4.4.9 Operation class

The operation class provides the monitoring aspect of the CASTMS system. The

class contains an embedded timer which provides timed requests for resectoscope

status information to the 3D position class. During resection, the operation

class interrogates the current gland class model to assess the proximity of the

resectoscope to the model boundary. Resection strokes are captured and stored

and warnings are generated when the cutting loop approaches the resection limits.

The flow of the operation class thread is shown in figure 7.24.

7.4.4.10 GUI class

The gui (graphical user interface) class provides the visual display to the user

and provides the various buttons and dialogs to allow set-up of the CASTMS

system. The gui class contains a timer which causes refresh of the display so

that the position and status of the resectoscope, the current gland 3D model, and

the progress of the resection are shown at interactive rates. The user interface is

similar to that used in the CASTS trainer (chapter 3, section 3.2.4.2) except that

the planes through the gland model are superimposed onto the ultrasound image
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Figure 7.25: The GUI of the CASTMS software. 

captured nearest to the current position of the cutting loop (although these were 
not displayed when the screen shot of figure 7.25 was captured). 

The GUI is shown in figure 7.25. The left side of the GUI shows the resectoscope 
(in green since cutting is not being performed) overlaid on the modelled treatment 
volume (the red, rendered portion) of the prostate phantom. The blue/black 
wire frame regions of the phantom are static images which convey the overall 
phantom shape, but are not updated as the treatment volume model changes. 
The horizontal lines show the locations of the ultrasound scans, with the blue 
line corresponding to the closest ultrasound scan to the position of resectoscope 
cutting loop. 

The right hand side of figure 7.25 shows the ultrasound image taken at the location 
of the blue line. The green curve shows the detected phantom outline, and the 
red curve shows the periphery of the resection cavity. The yellow cross-hairs show 
the position of the cutting loop in the plane of the ultrasound image. 

7.4.5 Modelling the resection cavity 

As the resection progresses, CASTMS uses the positions of the resectoscope and 
cutting loop during each cutting stroke and the current model of the gland to 
calculate and store the resection cuts in terms of the gland coordinate system 
(described in section 7.4.3.1.3). These resection cuts appear as circles in the 
cutting planes through the gland which are shown as part of the GUI. 

In a real prostate, there is no (or at least very little) cavity within the prostate 
prior to resection. However, the phantom does have a significant cavity already 
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Figure 7.26: CASTMS physical setup. 

before any cuts have been made which must be included in the resection cavity 
data. 

An additional image processing phase is performed to detect the initial cavity 
during generation of the first gland model. As each ultrasound image is processed, 
the region of the image which lies within the detected outline is thresholded to 
produce a binary image of the cavity. Points on the periphery of the cavity are 
then added to the list of resection cuts. 

The cut position data is used to create the resection cavity presented in figure 7.36, 
on page 285. 

7.5 CAST S system testing 

Figure 7.26 shows the CASTMS physical setup. Apart from the addition of 
the ultrasound probe platform, the main change from the CASTS system is the 
modification of the mock abdomen (perspex box) so that it may be completely 
filled with water during the resection. The water ensures a good conduction 
medium for the ultrasound imaging. Flexible latex ports on the front of the 
abdomen allow entry and movement of the ultrasound probe (lower port) and 
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Figure 7.27: Gelatin phantom set into perspex base. 

the resectoscope (upper port) without leakage. 

7.5.1 CASTMS setup 

Figure 7.27 shows a gelatin phantom prior to resection in the CASTMS system. 
The phantom is set onto a perspex plate which screws into the base of the mock 
abdomen and anchors the phantom. The metal rod shown in figure 7.27 is a 
former for the hole to allow ultrasound access, and is removed prior to use. 

Once the phantom is placed inside the abdomen, the ultrasound probe and re-
sectoscope are inserted through the latex ports. The resectoscope port contains 
an o-ring which clamps onto the resectoscope shaft and achieves a watertight seal 
whilst still allowing the resectoscope to slide in and out. Sealing of the ultrasound 
probe port is achieved with a cable tie. The final step in the physical setup is to 
fill the mock abdomen with water. 

On initialization, the CASTMS software proceeds through a series of internal 
checks to ensure that correct handshaking with the Flashpoint system, the frame 
grabber, the data acquisition card and the stepper motor controller are achieved. 
The stepper motor is activated so that the ultrasound probe platform moves to 
its home position. CASTMS acquires the position of the ultrasound platform 
home position and the vector of the axis of travel using the Flashpoint IRED 
probe tracker (see figure 7.26). The resectoscope must be held to one side during 
this process, to allow direct line-of-sight between the IRED markers and the 
Flashpoint camera array (the resectoscope obscures the probe tracker during use 
as described in section 7.4.3). 

The final task in the setup is that the user is prompted to pinpoint the positions of 
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Figure 7.28: CASTMS in use in the laboratory. 

the verumontanum and bladder neck using the resectoscope as a pointing device, 
and select the number of scans to be acquired on each pass of the ultrasound probe 
through the phantom. The ultrasound probe then moves to the verumontanum 
position and begins the first traverse. CASTMS is ready for resection to proceed 
once the first traverse is completed. 

Figure 7.28 shows the CASTMS system during resection of a phantom. 

7.5.2 Experimental procedure 

Two experiments were conducted using the CASTMS laboratory setup, with the 
first being a test of using ultrasound tracking as a method of improving the 
registration of the CASTS system, and the second an assessment of the potential 
accuracy of ultrasound tracking. The main objective of the first experiment was to 
assess the performance of the system without inflicting changes to the operation 
protocol on the user. For the second experiment, this criterion was lifted — any 
change to the normal procedure of resetting the prostate (phantom) was deemed 
permissible. 

7.5.2.1 Static probe experiment 

Following setup of the CASTMS equipment and software, the first experiment was 
conducted with the ultrasound probe platform clamped at the verumontanum, 
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i.e. the position at which the specified position of the verumontanum coincide 
with the image plane. The verumontanum position was chosen since this portion 
of the resectable region undergoes the most movement during the course of the 
phantom's resection. 

The ultrasound images were processed using the same outline detection algorithm 
described in section 7.4.2. However, only the centroid of the detected outline 
was used to update the computer model of the prostate phantom. Following 
outline detection, the verumontanum position in the gland coordinate system 
was updated to be the calculated outline centroid, and the zmand  axis adjusted 
accordingly. Thus only the position of the phantom model changes without any 
deformation. 

The resection was conducted in the same manner as the CASTS system, with the 
exception that resection of the upper area of the phantom near to the verumon-
tanum was hindered by the presence of the ultrasound probe. 

7.5.2.2 Clamped resectoscope experiment 

Following setup of the CASTMS equipment and software, a partial resection of the 
prostate phantom was performed. Prior to each cut being made, the resectoscope 
was held in a fixed position by clamping it in a chemical retort stand. The 
clamping allowed the software to obtain an up-to-date model of the phantom 
which correctly reflected the deformation and position changes of the phantom. 
Once a complete pass of the ultrasound probe had completed (i. e. the model was 
updated), a resection stroke was made using the trigger action alone and with 
the cutting foot pedal depressed. During the course of the resection, the software 
saved all the acquired information to disk, including the ultrasound images, the 
detected outlines in these ultrasound images, the generated 3D models and the 
positions of the cutting strokes in both world and gland coordinates. 

7.5.2.3 Post resection analysis 

At the end of the resection in both experiments, the gelatin phantom was removed 
from the mock abdomen and placed in a Perspex box, as shown in figure 7.29a). 
The box contains a guide hole so that the metal rod (shown in figure 7.27) can 
be inserted ensuring correct position of the phantom within the box. The box 
was filled with gelatin, and left to set. Once solid, the Perspex sides of the box 
were replaced by aluminium plates containing a series of slots (figure 7.29b). The 
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(a) 
	

(b) 

Figure 7.29: Prostate phantom in the Perspex cutting box, a) with Perspex sides 
for filling, b) with cutting guide sides for slicing. 

Figure 7.30: A slice of the resected phantom. 

slots allow the phantom to be cut accurately into 10 mm thick slices. These slices 
were removed from the box and digitized using a flat bed scanner". Figure 7.30 
shows a slice from the resected phantom. 

The phantom slice images were loaded into a Matlab based software applica-
tion and manually outlined by selecting points on the boundary through which a 
smooth spline was fitted. The periphery of the resection volume was also high- 

'The slices from the static probe experiment were photographed using a digital camera on a 
tripod placed directly over the prostate portion of each slice. Scanning was used in the second 
experiment since it provides a more accurate image dimensionally. The poorer accuracy of the 
camera is apparent in figure 7.31 on page 281 where the inner surface of the ultrasound probe 
hole is visible (cf figure 7.30). 
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Figure 7.31: Phantom slice with overlaid hand drawn outlines (green), tracked 
outlines (blue), untracked outline (red) and initial resection cavity (magenta). 

lighted by hand using the same spline fitting process. These two sets of splines 
were then interpolated to provide a regular grid of points in 3D space (6 out-
lines each with 50 points). The 3D points were then loaded into a 3D modelling 
application' to produce rendered images of the phantom internal boundaries. 

7.5.3 Results 

Figure 7.31 shows a slice of the phantom from the static ultrasound probe ex-
periment overlaid with various outlines. The magenta outline shows the initial 
resection cavity detected from the first set of ultrasound images through the whole 
phantom. The green outlines show the outer boundary of the prostate and the 
periphery of the resection cavity, found manually. The outer blue outline shows 
the boundary of the prostate detected in the ultrasound image taken through the 
same plane in the phantom as the subsequent slice, and with no deformation of 
the phantom. The inner blue outline shows the boundary of the resection volume 
detected by the CASTMS system. This outline was found by first finding the 
points of intersection between the plane of the phantom slice and the resection 
strokes. Circles of 3mm radius (the same as the resectoscope's cutting loop) were 
then placed at each of the intersection points, and a smooth outline fitted around 
the outside of the circles and initial resection boundary. Figure 7.32 shows the 
hand drawn outline (blue) surrounding the initial resection boundary (magenta) 

15Rhinoceros 3D, Robert McNeel & Associates, Seattle, Washington, USA. 
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Figure 7.32: Finding the resection boundary. 

and resection circles (black) drawn at the resection intersections (red crosses)16  
. The red outline in figure 7.31 shows the outline of the resection detected by 
CASTMS without using the ultrasound tracking. This outline was found in the 
same manner as the tracked blue outline, except that the resection intersections 
were calculated using the world coordinates of the resection strokes. 

The outlines shown in figure 7.31 show a good correspondence between the actual 
boundary of the prostate, and the outline detected by image processing of the 
corresponding ultrasound image. The tracked resection outline shows an over-
estimation of the resection cavity in comparison to the actual resection periphery. 
However, the tracked resection outline shows an improvement over the resection 
cavity outline formed with no tracking. 

Figure 7.33 shows a plot of the average distance (see section 5.4.2.2, chapter 5) 
between the actual resection outline and the tracked/untracked detected resection 
outlines, and the areas of these outlines for each slice throughout the phantom. 
The graph shows that the over-estimation of the resection cavity is apparent 
through the whole of the phantom, however, the tracked resection cavity is con-
sistently closer to the actual resection than the respective region formed without 
tracking. 

Figure 7.34 shows a slice of the phantom from the resection experiment using 
a clamped resectoscope and moving ultrasound probe. The figure shows the 
outlines of the prostate and resection cavity, found by hand-outlining (green), 
tracking (blue), no tracking (red) and initial cavity (magenta) in the same manner 
as described previously. Whilst still over-estimating the resection cavity, the blue 
tracked outline gives a closer match to the true outline when compared to the 
result from the static probe experiment (figure 7.31). 

16Figure 7.32 shows only those resection intersections and circles which contribute to the final 
position of the detected outline to preserve clarity. 
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Figure 7.33: Plots of outline area and average distance between the 
tracked/untracked outlines and the true resection cavity, for the static ultrasound 
probe experiment. 

Figure 7.34: Phantom slice with overlaid hand drawn outlines (green), tracked 
outlines (blue), untracked outline (red) and initial resection cavity (magenta). 
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Figure 7.35: Plots of outline area and average distance between the 
tracked/untracked outlines and the true resection cavity, for the clamped re-
sectoscope experiment. 

Figure 7.35 shows the plot of average distance and outline area for the tracked 
and untracked outlines in the clamped resectoscope experiment. The graph shows 
an improved match between the tracked and true resection cavities compared to 
the static ultrasound probe experiment, however, there is still an overestimation 
in the resection area for each slice through the phantom. 

The 3D models of the true resection cavity (green), tracked resection cavity (blue) 
and untracked resection cavity (red) are shown in figure 7.36. 

7.6 Discussion 

The results presented in section 7.5.3 show that the outline cavity detected whilst 
using ultrasound tracking is closer to the true resection cavity than the untracked 
resection cavity, for both the experiments. It is also clear that the detected resec-
tion cavity during the clamped resectoscope experiment is more accurate than the 
cavity in the static ultrasound probe experiment, with average and Hausdorff dis-
tance measures of approximately 3mm and 5mm respectively between the tracked 
boundaries and hand outlined boundaries in the worst cases. The correspond-
ing values for the static probe experiment are 5mm and 13mm, the latter value 
comparable to the estimated Hausdorff distance error in the CASTS system us-
ing predetermined deformation models and phantom clamping (see section 3.3 on 
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(a)  

(b)  

(c)  

Figure 7.36: a) Resection boundary calculated using US tracking. b) Hand out-
lined resected volume. c) Resection volume without tracking. 
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page 75)17 . 

The static ultrasound probe experiment demonstrates that in its current form, 
the CASTS system does not achieve sufficient benefit from ultrasound tracking to 
justify its use. There are several reasons for the discrepancies between the hand 
drawn resection cavity outlines and those from the computer system. 

When cutting the phantom (or real prostate), each resection stroke is a smooth 
motion whereby the phantom is moved and deformed by the resectoscope as it 
is moved to the initial position of the cut, and the cutting motion is completed 
without hesitation. Between each cut the user often moves the resectoscope 
away from the current site of resection in order to observe the resected area. At 
present, the ultrasound image processing takes too long for the computer model 
of the phantom to be moved in time to follow the phantom's real movements. A 
further source of error is due to the assumption of no deformation of the phantom, 
however, this is overshadowed by the mismatch in the position of the computer 
model and the real phantom. 

There are some errors introduced in the hand outlining of the phantom slices. 
In the static probe experiment, the phantom slice images were acquired using a 
digital camera. Although a tripod was used to try and ensure accurate imaging, 
the resulting pictures are not ideal. This can be observed in figure 7.31 where the 
sides of the ultrasound access hole are visible, and the sides of the slice are not 
straight (not shown in figure 7.31). For the clamped resectoscope experiment, 
these initial errors were overcome by using a scanner to image the slices rather 
than a camera. However, several further aspects may have introduced errors 
into the hand outlining. The thickness of each slice and the transparency of the 
surrounding gelatin can make it difficult to discern the correct outline — when the 
prostate section of the phantom on the visible side of the slice is smaller than the 
section on the underside, then the the coloured lower regions of the prostate are 
visible and obscure the outline. This is compounded by leaching of the colour 
from the prostate into the surrounding gelatin. Melting of the phantom during 
the filling of the phantom slicing box was minimized by ensuring that the gelatin 
was sufficiently cool prior to pouring. 

The error of the Flashpoint system has been reported as 1±0.54 mm [130]. Cali-
bration data for the Flashpoint system used in the CASTMS trial shows a spatial 

17Although accurate assessments of the errors in the CASTS system were not performed, 
the Hausdorff distance can be estimated as 12 mm by examination of the user interface screen 
shots. 
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Figure 7.37: "Pistol" type transrectal ultrasound probe. 

accuracy of 0.25±0.13 mm. Spatial accuracy in the ultrasound system was ex-
perimentally determined as 1±0.3mm. This was evaluated by using a phantom 
of thin wires at 10 mm spacings in a water bath and measuring the positions of 
the echos on the resulting ultrasound image. 

The problem of the inability to perform a complete resection of the phantom 
prostate could be overcome by redesigning the phantom to increase the verti-
cal distance between the ultrasound access hole and the resectable region. This 
would allow full resection of the phantom without interference from the ultra-
sound probe. In the OT, a modified probe design would prevent the obstruction 
to the resectoscope motion. Figure 7.37 shows an older "pistol" type transrectal 
probe which would cause less interference to the resectoscope's movement. 

The use of a modern 3D ultrasound system could bring multiple benefits to the 
CASTMS system. Firstly, modern machines produce digital images of far greater 
resolution and clarity than the outdated ultrasound systems used for the labora-
tory trials and to acquire the data set for the outline image processing assessment. 
This would improve the accuracy of the outlining algorithms, and probably re-
duce the inter-observer error of the ultrasound outlining experts, since a clearer 
outline is likely to be present in the prostate images. 

3D ultrasound would also remove the necessity for moving the ultrasound probe 
during the course of resection. The 3D ultrasound probe could be clamped to 
the operating table, and its position registered to the CASTMS system initially, 
without the necessity to keep track of the position through the operation. 

Some problems would still need to be addressed before a 3D ultrasound system 
could be incorporated in to the CASTMS set-up. At present, only one 3D ma-
chine exists in the market which provides a dedicated 3D transrectal probe — the 
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(a) 
	

(b) 

Figure 7.38: a) The Kretz Voluson 730 3D ultrasound system. b) Example 
prostate volume image and rendered prostate segmentaion. 

Voluson 730 from Kretz' (shown in figure 7.38). This machine can produce 3D 
volume images of the prostate at a rate of up to 4 volumes per second, which is 
fast enough for monitoring prostate position and deformation during the course 
of a resection. However, discussions with the Kretz technical department reveal 
that the only way to obtain the volume information at present is to pause vol-
ume acquisition, save the acquired data to the machine's internal hard drive, and 
copy it onto a networked computer or removable media drive. Therefore it is not 
possible to access the data during the acquisition process at present. Collabora-
tion with the manufacturers would be needed to allow on-line access to the data 
during imaging. 

The problem of the detrimental effect of the electrosurgical current on the ul-
trasound image is unlikely to be affected by the change to a modern ultrasound 
system. However, there are possible solutions which deserve investigation. The 
purpose of the current is to induce heating in the tissue during cutting, so that 
fluid within the cells vaporize and the cells explode. The current for cutting is 
an undamped, continuous sinusoidal waveform of constant frequency, therefore 
filtering of ultrasound echo signals at the same frequency should restore the ul-
trasound image. Pulsing the current on and off so that ultrasound images are 
acquired during the off periods could provide a solution, however, it is likely that 
the pulsing would result in a cutting action which is not smooth. In fact, pulsing 
the current on and off is the method used for coagulating tissue - the heating pe- 

18KretzTechnik AG, Zipf, Austria. 
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riods are not long enough for vaporization to occur, but the tissue is denatured, 
although the pulsing period is much shorter than would be used in an interleaved 
cutting/ultrasound acquisition set-up. The solution to the interference problem 
would again require collaboration with the ultrasound manufacturers to insert 
additional filtering into the image acquisition process. 

One further possibility for overcoming the corruption to the ultrasound would be 
to move away from electrosurgery as the method for resetting tissue, and employ 
an alternative cutting method such as laser [146] or cryosurgery [33, 134]. Further 
investigation is necessary to assess the potential of these therapies in comparison 
to the current gold standard of electrosurgery, and their influence (if any) on the 
ultrasound image. 

Section 7.6 of chapter 6 discussed various methods which could be used to in-
crease the speed of the image processing to find the outline of the prostate in 
the ultrasound scans. Adoption of a 3D ultrasound system does not mean that 
the image processing method is made redundant. The statistical shape models 
presented in chapter 6 are fully extensible to 3D; the principles behind the opti-
mization of the corresponding points and the genetic algorithm method of finding 
the optimal solution would remain the same. The accuracy of the image process-
ing is also likely to improve because of the additional information from adjacent 
scans which are not available in the current set-up where the scans are offset from 
one another. 

The final accuracy of the clamped resectoscope experiment is promising when 
the inherent errors of the Flashpoint tracking and ultrasound imaging systems 
are taken into account. A maximum Hausdorff distance of 5mm for a final CASMS 
system, would suggest that resection could be performed safely to within 7.5mm 
of the capsule and verumontanum without the possibility of damage to these sen-
sitive structures. This would provide the ability to perform an adequate resection 
to overcome the symptoms of benign prostatic hyperplasia. However, repeated 
experiments (both lab and OT based) are necessary to confirm the accuracy of 
ultrasound tracking. This further work is included in section 8.5.1, chapter 8, but 
falls outside the scope of this thesis. 

7.7 Conclusion 

This chapter has described initial attempts to modify the original CASTS TURP 
training system to produce an OT based CASMS system for monitoring the 
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progress of TURP operations. This goal was deemed unattainable at present 
due to the problems experienced during initial OT trials, with corruption of 
the ultrasound image during cutting and coagulation being the most prominent 
difficulty. Therefore, the emphasis of the research was changed to a laboratory 
based simulation of the operation using a prostate phantom allowing the principle 
of ultrasound monitoring to be assessed without the inherent OT difficulties. The 
lab system also allowed the investigation of ultrasound imaging as a potential 
method for maintaining registration between real and computer phantom models 
in the CASTS system — the dual role lab system has been dubbed CASTMS. 

The chapter described the additional and the adaptations to hardware compo-
nents required for the CASTMS system. The method for obtaining the outline 
of the phantom from the ultrasound system was described and an example result 
given. The process of generating a registered computer model of the phantom 
from these outlines has been explained. The chapter also introduced the design 
and implementation of the software controlling the CASTMS system. 

The results of two experiments have been given. The first experiment was an 
attempt to investigate the possibility of using ultrasound to improve the registra-
tion between the cutting of the real phantom, and the modelled cutting displayed 
on the CASTS user interface. The result of the experiment showed that the time 
delay required to process the ultrasound images was too long for timely updating 
of the computer model, and the modelled resection volume did not correspond to 
reality. 

The second experiment showed that ultrasound-based tracking is a viable method 
for monitoring the prostate (phantom or real) during both training and the real 
TURP operation, provided the problems of time delay and image interference are 
overcome. Various solutions to these problems have been discussed, as has the 
outline for further work which is required before the final goal of a full monitoring 
system during in-vivo operations is achievable. 
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Chapter 8 

Conclusions and future work 

8.1 Introduction 

This thesis has described research in the fields of training and monitoring systems 
for minimally invasive surgery. Although much of the research is relevant to these 
generic fields, the prototype systems which have been developed are specific to 
one minimally invasive procedure — transurethral resection of the prostate. 

The chapter begins with an overall summary of the research in terms of the 
original objectives, given in section 8.2. The remainder of the chapter provides 
conclusions and directions for further work in the three major areas of the research 
— the TURP CASTS trainer (section 8.3), outline detection in prostate ultrasound 
images (section 8.4) and the TURP CASMS monitoring system (section 8.5). 

8.2 Summary of conclusions 

This research has made significant advances in the areas of MIS training, prostate 
ultrasound outline detection and a novel application MIS monitoring. The out-
comes of the research, in terms of the original research objectives (presented on 
page 27), are as follows: 

• A hybrid training simulator for TURP has been implemented and has re-
ceived favourable reviews by users. 

• Previously presented methods for detecting the prostate outline in ultra-
sound images have been investigated, but none provided adequate results. 
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Significant gains in accuracy have been achieved by the optimized outlining 
algorithm presented in this thesis. 

• An optimal indicator for distinguishing the prostate outline in ultrasound 
images has been found by correlating the expert drawn outlines to the image 
pixel information. 

• 2D ultrasound is not a viable method for monitoring prostate motion and 
deformation during most surgical applications. 3D ultrasound is a potential 
solution, but will require collaboration with the manufacturer, especially for 
electrosurgical applications such as TURP. 

• A fast algorithm for generating and interrogating a 3D model of the treat-
ment model from prostate outlines has been designed. 

• Significant progress has been made towards a fully working, OT based mon-
itoring system for TURP. A laboratory based system has shown promising 
results as a proof of concept. 

In summary, a novel hybrid training system has been presented which incorpo-
rates the benefits of existing virtual reality and physical phantom based trainers, 
using a new phantom which is both permeable by ultrasound and can be resected 
in a similar manner to a real prostate. An original application — a system for 
monitoring the progress of minimally invasive surgery — has been described and 
significant progress has been made towards this goal. An optimized algorithm 
for detecting the outline of the prostate in ultrasound images has been presented 
and shown to perform better than previously reported methods. 

8.3 MIS training system 

Chapter 2 described many of the training systems currently available which al-
low trainee surgeons to practice the skills required for minimally invasive surgery. 
These systems were categorized into two types depending on the method of mod-
elling the surgical target, i.e. using virtual-reality or physical phantoms. The 
advantages and disadvantages associated with each type have been presented. 

The work presented in chapter 3 describes the development of a training system 
for TURP, the computer assisted surgical training system (CASTS). CASTS uses 
a novel hybrid approach, incorporating aspects of both virtual reality and physical 
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phantom based systems; the prostate phantom provides realistic force feedback 
particularly during resection, and requires the use of real surgical instruments in 
the same manner as the actual operation. The virtual reality component provides 
a computer generated model of the physical phantom which allows additional 
navigational information to be presented to the surgeon, although the usual VR 
goal of realistic representation is not implemented since it is not applicable. 

Initial trials of the system received favourable reviews from the participating 
urology surgeons suggesting that the additional information provided by CASTS 
is beneficial to the process of training in the TURP operation. However, the 
trainer was marred by a lack in registration between the computer model of the 
prostate and the physical prostate phantom, resulting in the incorrect display 
of resection strokes on the CASTS computer. The registration problems were 
found to be caused by a combination of factors: variation in the manufacturing 
tolerances of the phantom, swelling of the phantom due to absorption of irrigant, 
and deformation under the action of the resectoscope. Initial attempts to restrain 
or pre-calculate the deformation of the prostate phantom gave some improvement, 
but were not sufficient to eliminate the registration issues, and did not tackle the 
differences caused by variable manufacturing and fluid absorption. 

Several methods of tracking the prostate phantom were discussed as potential so-
lutions to the problems of mis-registration, with ultrasound imaging found to be 
the most promising option. To this end, a novel prostate phantom has been de-
veloped which may be resected but is also pervious by ultrasound. The prostate 
phantom can give relatively clear ultrasound images (when compared to clini-
cal prostate images), but consistent quality is difficult due to the difficulties of 
manufacture, particularly the problems of eliminating trapped air bubbles in the 
gelatin mixture. 

Use of ultrasound for tracking the prostate phantom closes the gap between the 
training system and a laboratory mock-up of the monitoring system. The lab-
oratory system was discussed in chapter 7, which also presented the results of 
an experiment using ultrasound to track the prostate phantom in the training 
system. However, despite the success of an automated image processing algo-
rithm in detecting the phantom prostate outline (described in section 7.4.2 of 
chapter 7), the experiment showed that the trainer does not currently achieve 
increased registration accuracy through the use of ultrasound tracking. The lack 
of success in solving the registration issues is due to a combination of time delays 
resulting from the processing of the ultrasound images and latency in movement 

293 



CHAPTER 8 	 Conclusions and future work 

of the ultrasound probe. These problems could be solved by the adoption of a 
3D ultrasound imaging system to eliminate the requirement for probe movement 
and optimization of the prostate outline detection algorithm run on a high end 
workstation to reduce the processing time. 

The original objective for the research on the TURP trainer was to develop a sys-
tem which "provides additional navigation information and enhances the learning 
process, with the ability to evaluate training performance". The system which 
has been developed fulfills the first two parts of the objective, but the problems 
of registration reduce the system's benefits. Evaluating training performance is 
also possible using the system, since data such as the resectoscope movements and 
associated timings, and the extent of resection, can be saved for review. However, 
the mechanisms for interpreting this data have not been investigated, and remain 
a direction for further research. 

8.3.1 Future work 

3D ultrasound imaging has been proposed as a method for obtaining images of 
the prostate phantom, without the need (and associated time delay) for moving 
the ultrasound probe. However, such ultrasound hardware is very expensive, 
and it is unlikely that a CASTS TURP system which uses 3D ultrasound as a 
method of tracking the prostate phantom, would find much interest outside the 
realms of a research project. Therefore, given the benefit of hindsight, this author 
advocates the adoption of a purely VR reality based system, incorporating haptic 
feedback to provide the tactile sensation, if the objective of the research is solely 
toward training systems for MIS. There is a large scope for research in the haptic 
field, both in terms of the mechanical design of manipulators with multiple axes of 
force-feedback, and in the mechanical modelling of soft tissues to provide realistic 
force information. 

8.4 Prostate ultrasound image processing 

The work of chapters 4, 5 and 6 investigated methods of obtaining the outline 
of the prostate from ultrasound images. The basis for the work was to use the 
outline information to monitor changes in shape and position of the prostate as it 
is influenced by the resectoscope during the course of TURP surgery. Chapter 4 
described many techniques from the literature which have been used previously 
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to detect objects of interest in images. These algorithms covered the range from 
standard, commonplace image processing techniques through to specialized rou-
tines for detecting objects in ultrasound images, and transrectal prostate ultra-
sound in particular. Several algorithms were implemented and assessed in terms 
of their qualitative result when applied to a prostate ultrasound image of high 

quality. 

Five algorithms (all previously used for prostate detection in ultrasound images) 
were deemed worthy of further investigation. Chapter 5 described the research 
undertaken to determine the best algorithm across a set of ultrasound images 
covering the range in quality encountered during routine prostate ultrasound 
examinations. Acquisition of the data set was described, and several possible 
methods for deciding the position of the correct outline were presented, with av-
eraging of multiple experts' outlines chosen as the most suitable approach. An 
improved method for assigning correspondency between outlines was described, 
which forms a more robust algorithm in comparison to previously described corre-
sponding point routines. Statistical methods for assessing the algorithms' outlines 
were presented, and the results of the analysis presented. 

A criticism of most of the previous prostate outline detection literature is that 
the only presented results show the algorithm applied to a single image, which 
is always of high quality in ultrasound terms. In the few cases where multiple 
results are given, the number of trials is still relatively low. The statistical analysis 
described in this thesis represents the first rigorous comparison of prostate outline 
detection algorithms on a set of ultrasound images. 

One outline detection method showed a clear margin of success in its best results 
when compared to the other algorithms. However, this method has a degree of 
randomness which can also result in very poor results — far worse than any other 
method. Therefore the direction of the research was directed toward optimizing 
this best method to minimise the occurrence of the poor results; the optimization 
proceeded along two separate avenues which were presented in chapter 6. The 
two candidates for optimization were the prostate outline model which dictates 
the permissible shapes of the outline results, and the test used to assess the fit of 
a potential outline to the ultrasound image data. The model optimization work 
followed a similar path to previous work in the literature, but is the first use of 
an optimised model for prostate outline detection in ultrasound images. 

The optimization of the method for testing the fit of a candidate outline to 
the ultrasound image was achieved by performing a statistical analysis of many 
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potential indicator functions. The basis for the assessment was a novel direction 
for outline detection algorithms and a reversal of current methodologies; rather 
than assuming some characteristic of an image gives a good indication of the 
presence of an outline, start from the outline and find the indicator which best 
highlights the outline region in comparison to non-outline regions. The techniques 
for finding the best indicator have a potential role in many other applications 
where low signal-to-noise ratios and poor edge definitions are apparent, such as 
other ultrasound image processing tasks. 

The results of the optimization give an algorithm whose outlining performance is 
significantly better than those reported previously, even in its worst set of results. 
This algorithm has many applications in urological surgery, where prostate outlin-
ing is currently performed or where its use provides better estimates of clinically 
relevant factors over other methods, such as for prostate volume determination. 
However, the algorithm also has potential uses for processing ultrasound images 
of other areas of the anatomy, e.g. the ventricles of the heart, the bladder and 
the kidney. Indeed, the algorithm should give better results for these applica-
tions over the prostate since their ultrasound images display more contrast at the 
desired outline locations. 

The second research objective listed in the introductory chapter of this thesis, to 
assess current image processing methods to find one suitable for prostate outline 
detection in ultrasound images, has been fulfilled. However, none of the currently 
available methods was sufficiently accurate so the additional work to optimize 
the outline detection represents a significant advance beyond the bounds of the 
original objectives. The optimization has also fulfilled the third research objective 
— identification of the best indicators for the presence of the prostate outline. 

The final part of chapter 6 described the testing of the algorithm's execution speed 
following implementation in C++. The result demonstrates that in its present 
form, the algorithm is too slow to process ultrasound images intra-operatively 
such that the outlines obtained can provide the desired prostate deformation and 
movement information. Therefore, the outcome of the fourth research objective, 
whether ultrasound is a viable method for tracking the prostate, is a negative 
response at present. 
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8.4.1 Future work 

The optimization of the method for assessing candidate outlines resulted in an 
indicator function which gives significantly different results for the outline regions 
when compared to areas where an outline is not present. However, the statistical 
analysis can only discern the best indicator from those which are included in the 
assessment. Many other image processing techniques could be included with the 
potential to provide better results than those reported in this thesis, e.g. textural 
energy measures. Other possibilities include using multiple indicators to obtain 
a combined test which performs better than the separate components. 

One area where further research should be directed is in the study of the role 
of edge direction in comparison to ultrasound beam direction. The underlying 
physics of ultrasound image formation indicates that a boundary between two 
regions will appear differently in the image as the angle between the boundary 
and the ultrasound path is altered. Therefore, it is probable that an indicator 
which clearly discerns edges at one angle will perform less well at different angles, 
and may be better replaced by a different indicator at those angles. 

The current implementation of the algorithm executes faster than any previously 
reported method for detecting the prostate outline in ultrasound images. How-
ever, further speed gains are required before the algorithm can be used in its 
intended role for intra-operative ultrasound processing. Several potential meth-
ods for decreasing the processing time were discussed in chapter 6, which form a 
basis for future work. 

The final area for further work questions the assumption made in this thesis (in 
section 4.1.1, chapter 4) that the best method of detecting deformation and mo-
tion of the prostate with ultrasound imaging is to detect the prostate outline in 
the images. During the latter stages of the research the author discovered work in 
the literature which attempts to estimate the motion between ultrasound image 
frames by correlating speckle patterns, e.g. the work reported by Strintzis [203] 
and Kokkinidis [110]. However, the presented applications are for diagnostic pur-
poses (e.g. of tumours in echocardiograms) and neither paper provides results 
which demonstrate that the detected motion correlates to the true motion. There-
fore, this author remains skeptical that motion estimation is a viable method for 
tracking the prostate, particularly since deformation and out-of-(image)-plane 
motions occur, but further investigation is warranted. 
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8.5 MIS monitoring system 

Chapter 7 presented the work undertaken with the goal of developing a monitor-
ing system for TURP. The early sections of the chapter describe the components 
required for the monitoring system, many of which are similar to those used in 
the training system. Initial trials of various components of the monitoring system 
were conducted in the OT to assess their suitability for use in the final monitoring 
system. The major findings of these OT trials were that intra-operative ultra-
sound was not a feasible method for tracking the prostate due partly to the latency 
involved in moving the ultrasound probe so that images across the whole treat-
ment volume can be obtained, but primarily because the electrosurgical current 
required for resecting tissue causes severe disruption to the ultrasound image, at 
the time when outline information is most required. Therefore, the hypothesis 
presented as the fourth original research objective is resolved — at present, ultra-
sound imaging is not a viable method for tracking the prostate during TURP. 

Despite this setback, there are potential solutions to the problems, which were 
described in section 7.6 of chapter 7. In addition, prostate based operations 
which do not involve electrosurgery, such as brachytherapy, would also benefit 
from tracking of prostate motion and deformation during the procedure. There-
fore, the remainder of the work of chapter 7 was directed towards implementing 
a laboratory based monitoring system with the goal of investigating the poten-
tial of ultrasound tracking on a prostate phantom, in the absence of the image 
degradation caused by the electrosurgery. 

The processing time required for finding the phantom prostate outline was signif-
icantly reduced in the lab system. This was achieved by reducing the amount of 
searching performed by the algorithm, however, this did not reduce accuracy since 
the ultrasound images of the phantom show clearer boundaries at the periphery 
of the prostate when compared to real prostate ultrasound images. The degra-
dation to the ultrasound image was removed by abandoning electrosurgery as a 
resection method in favour of mechanical slicing using the cutting loop as a blade. 
However, the delay in obtaining ultrasound images could not be removed since 
a period of time is required to translate the ultrasound between image capture 
locations. 

The fifth objective for the research from chapter 1 was to design an algorithm 
which takes the outlines detected from a set of ultrasound images covering the 
treatment volume, and generates a 3D model of this volume, which can then 
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be interrogated to find the closest boundary to a given point (the resectoscope's 
cutting loop). The modelling algorithm presented in chapter 7 is an adaptation 
of an established technique, exploiting the smoothness of the prostate shape so 
that the dimensions of the problem are reduced with an associated reduction in 
processing time. However, the algorithm does not give an exact measure of the 
closest boundary point. 

The results of the experiment conducted to investigate assess ultrasound as a 
potential method for tracking the prostate show encouraging results in terms 
of the overall errors between the modelled and actual resection volumes, when 
factors such as the positional accuracy of the tracking system and ultrasound 
hardware are taken into account. However, further experimental work must be 
performed to corroborate these initial results. 

The final original objective of the research was the development of a monitoring 
system for use in the OT during TURP procedures. Clearly this was an ambitious 
target which has not been achieved by the current research. However, significant 
advances and findings have been made during the course of the research which 
move a step closer to this ultimate goal. 

8.5.1 Further work 

The problems of interference with the ultrasound image and the time delay in 
obtaining images across the treatment volume preclude the possibility of tracking 
the prostate during TURP using the ultrasound hardware available for this re-
search project. However, potential solutions to both problems were discussed in 
section 7.6 of chapter 7, principally the adoption of a modern 3D ultrasound sys-
tem. Significant involvement of the ultrasound manufacturer would be required, 
since changes to the ultrasound hardware would be necessary, but should be pos-
sible since the benefit (and therefore lucrativeness) of an accurate MIS monitoring 
system for TURP is large. The application also gives further justification for the 
existence of 3D ultrasound for prostate imaging — until now the benefit of 3D 
ultrasound for prostate imaging has not yet been commercially demonstrated. 

Modern scanners also provide clearer ultrasound images due to advances in the 
technology and adoption of digital images. The optimised outline detection al-
gorithm presented in this thesis is extendable to 3D, although a large amount 
of work would be required in obtaining a set of volumetric images, the expert 
segmentations of the images into prostate and non-prostate volumes, building 
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and optimizing the volumetric shape model, and finding the optimal indicator 
for distinguishing the prostate boundary. Alternatively, the volume image data 
could be split into a set of parallel 2D slices and processed in the identical manner 
to those presented in this thesis. 

The algorithm for modelling the treatment volume was found to be adequate 
for the laboratory based experiments. However, further work should be done 
to obtain comparisons of the algorithm's performance with other model genera-
tion/collision detection algorithms. 

Finally, further validation work will be required to judge the performance of the 
monitoring system at each stage of its evolution, including both evaluation in the 
laboratory, and assessment during TURP surgery in the operating theatre. 
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Appendix A 

Speckle reduction algorithms 

This appendix reviews many of the speckle reduction algorithms found in the 
literature. The algorithms fall into two categories; those which attempt to reduce 
speckle by smoothing of areas with near constant grey level, and those which 
reduce speckle by emphasizing probable lines within the image. 

The algorithms have been developed using the MatlabTM1  programming plat-
form and its Image Processing Toolbox. This package was chosen since it allows 
fast implementation of algorithms without the need to code much of the func-
tionality, such as loading, saving and displaying images. The Image Processing 
Toolbox also provides many useful functions, such as morphological operators 
and filters. 

Each speckle reduction algorithm has been applied to a transrectal ultrasound 
prostate image for testing (figure A.1). Most of the algorithms have adjustable 
parameters which affect the amount of speckle smoothing in the image. The best 
results are presented for each algorithm, based on a qualitative analysis of the set 
of results produced by varying the filter parameters. 

A.1 Speckle smoothing algorithms 

A.1.1 Anisotropic diffusion filter 

Perona and Malik [163] describe a noise smoothing technique based on the heat 
conduction equation, called anisotropic diffusion. The basic criterion of the tech-
nique is that as smoothing is applied to the image, there is a preference for 

'The Mathworks, Inc., Massachusetts, USA. 
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Figure A.1: Transrectal ultrasound image of the prostate 

smoothing within regions rather than between regions, i.e. that edges between 
regions remain sharp until their point of disappearance, as the image resolution 
diminishes. This is in sharp contrast to the Gaussian filter2  which provides good 
speckle smoothing characteristics at the expense of blurring of edge details, with 
accompanied loss of spatial location. 

The process is stated mathematically as: 

St
.! (x

'
y
'
t) = V. (c (x, y, t) V/ (x, y,t)) 

	
(A.1) 

where I (x, y) is the image, t is the iteration step, V is the gradient operator, and 
c is a monotonically decreasing diffusion function. Perona and Malik [163] offer 
two suitable diffusion functions: 

c (x, y, t) = e 
(IV 1(z,Y ,t)I 2  

and 
c (x, y, t) = 

1 + ( IV (x >0)11+n 
K 

where a > 0. 

Steen and Olstad 12021 offer a slightly different function. They argue that the 
edge enhancement property of the Perona and Malik [163] diffusion functions is 
unsuitable for ultrasound images, since the true edges are not step functions. 
They remove the enhancement by setting the flux function to be constant if the 
local gradient is greater than the standard deviation of the assumed local noise 

2The Gaussian filter is often used in ultrasound image processing [80, 177, 234] 

1 

(A.2)  

(A.3)  
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level. The flux is defined as: 

VN/ (x, y) / (x — 1, y) — / (x, y) 

and the diffusion functions as: 

( ivi(z,v,012)  
c (x, y, t) = 202 

	) 

if IV/ (x, y, 	or: 

c (x, y, t) =  	 (A.6) 
I V/ (x, y, 

otherwise. 6 is calculated by assuming that the image is corrupted with signal 
dependent noise [21]: 

I =Io+Ios (A.7) 

where I is the observed image, 10  the original uncorrupted image, and s is a 

zero-mean Gaussian with standard deviation a3 . & is calculated by assuming 
that the previous anisotropic diffusion filter (ADF) output gives a reasonable 
approximation to the signal level, such that: 

= aI2 	 (A.8) 

where I is the local mean of the signal, calculated over a small window. 

In the discrete form equation A.1 becomes: 

(x, y) = It (x, y) + A [ct N 	y) •V Nit (x, y) + cts (x, y) .V sit (x, y) 
ctE (x, y) .VEit (x, y) + ctw (x, y) •V wit (x, y)] 

(A.9)  

where: 

N (x, y) = I (x — 1, y) — I (x, y) , Vs1  (x, y) = I (x + 1, y) — I (x, y) 
V E I (x, y) E I (x, y + 1) — I (x, y) , V w  I (x, y) I (x, y + 1) — I (x, y) 

and 0 < A < 14. 

Steen and Olstad[202] use a maximum likelihood estimate of the original signal 
for the initial local signal mean in equation A.8 (3.7), calculated over a 3 by 3 
window W: 

= 	 (x, Y)2 , (x, E W (A.10)  

3a is a user-defined parameter 
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(a) 
	

(b) 

Figure A.2: ADFs applied to the test ultrasound image. 

Perona and Malik [163] determine the value of K in equations A.2 and A.3 either 

as a user-defined parameter, or as 90% of the Canny [32] "noise estimator" —
form the histogram of the absolute gradient and take the value at 90% of the 

cumulative area under the curve. 

Figure A.2 shows the result of applying the ADF to the test ultrasound image 
of figure A.1. The filtered image in figure A.2a) results from using the diffusion 

function of equation A.2. with K = 16, A = 0.25, and n = 100, where n is 

the number iterations. The result shown in figure A.2b) was obtained using 

equation A.3 as the diffusion function with, K = 4, A = 0.25 and n = 100. 

A.1.2 Homogeneous region growing median filter 

Koo and Park [111] present the homogeneous region growing mean filter (HRGMF) 

for speckle reduction with edge preservation. The mean and variance of the grey 
level for an initial region centred at the pixel of interest are calculated, and their 

ratio provides a measure of the local homogeneity: 

H = a2 
	

(A.11) 
lL 

where H is the homogeneity,µ is the current region mean: 

	

= a EA I (X1 Y) (x, y)E A 	 (A.12) 
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and o-2  the variance, calculated as: 

Q2  = — 
A 

E [I (x,  y) — µ]2  , (x, y) E A 
	

(A.13) 

where I is the input image, A is the size of the current region, and the initial 
region size is set slightly larger than the average speckle size. 

If the homogeneity is greater than a specified threshold then the region size is 
iteratively reduced until the threshold criterion is met. Region size reduction is 
achieved in the following manner. First the top row of pixels in the region is 
removed, and the homogeneous criterion tested. If the test succeeds (i.e. region 
is homogeneous) then this region is selected for region growing; if not, then the 
top row is replaced, and the right hand column removed, and the remainder 
tested. This process is repeated for each side (top row, right column, bottom 
row, left column) of the region; if removal of any of the sides fails to produce a 
homogeneous result, then all sides are removed, and the cycle continues. If the 
region shrinks to a single pixel (a high noise impulse), then the final grey level is 
set to the mean of the eight neighbours. 

The homogeneity threshold should be calculated for each particular ultrasound 
machine by determining the value whilst insonating a homogeneous region of a 
tissue-mimicking phantom. At present, it is set as a user-defined parameter. 

Once a homogeneous region (of more than one pixel) is obtained, the algorithm 
iteratively extends the region whilst the homogeneity criterion is still met. Each 
side of the region is taken in turn, and the adjacent pixels to that side are consid-
ered as a neighbouring region (of size side length by one pixel). Then the relative 
variance of the neighbouring region is calculated with respect to the mean of the 
current region: 

a2  = — > (x, y) — 	, (x, y) E D 	 (A.14) D D  

where D is the size of the neighbouring region and itc  is the mean of the current 
region (not the combined region). A similarity measure is calculated from the 
ratio of the relative variance to current region mean, as: 

0.2 
HN = N (A.15) 

If this ratio is less than the homogeneity threshold, then the two regions are 
statistically similar and are joined. Once the final homogeneous region is found, 
then the new pixel value is set to the mean of the homogeneous region. 
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Figure A.3: HRGMF result. 

Figure A.4: Standard MF result. 

Figure A.3 shows the result of applying the HRGMF to the test ultrasound image 
of figure A.1. The parameters used are x -= 7, y = 7, so that the initial region 
size is 7 by 7, and HT = 0.3 as the hysteresis threshold. 

A.1.3 Median filter 

The algorithms in the following sections (A.1.4 — A.1.8) are all adaptations of 
the standard median filter (MF) [167]. The MF is commonly used for impulse 
noise reduction with edge preservation in image processing applications. The 

filter replaces the value of a candidate pixel by the median value of the pixels in 
the n by n region around the pixel. 

Figure A.4 shows the result of applying the standard median filter to the test 
ultrasound image of figure A.1, with n = 15. 

A.1.4 Separable median filter 

The separable median filter (SMF) is simply a two pass linear MF applied over 
the columns of the image, and then over the rows. Liao et al [132] report that 
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Figure A.5: SMF result. 

Figure A.6: VLMF result. 

the SMF gives improved signal preservation when compared to the MF. 

Figure A.5 shows the result of applying the SMF to the test ultrasound image of 
figure A.1, with n = 15. 

A.1.5 Variable length median filter 

Loupas et al [140] describe the variable length median filter (VLMF). The VLMF 
applies a standard MF to the neighbourhood of each pixel, but adapts the size 
of the filter window according to the local grey level statistics. The size of the 
window n is given by: 

n= [K (1 C
/I 

 2  )1 
	

(A.16) 

where (2K + 1) by (2K + 1) is the maximum window size, a2  is the variance of 
the maximum window, µ is the mean of the maximum window and C is the filter 
constant. K and C are defined by the user. 

Figure A.6 shows the result of applying the variable length median filter to the 
test ultrasound image of figure A.1, with parameters K = 7 and C = 0.2 . 
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Figure A.7: DWMTMF result. 

A.1.6 Double-window modified trimmed median filter 

The double-window modified trimmed median filter (DWMTMF) is presented 
in [125]. The filter assigns a value to a candidate pixel based on the mean value 
of pixels in an n by n window, which lie within a certain range. The range of 
pixel values is centred on the median value x of an m by m window around the 
candidate pixel (where m < n), and extends from —q to +q, where: 

q --= 	 (A.17) 

The advantage of the DWMTMF filter is that it does not require calculation of 
the local variance and therefore should perform faster. 

Figure A.7 shows the result of applying the DWMTMF to the test ultrasound 
image of figure A.1. The user defined parameters are m = 5, n = 9 and C = 2. 

A.1.7 Adaptive weighted median filter 

Loupas et al [140] present a filter for reducing speckle, known as the adaptive 
weighted median filter (AWMF). The AWMF is an adaptation of the weighted 
median filter (WMF), which is itself an adaptation of the MF. In the WMF, each 
pixel in the filter window is added to a vector the number of times prescribed by 
its associated (integer) weight. If 

a  b  c d 

are the pixels in the filter window, and: 

w1 = 2, w2 = 3, w3  = 3, w4  = 2 
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Figure A.8: AWMF result. 

are the filter weights, then the filter result is: 

med (a, a, b, b, b, c, c, c, d, d) 

where med () is the median operator, and a < b < c < d. The standard median 
filter is achieved by setting each weight to unity. 

The problem of the WMF is that it applies the same smoothing regardless of the 
local statistics of the image. This has been addressed by the AWMF, where the 
weights are adjusted as follows: 

w (x, y) = f (iv (K + 1, K + 1) cd a 
 2\ 	

(A.18) 

where a' and ft are the variance and mean respectively of the (2K + 1) by 
(2K + 1) window, d is the distance of the point (x, y) from the centre of the 
window (K + 1, K + 1), w (K + 1, K + 1) is the assigned central pixel weight, 
and c is a scaling constant. The function f (x) gives the nearest integer value to 
x if x is positive, else zero. 

Figure A.8 shows the result of applying the AWMF to the test ultrasound image 
of figure A.1, with K = 7, w (K + 1, K + 1) = 99 and c = 20. 

A.1.8 Directional median filter 

Czerwinski et al [481 present a different type of median filter known as the direc-
tional median filter (DMF) . The DMF uses a set of sticks — binary line segments 
of constant thickness and varying orientation — to approximate the local features 
of the image. The line segments for one pixel thick, size five sticks are shown in 
figure A.9. 
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MEM OM 
MEM MUM MIME EMI • 

NM MI M • • • 
• ME ME= MOM MMEM MINEM U.... MEM 

• ME MN ME MEM MI 
• MEM ME ME NM ME ME ME 
OM UM ME ME NM MN MN 
MU • NM NM UM NM ME MI M MN ME • 11.11 

Figure A.9: Size five, one pixel thick stick masks 

In general, the number of stick masks m for a particular stick size n is calculated 
as: 

m = 2 (n — 1) 	 (A.19) 

In the standard MF, the filter window is rectangular and the filter does not take 
any variation in the local image statistics into account. The AWMF addresses 
this problem, but still uses a fixed shaped window (circular) which can give poor 
results when used on images composed mainly of lines. This is the justification 
for implementing the DMF. 

For a stick size n, each stick is applied over the n by n window centred at the 
candidate pixel. The median is calculated from the set of the pixels which lie 
along the length of the stick. The DMF output is set to the value of the largest 
median. In summary: 

Iota  (x, y) = Inv (medcn  [I (x — e, y — 71) so (e,17)]) 
	

(A.20) 

where I (x, y) is the input image and so  is a stick of orientation O. 

Figure A.10 shows the result of applying the DMF to the test ultrasound image 
of figure A.1. The filter uses a set of 44 stick masks of size ri = 23, and stick 
thickness three pixels. 

A.1.9 Sticks filters 

Czerwinski et al [49, 50] present a class of speckle filters using the stick masks 
developed as part of the DMF. They differ by calculating the mean value of the 
pixels which lie along the stick in each orientation, rather than the median value. 
This is equivalent to performing a 2D convolution of the image and stick mask, 
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Figure A.10: DMF result. 

which may be implemented as a quicker algorithm, than the equivalent DMF 
algorithm. 

Different filter results may be obtained depending on how the orientation means 
are combined. Czerwinski [49] proposes setting the filter output to the maximum 
value of the mean over all orientations (max stick filter MSF), i.e. : 

/out (x, y) = mrc (meano [I (x — y — 77) se (e, 	 (A.21) 

Czerwinski [50] also presents a different stick filtering operation called decision-
directed sticks (DDS). The image is again mean filtered with each stick, but the 
output value is calculated based on the likelihood of a particular stick orientation 
at the candidate pixel. The most likely stick orientation is found for each point 
according to the maximum mean value. Next a prior probability is calculated for 
each angle at each point. Finally, the result is calculated based on the values of 
the means and the most likely orientation based on the pixel's neighbours. 

The process is described mathematically as: 

Je (x, y) = meanem  (x — 6, y — 71) se (6, 0] 

(x, y) = arg 	[Je  (x, 

7re(x,Y) = 	f (a (x — 6, y 77) = 0 ) 

1 
/out  (x, y) = max {log (76) + v2  Je (Y)] 

(A.22)  

(A.23)  

(A.24)  

(A.25)  

where arg (z) is the B value associated with z, f (z) is the indicator function equal 
to one if z is true or zero if z is false, 71-0  is the histogram of stick orientations 
around the candidate pixel (over the n by n window), and a2  is the variance of 
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(a) 
	 (b) 

Figure A.11: Sticks results using a) the MSF and b) the DDS filter. 

the assumed noise (set as a user-defined parameter). 

Figure A.11 shows the results of applying the sticks filters to the test ultrasound 
image of figure A.1. The image on the left (figure A.11a) uses the MSF of equa-
tion A.21, while the right hand result uses DDS filtering with the assumed noise 
variance set as a2  = 0.03. Both results were obtained using a set of stick masks 
of size n = 23 and three pixel thickness. 

A.2 Edge enhancing algorithms 

A.2.1 Order statistics filter 

Pitas and Venetsanopoulos [164] describe a class of digital filters known as order 
statistics filters. Belohlavek and Greenleaf [14] have used such filters for edge 
detection in echocardiographic images. Aarnink et al [1] have used a particular 
implementation of the filters as a step in detecting the prostate outline (Section 
4.3.2). The generalized form of an order statistics filter [164] is: 

yi 	E a jxu, 	 (A.26) 

where x(i)  are ordered pixel intensities within an m by rn window, i.e. x1  < x2 < 
< xn , ai  are appropriate weights which determine the filter characteristics 

and n = m2. Setting ai  = gives the ordered mean filter, which produces the 
same result as a standard mean filter. However, replacing 71 by ,en, 0 < < 1, 
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Figure A.12: Order statistics filter result. 

results in the ranked order mean filter, with defining the rank. 

fin 1 
L. —RT,I (i) 
j=1 1--  

(A.27)  

In a discrete filter, the value of # is set according to the selected rank. For an m 
by m window, rank zero sets 13 = which produces the standard minimum filter 
(as used by Aarnink [1]), rank k, 1 < k < m, sets 3 = kn with k = m resulting 
in the standard mean filter. 

Similarly, 
n(1-0)+1 1  

yi 	E 	(i) 
j=n 

(A.28)  

produces a filter whose output is biased toward the high value pixels. Rank zero 
of this filter performs the same operation as the standard maximum filter; rank 
k = m is the standard mean filter. The high and low value pixel filters are usually 
combined as follows: 

Figure A.12 shows the results of applying the order statistics filter to the rest 
ultrasound image from figure A.1, with rank /3 = 6 and m = 23. 

A.2.2 Rotating kernel transformation 

This algorithm uses the sticks approach from section A.1.9 with the filter output 
set to the difference between the maximum mean and minimum mean over all 
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Figure A.13: RKT result. 

stick orientations: 

/out  (x, y) = me (meanem  [I (x — C, y — 77) so (e, n)])—mein (meanem  [I (x — C, y — 77) se (C, 77)D 
(A.30) 

This is equivalent to the constant rotating kernel transformation (RKT) proposed 
by Lee and Rhodes [126]. Other RKT may be obtained by using grey-level sticks 
rather than binary, e.g. with triangular or Gaussian contours along the length of 
the stick. 

Figure A.13 shows the result of applying the RKT filter to the test ultrasound 
image of figure A.1 using size 23 stick masks of width 3 pixels. 

A.2.3 Ratio of averages filter 

Bovik [22] presents a filter for speckle suppression and edge detection known 
as the ratio of averages filter (ROAF). Bovik discusses use of the Laplacian of 
Gaussian (LOG) filter (Section 4.3.1) for detecting edges in speckle images and 
notes the large number of zero-crossings produced by speckle, rather than edges. 
A common approach to selecting the true edges is to apply gradient measures 
to the LOG filtered image. However, the variation in signal-to-noise ratio (SNR) 
inherent in the image means that the gradient statistics will vary across the image, 
making the edge strength scheme unreliable [22]. Bovik's approach is based on a 
comparison of the mean grey-level in regions either side of the candidate pixel. 

Zaman and Maloney [232] present a simplified form of the ROAF. For each can-
didate pixel, the means are calculated of pairs of neighbouring regions in the n 
by n neighbourhood centred at the pixel of interest. The neighbouring region 
pairs are based on four directions such that the boundaries between them run 
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Figure A.14: ROAF result. 

W-E, N-S, NE-SW, NW-SE (where N,E,S,W are the usual compass directions), 
and the regions are contiguous. 

For each pair of regions the ratio measure R is defined as: 

RZ  = min (1-31- -Q-1
Q P2 
	 (A.31) 

where P, Q are the means of the two regions and i = 1, 	, 4 are the four pairs. 

The filter output is set to the minimum of the four ratios: 

= min (R , R2, R3 )  R4) 	 (A.32) 

Figure A.14 shows the result of applying the simplified ROAF to the test ultra-
sound image of figure A.1, with n = 23. 
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