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Abstract

Surgical guidance and decision making could be improved with accurate measurement of intra-

operative data including shape and hyper/multispectral information of the tissue surface. In

this thesis, a dual-modality endoscopic system based on the structured light (SL) technique

has been proposed to enable real-time tissue surface reconstruction and pixel-level dense mul-

tispectral imaging. The system is described in a chronological order of development for both

the hardware and software aspects.

Starting from the previously developed ICL SL system that enabled tissue surface shape mea-

surement, a naive 3D reconstruction pipeline is described. This includes a SL system cali-

bration method, normalized cut and local rigid registration based pattern decoding algorithm.

In order to enable a faster, denser, and more robust surface reconstruction, further hardware

and algorithmic improvements have been proposed, including replacing the RGB camera with

a multispectral camera and stroboscopically switching between white light (WL)/SL modes.

Software improvements have allowed on-the-fly calibration and reconstruction, and improved

accuracy through the integration of local normal information, the use of convolutional neural

networks (CNN) based pattern decoding with a specially designed feature matching algorithm,

and the combination of SL and structure-from-motion (SfM).

The system has also been extended to enable sparse hyperspectral signal measurements, by

integrating a slit hyperspectral camera. A CNN based model has been developed to estimate

pixel-level dense multispectral images from RGB images and the captured sparse hyperspectral

signals.

The whole system has been validated using phantoms and ex vivo tissue, with in vivo demon-

strations in a large animal trial and in patients, demonstrating its potential in real-world clinical

applications.
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Chapter 1

Introduction

1.1 Motivation and Objectives

“Surgery is not a place or procedure, but an intellectual discipline, characterized by operative

procedures but defined by an attitude of responsibility toward the care of the sick.”

This frequently used quote is by Dr. Mark M. Ravitch, an internationally recognised surgeon

who is a pioneer in minimally invasive surgery (MIS) and deserves enormous credit to the

development of stapling devices [69]. In the past several decades, the development of technology

has boosted the emergence of new surgical approaches. MIS, for example, has limited the

physiological damage of surgery by smaller incisions, reduced blood loss, less pain and fewer

infections, etc. All these contribute to the fast recovery of patients, benefiting both individual

patients and society. However, MIS also brings challenges to surgeons, such as reduced tactile

feedback and stereo perception, limited surgical instruments, harder hand-eye coordination,

higher learning curve, and so on. In this thesis, the problem of insufficient stereo information

is addressed by the proposed system.

The accurate imaging of patient anatomy provides useful information for surgical decision

making both pre- and intra-operatively. The quantification of tissue surface morphology is

valuable in medicine and surgery as it may indicate tissue pathology. For instance, the detection

1
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of colonic polyps often depends on their shapes [182]. Also, tissue surface shape has the potential

to be used in MIS to facilitate navigation, for example, generating augmented reality (AR)

[225]. However, due to the difficulty in matching pre-operative images with the laparoscopic

view intra-operatively, the pre-operative images are infrequently used during the procedure

itself and are consulted mainly for pre-operative planning. One of the challenges preventing

their usage is the lack of depth information on the 3D tissue surface during MIS. In comparison,

tomographic imaging modalities such as computed tomography (CT), and magnetic resonance

imaging (MRI) have been developed which can detect diseased tissue as well as measuring tissue

morphology and defining surface orientations pre-operatively. However, these cannot be easily

integrated with ordinary surgical instruments intra-operatively.

Besides the tissue surface shape, multi/hyperspectral imaging (MSI/HSI) also provides impor-

tant information for image-guided MIS. MSI/HSI measures the spectrum for different locations

in the image of a scene, resulting in hypercubes (x-y-λ volumes) with more channels than RGB

images do, containing richer spectral information to indicate the object properties. MSI/HSI

has the potential to be used in various clinical applications, such as narrow-band imaging for

vascular visualisation, oxygen saturation estimation for intra-operative perfusion monitoring

and clinical decision making [50], tissue classification and pathology identification [174], and so

on. However, in MSI/HSI system design there is always a trade-off between the spatial, spectral

resolution, acquisition time, and the cost, especially for a miniaturised endoscopic system.

Due to the importance of tissue surface shape and multi/hyperspectral information, and the

need to not disrupt the surgical workflow, it will be beneficial to integrate the functions of

3D object surface reconstruction and MSI/HSI into a normal endoscopic system. Developing

one clinically feasible endoscopic system that is capable of 3D reconstruction and MSI/HSI is

non-trivial work, since we need to not only overcome the challenges mentioned above, but also

miniaturise the extra hardware to enable system integration. These problems are addressed in

this thesis.

Previously, Clancy et al. developed a miniaturised endoscopic system (ICL SL system) for

tissue surface reconstruction, based on SL techniques [51]. However, the previous work on this
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system mainly focus on the hardware design, lacking the software platform development. So

starting from this ICL SL system, this research centres around the continuous improvement

and extension of the hardware, as well as the establishment of the software platform for fast

and robust tissue surface imaging.

The aims of this thesis are: 1) propose a customised 3D reconstruction pipeline to enable an

accurate real-time tissue surface shape measurement; 2) hardware improvement on the original

system for the adaptation to clinical environments; 3) integration of HSI into the ICL SL

system; 4) combine hardware and state-of-the-art algorithms to enable a near real-time dense

multispectral image measurement. In general, this thesis aims to develop a miniaturised system

that is capable of fast 3D reconstruction and hyperspectral imaging in clinical environments.

1.2 Thesis Structures and Contributions

Since the project centres around the building and extension of the ICL SL system, the thesis

is arranged in a chronological order. The outline of the thesis is listed as follows.

Chapter 2 gives a general literature review towards 1) object surface 3D reconstruction and

2) hyperspectral imaging. It starts with a review of optical techniques for 3D reconstruction,

including stereoscopy, structure-from-motion (SfM), shape-from-shading (SfS), and Time-of-

Flight (ToF). This is followed by an overview of SL, arranged in terms of pattern categories.

Previous works on laparoscopic SL systems are also reviewed. The second part of this chapter

provides an introduction to MSI/HSI, followed by examples of previous MSI/HSI systems, and

the application of MSI/HSI techniques in medical applications.

Chapter 3 starts with a brief introduction to the ICL SL optical system. Next, a naive 3D

reconstruction pipeline is proposed. This pipeline includes customised SL system calibration,

pattern decoding based on normalized cut and local rigid registration, and the triangulation

for 3D reconstruction as the final step. Validations are provided based on phantom, ex vivo,

and in vivo experiments.
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Chapter 4 illustrates the improvements to the original ICL SL system and the naive 3D

reconstruction pipeline. Three aspects have been covered, including replacing the RGB camera

with a multispectral camera, on-the-fly self-calibration and reconstruction, and the integration

of local normal information for more accurate 3D reconstruction. Validations are also provided

based on phantom, ex vivo, and in vivo experiments, which show potential of applying the ICL

SL system in real-world clinical environments.

Chapter 5 aims at further system improvements to enable a faster, denser, and more robust

surface reconstruction. A chopper wheel has been used to stroboscopically switch between the

SL and white light (WL) modes. The SL frames are used for 3D reconstruction, and the WL

frames are provided to the surgeons for surgical scene visualization. Then a 3D printed adaptor

is proposed to fix the probe by the side of the endoscopic tip, and enable the insertion of the

probe through a normal clinically used trocar. Next, a new light pattern decoding algorithm

that enables real-time 3D reconstruction are described. This is realised by convolutional neural

networks (CNN) for feature detection, and a customised feature descriptor and epipolar con-

straints for feature matching. In addition, a review of CNN based image segmentation methods

is also provided. Furthermore, we manage to combine the reconstructed surface with SL and

the counterpart with SfM to increase the density of the 3D reconstruction. In the validation,

phantom and ex vivo ovine tissues are used to evaluate the performance of the pattern decoding

algorithm. Besides, a clinical experiment is provided to demonstrate the applicability of using

the improved ICL system in the operating theatre.

Chapter 6 proposes a system for hybrid 3D reconstruction and HSI, by functional extension

based on the ICL SL system. A slit hyperspectral camera is integrated in to the original optical

system, in the way that the reflectance from the tissue surface under white light is fed into

the slit for sparse hyperspectral signal measurement. This ensures the measurement of sparse

hyperspectral signal from the tissue surface. A CNN based super-resolution model has also

been deployed to estimate pixel-level dense hypercubes from the RGB images and the sparse

hyperspectral signals. In the experiments, the accuracy HSI signal measurement was evaluated

by experiments on Macbeth color checker, and phantoms. ex vivo tissues like pig bowel, rabbit

uterus, and lamb uterus were used to validate the performance of the proposed dense hypercube
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estimation algorithm.

The contributions of this work are listed as follows:

1. Detailed illustration of a customised SL system calibration method.

2. Development of patten decoding method with normalized-cut and local rigid registration.

3. Replacement of the RGB camera with a multispectral camera for potential multispectral

imaging.

4. On-the-fly self-calibration that enables free-hand manipulation.

5. Integration of local normal information for more accurate 3D surface reconstruction.

6. Stroboscopic switching between the SL and WL modes.

7. Adaptor design to enable the real-world application of the system.

8. Real-time 3D reconstruction with SL aided by CNN and customised feature descriptor.

9. Combination of SL and SfM for quasi-dense surface reconstruction.

10. Integration of the function of HSI to the ICL system.

11. Development of super-resolution solution for near real-time pixel-wise dense hypercube

generation.

12. Validation on Phantom, ex vivo animal, in vivo animal, and patient experiments.

To sum up, in this thesis, we demonstrate a hybrid system that enables fast and quasi-dense

3D reconstruction, and a pixel-wise dense hypercube measurement, of the tissue surface. The

evaluation of the system demonstrates its potential to be used in clinical environments.
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Chapter 2

Literature Review

2.1 Introduction

As is described in Section 1.1, this thesis proposes a system that is capable of tissue surface

shape reconstruction and hyperspectral imaging. In this chapter, previous relevant works are

reviewed to provide the readers with an overview of the problems to be solved in this project,

from both the hardware and software aspects. For hardware, the state-of-the-art methods of

optical 3D reconstruction and HSI/MSI, especially those medical related ones, are reviewed.

Section 2.2 starts with the description of the applications and necessarity for intra-operative

soft tissue surface reconstruction, followed by a review of various optical based reconstruction

techniques, and previous SL systems in laparoscopic surgery. Section 2.3 focuses on reviewing

state-of-the-art HSI/MSI systems categorised according to the acquisition mode, dispersive

devices, and different medical applications. For software, since convolutional neural networks

(CNNs) have been heavily deployed for algorithm development, in terms of aiding multiple key

steps such as pattern decoding and super-spectral-resolution, a general overview of CNNs is

given in section 2.4.

2.2 Surface Shape Reconstruction Techniques

Accurate imaging of tissue anatomy is important both pre- and intra-operatively. It benefits

clinical applications.

9
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In MIS, due to the indirect visualisation through endoscopes, surgeons lose the sense of depth

context when visualising the intra-operative scene. This leads to instrument mis-location and

consequently unwanted tissue interaction, and further results in higher learning curves for in-

strument manipulation for the surgeons [280]. In robotic surgery, the application of active

constraints which constrain the maneuver of manipulator end-effectors, also depends on accu-

rate tissue surface shape measurement.

Tissue surface morphology also carries important information and indicates some pathologies.

For example, colonic polyps could be detected and discriminated from each other depending

on their shapes [202].

Also, tissue surface shape has the potential to be used in MIS to facilitate navigation, for

example, generating augmented reality (AR) to enhance the surgical scene visualisation, as

well as to alleviate the drawback of lacking direct view and tactile feedback during MIS [24].

A typical workflow of surface-based laparoscopic AR approach has been summarised in [185]:

• Surface extraction for the organ of interest from the pre-operative data, e.g. CT, MRI,

ultrasound, etc.

• Tissue surface reconstruction from the intra-operative scenes.

• Rigid registration of data that are acquired pre- and intra-operatively, via manual, semi-

/fully automatic methods.

• Registration refinement with rigid or non-rigid models.

The intra-operative surface can be reconstructed either sparsely or densely, depending on

adopted equipment and algorithms. The accuracy of registration between two surfaces relies

on the intra-operative reconstruction accuracy: a small error in intra-operative reconstruction

might lead to a big registration error, due to the continuous deformation of tissues. The surface

shape could be recovered via optical techniques which observe the superficial tissue; while vol-

ume could be recovered by intra-operative tomographic imaging modalities, such as computed

tomography (CT), magnetic resonance imaging (MRI), and ultrasound (US). AR based on vol-

ume registration, although can be achieved with richer 3D correspondences, is be a non-trivial

problem in practice, given challenges in the application of intra-operative tomographic imaging
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modalities: 1) cost; 2) ergonomics; 3) the integration with ordinary surgical instruments; 4) the

trade-off between image acquisition speed, resolution, and signal-to-noise ratio (SNR) [181].

Recently in MIS, using endoscopes with adequate algorithms or integrated external hardware

for 3D soft tissue reconstruction, has become more popular. These methods are referred to as

optical techniques, which utilise the geometry of the reflected light from the tissue surface for

reconstruction. They are in general advantageous due to: 1) lower cost; 2) little change to the

theatre environment; 3) little extra manipulation for the surgeons; 4) free from radiation. In

this chapter, an overview of optical 3D reconstruction techniques is given.

2.2.1 3D Reconstruction with Optical Techniques

Object surface reconstruction, which refers to the process that captures the shapes of objects,

has been a popular area in computer vision and computer graphics for decades [109]. In general

the optical based 3D reconstruction techniques can be divided into two categories: passive and

active methods, although the practical MIS realisation of either method is yet to be achieved

reliably. The former uses images from the camera without an extra light source, and the latter

acquires image data under controlled lighting conditions [192]. In the following, several typical

techniques are concisely introduced and compared: passive methods including stereoscopy,

Structured-from-Motion (SfM), and Shape-from-Shading (SfS), and active methods including

Time-of-Flight (ToF) and Structured Light (SL), with their applications in MIS.

Stereoscopy

Stereoscopy refers to the techniques making use of parallax between observations from two

different viewpoints to calculate the 3D location [182]. It is also called passive stereo in some

previous works. Here a brief introduction towards the 3D reconstruction with stereoscopy is

give, since other optical techniques such as SfM and SL, share much in common in geometrical

concepts with stereoscopy.

A typical stereoscopy system consists of two cameras positioned in 3D space and facing the

target object with parallax, sharing partially overlapping Field-of-View (FOV). An image ex-

ample of FOVs from the left and right cameras is given in Fig. 2.1(c)(d). In MIS, modeling
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cameras on the tip of the endoscopes with pin-hole model, “triangulation” is used to describe

the procedure of calculating the intersection of light for 3D reconstruction. This procedure

with stereoscopy is shown intuitively in Fig. 2.1(a)(b). The camera is normally modelled as a

pin-hole model in the reconstruction. A point X in the 3D space, its projection on both the

camera image planes, and the camera centre lie on the same line. For a two camera system,

X with its two projections x and x′ and camera centres C and C ′, are located on one plane

named the epipolar plane π. The intersection of π and the camera image plane is called the

epipolar line l′ on which x′ is located. The line connecting camera centres C and C ′ is called

the baseline. The intersection between the baseline and the image plane are epipoles e and

e′. By measuring the relative position between the two cameras, as well as the correspondence

between projections x and x′, the 3D location of X can be estimated via triangulation.

Figure 2.1: (a) The epipolar plane (grey) with two image planes. (b) The correspondence is
searched along the epipolar line on the right image plane. (c, d) The image captured from the
two cameras, with red points as features and white lines as epipolar lines. Figures reproduced
from [109].
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Here a concise mathematical description of the reconstruction procedure is provided, whose

details can be found in [109]. The reconstruction starts with a calibration step which aims

to find camera intrinsic parameters and relative positions. Considering cameras as pin-hole

models, intrinsic parameters can be represented with 3 × 3 matrices K and K ′ for the two

cameras, respectively. A 3D coordinate system is built using one of the cameras (camera 1).

The coordinate system origin is set at one of the camera centres C, with X and Y axes along

the row and column dimension of the camera image plane, Z axis along the camera principal

axis. Through calibration the rotation R and translation t of the second camera (camera 2)

can be estimated. The camera centre for camera 2 can be calculated by C ′ = −Rt. Then the

camera matrices P and P ′ are constructed by P = K[I|0] and P = K[R|t], for camera 1 and 2,

respectively. Given a point X in the 3D space, its projections on the two camera image planes

can be computed as x = PX, and x′ = P ′X. A fundamental matrix F is used to describe the

correspondence between x and x′:

x′TFx = 0 (2.1)

where F is defined as F = x′−T[t]xRK
−1, with [ ]x standing for the skew symmetry operation.

It is noticeable that equation 2.1 is suitable for cameras not at infinity, which is the case

in normal 3D reconstruction with stereoscopy. The triangulation between x and x′ can be

carried out with different methods such as linear triangulation, Sampson approximation, or

optimisation by minimising the reprojection error. The detailed triangulation methods are

illustrated in [109].

As the triangulation follows a standardised paradigm given calibrated camera parameters, the

main challenge of using stereoscopy is to find unique correspondence of image primitives on

both the stereo images [264]. Once the correspondence is built, either sparsely [277] or densely

[20], the 3D location can be estimated with standard triangulation algorithms.

There are many feature detection and matching algorithms proposed previously for sparse corre-

spondence search, such as Scale Invariant Feature Transform (SIFT) [173], Speeded Up Robust

Features (SURF) [22], Features from Accelerated Segment Test (FAST) [235], Maximally Sta-

ble Extremal Regions (MSER) [188], Oriented FAST and Rotated BRIEF (ORB) [238], etc.

These methods manage to find sparse correspondences between paired images, while the dense

correspondence is found by estimating the disparity map [270].

Rectification which projects paired images on a common image plane, is the prerequisite for
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disparity map generation. Through rectification, the correspondence of each pixel can be found

by searching along the same Y axis on the other image, which greatly simplifies the matching

problem and reduces the computational cost. There are in general four steps for computing

a disparity map [243]: 1) cost computation, 2) cost aggregation, 3) disparity computation,

4) disparity refinement. Barnard and Fischler proposed a local algorithm with slide-window

style normalised cross-correlation (NCC) based similarity measurement between paired images

with winner-takes-all (WTA) strategies [20]. However, the local methods aren’t able to utilize

regional constraint and therefore lead to large mis-matching areas in areas with relatively

homogeneous appearances. Alternatively, global algorithms have been proposed to optimise

the cost function of disparity with global constraints, by means of dynamic programming (DP)

[56], graph cuts [149], graph cuts with belief propagation [273], variational methods [268], etc.

Recently, some researchers have also exploited deep learning algorithms with CNN models to

aid the disparity, scene flow, or optical flow estimation [65, 190]. There are many other works

on sparse/ dense stereo matching for 3D reconstruction, so it is a highly developed and mature

research area. The main challenge is adapting existing algorithms in detailed applications,

which often requires further task-specific algorithm extension.

In MIS, using two individual monocular endoscopes for stereo vision is not appreciated, due

to problems like difficulty in sharing overlapping FOVs, large post-rectification image distor-

tion introduced by relative axial and large transverse movement between the two individual

scopes. So commercial binocular endoscopes that are specially designed for stereo vision are

used instead. An example is the binocular scope in the Da VinciR© surgical system (Fig. 2.2(b)).

Due to the free-form tissue deformation and complexity of the constantly changing surgical

scenes (e.g. smoke, bleeding, specular highlights, appearance of surgical instruments, etc.),

the applicability and robustness of common feature detection and tracking or stereo matching

algorithms is questionable in MIS. Even though some specific methods have been proposed to

adapt to this extreme situation [91], they still suffer from high computational load. Besides,

monocular scopes are used in the majority of MIS procedures where stereoscopy is not able to

be applied.

It has been found that the reconstruction accuracy depends on the image resolution and the

camera calibration accuracy [137], given an accurate feature/ stereo matching. The ratio be-

tween the working distance and the baseline length also affects the accuracy, e.g., maximally



2.2. Surface Shape Reconstruction Techniques 15

Figure 2.2: (a) schematic of a binocular endoscope pointing at tissue surface. The point X has
projections x and x′ on the two image planes. (b) The binocular endoscope from the Da VinciR©

surgical system. (c)(d) The surgical scenes (upper row) and their corresponding disparity maps
(lower row). Figure (a) is from [182], (c)(d) are from [264].

the working distance should not exceed 10 − 15 times of the baseline length [182]. The main

benefit of using stereoscopy for surgical scene 3D reconstruction is no requirement for additional

hardware integration on the surgeon’s end. And (near) real-time performance can be realised

with algorithmic implementation on GPUs. However, the robustness of proposed algorithms

are still to be tested, while images from different surgical applications vary. Those CNN based

methods developed recently, although showing high potential in smoothness and speed, are

also questionable in robustness given that the features learnt during training is dataset-specific.

Most importantly, stereoscopy depends on the tissue surface texture information, so will lead

to poor results in the case of textureless scenes or the existence of repetitive and ambiguous

texture patterns. Last but not the least, monocular scopes are used in the majority of MIS

procedures where stereoscopy is not able to be applied, which might hinder the application of

stereoscopy in theatre.
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Monocular SfM

Monocular SfM refers to the method for object surface reconstruction with multiple observa-

tions, provided by camera movements (Fig. 2.3(a)). Rigid SfM is applied in rigid scenes, with a

moving camera. Once the displacement of the camera is known, it is equivalent to stereoscopy

with a changing baseline [182]. However, in MIS or general surgery, the tissue keeps moving and

deforming, which makes the reconstruction into a deformable SfM (DSfM) problem. Relatively

more reliable DSfM utilises templates, of which the previous work will be reviewed concisely in

this section.

DSfM follows the following three steps in general [182]: 1) reconstruction of a 3D deformable

template with parameters that describe the target object; 2) correspondence search between

the template and the captured image; 3) deform the template to match the image with the built

correspondences. Step 1 is a one-off procedure carried out before the experiments, and step

3 is the key step which deforms the template with additional physical constraints. Salzmann

and Fua, as well as Perriollat et al., proposed to model the template with the properties of

paper [242, 217]. Keypoints with pixel colours were made use of to match the template to the

captured image [219, 220, 88]. In these methods, the matching was carried out by minimising

a cost function consisting of reprojection error and the physical constraints as the regulariser.

Examples of applying DSfM can also be found in laparoscopic surgery [32, 183].

Despite several examples that reported applying SfM in surgical scenes, no stable and robust

result was achieved in these works, as heavy task-specific parameter tuning is still needed to

enable a promising reconstruction [182]. The main challenges are: 1) the textureless tissue

surface; 2) the appearance of bleeding and smoke during surgery; 3) inefficient correspondence

search between the captured images and the templates due to high difficulty in rectification; 4)

tissue physical properties that are hard to model for template building. It is also claimed that

SfM is capable of leading to dependable global shape recovery with limited manual interactions,

but with the expense of losing surface details, especially in textureless/featureless regions [57].

SfS

SfS also uses only one camera for surface reconstruction. It models the relationship between the

pixel intensities and the surface normals. Given a calibrated light source and camera position,
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and the camera radiometric response, the surface can be reconstructed in two steps: firstly the

constraints on surface normals are found; then these constraints are integrated for pixel-wise

depth estimation [120]. It is noticeable that most SfS based algorithms make four assumptions:

1) the target object surface is modelled with Lambertian reflectance; 2) the reflectance (albedo)

of the surface is known; 3) there is only one light source; 4) the shape is differentiable and its

projection is continuous.

The fixed relative position between the light source and the scope in laparoscopic surgery

ensures the feasibility of applying SfS [203, 300, 291]. Visentini-Scarzanella et al. proposed a

novel formulation of SfS with a near point light source, aided by specular highlights [281]. A

non-parametric light model for any light source shape has been proposed for SfS reconstruction

[55].

In general SfS reconstruction is not a reliable technique since it highly depends on several

assumptions like the Lambertian reflectance, known tissue albedo, and certain light source.

Unlike SfM, SfS provides accurate surface detail, but may also result in distorted global shapes

[57]. Recently, DSfM and SfS have been combined since they are complementary to each other

[196]. SfX is advantageous that it can be integrated seamlessly to common surgical hardware.

However, image matching is a major problem for SfM when the structures in laparoscopic images

are poor and repeated [182]; the application of SfS is also restricted to the above assumption

constraints which are not realistic for tissue surface in real-world situation.

ToF

In ToF, the distance between the target object and the detector is calculated by measuring the

time that light needs to travel to the object surface and back to the detector (Fig. 2.3(b)).

ToF cameras also have other names such as ranging camera, flash lidar, and depth camera.

ToF cameras are able to acquire dense depth information with video-level framerate without a

scanning mechanism. Pulsed and continuous wave (CW) modulation are the two most widely

used approaches. Pulsed approaches send a pulse of light and measure its ToF for depth

estimation [124, 296]. In medical applications a commonly used CW modulation measures the

phase difference between the emitted and captured modulated incoherent light [295, 102]. There

are already commercial mature ToF cameras available for the purpose of general applications
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including gaming and gesture capturing, e.g. MicrosoftR© KinectTM 2.0 (512×424 3D resolution),

IFMR© EfectorTM O3D303 (176 × 132 3D resolution), SICKR© Visionary-TTM (144 × 176 3D

resolution), etc.

The ToF camera or so called range finder is combined with rigid standard endoscope optics,

scanning the whole FOV and updating the 3D location of the tissue surface area by area [216,

103]. The spatial resolution of the depth map, however, is normally lower than that of the

coupled RGB images. There are generally fewer works proposed on ToF systems adapted to

laparoscopic surgery, compared with other optical techniques. But due to its fast acquisition

time and non-reliance on object surface texture information, ToF should have high potential in

MIS once the integration and miniaturisation of the device is achieved. Foix et al. summarised

the error sources of ToF based reconstruction into systematic and nonsystematic errors. The

former can be alleviated by calibration, while the latter by filtering [81]. These engineering

challenges on the hardware building (integration to the endoscopic system, miniaturisation,

measurement error, cost, low spatial resolution, etc.) hinders the application of ToF in MIS.

2.2.2 Structured Light

SL is another active method for 3D reconstruction. In SL, a specific setup is designed to generate

a certain artificial pattern of light, and project it through a projector onto the target object (Fig.

2.3(d)). Then according to the deformation of the projected light pattern recorded by a mono

camera, the object surface is estimated. Similar to stereoscopy, prior to the 3D reconstruction

calibration should be applied to establish the spatial relationship between the projector and

camera. In laparoscopy, some works have been proposed where the projector is integrated to

the laparoscope [51, 148, 292]. SL systems are generally real-time and accurate, and also robust

when reconstructed objects with featureless/ homogeneous surface [182]. However, a certain

amount of offset between the projector and camera is required to establish the geometry of

triangulation, and the designed light pattern could affect the accuracy of pattern detection to

a large extent, which further influences the reconstruction accuracy. Also, a light pattern of

insufficient density could result in missing of shape details.

In summary, as long as the appropriate light pattern is designed, SL seems to be a more

promising and robust method with high potential, even when the surface of the target object is
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Figure 2.3: Schematics for different optical techniques: (a). monocular SfM for deformable tis-
sue surface shape reconstruction. (b). Time-of-flight (ToF). Comparision between stereoscopy
(c) and structured light (d). Figures reproduced and adapted from [182].

textureless; while other techniques have obvious drawbacks in certain situations which cannot

be alleviated easily due to their own mechanisms [181].

Classification of SL Systems

SL techniques can be categorised according to their pattern codification strategies. Surveys

regarding the classification were proposed previously [21, 240, 241, 90]. In this thesis, pattern

classification based on Gengs categorization system is adopted, combined with some part of the

work from Salvi et al. SL patterns can be divided into two categories: multi-shot (sequential)

and single-shot. In multi-shot methods a sequence of light patterns are projected onto the

object, either discretely or continuously, forming different codewords for specific locations on

the surface. Single-shot applications, on the other hand, project one single unchanged pattern

onto the target surface, and reconstruct the 3D shape according to the snapshot image.



20 Chapter 2. Literature Review

Multi-shot methods include several subdivisions such as binary coding, grey coding, phase

shifting, and frequency multiplexing [90].

Binary coding uses sequential black and white stripes or dots for projection, so that unique

and non-repetitive codewords are assigned towards all different surface regions, as is shown in

Fig. 2.4(a). For example, N patterns lead to 2N codes; therefore 2N points could be extracted

after projection. Posdamer and Altschuler proposed the first work using binary code [221].

Their special projection system projects an n× n dot array by n× n laser rays onto the target

surface, and a microprocessor is used to control the shutter for occlusion of part of laser rays at

microsecond speed, creating specific codewords for all the dots. Sun et al. and Ishii et al. have

also published papers regarding binary coding SL system [267, 127]. Binary coding techniques

are highly reliable and insensitive to surface characteristics, since only white (1) and black (0)

values are used to represent a bit. Whereas they require a large number of patterns for dense

3D reconstruction, leading to longer image acquisition time in which the target object should

stay still.

In order to overcome the drawback of binary coding, in 1984, Inokuchi et al. proposed a SL

system in which grey-level patterns are used instead of binary ones [125]. Grey-level coding was

developed in order to reduce the number of patterns in one sequence. For instance, if M levels

of intensities are employed in N patterns, then MN codes could be generated. In practice, a

vital issue when using binary or grey-level coding is defining the accurate location of stripes

or dots. There are two ways to detect stripe edges with high accuracy: one way is to find the

zero-crossing of the images second derivative; the other method is to find the intersection of

both normal and inverse stripe patterns [241]. Some researchers studied optimization methods

to find the balance between pattern number and reconstruction performance. Caspi et al.

developed a grey coding SL system based on colour [39]. Horn and Kiryati proposed a work

studying the optimization problem under certain noisy conditions [121].

Reliable as it is, binary/grey coding techniques also suffer from resolution limitation due to

the discrete property of the patterns themselves. Phase shifting which achieves higher spatial

resolution, was developed. A set of continuous sinusoidal patterns/gratings are projected onto

the object with varying intensities of pixels along the coding axis for different phases (Fig.

2.4(b)). In order to convert the wrapped phase to absolute phase, phase deviation is calculated

first by shifting light patterns several times (Fig. 2.4 (b)). Ono et al. designed a system which
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Figure 2.4: (a) Binary coding. (b) Phase shifting. (c) De Bruijn sequence. (d) M-array. Figure
source: [241, 215].

makes use of phase shifting and unwrapping [206]. However, in reality phase shifting requires

more than the theoretical minimum of 3 patterns for calculation. In order to overcome this

drawback, Wust and Capson used overlapping patterns in red, green and blue colours. Thus,

the camera can record all the three patterns respectively at the same time, reducing image

acquisition time [293]. Unwrapping algorithm can only give a relative unwrapping and the

absolute phase cannot be calculated, especially when the phase difference between two points

is larger than 2π [90]. This so-called “ambiguity” problem can be solved by combing grey

coding and phase shifting, since the former determines absolute phase and the latter provides

higher resolution [122, 98] However, this hybrid method demands a larger number of patterns

and therefore is unsuitable for moving objects.

In addition to methods mentioned above, there are also some other multi-shot SL patterns, like

continuously varying colour coding and frequency multiplexing, which also require certain time

length for image acquisition [90, 272, 53].

To sum up, although multi-shot methods lead to reliable and accurate reconstruction, they are
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still not the optimal patterns for in MIS due to the continuous deformation of soft tissue and

movement of the endoscope during surgery. Single-shot techniques, on the other hand, were

proposed to deal with the moving object surface reconstruction problem.

Since only a snapshot image is recorded and employed to reconstruct the object 3D shape,

different characteristics as well as neighbours are used in single-shot to label different areas.

Given that only one image is used, detection and identification of each individual pattern unit

becomes the key point for accurate reconstruction. These methods can be distinguished by the

pattern unit’s appearance — stripes, grids, dot matrix and so on.

Stripes are commonly applied in SL, either in 1D or 2D. There are different ways to identify each

individual stripe. Previous works have been proposed to identify unites by using grey-scale,

colours or segment patterns [31, 186, 68]. In most cases, the distribution of stripes with different

characteristics (grey level, colour, segment, etc.) is arranged so that in a certain window no

repetition of stripe combination can appear. An example is displayed in Fig. 2.4(c). Among

different methods, the most representative algorithm is based on the De Bruijn sequence. A

De Bruijn of rank n on a number set with a size k is a cyclic order in which words in kn with

length n is unrepeatable if counted around the cycle [180, 90]. This nature of uniqueness makes

the De Bruijn sequence an algorithm with high potential in pattern distribution design. Many

works were proposed based on this [123, 194, 304].

Grid indexing is another pattern strategy. This technique assigns unique labels to all sub-

windows, with different combinations of binary or multivalued patterns, or by different colours

[278, 101, 218].

Likewise, 2D array of colour coded dots which utilise spatial neighbours for identification were

also applied in previous research. Payeur and Desjardins introduced an exhaustive way to

generate unrepeatable sub-windows for the dot array (Fig.2.4(d)) [215, 59]. While some other

researchers employed M-arrays (perfect maps) to arrange dots. Perfect maps, which can be

seen as an extension of De Bruijn sequence in 2D space, were presented by Etzion in 1988 [71].

Griffin et al. and Adan et al. proposed their work by using perfect maps [101, 3].

Generally speaking, if the target object is static and no strict time constraint is required for

image acquisition, multi-shot is more reliable and accurate. While for moving or deforming

target, more errors would be introduced into codewords by using multi-shot; more accurate 3D
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reconstruction results could be achieved according to images acquired in a short time instance

by employing single-shot methods.

SL in Surgical Applications

Although SL has been used mostly for macroscopic imaging, early in 1994, Haneishi et al.

proposed the first SL system aiming at gastrointestinal surface profilometry by integrating

a laser beam projector with fiber bundle onto a normal electronic endoscope [107]. In this

system a beam scanner is used to project one single dot sequentially onto different areas of

the object surface, and an experiment was carried out on a synthetic resin, showing satisfying

results (depth error < 0.16 mm). Laser beam scanners were used in works of Knaus et al. and

Hayashibe et al. [148, 112]. In the Knaus approach, scanning to create a dense reconstruction

(6400 points) resulted in long scanning time (27 seconds), making this system infeasible in real

surgical situations. While in the Hayashibe method, scanning is much faster since a scanner

with higher frequency was employed (1 Hz). According to the experiment result, when the

distance between laparoscope and object is 10–15 cm, the estimated maximum error is 1.0–1.5

mm. Although these laser scanning based SL systems offer high accuracy, they also require

a large number of images for 3D reconstruction. Ackerman et al. designed and enhanced

their laparoscopic SL system for abdominal organ scanning [141, 1]. They used coded stripe

patterns for projection and a 30 Hz camera for imaging, testing the equipment in an open

surgery environment. It was claimed that high-speed cameras operating at up to 220 Hz could

be integrated and image processing could be accomplished online. Hasegawa et al. developed a

flexible SL system with fibres, using a spatial coding strategy of seven patterns to reconstruct

the target surface [110]. The shape information could be acquired in about 0.5 second. But

this system was only tested on ordinary objects such as tablet and vase. Chan et al. proposed

another endoscopic SL system which uses a single-shot of a dot matrix as projection pattern [40].

The calibration method is based on Tsais algorithm [275], and the reconstruction experiments

were applied on both the reflective model surface and tissues from forearm and oral cavity,

showing satisfactory results: the error is smaller than 3% for reflective model and comparable

results were found for curved tissue surface without quantitative analysis. For the purpose

of improving colposcopy diagnosis accuracy of cervical cancer, another system using a grid

pattern was used to reconstruct the tissue surface [292]. Recently, Maurice et al. developed a
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rigid laparoscopic system with single-shot grid-based pattern designed according to the M-array

(perfect maps) algorithm [189]. The setup was tested under an open surgery situation, and

promising results were generated. Another recent one-shot endoscopic SL system was developed

by Schmalz et al. [244]. This scanner was specially designed for tissue reconstruction in tubular

cavities, so both the camera with a curved mirror and ring-shaped slide projector were designed

in a very specific way to produce and record ring-like colour patterns. The instrument can

already be used with a flexible endoscope and has been tested in ex vivo experiments.

To summarise, SL has advantages over other 3D reconstruction techniques in the following

aspects: 1) non-reliance on tissue surface texture information; 2) user-defined patterns to facil-

itate correspondence search; 3) enables 3D reconstruction with one-shot SL system. These well

indicate the potential of using SL in robustly reconstructing tissue surfaces during MIS. The

challenges, however, are the miniaturisation and integration of the SL device to the endoscopic

system.

2.3 Medical Hyperspectral Imaging

Hyperspectral imaging (HSI) aims to acquire the spectrum from all locations in a scene. As

an RGB image contains three bands from the visible spectrum (VIS) — red, green, and blue,

HSI results in a hypercube for a scene, with a much higher number of bands on the spectral

dimension [290] (Fig. 2.5). In practice, HSI and multispectral imaging (MSI) are similar

concepts except that normally the former contains hundreds of bands, while the latter contains

more than three but less than one hundred bands. Due to the rich spectral information it

carries, HSI/ MSI has vast applications in remote sensing [95, 77], crime detection [153, 248],

water resource control [99, 2], food quality control [100, 75], etc.

Potentially HSI/MSI can also be used to aid medical applications, such as clinical diagnostics,

surgical guidance, pathology detection, and so on, since it is a non-invasive approach. In the

tissue the incident light undergoes scattering due to tissue inhomogeneity, and is absorbed

by different structures like water, haemoglobin, melanin, etc. [310, 283]. The scattering,

absorption and the resulting fluorescence characterise the tissue properties, and thus contains

useful diagnostic information [276, 76, 74].
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Figure 2.5: A hypercube (left) and an RGB image (right). A hypercube contains hundreds
of bands along the spectral dimension, normally ranging from UV to NIR; An RGB image
contains three bands (red, green, and blue) in VIS.

2.3.1 Light-tissue Interaction

As the light-tissue interaction characterises the tissue properties, in this section a brief intro-

duction to light-tissue interaction, especially those factors related to HSI, is given. Scattering

and absorption occur for multiple times when the light propagates through the tissue [213]

(Fig. 2.6). The scattering is caused by the heterogeneity of the tissue’s reflective index [132].

Multiple scattering may cause re-emission of the light from the surface, leading to diffuse re-

flection. Scatter structures include: collagen fibrils, macromolecular aggregates, lysosomes,

vesicles, mitochondria, nuclei, etc.

Absorption limits the penetration depth of light in the tissue. Most tissues contains weaker

absorbers (chromophores) in the spectrum ranging from 600–1300 nm [132]. Photons are ab-

sorbed by molecules when their energy meets the energy difference between adjacent electric

energy levels. Since different types of molecules have unique energy level intervals, the wave-

length of the absorbed light can be considered as unique fingerprints that can describe tissue

properties [305]. For instance, the absorption difference between the oxyhaemoglobin and de-

oxyhaemoglobin can be used to estimate the oxygen saturation (StO2) of the blood, and can

be used to aid clinical decision making during organ transplantation or colorectal surgery [50].

Haemoglobin and melanin are the two most significant chromophores in the visible spectrum

(VIS), while amino acids and protein dominate the ultraviolet (UV) spectrum, water for the

infrared (IR) spectrum [289]. Either heat or luminescence including fluorescence and phospho-

rescence is produced in absorption. Fluorescence stems from the endogenous chromophores and
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Figure 2.6: Examples on light-tissue interaction. With the incident light shed on the tissue,
reflection, scattering and absorption events may happen multiple times and produce sepcular
reflection, diffuse reflection, and fluorescence emission out from the tissue surface.

is called auto-fluorescence, and generally covers the spectrum from the UV to VIS. In general,

reflectance reveals the local tissue properties in terms of scattering from structures and ab-

sorption by blood, while auto-fluorescence indicates the biochemical composition of the tissue

[233]. Therefore, HSI which measures the spectrum of the fluorescence, or light reflected by/

transmitted through the tissue, containing rich medically valuable information.

2.3.2 Introduction to HSI Systems

A HSI system mainly consists of a light source, a spectral dispersive device, and a detector.

The light source emits light onto the tissue surface; the dispersive device selects the excitation

wavelengths either for the light source or the detector; the detector contains sensors to capture

the reflectance and/or fluorescence. In the following an overview is given for medical HSI

systems, including the acquisition mode, the dispersive device, and medical applications.
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Acquisition Mode

This section provides a concise introduction to different acquisition modes of normal HSI sys-

tems. Generally most HSI systems can be divided into three types: spatial scanning, spectral

scanning, and snapshot. HSI with spatial scanning refers to the system which generates the

hypercube by sensing the whole spectrum through all locations of a scene, either point by

point (whiskbroom) or line by line (pushbroom). Spectral scanning, on the contrary, scans the

whole scene at a certain bandwidth at a time, and stacks all the 2D images along the spectral

dimension. Snapshot methods manage to record all the spatial and spectral information by the

detector in a snapshot, without scanning along any dimension.

Whiskbroom is widely used in remote sensing for earth resource technology [162]. In this mode

the direction of the sensor is often directed by rotating a mirror to scan through different

locations of the scene. The sample is scanned, area by area, along both X and Y dimensions.

In each scanning the light is dispersed by a prism and a spectrum is detected by a linear array

detector. After scanning all areas a hypercube can be built. In whiskbroom, a motorised stage

with at least two degree-of-freedom (DoF) needs to be integrated for spatial scanning, leading

to an increased system complexity. Besides, pixel-wise scanning in the spatial dimension makes

complete imaging relatively time-consuming and inefficient. The main advantage of whiskbroom

is the fewer number of sensor elements to calibrate for data acquisition.

Pushbroom, as the alternative with a spatial scanning mechanism, scans the whole scene line

by line. A slit spectrum image is acquired in one exposure, with a prism-grating-prism (PGP)

as the dispersive device. For a full scene data acquisition, the scanner is directed to scan along

the spatial dimension perpendicular to the slit. Compared with whiskbroom, a pushbroom

based system requires a significantly longer exposure time for one-shot spectrum capturing, as

well as higher spectral resolution, and signal with lower signal-to-noise ratio (SNR) [6].

Staring is a spectral scanning approach for HSI acquisition. It measures the whole scene

at a certain wavelength bandwidth in terms of a grey-level image in one exposure, and then

spectrally stacks all the images to form a hypercube, normally enabled by filters. Liquid crystal

tunable filters (LCTFs), for examples, use electronically controlled liquid crystal elements to

select the wavelength range of the transmitted light. Compared with spatial scanning, staring

grants more freedom in spectrum selection. Furthermore, while spatial scanning only displays
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the scene after the completion of scanning, staring enables a live update since the full view at a

certain wavelength can be updated at one exposure, facilitating aiming and focusing [132, 176].

Instead of scanning through either the spatial and spectral dimension to build the hypercubes,

some work proposed optical systems for hypercube capturing in a snapshot. Snapshot based

HSI systems directly image the remapped and dispersed scene image onto the detector/camera

[288]. Despite the fast data acquisition, snapshot system generally outputs hypercubes with

low spatial and spectral resolutions. The resolution is limited by the number of sensors on the

camera [86].

To summarise different HSI acquisition modes, a comparison is provided in Table 2.1 that is

reproduced from the review paper of Li et at. [162].

Table 2.1: Comparison of HSI acquisition modes: whiskbroom, pushbroom, staring, and snap-
shot. Table reproduced from [162].

Comparison Whiskbroom Pushbroom Staring Snapshot

Scanning
Spatial
X and Y

Spatial
X or Y

Spectral N/A

Wavelength
ranges

Wide Wide Medium Wide

Wavelength
selectability

Partial Partial Yes No

Spectral
resolution

High High Medium Low

Band
numbers

Hyperspectral Hyperspectral Hyperspectral Multispectral

Acquisition
time

Long Long Short Shorter

Cost Low Low High Medium
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Dispersive Device

The dispersive device is a key component in a HSI system. It is either used for excitation

wavelength selection or emission light dispersion. In the former case it is positioned in between

the light source and the sample, while in the latter case between the sample and the detector

[174]. In general there are three types of dispersive devices: monochromator, bandpass filter,

and snapshot imager.

Monochromators are capable of separating polychromatic light into beams with different spectra

[208], and are widely used in spatial scanning HSI systems. Two representative monochromators

use diffraction gratings and prisms. In general diffraction gratings lead to simpler system design,

but prisms are advantageous in higher light transmission and lower scattering in VIS and NIR.

A hybrid prism-grating-prism (PGP) monochromator containing a transmission grating fixed

between two prisms with filters for wavelength selection, has been used in industry and research,

with a small and compact structure, to sense the light with the wavelength between 320 and

2700 nm. It has been adopted in several medical HSI systems [10, 9, 163, 7, 143].

Optical bandpass filters are normally used in spectral scanning HSI systems, and are either

fixed or tunable. The fixed filters can be mounted on a wheel to select the light with certain

wavelengths. These filter wheels can be used for MSI, by capturing sequential grey images

in spectral dimension by rotation (e.g. SpectroCam Multispectral Camera, Ocean Optics,

USA). However, these systems only enable hypercube collection with limited bands [4, 232,

42, 135]. Despite the convenient utilisation, the filter wheel still suffers from low spectral

resolution, slow image acquisition, and consequently the mis-registration between images at

different wavelengths [66]. To the contrary, tunable bandpass filters including liquid crystal

tunable filter (LTCF) and acousto-optical tunable filter (AOTF) are widely deployed in HSI

systems, due to their high spatial resolution and faster acquisition [89]. They work from VIS to

NIR, and UV to IR, respectively. In general LCTF leads to higher image qualities but slower

acquisition, compared with AOTF [174]. It is also noticeable that in many applications both

are still too slow due to the required switching time.

A typical snapshot imager is a computer-generated hologram (CGH). CGH is based on a 2D

grating formed by pixels arranged in an array. It enables a snapshot hypercube acquisition

with lower resolution than other scanning based dispersive devices. Examples of its application
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in HSI system can be found in [134, 108].

2.3.3 Medical Applications

The reflectance and fluorescence from the tissue reveal the local scattering and absorption

properties, as well as the biochemical composition [233], so they can be used in different medical

applications including pathology detection and surgical guidance.

Pathology Detection

The metabolism and morphology of cells, as well as their scattering and absorption properties,

can be altered in the case of pathology [76, 23]. Thus, potentially, HSI which acquires reflectance

and fluorescence could provide medically meaningful information for disease diagnosis.

Much previous research has focused on cancer detection with HSI. Kaposi’s Sarcoma (KS) is

a type of cancer that occurs in skin and the mouth. As a highly vascularised tumour, KS is

indicated by cutaneous lesions which refers to skin patches characterised by texture, thickness,

and pigment in contrast [256]. A 6-band MSI system has been developed to monitor the blood

volume and oxygen saturation before anti-angiogenesis surgery [111]. Dicker et al. proposed

to distinguish malignant and benign skin tissue in a histology study with high resolution HSI

[60]. Hypoxia in breast cancer contains prognostic value for radiation and surgery, and is led by

insufficient oxygen supply. HSI has been used by Sorg et al. to monitor the in vivo haemoglobin

of the mouse mammary carcinoma. A spectral mixture analysis was then performed on the

acquired data for protein classification. Boucheron et al. applied MSI on H& E-stained breast

cancer biopsy samples, and was found that MSI provided richer information to aid classification

than normal RGB images do [29]. Cervical cancer detection is another application where HSI

can potentially outperform the current gold standard method, the Pap smear test which might

lead to 15–40 % false positive rate. Some HSI based methods were proposed given the fact

that the auto-fluorescence signal is an important indicator for cancer [214, 229]. Ferris et

al. proposed a HSI imaging system to capture both the reflectance and fluorescence from the

cervical epithelium on the ectocervix, on a diverse population of women [76]. The wavelength-

of-interest covered the UV and VIS, and is capable of differentiating high-grade cervical lesions,

less-severe lesions, and normal tissues. Benavides et al. incorporated MSI with a colposcope to
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obtain reflectance and auto-fluorescence images of the cervix [23]. It was demonstrated that by

combining reflectance and fluorescence the cervical intraepithelial neoplasia lesions and normal

tissues could be distinguished.

HSI has also been used to aid retinal disease diagnosis. Chohen et al. integrated an HSI system

to the fundus camera for the evaluation of the effectiveness of eye surgery [54]. Hirohara et

al. used a fundus camera with an LCTF to quantify the absorption of vessels, by measuring

the reflected light that was transmitted through the eye vessels and their surrounding tissues

[117]. HSI has also been adopted to evaluate the progress of age-related macular-degeneration

(AMD) [73, 249].

Diabetic foot is another condition whose diagnosis can be aided by HSI techniques. One of the

major complications of diabetes is diabetic foot ulceration [258], which might lead to partial

amputation if untreated. Diabetic foot can be diagnosed and monitored according to the

microcirculation and large vessel changes. By controlled experiments, Khaodhiar et al. utilised

HSI to measure the oxy-/deoxyhaemoglobin to predice diabetic foot ulcer healing with high

sensitivity and specificity [142]. Another work on the healing prediction was carried out by

Yudovsky et al., using HSI to capture images between 450–700 nm.

HSI has been used to assist diagnosing other diseases such as heart and circulatory pathology

[147, 46], shock [38], anaemia [314, 315], etc.

Surgical Guidance

Visual feedback guides surgical decision making [84]. However, in either traditional open surgery

or MIS, the visualisation of the patient anatomy is usually the scene of tissue surface in VIS. As

a technique that captures molecular and cellular level information, the function of HSI/ MSI

has been explored to enrich the surgical visual feedback for surgical guidance. The applications

of HSI in surgical guidance include but are not limited to: 1) oxygen saturation monitoring

[311, 50]; 2) the visualisation of tissue under vascular structures [195]; 3) cancer detection for

tumour removal [23, 214]. Since HSI/ MSI provide rich diagnostic information and is generally

easy to integrat with surgical devices, it has been used to aid different surgeries in previous

research.

For small renal cortical tumour removal, laparoscopic partial nephrectormy has drawn more
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and more attractions compared with the traditional gold standard open surgery. One of the

most important information for decision making in this MIS procedure is via monitoring is-

chemia. Holzer et al. proposed a HSI system to measure renal parenthetical StO2 by measuring

reflectance from 520 to 645 nm, in order to find kidney response during the open partial nephrec-

tormy [119]. Digital light processing based HSI has been used for StO2 measurement to aid

robotic laparoscopic partial nephrectormy [205]. Zukak et al. also worked on the project of

LCTF based HSI guided renal surgeries, developing a real-time system that can has been tested

on in vivo porcine kidney [313].

Laparoscopic gall bladder surgery on the other hand, is another operation that can be aided

by HSI. Due to the loss of tactile feedback, the identification of biliary tree suffers from low

image contrast through the laparoscope. An endoscopic HSI system has been developed for

swine tissue identification at molecular level [312]. It was shown in this work that the bile

ducts which contains lipid can be recognised, based on the fact that lipid absorbs 930 nm

light. Another work was carried out by Mitra et al. for biliary anatomy classification with

classifiers working on the reflectance and fluorescence data captured by HSI [193]. This work

was validated on ex vivo swine.

In mastectomy, the existence of residual tumour needs to be examined to assess the completion

of tumour removal intra-/post- operatively [79]. Panasyuk et al. proposed to use HSI for

tumour detection. On the rat breast model, they demonstrated the successful detection of

tumour with sizes of 0.5–1 mm with 89% sensitivity and 94% specificity.

There are many other studies that utilised HSI/ MSI for surgical guidance, e.g. abdominal

surgery [50, 8] and intestinal surgery [10].

To summarise, by comparing different HSI systems in terms of their acquisition modes, struc-

tures, and medical applications, we find some hints about endoscopic HSI system design. HSI

has high potential to be used in disease detection and surgical guidance, as it yields signals

with rich information on tissue, cellular, and molecular level. There is no “gold standard” HSI

system structure, as different system have different advantages and disadvantages. Thus, the

integration of HSI into the surgical workflow is a task-specific problem and should be planned

accordingly. Since real-time imaging is unaffected by tissue deformation and movement is a

general requirement, HSI systems with snapshot acquisition mode are preferred. However, the

resolution of the acquired hypercube needs to be increased, e.g. by means of algorithmic sup-
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port. The minimisation of the system is another requirement that the endoscopic HSI system

should satisfy in order to use them in real surgical environments.

This work is a true combination of medical image computing (MIC) and image guided interven-

tion (IGI), thus includes innovative work on both the hardware and algorithmic development.

The convolutional neural networks (CNNs) based algorithms were developed to establish the

software platform of the hybrid system that captures both tissue surface shape and hyperspec-

tral signals. Therefore, in the following a brief introduction to CNN is provided.

2.4 Convolutional Neural Networks

CNNs have been used as tools to implement key procedures in this project, including seg-

mentation for real-time structured light pattern decoding, and super-spectral-resolution for

fast pixel-level-dense hypercube estimation. Therefore, a brief introduction towards CNN is

given in this chapter, and concise literature reviews regarding CNN based segmentation and

super-resolution algorithms are provided in Chapter 5 and Chapter 6, respectively.

2.4.1 From Neurons to Layers

Artificial neural networks (ANNs) are parametrised computational systems that map an in-

put to an output, and are inspired by biological animal brains [116]. A typical ANN can be

structured as input layers, hidden layers, and output layers, where the hidden layer consists

of neurons as basic computational units (Fig. 2.7(a)). Neurons take the input and apply lin-

ear computations to generate a corresponding output, followed by an activation function, as

is shown in Fig. 2.7(b). Each neuron is connected to neurons in the previous layer, and its

output is fed into neurons in the next layer. For a single neuron connected to N neurons in

the previous layer, assume its inputs as xn, weights wn, where n ∈ (0, · · · , N), bias b set to w0

(assume x0 = 1), then its output can be represented as:

u =
∑
n

wnxn + w0 (2.2)
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With an activation function, the output y can be calculated as y = h(u) = f(x). Different

activation functions can be chosen, such as sigmoid (y = 1/(1 + e−u)), rectified linear unit

(ReLU, y = max(0, u)) [93], Leaky ReLU [179], exponential linear units (ELUs) [52], and so

on.

Figure 2.7: (a) A typical fully connected artificial neural networks. (b) A linear computation
in a neuron followed by an activation function.

For the hidden layer m, the outputs yj can be calculated as:

y
(m)
j = h(m)(

∑
n

w
(m)
nj xnj + w0) (2.3)

Piling up M layers (M > 1),

y = (f (M) ◦ · · · ◦ f (1))(x) (2.4)

where ◦ denotes function composition and f (m) denotes a mapping from IRDm−1 to IRDm , for

layer m.

The neuron connections between adjacent layers determine the layer function. A traditional

and widely used layer is the fully connected (FC) layer, in which neurons are connected to all

the neurons in the previous layer. This layer extracts features from given input vectors and

feeds its output data to the next hidden layer. When the FC layer is used as the output layer,

it typically generates scores for classification or regression. However, an FC layer is not the

optimal layer if directly used for image feature extraction, since it doesn’t scale well to input

image size [161]. Every neuron in the first hidden FC layer needs to connect with every pixel

in the input image, resulting in an explosive increase in connection number with an increase

of image size. Therefore, it is wasteful and computationally expensive to process the image

directly with FC layers, leading to severe overfitting. Instead, independent data pre-processing
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including feature extraction is a commonly applied to feed the extracted ”feature vector” into

the FC layer, in image classification [152, 27, 262] or segmentation [207, 231, 228] which can be

modelled as pixel/patch-wise classification. Different features have been proposed to describe

an image patch, e.g. derivatives, Hessian matrices, Scale-Invariant Feature Transform (SIFT)

[173], Speeded-Up Robust Features (SURF) [22], KAZE [11], and so on. However, as hand-craft

features with specific performance, their generalisation and robustness aren’t optimal in many

cases, since image segmentation tasks vary and need customised feature descriptors.

In order to reduce overfitting as well as to prevent information loss using hand-craft features,

networks containing convolutional (Conv) layers are introduced to extract features from images,

facilitating different problems such as classification, detection, segmentation, super-resolution,

etc. A Conv layer consists of neurons arranged in 3D: two spatial dimensions and one channel

(feature) dimension. This can be seen as a FC layer with an infinitely strong prior [96]. For

a typical Conv layer this prior says 1) the weights wn (n ∈ (1, · · · , N)) and bias w0 of every

neuron is the same as those of others in the same channel, which is referred to as the “parameter

sharing” property; 2) all the weights except for those in a small local receptive field, are set

to 0, for a single neuron, which is referred to as the “local connectivity” property. Through

a learning procedure, different sets of weights and biases can be learnt by different channels.

During a feed-forward operation the computation can be seen as convolving the input in spatial

dimensions using different convolutional kernels (filters) along the channel dimension.

A convolution between continuous functions x and w is defined as:

(x ∗ w)[t]
def
=

∫ ∞
−∞

w(τ)w(t− τ)dτ (2.5)

When discretised:

(x ∗w)[t]
def
=

∑
τ

x[τ ]w[t− τ ] (2.6)

If an image is denoted as I, its ith row and jth column value as I(i, j), the convolutional kernel

as C, then convolving I with C can be written as:
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(I ∗C)[i, j] = (C ∗ I)[i, j] =
∑
m

∑
n

C[m,n]I[i−m, j −m] (2.7)

A schematic of a typical Conv layer is shown in Fig. 2.8(a).

Figure 2.8: (a) A Conv layer with 10 channels. Input: 512 × 512 × 3 RGB image; output:
512× 512× 10 volume. The visually protruding cubic is used to show the receptive field of one
neuron. (b) A convolution example with kernel size 3, stride 2, and zero-padding.

The convolutional behaviour of the Conv layer therefore greatly reduces the number of param-

eters to estimate during the training procedure, thus preventing overfitting introduced by the

FC layer. Since different convolutional kernel are widely used as feature detectors in low-level

edge/object detection problems [259, 35], the trained kernels in the layer can be considered

as feature detectors in different hierarchies, where the existence of a desired image feature is

expected to lead to a high response after convolution.

There are four key hyperparameters to define in describing a typical Conv layer: depth, kernel

size, stride, and padding. Depth determines the number of different convolutional kernels in

a layer, and hence the channels of the output volume; kernel size defines the size of the filter

and hence the local connectivity of the neurons; stride is the interval between neighbouring

convolution; padding decides the padded values around the input volume in order to equalise

the size of the data volume before and after convolution. A convolution with kernel size 3,

stride 2, and zero-padding is shown in Fig. 2.8(b). If the input image/ feature map contains

multiple channels (e.g. the RGB image), as is shown in Fig. 2.8(a), every filter is expanded to

3D with the same number of channels as the input. Then correlation between the input and the

filter occurs channel-wisely, and all the values on different pixel locations are summed up in the

channel dimension to form a feature map with single channel. Stacking single-channel feature
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maps generated by other filters in the same Conv layer, the output multi-channel feature map

is obtained.

Conv layers are usually combined with other layers including activation layers, pooling lay-

ers, FC layers, etc., to solve image processing tasks. Taking an image classification problem

for example, multiple Conv layers are chained and applied on different image scales. The

downscaling of the data is realised by pooling layers. This typical “Conv-downsampling-Conv-

downsampling” structure, named “encoder” in some works, enables a “deep” task-specific fea-

ture extraction on different image scales. The FC layers are appended after a series of Conv

and pooling layers, to use the extracted features for classification, where neurons in the last

output layer stand for different class scores. A classic CNN model used for image classification

is AlexNet [151] (Fig. 2.9). As a milestone, AlexNet won the ILSVRC 2010 by a large margin,

with a 10.8% higher top-5 accuracy than the second best method.

Figure 2.9: The schematic of AlexNet used for image classification. Figure source: [151]

Similar to FC layers, a typical Conv layer is normally followed by an activation function.

The pooling layer is normally used to progressively downsample the input volume in the spatial

dimensions (width, heigth), enabling feature extraction on different scales. Two commonly

adopted pooling layers are max pooling and average pooling: the former replaces the pixels in

the receptive field with the maximum value in a local area; while the latter uses the average

value. In practice generally max pooling with 2 × 2 or 3 × 3 filter size and a stride of 2 is

preferred in normal CNN architectures.

There are several other milestones in CNN model development, e.g. VGG [257], GoogLeNet

[269], ResNet [114], and so on. All of those models follow a encoder-classification pipeline,

and differ in terms of detailed layer arrangement and connection manner. Although they were
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proposed to be applied to different tasks— mainly image classification— their architectures

can be adapted to be applied to other tasks such as image detection, segmentation, and super-

resolution.

2.4.2 Network Training

Network training refers to the procedure of looking for optimal weights W. This procedure

can be realised by training via minimising a user-defined loss function. A typical loss function

consists of two parts, data loss Ld and regularisation loss Lr. Ld depicts the difference between

the predicted output ŷ and the ground truth y; while Lr is mainly used to prevent overfitting

[96]. The loss function L is defined by the sum of Ld and Lr:

L = Ld + λLr (2.8)

where λ is called “decay weight” used to adjust the weight of the regularisation loss in the final

loss function. The data loss Ld is defined according to detailed tasks.

In a single value regression problem, given one example (x,y), and a CNN model architecture

y = f(x,W), then a commonly used data loss function, the L2-loss, is defined as:

Ld =
1

2
(ŷ− y)2 =

1

2
(f(x,W)− y)2 (2.9)

In a classification problem, the cross-entropy loss function is used:

Ld = −
∑
i

yilog(ŷ) (2.10)

where i denotes the class index. if yi stands for the probability of class i, with a given ground

truth class iGT ,

yi =

{
1 if i = iGT

0 otherwise
(2.11)
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Two commonly used regularisation losses are the L1-regulariser:

Lr =
∑
i

|wi| (2.12)

and the L2-regulariser:

Lr =
∑
i

w2
i (2.13)

Denoting the first-order derivative (gradient) of the loss function L at w as ∇L(W ),

∇L(W) = (
∂L

∂w1

, · · · , ∂L
∂wN

)
T

(2.14)

The global minimum of L(W) is located in the points where ∇L(W) = 0. However, since

L(W) is non-convex, so many points including local maxima, local minima, and saddle points,

satisfy ∇L(W) = 0. So instead of a global minimum it is more feasible to find a local minimum

instead, by iterative optimisation algorithms. In practice the local minimum found by iterative

optimisation methods is good enough for general applications [47].

A widely used method for loss function minimisation is gradient descent optimisation. As an

iterative method, it starts with a initialised W(0), and updates W by the gradient of L(W)

iteratively:

W(τ+1) = W(τ) − α∇L(W(τ)) (2.15)

where α > 0 is the learning rate that controls the update magnitude of W in every iteration.

In order to prevent convergence at small local minima, momentum is introduced for the update

of W, by linear combination of current gradient and previous update [239]:

V(τ+1) = mV(τ) − α∇L(W(τ)) (2.16)

W(τ+1) = W(τ) + V(τ+1) (2.17)

where V denotes the velocity and 0 ≤ m ≤ 1 the momentum that adjusts V.

Making use of the differentiability of most of the layers in the neural network, the back-

propagation (backprop) algorithm [239, 157, 158] is widely used to compute the gradients
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∇L(W) and consequently update weights W in iterations in neural networks. The name

“back-propagation” comes with the information flow direction: starting with a loss that is

computed via forward propagation, the information flow backwards from the last layer to the

first layer to update the gradient ∇L(W), making use of the chain rule in derivative computa-

tion. Details are not provided in this thesis frame but the three general steps of backprop are

listed as follows:

1. Feed forward the input X and compute the loss L using a defined loss function.

2. Compute the loss Lj for hidden layers.

3. Compute the partial derivatives ∇L(W) for weights using the chain rule.

Due to the application of the backprop algorithm, a “vanishing gradient” problem can be found

when using traditional activation functions such as sigmoid function, especially in deep neural

networks (DNN) [245]. Therefore in DNN, ReLU or its variants like Leaky ReLU and ELU are

generally preferred.

2.5 Discussion and Conclusions

The aim of this project is to develop a hybrid system which enables both tissue surface shape

reconstruction and hyperspectral imaging (HSI). The hardware design and algorithmic devel-

opment are included in detail. The literature provided in this chapter covers both aspects. For

the hardware, an introduction and review of state-of-the-art techniques for surface shape recon-

struction and HSI was demonstrated; for software, a brief introduction of convolutional neural

networks (CNNs) was given, as CNNa are important techniques used to handle key challenges

of this work.

Tissue surface reconstruction provides clinically rich information that can be potentially used in

medical applications, such as pathology detection, robotic surgery, AR based surgical guidance.

In MIS where the tactile force feedback and depth perception are missing for surgeons, the

intra-operative tissue shape enriches surgeons’ visualisation of the surgical scenes.
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Concise reviews were provided for different optical techniques for 3D reconstruction, includ-

ing stereoscopy, monocular Structure-from-Motion (SfM), Shape-from-Shading (SfS), Time-of-

Flight (ToF), and Structured Light (SL).

In surgical scenes, the main challenges are the deformation and moving of tissue as well as

low image qualities, which requires a fast one-shot tissue reconstruction. This requirements

can only be potentially met by stereoscopy, ToF, and SL. As stereoscopy depends on texture

information, and ToF suffers from high building difficulty and systematic errors that cannot

be compensated by calibration, SL has been chosen as the 3D reconstruction techniques in this

work. A miniaturised endoscopic SL system is described in Chapter 4 and Chapter 5.

Although light-tissue interaction might lower the image quality for optical based 3D recon-

struction techniques, it contains medically rich information. The reflectance reveals the tissue

properties in terms of scattering and absorption, while auto-fluorescence indicates the bio-

chemical composition of the tissue. Therefore, hyperspectral imaging (HSI) that is capable of

capturing the reflectance and fluorescence signal as a 3D hypercube (x− y − λ), has potential

to be used to aid medical applications including disease diagnosis and surgical guidance.

There is no “gold standard” HSI system that is suitable for all applications, as different systems

have their own advantages and disadvantages. So the HSI systems should be customised de-

pending on the target applications. While the endoscopic system in this project should couple

with surgical scenes where tissue movement and deformation exist all the time, the two main

challenges for HSI to address are: 1) the real-time hypercube acquisition; 2) the miniaturisa-

tion of the system. Therefore, snapshot acquisition mode is considered as it provides a one-shot

hypercube collection and is unaffected by tissue movements. To further compensate the low

hypercube resolution, an algorithm that manages to predict a pixel-level dense hypercube has

been developed (section 6.3).

An introduction to convolutional neural networks (CNNs) is given, as CNN is an important

tool in two key technical contributions in this work: the real-time SL pattern decoding (section

5.3.2), and the super-spectral-imaging algorithm (section 6.3). Literature reviews are provided

for CNN based segmentation and super-resolution methods in section 5.3.1 and section 6.3.1,

respectively.
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Chapter 3

The Naive 3D Reconstruction Pipeline

for the ICL SL System

3.1 Introduction

In this chapter an endoscopic structured light (SL) system (ICL SL system) [51] for tissue

surface shape measurement is described. Making use of structured light techniques, the 3D

reconstruction with the ICL system does not rely on object surface texture information. This

chapter describes both the hardware and software platforms, and focuses on the latter, i.e., a

naive 3D reconstruction pipeline which applies general 3D reconstruction, with a fixed relative

position between the probe and the endoscope. Detailed descriptions of system calibration,

pattern decoding, and triangulation are included.

The content of this chapter has been published in:

1. J. Lin, N. T. Clancy and D. S. Elson, “An endoscopic structured light system using multispectral de-
tection”, International Journal of Computer Assisted Radiology and Surgery, vol. 10, pp. 1941-1950,
2015.

43
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3.2 The ICL SL System

The whole tissue surface shape reconstruction pipeline has been enabled on the previously

developed ICL SL optical system [51]. This system centres around an incoherent fibre bundle.

In total 171 fibres are arranged in a linear array at one end of the fibre bundle, and randomised

at other end. This randomised end is called the probe in the following text. During SL imaging,

the collimated output of the visible wavelengths (420−750 nm) of a 4 W supercontinuum laser

(SC400-4, Fianium Ltd., Southampton, UK) was dispersed by a SF-11 prism before being

focussed onto a linear array end. Those fibres, each carrying light of a unique narrowband

spectrum, passed through a custom-made converter to form a random distribution at the distal

end. A gradient refractive index (GRIN) objective lens formed an image of the bundle end-face

resulting in a random spot pattern at the target sample, in which each spot contains unique

wavelength information. The brass ferrule of the fibre linear array end has a diameter of 12.5

mm, but the fibre bundle and distal tip of the probe has a maximum outer diameter of 2.1

mm. This miniaturised size enabled the insertion of the probe through the biopsy channel of

standard flexible endoscopes. The system schematic and the projected pattern are shown in

Fig. 3.1.

By analysing the projected SL images, i.e. detecting and identifying individual spots, the

3D locations of those spots can be calculated, enabling object surface measurement. The

reconstruction density therefore depends on the number of fibres. Developing robust algorithm

to decode the light pattern is vital for recovering the 3D shape of the target object, however,

several challenges need to be addressed to achieve robust light pattern decoding in real-world

applications: in general using the ICL SL system the colour and neighbourhood information is

required for decoding. However, spots with similar wavelengths cannot always be differentiated

unambiguously due to the broad-band RGB spectral response of the camera. Furthermore,

at the blue end of the spectrum light is absorbed strongly by molecules like haemoglobin,

resulting in dim spots, while the higher penetration depth at the red end results in increased

lateral diffusion and a decrease in edge contrast of the projected spots. The appearance of

liquid and fat also leads to image blurring during imaging. Furthermore, tissue areas with

high curvature deform the shapes of the projected spots. All of the above problems lead to an

increased difficulty in pattern decoding. In the following, a naive 3D reconstruction pipeline is

proposed to recover the object surface shape with the ICL SL system.
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Figure 3.1: (a) Schematic of the ICL SL system (from Lin et al., copyright permission to be
resolved). (b) The miniaturised probe tip. (c) The probe inserted through the biopsy channel
of a flexible endoscope. (d) In vivo pig bowel surface under SL. Figure source: [165]

3.3 The Naive 3D Reconstruction Pipeline

An SL-based object surface reconstruction pipeline can be divided into three steps: system

calibration, pattern decoding, and triangulation. The detailed implementation is illustrated in

the following subsections.

3.3.1 SL System Calibration

Calibration is an essential step in computer vision approaches to extract 3D information from

2D images. The camera can be modelled as a pinhole model which assumes all the light rays

go through the camera centre [306]. Compared with passive stereoscopy, a typical SL system

replaces one camera with a projector — the probe in the ICL SL system. Similarly, during

calibration, the probe is treated as an inverse pinhole camera (Fig. 3.2(a)). The calibration

of a SL system is divided into two steps: camera calibration, and probe calibration including

extrinsic parameter calibration.
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Figure 3.2: (a). A schematic of our probe-based SL system showing a similar triangulation ge-
ometry (b) “Full” checkerboard used for camera calibration (c) “Hollow” checkerboard used for
projector calibration under white light. (d) Light pattern projected on the “hollow” checker-
board in SL mode. (e) Probe ray direction calibration result from method 1: locations of
spots for different plane positions (red) and rays estimated by line fitting (blue). (f) Probe
ray direction calibration result from method 2: rays (blue line), projector image plane (green),
coordinates of features (red dots) on the image plane, the probe centre (red circle). (g) Light
pattern projected on a white plane in SL mode. (h) Synthetic reference SL image that simu-
lates the probe image plane image, with manually defined intrinsic parameter and without any
distortion. Figure source: [165, 168]

Camera Calibration

The camera calibration is applied with the aid of the camera calibration toolbox developed by

Bouguet [30], where the camera is considered as a pinhole model. Here we start with defining

notations used in camera calibration:

Assume a point P with a 3D coordinate [X;Y ;Z] in the camera coordinate system, in which

the origin is located at the camera centre, and the Z axis aligns on the camera principal axis.

Let Pn be the normalised coordinates which are projected from P , then

Pn = [xn; yn] =

[
X

Z
;
Y

Z

]
(3.1)
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The normalised coordinates including lens distortion are defined as:

Pd = [xd; yd] = 3

 (1 + kr(1)r
2 + kr(2)r

2 + kr(3)r
4)xn + 2kt1xnyn + kt(2)(r

2 + 2x2n)

(1 + kr(1)r
2 + kr(2)r

2 + kr(3)r
4)yn + 2kt2xnyn + kt(1)(r

2 + 2y2n)

 (3.2)

where kr and kt stand for radial distortion and tangential distortion parameters, respectively,

and r2 = x2n + y2n. A camera′s calibration matrix consisting of intrinsic parameters can be

defined as:

K =


fx 0 xp

0 fy yp

0 0 1

 (3.3)

where fx and fy are the focal lengths in x and y directions, [xp, yp] is the principal point, which

is the intersection of the principal axis and the image plane. The final image coordinates can

be defined as: 
xi

yi

1

 = K


xd

yd

1

 (3.4)

where [xi; yi] is the image coordinates of point P .

Based on the previous work, the camera intrinsic parameters and distortion parameters K, kr

and kt can be estimated according to homography transform by observing different orientations

of a planar checkerboard [306, 33, 115]. The dimensions of the checkerboard are determined

according to detailed applications, while in this project, a 12× 14 grid array consisting of grids

with sizes of 5× 5 mm2 is adopted (Fig. 3.2(b)).

Projector Calibration

The homography transform is also used in projector calibration. Since a sparse light pattern is

used in this project, and every spot on the SL image shows the intersection between the object

surface and one ray from the projector, to calibrate the projector means to find the directions

of all the rays from the probe. So there are in total 171 rays to be estimated. In this step a

“hollow pattern” checkerboard was used instead of the “full pattern” one in camera calibration

(Fig.3.2(c)), with the same grid size. For projector calibration this checkerboard was manually

positioned at different distances from the projector. At each position, both the white light (WL)
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and SL images were taken. According to the homography transformation based on the rectangle

formed by four of corners on the checkerboard, the rotation matrix Ri and the coordinate of one

point on the plane Mi could be estimated in the camera coordinate system. Assuming the plane

is defined as Ax + By + Cz + D = 0, the normal to the plane could be found as ni = Ri(:, 3),

where A = ni(1); B = ni(2); C = ni(3); D = −Mini, and
√
A2 +B2 + C2 = norm(Ri(:, 3)).

Thus, the distance from the camera centre to the checkerboard could be derived as:

d =
|Axc +Byc + Czc +D|√

A2 +B2 + C2
= |D| = MiRi(:, 3) (3.5)

For a certain spot Sj, which stands for a ray that has been detected from the image captured

by the camera, its ray direction pointing from the camera centre [xc; yc; zc] = [0; 0; 0] to its

projection on the checkerboard Pij can be calculated and represented as a unit vector rdij =

[xuij; yuij; zuij]:

Pij = drdij (3.6)

Assuming that the checkerboard has been located in multiple positions, and that we know

that there are 171 spots/rays in total, Pij can be computed with all i ∈ (1, · · · , N) and

j ∈ (1, · · · , 171). As a result, coordinates along its direction have been acquired for all the

spots/rays Sj, j ∈ (1, · · · , 171). Then a least squares based line fitting algorithm was applied,

calculating all the ray directions emitted from the probe (Fig. 3.2(e)). It is noticeable that

these fitted rays contain the relative position information of every fibre and the camera coordi-

nate system. So for the naive 3D reconstruction pipeline, these calibrated projector rays could

be used to reconstruct the object surface shape by intersecting them with those captured by

the camera. This probe calibration method is referred to as method 1.

However, if a more advanced reconstruction pipeline is adopted, e.g. on-the-fly self-calibration

(section 4.3), these estimated rays should be forced to go through a virtual “probe centre”,

assuming the projector to be an inverse pinhole model without distortion. A synthetic probe

image plane image (Fig. 3.2(h)) can be used to enable more mature triangulation solutions for

other reconstruction problems, by simulating stereoscopy.

In this case, using the Sj estimated above as initializations, an optimisation technique is

applied to force all the rays to go through one point which indicates the projector centre
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PC = [PCx;PCy;PCz] Fig. 3.2(f). Assuming the normalised gradients Rj of Sj are defined

by Rj = [aj; bj; cj], where j ∈ (1, · · · , 171), the distance between the spot location Pij and the

corresponding ray is defined as:

dij =
|(Pij − PC)× (Pij − (PC +Rj))|

|Rj|
(3.7)

The cost function Ej is therefore defined as:

Ej =
∑
i

d2ij (3.8)

By minimising Equation 3.8 the final directions Rj can be estimated for all the rays, as well as

the probe centre PC.

Assuming a virtual projector image plane with normal set to the mean direction of the rays,

and located 1 mm in front of the projector centre, by intersecting the rays and this virtual

image plane, the relative position between the projector and the camera can be determined by

estimating the rotation matrix R and translation vector t. Consequently, feature coordinates

on the projector image plane were also acquired. By taking another SL image projected onto a

white plane and calculating the homography between the feature coordinates on the projector

image plane and those from the white plane, all the pixels on the white plane SL image can be

transformed into the projector image plane image, with a manually defined projector intrinsic

matrix Kp. The generated reference SL image contains no distortion, since it is simulated. So

during triangulation, similar to the passive stereoscopy system, our SL system provided two

images from the projector and the camera: one has a fixed pattern, while the other one contains

spot patterns changing from frame to frame. This probe calibration approach is called method

2. Compared with method 1, the reconstruction accuracy is sacrificed to a small extent, but

more flexible choices of triangulation methods are enabled in the upgraded 3D reconstruction

pipeline (section 4.3).

3.3.2 Pattern Decoding

Pattern decoding refers to a procedure that identifies and “understands” the projected light

pattern. Similar to passive stereoscopy, this can be done by finding correspondences between
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the captured SL image to the reference SL image. The reference image can be acquired by

imaging a flat white plane using the SL system before the experiment. Generally speaking, the

colour and the spatial distribution of spots are used for pattern decoding.

Pattern decoding can be divided into three steps: pre-processing, spot detection, and spot

identification.

Colour Representation

Colour is the most important feature for spot identification using the ICL SL system, since

each fibre contains different wavelength information. The images collected contain multiple

colour channels. The number of channels depends on the camera used and three components

are contained for each pixel from images captured by RGB cameras.

In this project, “colour vectors” were utilised to represent pixel colours, which were defined as

unit vectors containing normalised pixel values in red, green, and blue channels. The colour dif-

ference between two pixels i and j can be quantified by the angle θ between their corresponding

colour vectors Ci and Cj, ranging from 0◦ to 90◦:

θij = arccos
cicj
‖ci‖‖cj‖

(3.9)

This approach of using only one indicator to describe the colour difference brings convenience

to the following light pattern decoding procedure.

Pre-processing

Due to strong light-tissue interactions, the captured SL images suffer from the appearance of

specular reflective highlights, and large shape deformations in different situations. A simple

pre-processing algorithm was adopted to remove specular reflection highlights and to smooth

the whole image. A threshold T (T = 210 for 8 bit gray level images converted from RGB

images) was set to segment the highlighted area, and the OpenCV inpaint function [128] was

adopted to “recover” the selected area from the boundary pixel values. This was then followed
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by Gaussian (standard deviation = 0.3) and a median filtering (kernel size = 5× 5) to smooth

the SL images.

Feature Detection Using Normalized Cut

In stereoscopy, feature detection and matching are essential steps. Searching for spot centroids

in SL images can be seen as feature detection [270]. However, feature detection in typical SL

images is a non-trivial problem. It can be found from a typical SL image (Fig. 3.3(a)) of a tissue

surface that: 1) the spots generally have similar sizes; 2) the spot centres should be located at

regional maxima of the intensity map, assuming the included pixel values are assumed to follow

a Gaussian distribution; 3) in some cases the spots are closely distributed, overlapping each

other; 4) some spots might suffer from large deformation; 5) spots with shorter wavelengths

are generally darker, and their colour could be “contaminated” by the nearby brighter spots

due to light diffusion; 6) there are even some “missing” spots due to breaks in corresponding

fibres. For instance, some of the blank areas of the SL tissue image in Fig. 3.3(a) is caused by

either darker blue or “missing” spots. These observations provide hints for designing robust

spot segmentation algorithms which enable promising results in all the environments.

Figure 3.3: (a) Original SL image; (b) the foreground (light pattern) of the SL image; (c) spots
delineated by boundaries (red). Two partially overlapping spots with similar colours can be
separated (see the red arrow).

In this work, an algorithm based on normalized cut is proposed to detect the spots. Shi and

Malik developed the normalized cut algorithm for image segmentation, which takes both the

global and local features into consideration [253]. This algorithm treats image segmentation

as a graph partitioning problem, by setting a criterion according to inter-group difference and

intra-group similarity. By considering one image as one graph, one pixel is assumed to be one
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node, while the differences between them are formulated into edges. A graph can be represented

as G = (V,E), where V stands for all the nodes, E stands for all edges. Partitioning a graph

into two disjoint sets S1 and S2, so that S1 ∪ S2 = V , S1 ∩ S2 = ∅, is equivalent to find and

remove the edges between these two sets, which is called a “cut” in graph theory. A cut can be

formulated as:

cut(S1, S2) =
∑

i∈S1,j∈S2

w(i, j) (3.10)

Unlike other graph cut algorithms, normalized cut partitions a graph by finding the trade-off

between weights of edges and the total number of nodes, ending up with partitions in reasonably

similar sizes, neither too large nor too small [253]:

Ncut(S1, S2) =
cut(S1, S2)

assoc(S1, V )
+

cut(S1, S2)

assoc(S2, V )
(3.11)

where assoc(S1, V ) =
∑

i∈S1,t∈V w(i, t) is the number of connections from nodes in S1 to all

other nodes in the whole graph and assoc(S2, V ) is defined similarly. Shi and Malik formulated

it into a spectral clustering problem.

Spectral clustering makes use of the similarity matrix of a graph and standard linear algebra to

cluster data points according to eigenvectors of matrices, and is simple to implement, leading

to better performance compared to some traditional clustering algorithm like k-means [199,

177]. To deal with the SL images, firstly a mask was used to make sure that the normalized

cut was only applied in the foreground which contains spots. This mask was generated based

on regional maxima detection and morphological transform, in order to cover as many spots

(foreground) as possible (Fig. 3.3 (b)). Then spectral clustering was applied to the pixels

inside this mask to cluster them into different spots. Based on the previous works on spectral

clustering [253, 199, 303], the steps are listed in the following:

1. Use all the pixels inside the mask to build a weighted graph G = (V,E) by establishing a

similarity matrix W . One entry of the matrix wi,j, represents the similarity between two

nodes (pixels) i and j, and is defined as follows:

Wi,j = e

−θ2ij
ε21 ∗

{
e
−‖xi−xj‖

2

ε22 if ‖xi − xj‖ < r

0 otherwise
(3.12)
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where xi and xj stand for the image coordinates of the pixels, r the threshold of Euclidian

distance between two pixels, ε1 and ε2 constants.

2. Calculate K eigenvectors corresponding to the K largest eigenvalues of:

D−
1
2 (D −W )D−

1
2x = λx (3.13)

where D is a diagonal matrix, whose (i, j) entry is the sum of W s ith row, K is the

number of clusters. There exists a method to select K value automatically according to

the “eigen gap” [177]. However, this method is sensitive to the choice of ε1 and ε2, and

could be unreliable when clustering noisy data. Therefore, in the experiment the K value

could be set empirically related to the number of detected local regional maxima.

3. Stack the K eigenvectors v1, v2, · · · , vk in columns to form a matrix A, and normalise it

in row direction.

4. Use k-means to cluster all the rows in A.

5. Assign labels to all the rows, so all the pixels are labelled.

In this way, the spots were clustered and segmented in the SL image (Fig. 3.3(c)). Fig. 3.3(c)

also shows that two adjacent and partially overlapping spots with similar colours could be

separated using this algorithm. The gravities of the segmented spots were treated as the spot

centres and used for the following matching and triangulation steps.

Feature Matching by Spot Identification

Spot identification for this SL system refers to the feature matching procedure. The aim is

to find the correspondences between the the collected SL image and the reference SL image.

In this work, the reference image was generated using the method described in section 3.3.1

by probe calibration and a SL image projected on a white plane on which all the spots are

manually identified beforehand. By comparing it with the captured SL image, unique labels

should be assigned to individual detected spots. Colour was the main information that could be

used in order to discriminate different spots. Due to the hardware limitation, identifying those

spots only according to the colour information was difficult. Furthermore, the projected light
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patterns suffered from strong light-tissue interactions, affecting colour vector changes. Thus,

an algorithm based on colour and neighbourhood information was developed:

1. Find neighbours for all the spots in both the reference and SL images. Delaunay trian-

gulation is applied to build the connections between adjacent spots followed by a connec-

tion pruning process to keep only the “real” neighbourhood connections according to the

shapes, sizes and orientations of those spots (Fig. 3.5(b)).

2. Calculate the average colour vector, and establish a stack of neighbours’ colour vectors

in a clockwise sequence for every spot.

3. Compare the colour vectors with the neighbours to determine unique matches between

the SL image and the reference image.

4. Propagate the spot matching procedure is propagated from the initially identified spots

to their neighbours based on to colour information and local rigid registration. (Fig. 3.4

and Fig. 3.5(c, d)). Thus, the spots are identified and correspond to the rays emitted

from the probe.

5. Remove incorrect spot-ray correspondences according to the calibration.

Figure 3.4: (a) Captured SL image; (b) captured SL image with initially identified spots; (c) the
identification procedure is propagated to more spots by local rigid registration based method.

In this way, the spots in the captured SL images are matched to those from the reference

image. This matching result can be used for the triangulation (section 3.3.3) for object surface

3D reconstruction.
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Figure 3.5: (a) The SL image (left) and the reference image (right). (b) Neighbour detection
for the SL image (left) and reference image (right): segmented spot boundaries (white) and
connections between neighbours (red). (c) Labelled SL image (left) according to the labels
assigned manually in the reference image (right). (d) Correspondences of spots between the SL
image (left) and the reference image (right).

3.3.3 Triangulation

Following feature matching, a generic triangulation procedure is adopted to compute the 3D

locations of the matched projected spots. Compared with classic triangulation methods which

triangulate rays from two cameras in the passive stereoscopy problem [109], in this naive re-

construction pipeline the geometric intersections between rays from the camera and the probe

are used as the triangulation results. As is discussed in section 3.3.1, this triangulation method

leads to higher accuracy, since simply treating the probe as an inverse pinhole model by forcing

all the rays to go through a virtual ”probe centre”, introduces reconstruction error.

According to Section 3.3.1, the direction of rays captured by the camera can be calculated

with the camera calibration results. Since the camera is considered as a pinhole model, all the

rays go the camera centre, which is [0; 0; 0] in the camera coordinate system. Thus, the rays
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Sj, j ∈ (1, · · · , 171) can be represented as:

{ x = a′jt

y = b′jt

z = t

(3.14)

[a′j, b
′
j, 1] indicates the direction for rays captured by the camera. While the rays emitted from

the probe are: { x = x0j + ajt

y = y0j + bjt

z = z0j + t

(3.15)

where [x0j, y0j, z0j] stands for the offsets, and [aj, bj, 1] the direction, regarding Sj.

In real-world applications, the two corresponding rays emitted from the probe and captured by

the camera normally do not intersect, so the middle point of their common normal is calculated

and considered as the intersection.

By intersecting all the identified rays the 3D locations of the projected spots on the object

surface can be estimated. For the ICL SL system a maximum of 171 3D locations can be

calculated from the projected spots, depending on the number of spots detected. The reason

for using this naive triangulation method instead of the classic approach is that, our probe can

only be considered as an inverse pinhole model camera by approximation, as the rays emitted

do not go through one exact point. However, the classic way, which assumes the probe as a

pinhole model, can be used in the case of the further improvement of the software platform, as

illustrated in section 4.3.

3.4 Experimental Results

For validation experiments on different objects have been carried out. SL images are acquired

on: silicone heart phantom, ex vivo porcine liver, kidney, and heart, and in vivo porcine large

bowel. In order to evaluate the robustness of the software platform in challenging surgical

scenes, SL images on liver with blood are also captured during the ex vivo experiments.
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This section is divided into two parts: evaluation of pattern decoding algorithm with normalized

cut and spot matching; 3D reconstruction accuracy affected by pattern decoding. During

the experiments, rather than inserting the probe through the biopsy channel, the probe was

mounted on a rigid support. The angle between the probe and each camera was about 15◦,

the baseline about 5 cm, and the optical axis of both endoscopes roughly perpendicular to the

object surface. Images were acquired at 30 FPS, with a maximum 33 ms exposure time per

frame. Practically this fame rate is high enough to avoid image blurring caused by respiration

movements. It takes about 50 s to process a single frame using MATLAB (Intel i7-3770, 8 GB

RAM), in the naive reconstruction pipeline.

3.4.1 Light Pattern Decoding

Given an accurate calibration, the light pattern decoding results determine the reconstruction

accuracy for a typical SL system. As light pattern decoding is divided into spot detection and

identification with ICL SL system, images acquired from phantom, ex vivo, and in vivo exper-

iments using an RGB camera, have been used to evaluate the performance and robustness of

these two steps. The indicators used for the evaluation include the sensitivities and specificities

of detection and identification results. They are calculated by comparing with the ground truth

data (manual detection and identification results). Given the automatically detected number

Tda, the manually detected number Tdm, and the correctly automatically detected number Tdc,

the sensitivity of spot detection is defined as Send = Tdc
Tdm

, while the precision Pred = Tdc
Tda

.

Given the automatically identified number Tia, the manually identified number Tim, and the

correctly automatically identified number Tic, the sensitivity of spot identification is defined as

Seni = Tic
Tim

, while the precision Prei = Tic
Tia

.

In this section the pattern decoding results using RGB camera are demonstrated. The average

and standard deviation of these indicators in different experiments are shown in Fig. 3.6. The

proposed pattern decoding algorithm aims to achieve identification precisions as high as possible

while maintaining identification sensitivities. As the wrongly detected spot will be excluded in

the spot identification step, empirically on the experimental samples in general 70% detection

precision can guarantee a good performance for surface reconstruction.

For all the images, the average sensitivities are always higher than 60% (Fig. 3.6(a)), while
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Figure 3.6: Light pattern decoding results using an RGB camera, on ex vivo porcine kidney,
heart, liver, and liver with blood, silicone heart phantom, and in vivo porcine large bowel. The
average value (blue bar) and standard deviation (black error segment) are provided. (a). Spot
detection sensitivity. (b). Spot detection precision. (c). Spot identification sensitivity. (d).
Spot identification precision.

the average precisions are around 80% except for the case of liver with blood (Fig. 3.6(b)).

Inevitably, the identification sensitivities are slightly lower compared with the detection results,

but the identification precision has been improved for all cases. This is because the proposed

spot identification method eliminates the wrongly detected spots, leaving only those correct

ones. The average identification precisions for all the SL images are higher than 95%. It is

noticeable that very little error will be introduced even if the identification precision is low. In

the case of low identification precision, that corresponding SL image will be abandoned.

Taking all the SL images collected by the RGB camera into consideration, our algorithm leads

to identification sensitivities higher than 40% as well as precision higher than 90% in 63 out of

75 SL images. Among those images, in general our algorithm performs better on the silicone

heart phantom and most of the ex vivo tissues. However, as expected, both the detection and

identification sensitivity and specificity decreased and became unstable in the appearance of

blood on the tissue surface, as the SL image quality is generally much worse than that in other
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cases.

3.4.2 Surface Reconstruction Accuracy in the Naive Reconstruction

Pipeline

Given the difficulty in acquiring the ground truth of tissue surface due to its softness/deformability,

only the reconstruction result of the heart phantom experiment has been used to measure the

reconstruction accuracy. This experiment aimed at evaluating the surface reconstruction ac-

curacy using the naive reconstruction pipeline, so the relative position between the projector

and camera was calibrated before the experiment. Eight SL images of the heart phantom from

different angles on different local areas are captured, so eight reconstructed surfaces can be ac-

quired. By registering the ground truth mesh acquired by a laser scanner and the reconstructed

surface using rigid iterative closest point (ICP) method [25], the reconstruction error can be

indicated by the distance between these two registered surfaces Fig. 3.7. During ICP, the

ground truth was manually cropped to keep only the corresponding local area for registration,

in order to reduce the error introduced by the ICP based registration itself. The average, the

mean, and the maximum distance are used as the indicators. Furthermore, in order to find

the influence of the pattern decoding algorithm, the result of using the automatic decoding is

compared to that of manual pattern decoding.

Table 3.1 shows the reconstruction result using manual light pattern decoding. The statistics

demonstrates that the accuracy of surface reconstruction using SL system under strict cali-

bration and perfect pattern decoding is very high, with average error smaller than 0.7 mm

and maximum errors under 3 mm from seven out of eight SL images. It is also demonstrated

that the reconstruction accuracy drops if the automatic pattern decoding algorithm is adopted.

However, if one of the cases, whose identification precision is lower than 90%, is excluded, the

mean values of the average distance and maximum distance reach to 0.7 mm and 2.98 mm,

respectively, making a very small difference from the results using manual pattern decoding.

Given that satisfying identification results (sensitivity > 40% and precision > 90%) can be

achieved in about 84% of all our SL images, we show the robust and promising performances

of tissue surface reconstruction using the proposed naive 3D reconstruction pipeline.
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Figure 3.7: ICP based rigid registration to evaluate the reconstruction error. First row: silicone
heart phantom under white light; second row: the reconstructed surface; third row: registration
of the reconstructed surface (green) with the ground truth mesh (red). Figure reproduced from
[165]

3.5 Discussion and Conclusions

In this chapter, the ICL SL system is introduced, including both the hardware and software

aspects: the ICL SL optical hardware system, previously developed by Clancy et at. [51] is

firstly demonstrated, followed by a description of a naive 3D reconstruction pipeline. Finally

validation on phantom, ex vivo, and in vivo experiments is provided.

Due to its miniaturised size, the probe of the ICL system could be conveniently integrated into

an endoscopic system. In the experiments the probe was always mounted on another support

detached from the endoscope. However, there are still other options to integrate the probe into

an endoscopic system: e.g. the probe can be inserted through the biopsy channel of a flexible

endoscope; the probe can also be attached beside the endoscope using a specially designed

3D-printed adaptor (section 5.2.2).

As implied from the name, the naive reconstruction pipeline describes an initial and “clean”
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Table 3.1: Heart phantom surface reconstruction accuracy using manual and automatic pattern
decoding, respectively. The mean, average, and maximum value of mean, standard deviation,
and maximum errors of all the reconstructed surfaces are listed. Table reproduced from [165].

Identification
sensitivity

Identification
precision

Mean error
(mm)

Std error
(mm)

Max error
(mm)

(Manual) Median 100.00% 100.00% 0.65 0.32 2.52

(Manual) Mean 100.00% 100.00% 0.64 0.35 2.78

(Manual) Max 100.00% 100.00% 0.72 0.44 5.04

(Automatic) Median 70.51% 98.33% 0.71 0.40 3.08

(Automatic) Mean 68.74% 96.70% 0.88 0.67 5.58

(Automatic) Max 90.76% 100.00% 2.17 2.65 23.76

version of the software platform, which refers to the simplest, most straightforward, and basic

algorithmic implementation. The following improvements (Chapter 4 and Chapter 5) have

been proposed to extend the functionality as well as to accelerate the computation based on

this pipeline.

In this pipeline, two specially designed projector calibration methods were proposed to cope

with different situations. The main difference between the two methods is: it is assumed in

method 2 that all the rays emitted from the probe go through a virtual “probe centre”. Method

1 applies independent line fitting to find the direction of the rays; while method 2 finds the

probe centre together with the ray directions by optimising an objective function that takes into

consideration all the ray directions, and ends up with a virtual projector image plane image with

manually defined projector intrinsic parameters. If the relative position between the probe and

the endoscope is fixed, the projector calibration results from method 1 is used since it leads to

higher reconstruction accuracy; Otherwise in the case of algorithmic extensions like on-the-fly

self-calibration (section 4.3) and location normal integration (section 4.4), method 2 is adopted

since it facilitates mathematical computation in those applications.
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The key factor in robust surface reconstruction, the light pattern decoding algorithm described

in the naive pipeline, has been validated by phantom, ex vivo, and in vivo experiments. Based on

normalized cut and local rigid registration, the proposed algorithm led to promising performance

in most datasets except for the liver with blood. The properties of normalized cut ensures that it

always leads to separated clusters with similar sizes and benefit spot detection, especially in the

case that the adjacent spots contain a similar overlapping spectrum. The local rigid registration

based spot identification algorithm also showed its ability to remove wrongly detected spots

and propagate the matching procedure to the whole image. However, there are still two main

drawbacks of this algorithm: 1) normalized cut is an unsupervised method which requires

manual interaction (e.g. number of spots which can only be achieved approximately by pre-

processing); 2) it is generally slow since it requires eigenvalues and eigenvectors computation

from a sparsity matrix, which could be to large to enable real-time computation in most cases.

Therefore, in order to address these challenges a deep learning based method is proposed for

pattern decoding, which can be found in section 5.3.

To sum up, in this chapter, a brief introduction is given to the ICL SL system, and the naive 3D

reconstruction pipeline. The overall and step-wise performance of the hardware and software

platforms have been evaluated by phantom, ex vivo, and in vivo experiments, demonstrating

a potential of using the system in clinical applications. The extension of the system function-

ality can be found in Chapter 4. The main challenge of this system, i.e., the non-real-time

performance and the requirements of parameter tuning in the light pattern decoding method,

will be address in Chapter 5 by using deep learning based models and integrating monocular

Structure-from-Motion (SfM) algorithms.



Chapter 4

Improvements of the ICL System and

the Naive Reconstruction Pipeline

4.1 Introduction

In this chapter further extensions on the ICL SL system, including the hardware and software,

were illustrated. Based on the original ICL SL optical system [51], and the naive 3D reconstruc-

tion pipeline (section 3.3), improvements have been proposed in three aspects: 1) replacing the

RGB camera by a multispectral camera to facilitate the pattern decoding; 2) on-the-fly self-

calibration to handle changing relative position of the endoscope and the probe; 3) Integration

of local surface orientation to refine the 3D reconstruction. Validation on phantom, ex vivo,

and in vivo experiments have been provided.

The content of this chapter has been published in:

1. J. Lin, N. T. Clancy, D. Stoyanov and D. S. Elson, ”Tissue Surface Reconstruction Aided by Local
Normal Information Using a Self-calibrated Endoscopic Structured Light System”, In: Proc. MICCAI,
Part I., 2015, pp. 405-412.

2. J. Lin, N. T. Clancy and D. S. Elson, ”An endoscopic structured light system using multispectral de-
tection”, International Journal of Computer Assisted Radiology and Surgery, vol. 10, pp. 1941-1950,
2015.

63
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4.2 Increasing the Colour Discrimination Using a Mul-

tispectral Camera

As an image acquisition technique, sequential multispectral imaging (MSI) captures images

of certain objects at diverse wavelengths, compiling spectra for all the pixels. This technique

is used in a number of medical applications. For instance, chromophores like oxy- and de-

oxyhaemoglobin can be detected and differentiated, and their relative concentrations used to

determine measures of tissue perfusion and oxygen saturation [261, 274]; molecular targeting

and spectral unmixing of multiple fluorophores can also be achieved using multispectral flu-

orescence imaging [299, 105]. Compared to normal RGB cameras, which only record three

wavebands, a multispectral camera results in images corresponding to more wavelengths, pro-

viding higher colour discrimination ability. However, according to our knowledge, there is no

work in which a multispectral camera is integrated with an SL system.

In the original ICL SL system, a standard colour CCD camera (DCU 223C, Thorlabs Ltd., UK),

was used to capture the SL images, indicating three different wavebands in the blue, green and

red ranges, respectively. However, due to strong light-tissue interaction (section 3.3.2), the

captured SL images were generally blurry and hard to distinguish in cases of containing close

wavelength information. By analysing the reflectance response of the RGB camera (Fig. 4.1),

it can be found that only those overlapping areas of the different spectra have the potential to

be used to distinguish those spots, since the ratio between three channels is sensitive to the

wavelength change. In order to increase the overlapping spectral area, a multispectral camera

(SpectroCam Multispectral Camera, Ocean Optics, USA) was used in this work, which contains

8 different bandpass filters, leading to eight channels in the output images. Fig. 4.1(d) shows

the spectrum and the increase in overlapping area compared to the RGB camera, indicating a

stronger ability to identify colour or different wavelengths. Besides, the multispectral camera

can also be potentially used for tissue classification, which might further facilitate real-world

clinical applications (see section 2.3).

In order to intuitively demonstrate the superiority of the multispectral camera to the RGB

camera in colour discrimination ability, both the cameras were applied to capture SL images

of a white plane. The colour vectors were recorded for all the spots, and consequently their

corresponding wavelengths were roughly estimated according to the filter transmission spectra
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Figure 4.1: (a) RGB camera; (b) normalised filter transmission spectra for the RGB camera
and the overlapping area (yellow shadow); (c) Multispectral camera; (d) Filter transmission
spectra for the multispectral camera and the overlapping area (yellow shadow).

shown in Fig. 4.1. The estimated wavelengths were sorted in ascending order and plotted

together with the estimation error bar and the camera filter transmission curves (Fig. 4.2). The

result showcases the difference between two cameras: due to the smaller spectral overlapping

area, the colour estimation for the RGB camera image suffers from larger errors, and those

colours in the blue end are not estimated or distinguished correctly since there are rarely

responses for green and red channels in that band. On the contrary, because of a larger

overlapping spectral area, the estimation ambiguity for the multispectral camera is much lower,

and the effective discriminable band is much wider. The detailed comparison between the two

cameras are provided in section 4.5.1.

4.3 On-the-fly Self-calibration and Reconstruction

In the naive 3D reconstruction pipeline (section 3.3.1), the extrinsic parameters standing for

the relative position between the projector and the camera, is estimated before the experiment,

and stay unchanged. However, one of the main drawbacks of using the naive pipeline is that

calibration is required once the relative position has been changed, which may happen during
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Figure 4.2: This figure shows the ambiguity of colour discrimination in different wavelengths,
for both the RGB and multispectral camera. (a) Multispectral camera: estimated wavelengths
(red); estimation error bar (black); the camera filter transmission spectra (blue). (b) RGB cam-
era: estimated wavelengths (red), estimation error bar (black), and the camera filter transmis-
sion spectra (blue). Longer black lines indicate higher ambiguity at corresponding wavelengths
(left x axis).

experiments, hindering the feasibility of using it in real-world applications: the probe and

endoscope may inserted through trocars located on different locations of the patient’s body.

In this case, the relative position between the probe and the camera will not be fixed during

the surgery. Thus, in order to make the SL system more practical, an on-the-fly self-calibrated

method is proposed to enable a free-hand manipulation of the system during experiments.

As the projector is considered as an inverse camera without distortion, the estimation of the

relative position is very similar to that in normal passive stereoscopy [109]. In two-view ge-

ometry, the information from two image planes corresponding to both the cameras is required

for estimating the correspondence geometry, camera motion, and structure. While in SL, the

image plane of the projector can be seen as the image plane of a second camera. According

to the projector calibration procedure, the coordinates for all the spots/rays Xp on the image

plane can be calculated through the intersection of the rays and a plane which is located 1 mm

away from the projector Fig. 3.2(d). While on the camera image plane, the image coordinates

of corresponding spots Xc after distortion correction and normalization by the camera matrix

are also available according to the camera calibration result. Assume that Xp and Xc are the

projections of a 3D point X, the projective matrices of the projector Pp and the camera Pc
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which satisfy Xp = PpX and Xc = PcX can be defined as:

Pp = [R|t] (4.1)

Pc = [I|0] (4.2)

Here R stands for the rotation matrix of the projector, and t = −RC, where C is the coordinates

of the projector centre. Therefore, R determines the orientation of the projector, while C

determines the projector centre position. Then there is a fundamental matrix F indicating the

correspondences between these two image planes can be defined as:

XT
p FXc = 0 (4.3)

Together with the constraint that detF = 0, F can be derived using the Maximum Likelihood

(ML) estimation which minimizes the reprojection error. For the detailed procedure please refer

to Hartley and Zisserman [109]. However, in practice during the experiment, it was found that

due to the error in the matching procedure in Sec. 3.3.2, not all the correspondences found can

be used. Therefore, we applied RANSAC to exclude those incorrect correspondences (outliers)

[78], and used only those reliable correspondences to estimate F .

The essential matrix E is a special case of F when the image coordinates are normalised. While

in real-world applications, E is not exactly equal to F even after normalisation, due to errors

like calibration error and feature matching error. But E can still be computed from F : Let

F be a matrix with SVD given by F = UDV T, where D = diag(a, b, c), where a ≥ b ≥ c.

Then reconstructed DE = diag((a+ b)/2, (a+ b)/2, 0), therefore E = UDEV
T. Also, E can be

defined as:

E = [t]xR (4.4)

where [t] represents the corresponding skew-symmetric matrix of t. Given a known E, four

possible projector projective matrices can be derived:

Pp = [UWV T|U(:, 3)]

or [UWV T| − U(:, 3)]

or [UWTV T|U(:, 3)]

or [UWTV T| − U(:, 3)]

(4.5)
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where

W =


0 −1 0

1 0 0

0 0 0

 (4.6)

Based on the fact that all the points should always be located in front of both the image planes,

only one solution is selected and subsequently Pp, R, and C can be determined. As a result, the

locations of spots in the camera coordinate system can be derived. For the detailed procedure

please refer to a previous book [109].

Therefore, the 3D positions of the spots can be estimated up to scale by using this method,

which means that the real scale of the object surface recovered by this self-calibration technique

cannot be determined unless there exists another constraint. But this pure shape information

is still very useful in some clinical applications like augmented reality or polyp detection. In

order to validate its reconstruction accuracy, an experiment which measured the error by us-

ing self-reconstruction was applied by comparing its results with those under known extrinsic

parameters. Please see section. 4.5.2 for the detailed information.

In some cases, due to strong optical scattering or absorption, the spot identification method

failed to provide a perfect feature matching result. Therefore, the following iterative proce-

dure was applied to refine both the epipolar geometry and spot identification, during on-the-fly

self-calibration procedure: in each iteration, the fundamental matrix F was estimated with

RANSAC outlier rejection and F optimisation. More correspondences were then searched for

using F as a constraint. A tolerance is set as the stopping criterion. Then F and correspon-

dences were both updated.

This automatic on-the-fly self-calibration technique allowed free-hand manipulation of the SL

instruments during experiment, with varying projector poses. This technique can potentially

be used in surgery, providing tissue shape information up to scale. However, the stability of

this depends on the accuracy of the pattern decoding results, and is further discussed in section

4.6.
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4.4 Orientation Estimation According to Pattern Defor-

mation

In two view geometry, points on one plane can be related to corresponding points on another

plane by a homography uniquely induced by a plane at a general position in 3D space [109].

Based on this theory an algorithm is proposed to estimate the local normals of individual spots

in 3D space, and use this extra information to enhance the 3D reconstruction results.

Given the projective matrices Pp and Pc, and a plane defined by NTX = 0 with N = (nT, 1)T

in 3D space, a point X on the plane was projected as Xp and Xc on the projector and camera

planes, respectively. Then Xp = HXc, where

H = R− tnT (4.7)

Normally, H can be estimated according to at least four 2D to 2D point correspondences. If H

is known and R and t are calibrated beforehand, the normal of the plane n can be estimated.

Based on this, we propose a method to estimate the orientation of the object surface at the

reconstructed spot centres. Given that the individual spots are very small in 3D space, we

assume that all the pixels inside spot Si are located on one plane defined by NT
i X = 0, with

Ni = (nT
i , 1)T, then the image coordinates of those pixels on two image planes can be linked by

a homography Hi. However, since pixelwise correspondences cannot be built between the two

image planes in our SL system, another method is adopted to estimate Hi. It is noticeable that

the shapes of spots on the projector image plane, which represents the intersection between

the cone-like rays and the image plane, are all ellipses. It can also be observed that the shapes

of most spots on the camera image plane are similar to ellipses, showing the feasibility of the

assumption, since a conic can be transformed into another conic by a given homography. An

ellipse on a 2D plane can be represented as

Ax2 + 2Bxy +Dy2 + 2Ex+ 2Fy +G = 0 (4.8)
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Equation 4.8 can be written as XTCX = 0, whereX = [x, y, 1]T, and

C =


A B C

B D F

E F G

 (4.9)

In our SL system, if a pair of corresponding conics Cp and Cc on two image planes are known,

they can be related by a homography H:

Cc ∼ HTCpH (4.10)

Combining Equation 4.7 and Equation 4.10,

Cci ∼ (R− tnT)TCpi(R− tnT) (4.11)

Since Equation 2.11 defines an overdetermined system, nT can be estimated through optimi-

sation as long as the conics are non-degenerate. Based on the assumption that each pair of

projected spots are located on one single plane in 3D space, corresponding spots in the two im-

age planes of the SL system can be seen as pairs of corresponding conics Cp and Cc. Therefore,

we start with ellipse fitting for all the spots to acquire the conic coefficient matrices, using the

method proposed by Fitzgibbon et al. [80]. Based on the fitting cost, some spots are excluded

since either they are not accurately delineated or they are not located in single planes, hence

do not affect the reconstruction. Because all the fitted ellipses are non-degenerate, the local

normal n where the spot is located can always be estimated by optimising Eq. 4.11. The

optimisation procedure is applied with the constraint that the estimated plane should always

go through the 3D location of the spot centre, which is acquired in the previous self-calibration

step. The initial guess of a local normal can be estimated from the normal of plane determined

by the three surrounding spot locations in 3D space. After optimisation, the estimated normals

are filtered using the cost of the optimised objective function.

Given the 3D locations of spot centres, the object surface is reconstructed using a thin-plate

spline (TPS) [82]. A simple but effective method is used to constrain the surface orientation: for

one point with estimated orientation, six new neighbouring points close to it on the estimated

plane are added. All the points including both the original and the newly added ones are
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used to fit the TPS model. In this way, those newly added neighbouring points constrain the

local surface direction when TPS fitting takes place. The intuitive demonstration of using local

normal information to improve the reconstruction accuracy could be found in section 4.5.3.

4.5 Experimental Results

In order to evaluate the feasibility of the software platform and its practicality, experiments on

different objects have been carried out. SL images are acquired on: a silicone heart phantom

using the RGB and multispectral camera; porcine liver, kidney, and heart samples during ex

vivo experiments using an RGB camera; porcine large bowel samples during an in vivo open

surgery experiment using an RGB and a multispectral camera.

This section is divided into three parts to demonstrate and analyse the experiment results:

1) comparison of multispectral and RGB cameras; 2) reconstruction accuracy by using self-

calibration technique; 3) reconstruction with estimated local normal information. The multi-

spectral camera ran at 2 FPS, while the RGB camera ran at 30 FPS.

4.5.1 Comparison of Multispectral and RGB Cameras in Light Pat-

tern Decoding

The comparison of the multispectral and RGB cameras have been carried out on the silicone

heart phantom and the porcine large bowel in the in vivo experiment, demonstrating that the

former performs slightly better than the latter in the light pattern decoding procedure (Fig.

4.3).

In the phantom experiment, both of the cameras performed well. The RGB camera led to

higher identification sensitivity, while the multispectral camera outperformed in identification

precision. Although both of them worked well in the in in vivo experiment, the multispectral

camera outperforms the RGB camera in both the two identification indicators, especially preci-

sion. This is due to the higher importance of colour information in the spot identification step

compared with the detection step. As the multispectral camera has undoubtedly much higher
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colour discrimination ability, it potentially leads and actually led to slightly better identification

results.

Figure 4.3: The spot detection and identification results on different objects. (a). Spot detection
sensitivity. (b). Spot detection precision. (c). Spot identification sensitivity. (d). Spot
identification precision. In all charts, the experimental results using RGB camera are shown in
blue; while those using multispectral camera are shown in red.

The experimental results, however, also shows the instability of the proposed pattern decoding

algorithms, whose performance could be affected by factors such the surface texture, topology,

background illumination, and so on. This is further discussed in section 4.6.

4.5.2 Reconstruction Results Using Self-calibration

The pattern decoding and reconstruction results using self-calibration are compared with those

using the manual calibration, which has demonstrated a high accuracy in section 3.4.2. In the

experiment, 63 out of the total 75 SL images are used, for which the pattern decoding algorithm

leads to promising results (precision > 90%, sensitivity > 40%). The results were evaluated by

rigidly registering the reconstructed surface from manual and self-calibration. Since the surfaces

are reconstructed up to scale, the scaling factor is the only variable during registration. After
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registration, the distances between the two surfaces are used as indicators of reconstruction

error (Fig. 4.4).

For individual SL images with available identification results, the average and maximum values

for absolute distances are calculated. Since the real scale of surface cannot be acquired by

the self-calibration method, these two indicators are both represented as relative errors as a

percentage. Table 4.1 shows the statistics regarding images from different sources. To demon-

strate the overall results, the median value of the average distance and the maximum distances

regarding all the SL images were acquired and compared.

Figure 4.4: (a) Liver under white light; (b) Liver under SL; (c) Reconstructed surface using
self-calibration where colour indicates the surface depth (in mm); (d) Relative error map on
the reconstructed surface using self-calibration where colour indicates the reconstruction error
(%). Figure reproduced from [168].

Table 4.1: Reconstruction errors using the self-calibration technique on benchmark data. Table
reproduced from [168].

Object Mean distance
Median of
mean distance

Max. distance
Median of
Max. distance

Heart phantom 0.32% ± 0.13% 0.28% 1.03% ± 0.51% 0.88%

Liver 2.36% ± 5.26% 0.80% 3.84% ± 2.54% 2.68%

Kidney 0.40% ± 0.37% 0.20% 1.76% ± 1.70% 0.88%

Heart 0.81% ± 0.68% 0.44% 2.93% ± 2.39% 1.43%

Large Bowel 3.58% ± 4.38% 2.07% 16.70% ± 23.29% 7.55%

The mean and median value of both the average and maximum distance demonstrate the
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promising result of reconstruction using the self-calibration technique. But it is noticeable that

according to the maximum distance, despite generally good performance for the case of the

liver with blood and the porcine large bowel, possible large errors could still happen in some

areas of the reconstructed surface. This phenomenon has been studied and it is found that it

is caused by the pour imaging of light patterns on the tissue surface, due to strong scattering

of light at long wavelengths and absorption of light at short wavelengths. It also indicates that

the current light pattern might not be the most suitable one to create unambiguous SL images.

But the current SL system generally works well and shows its potential to be applied with

self-calibration technique in surgery environments.

4.5.3 Incorporation of Local Normal Information

The estimated local normals provide additional surface detail. The TPS interpolation [sec:improvement˙orientation]

is able to provide a reconstruction with high quality for objects with smooth surfaces. However,

adding normal information helps to improve the surface detail only when the object surface is

relatively complex, in which case the sparse projected light pattern is not able to reconstruct

local shapes. In the case of imaging an object, the estimated local normal information does not

affect much the final reconstructed surface shape whose surface is generally smooth. Therefore,

it is hard to quantify the benefit brought by this algorithm. We tested the normal estimation

algorithm on a rectangular box, a cylinder, and a liver phantom, to showcase the reconstruction

improvement intuitively. Fig. 4.5(b,d,f) demonstrates the reconstruction of an area around one

edge of a rectangular box, a cylinder, and the liver phantom, respectively. The local normals

(red arrows) are well estimated using the proposed method.

Since local normals do not benefit the reconstruction much on relatively smooth surfaces, a

small object consisting of two steps was used to intuitively show the improvement of surface

reconstruction after incorporating normal information. Light patterns were projected onto the

object, and Fig. 4.5(g,h) show the reconstructed surfaces before and after addition of local

normal information. The step shape is only accurately defined when incorporating normal

information, demonstrating that this method could improve the reconstruction when a sparse

light pattern is projected on a non-smooth object surface.
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Figure 4.5: (a). Rectangular box edge under white light and SL. (b). Reconstructed rectan-
gular box edge (blue) aided by normals (red). (c). cylinder under white light and SL. (d).
Reconstructed cylinder (blue) aided by normals (red). (e). Liver phantom under white light
and SL. (f). Reconstructed liver phantom (blue) aided by normals (red). (g). Reconstructed
step surface (blue) without normal information. (h). Reconstructed step surface (blue) aided
by normals (red).

4.6 Discussion and Conclusions

In this chapter, further systematic extensions have been proposed to improve the practicality

and performances of the original ICL SL system and the naive 3D reconstruction pipeline that

are described in Chapter 3. The improvements mainly contain three aspects: 1) replacing the

RGB camera into a multispectral camera to facilitate pattern decoding; 2) one-the-fly self-

calibration based reconstruction that enables a changing relative position between the probe

and the endoscope; 3) Integration of local normal information to improve the reconstruction

accuracy.

In order to enhance the light pattern decoding procedure, a multispectral camera was proposed.

The in vivo experiment demonstrated its superiority over the RGB camera in the spot iden-

tification step. Except for leading to a better colour discrimination ability, the multispectral

camera can also be used in other medical applications, such as tissue classification, oxygen level

estimation, synthetic narrow-band image generation, and so on.

An on-the-fly self-calibration technique along with an iterative algorithm, was also implemented

to update both the epipolar geometry and feature matching to enhance SL inference of 3D

structural information. Comparison between the resulting reconstruction and that from man-

ual calibration demonstrates the feasibility and robustness of this technique in object surface
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reconstruction. However, further studies are needed to localise depth in metric space. This self-

calibration based reconstruction method could be extended to be used for other SL systems

with a known project light pattern.

Based on the assumption that some projected spots are located on one plane in 3D space,

local normal information is estimated according to the homography between two corresponding

ellipses. The experimental results show that the improvement of incorporating normal infor-

mation is notable and that this normal incorporation technique can also be adapted in other

SL systems using light patterns with specific known shapes.

However, the experiments in section 4.5.1 and section 4.5.2 also show that the robustness of

the proposed pattern decoding algorithm needs to be improved. Further improvements on the

computational speed and the robustness of the algorithm are illustrated in Chapter 5.

To sum up, in this chapter, further algorithmic developments based on the original system have

been provided. The overall and step-wise performance of the hardware and software platforms

have been evaluated by phantom, ex vivo, and in vivo experiments, demonstrating a potential

of using the system in clinical applications. The main challenge of this system, i.e., the non-

real-time performance and the requirements of parameter tuning in the light pattern decoding

method, will be addressed in Chapter 5 by using deep learning based models and integrating

monocular Structure-from-Motion (SfM) algorithms.



Chapter 5

Towards Faster, Denser, and More

Robust Surface Reconstruction

5.1 Introduction

In Chapter 3 and Chapter 4, the ICL SL system was introduced, as well as a naive reconstruction

pipeline and corresponding further extensions. Although the proposed system is generally

capable of measuring tissue surface shape in in vivo experiments, it still suffers from problems

such as no white light (WL) visual feedback to surgeons, slow computation, a requirement for

manual interaction, and sparse reconstruction. To address these problems, in this chapter some

of the key elements in the reconstruction pipeline have been upgraded: 1) To guarantee the

reconstruction accuracy, instead of on-the-fly calibration the probe is fixed on the tip of the

endoscope by a 3D printed adapter, and the system can switch between the WL and SL modes

The content of this chapter has been published in:

1. J. Lin, N. T. Clancy, X. Sun, J. Qi, M. Janatka, D. Stoyanov and D. S. Elson, ”Probe-based rapid hybrid
hyperspectral and tissue surface imaging aided by fully convolutional networks”, In: Proc. MICCAI,
Part III., 2016, pp. 414-422.

2. J. Lin, N. T. Clancy, Y. Hu, J. Qi, T. Tatla, D. Stoyanov, L. Maier-Hein and D. S. Elson, ”Endoscopic
Depth Measurement and Super-Spectral-Resolution Imaging”, In: Proc. MICCAI, Part II., 2017, pp.
39-47.
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via introducing a chopper wheel. 2) A new light pattern decoding algorithm has been proposed,

using convolutional neural networks (CNNs) based spot detection followed by specially designed

feature matching. 3) The reconstruction result for SL is combined with structure-from-motion

(SfM) for denser reconstruction. The new pipeline enables a real-time, quasi-dense and more

robust tissue surface reconstruction.

5.2 Improvements of the ICL SL Optical System

The optical hardware system have been upgraded in this work to enable a stroboscopic illumi-

nation of WL and SL, and a fixed relative position between the probe and the endoscope tip,

by introducing an optical beam chopper and a customised 3D printed adaptor. The schematic

of the upgraded system is demonstrated in Fig. 5.1.

Figure 5.1: The schematic of the upgraded ICL SL system with chopper wheel and probe
adaptor. Figure adapted from [166].

5.2.1 Interleaved Switching Between WL and SL Images

Rapid stroboscopic switching between WL and SL was achieved using an optical chopper wheel

(3501 Optical Chopper; New Focus, Inc., USA), as shown in Fig. 5.2(a). This chopper wheel

spins at a user-defined frequency, thus enabling an interleaved illumination given both the light



5.2. Improvements of the ICL SL Optical System 79

sources were set to pass the inter-fan area. Two fibre optic light cables were used for WL:

one was connected to a xenon lamp and the other to the laparoscope. Their free ends were

then positioned opposing each other, separated by a 2 mm air gap through which the chopper

wheel could pass. The chopper was mounted so that the output of the supercontinuum laser

also passed through the wheel, and the SL and WL beam paths were alternately blocked or

transmitted as it turned. The result was that the light emerging from the tip of the instrument

switched between SL and xenon illumination at the chopping frequency.

Figure 5.2: (a) The chopper wheel. The inter-fan area allows light to pass through. (b) Trigger
timing schematic. The 5 V output signal from the signal generation device is used to trigger
acquisitions from the camera and the chopper wheel. The chopper period is indicated by T,
which is double the camera trigger signal. The rising and falling edges (e.g. t1 and t2) triggers
the camera, and the trigger latency, exposure and readout times define the upper limit of the
acquisition framerate.

Separately, a computer-controlled signal generation device (NI USB-6211; National Instru-

ments Corporation, USA) was used to produce two synchronized square waveforms of variable

frequency and phase. One was used to trigger image acquisition by the CCD camera, while

the other controlled the rotation frequency and the phase of the chopper wheel. The trigger

frequency was set to twice that of the chopper and the phase adjusted so that the acquired

frames comprised of alternating SL and WL-illuminated images. In this way, both the WL and

SL images were captured at a frequency of 8FPS. The WL was provided to the surgeons for

visualisation as well as used for SfM reconstruction (section 5.4), and the SL was fed to the PC

for SL based tissue surface 3D reconstruction.
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5.2.2 Fixation of the Probe

In the previous ICL SL system, the probe was mounted on a support beside the endoscope

in the naive 3D reconstruction pipeline (section 3.3), in which case minor movement of the

instruments in real-world applications might reduce the reconstruction accuracy; or the on-

the-fly calibration was applied to estimate the relative position between the probe and the

endoscope tip, which is a relatively inaccurate reconstruction method due to the instability

of the feature matching step (section 4.5.2). Therefore, the system needs to be upgraded to

guarantee an accurate calibration data acquisition.

A 3D printed adapter was developed to mount the SL probe on the tip of the rigid endoscope (5

mm diameter Hopkins II Optick 30◦, Karl Storz GmbH, Germany). This adapter is cylindrical

(11 mm diameter), with two channels to house the endoscope and SL probe, respectively (Fig.

5.3). According to the field of view (FoV) of the probe (≈ 65◦) and the endoscope (≈ 70◦), the

angle and relative positions (12◦ angle, 3 mm offset) of these two channels were designed to

maximise the overlapping area of these two FoVs, enabling the SL system to reconstruct tissues

surfaces in approximately 1.5–4cm working distances, with a baseline ≈ 6 mm. The small size

of the adaptor enables the insertion of the probe and endoscope tip with enough working space,

through a typical laparoscopic trocar that can be, for example, used in laryngeal surgeries.

5.3 Light Pattern Decoding

In the ICL SL system, projected spots with different colours are considered as features. In

surgical environments spot detection is the key step for accurate pattern decoding, and is

the bottleneck for surface reconstruction using the ICL SL system, in terms of both accuracy

and efficiency. The strong light-tissue interactions, appearance of mucus, and large curvature

of the tissue surface increases the difficulty in efficient and accurate processing in surgical

scenes. Pattern detection aiming to divide all the pixels in a SL image into two groups: spots

(foreground) and background, is a binary segmentation problem.

Image segmentation has been a popular research field in computer science for decades. New

algorithms emerge frequently. Compared with the traditional algorithms (thresholding, region

growing, normalized cut, etc.), that lead to promising performance in general but require elab-
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Figure 5.3: (a) The adaptor consists of two parts that can be joined by screws (a). (b)(c) The
CAD model showing adaptor fixing the probe (blue) to the tip of the 5 mm rigid endoscope
(black), from different viewing angles. (f) A photograph of the printed prototype.

orative manual parameter tuning, supervised machine learning methods are in general more

suitable for automatic segmentation. These methods benefit from relatively simpler manual

interaction, by formulating the majority of parameter tuning into model training. Therefore,

supervised machine learning algorithms are generally more suitable for semi-/fully-automatic

segmentation given an adequate training set. In recent years, advances in hardware have made

solving large-scale problems (training/testing on large datasets) using CNN possible in a rea-

sonable amount of time. CNN based methods dominate different large-scale image classification

[58], object detection [169], and segmentation [16, 37] challenges. Due to its superiority in per-

formances over other algorithms in solving these general computer vision problems, a CNN

based model is utilised in this work to realise a real-time and accurate spot detection, without

manual interaction. To show the advantages of using CNN based algorithms, background infor-

mation on general CNN based segmentation techniques are provided in the following section.
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5.3.1 Neural Network based Image Segmentation

Image segmentation tasks aim at assigning labels to all image pixels. In this section a brief

literature research on supervised ANN based image segmentation techniques is provided. Ac-

cording to the label assignment schemes the existing image segmentation methods based on

ANN can be divided into two categories: sliding-window style pixel/ patch-wise classification

and fully convolutional network (FCN) based segmentation.

The pixel/patch-wise based classification follows a classic approach for image segmentation. The

basic idea is to use ANN models as classifiers to assign labels pixel by pixel or patch by patch.

Before the flourishing of CNN, neuron networks using FC layers were widely used to segment

the image via pixel classification. At this stage, task-specific hand-crafted feature extraction

is applied first and then followed by ANNs. This type of method has been widely used in

different tasks such as textual content detection [156], remote sensing image recognition [250],

finger print segmentation [184], food contamination detection [211], brain image segmentation

in MRI images [106, 136], mammongram segmentation [38], chest radiograph segmentation

[191], and so on.

The application of CNN models enables pixel/patch-wise classification without hand-crafted

feature extraction, since the convolutional layers in the models are capable of extracting task-

specific “deep” features automatically via network training. Such examples can be found in knee

cartilage segmentation in MRI images [224], human action recognition [130], text recognition

[285], cells and nuclei segmentation [201]. Likewise, classic CNN classification model such as

LeNet [28, 159], AlexNet [151], VGG [257], or their variants, can be utilised.

However, sliding-window style pixel/patch-wise classification based segmentation using CNN

has two main drawbacks: 1) local features, limited by the patch size, rather than global ones are

extracted and used for the segmentation; 2) looping through all pixels/patches decreases the

segmentation efficiency, due to the large number of repetitive computations on the overlapping

areas between adjacent patches. Therefore, segmentation pipelines that take entire images as

inputs, are more suitable, as they normally integrate more global information from a larger

receptive field, and lead to higher efficiency in processing the whole image at once instead of

separate single image patches. So this section mainly focuses on the review of segmentation

methods based on FCN based CNN models.
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Most of the successful FCN based segmentation methods are rooted in milestone CNN models

developed for image classification problems. As is described in section 2.4.1, these classic models

share similar architectures that consist of a “Conv-pooling-Conv-pooling” feature extraction

encoder phase, followed by a FC layer based classification scoring phase. The main differences

between them are the depth of the CNN and the detailed connection strategies. Using typical

classification models, by replacing the FC layers with Conv layers, the resulting architecture

enables an end-to-end pixel-wise classification both in training and prediction. This greatly

improves the segmentation efficiency and avoids hand-crafted feature selection and consequently

reduces the dependency on image pre-processing.

One of the most successful and representative models is fully convolutional network (FCN)

developed by Long et al. [172, 252]. Its architecture was inspired by the classification models

(Fig. 5.4). FCN takes advantage of powerful feature extraction ability to learn “deep” features

in different hierarchies, producing a feature map that is small in the spatial dimension but

deep in the channel dimension. This feature map is then upsampled spatially by a decoder

mainly consisting of deconvolution layers (transposed convolutional layers). In this phase,

accurate location and deep feature information is combined to refine the label scoring results

by “shortcuts”, through which the intermediate feature maps at each scale level from the

encoder phase are merged to the corresponding layers in the decoder. The data mergence is

applied via element-wise sum.

There are other two popular FCN variants — SegNet [18] and U-Net [234], for which the

cross-entropy loss function for all the pixels is adopted as the loss function:

Ld = − 1

2N

N∑
n

∑
i

yi
(n)log(ŷ(n)) (5.1)

where N is the total pixel number. All these models follow an encoder-decoder architecture,

but differs in terms of detailed layer arrangement, upsampling manner, and the data mergence

method in the shortcuts. Both FCN and U-Net use deconvolution layers for upsampling. The

former merges shortcut feature maps with element-wise add, while the latter concatenates fea-

ture maps from corresponding encoder and decoder layers in channel dimension, and merges

them via convolution. Instead of using deconvolution layers, SegNet upsamples feature maps

using the max-pooling indices from the corresponding layers in the encoder phase, then gener-
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Figure 5.4: The fully convolutional network (FCN) model. Replacing the FC layers with Conv
layers enables low-resolution heatmaps that highlight the existence of target objects; extending
the network with deconvolution layers produces pixel-wise class scores. Figure source: [252]
(copyright c©2017 IEEE).

ates dense feature maps via convolution. Different strategies adopted by these different models

are shown in Fig. 5.5. These 2D FCN based models have also been extended into 3D, mainly

for solving medical image segmentation problems [49, 61, 236].

Compared to sliding-window fashion pixel/patch wise classification methods, the FCN based

network structures are more efficient and are capable of making use of features from larger

local areas for label assignment, due to the relatively large receptive field of the filter in the

final layer of the encoder. However, they still lack global context, due to the local connectivity

property of the convolutional layers: Using normal Conv layers, the receptive field only increases

linearly with the number of Conv layers with stride 1. With limited number of Conv layers, the

receptive field would not be large enough to extract global information. Therefore, many studies

have been carried out to extend and apply the FCN based models with other post-processing

techniques to integrate global context information [87].

Dilated convolution [309], has been proposed to increase the receptive field of the CNN models.
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Figure 5.5: The data mergence strategies in different models. SegNet uses the corresponding
max-pooling indices followed by spatial domain convolution; FCN uses element-wise sum; U-
Net uses concatenation and convolution along the channel dimension. Figure reproduced and
adapted from [18, 87] (copyright c©2017 IEEE).

By adjusting the “dilation rate” l, dilated convolution enables interval changes between filter

intervals. By piling up several layers, the receptive field for the filter in the last layer increases

exponentially (Fig. 5.6). Yu et al. adopted dilated convolution for multi-scale context aggre-

gation [302]. Another work by Paszke et al. mixed the dilated convolution with normal Conv

layers to construct a model with parallel strided convolution and max-pooling downsampling

[210]. DeepLab [44, 45] combines dilated convolution with a post-processing technique called

conditional random fields (CRFs), which will be illustrated in the next paragraph.

Figure 5.6: The exponential increase of receptive field by stacking firstly 1-dilated convolution
(a), then 2-dilated convolution (b), and finally 4-dilated convolution (c). Figure source: [302].

Conditional random field (CRF) is a statistical model that can be used in machine learning
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problems for prediction [155]. Taking pixels as nodes and interaction between pixels as edges,

an energy function can be built. Minimising the function enables assigning the same labels for

similar pixels, and different labels for pixels with large differences. This manages integration

of local and global context information in the image. Chen et al. used a fully connected CRF

model [150] as a separated post-processing step to refine the segmentation results from the

CNN [44, 45]. Kamnitas et al. proposed to combine fully connected CRF with an efficient

multi-scale 3D CNN for accurate brain lesion segmentation [138]. Another significant work

was done by Zheng et al. [307]. In this work the CRF with Gaussian pairwise potentials and

mean-field inference was formulated as recurrent neural networks (RNNs), and merged into the

CNN pipeline, enabling an end-to-end training and prediction.

Combining multi-scale prediction results is another solution to integrate global information. In

practice, the FCN based models are apt to detect objects in “certain scales”, which affect the

generalisation of the model. Therefore, some researchers developed models that process images

on different scales and merge the results as the final prediction [87]. Bian et al. proposed

a n FCNs structure which combines n FCN models and merges their prediction results. The

individual FCNs were trained separately and then the whole model was trained [26]. In the work

of Roy et al. [237], four networks of different scales were chained in a coarse-to-fine manner for

label assignment. A two-scale VGG-16 based model was developed by Raj et al., in which two

way processing with different network depths, was applied followed by extra convolutional layers

to merge predictions on different scales. Another significant work, the nested U-Net model with

RNNs, has been illustrated in a previous study for 3D biomedical image segmentation [43]. This

work will be described in the following.

Recurrent neural networks (RNNs) are powerful tools to integrat temporal information, and

enable global information to be kept and delivered along the video frames. As 3D data such as

CT or MRI also have continuation between adjacent slices, similar to videos, RNNs have also

been applied to aid biomedical image recognition and segmentation tasks as well. Due to higher

efficiency and lower memory occupation, RNNs are advantageous over 3D convolution models

in processing 3D data. Vanilla RNNs can not well model long-term dependencies due to the

gradient vanishing problem, so different gating mechanisms have been used instead. For exam-

ple, an intuitive combination of U-Net and Gated Recurrent Units (GRUs) [48] was adopted

to segment MRI cardiac images [222]; ReSeg model used GRUs with a VGG-16 network for
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segmentation [282]. An alternative of gating mechanism is Long Short-Term Memory (LSTM)

[118]. Valipour et al. has proposed a FCN with convolutional recurrent units for video seg-

mentation [279]. Bi-directional LSTM was applied with nested U-Net for 3D biomedical image

segmentation to segment 3D images from Serial Block-Face Scanning Electron Microscope [43].

Another example is the parallel multi-dimensional LSTM based architecture for Electron Mi-

croscope image segmentation [263]. Unlike the previous one, in this work bi-directional LSTM

based segmentation was applied in all directions, resulting in six predictions. The final results

were achieved by merging the output of all the branches.

There are new CNN based segmentation algorithms emerging everyday, so it is impossible

to give a full review in this thesis, and only the most representative works including those

milestones are included. From the analysis, it can be concluded that: 1) FCN based seg-

mentation models are appreciated due to their higher efficiency compared to sliding-window

style pixel/patch-wise classification methods; 2) the CNN models can be combined with other

post-processing techniques if the global context information is expected to be integrated.

5.3.2 FCN based Feature Detection

In this work an algorithm based on FCN has been deployed to detect the SL spots in endo-

scopic images robustly in near real-time despite poor image quality in ex vivo/in vivo animal

experiments.

Pre-processing

The captured SL images were pre-processed using the same method that was described in section

3.3.2 for specular highlight removal and image smoothing, followed by a linear interpolation

based image scaling operation to resize the images to [512 × 384] (width, height) [128], before

being fed into an FCN model for further prediction.

The FCN Model

According to a previous work [234], FCN models are capable of achieving promising segmen-

tation with a relatively small training set, if applied on images with repetitive patterns. While
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Figure 5.7: (a) The deployed FCN model; (b) Cropped SL image; (c) Density map of the
cropped SL image; (d) Feature matching between the captured (left) and the reference SL
image (right). Figure source: [167]

the spots in SL images produced by the ICL system are generally uniform in morphology, but

with colour differences, it is expected that FCN is a suitable model that can be used for spot

detection. The proposed FCN model followed the encoder-decoder structure, with U-Net style

shortcuts for feature map mergence between the encoder and decoder, as is shown in Fig. 5.7(a).

The encoder consists of consecutive units with the same layer combination. Each unit contains

one 3× 3 Conv layer followed by an ReLU activation layer and a max-pooling layer with a size

2× 2 and a stride 2 . This halves the input image size while doubles the channel dimension. In

the last layer of the encoder, each neuron has an effective receptive field of 46× 46 pixels, and

the feature dimension of its output volume is 512. The decoder also contains four consecutive

units, where each step upsamples the image, fuses the upsampled feature maps and the con-

voluted counterpart from the encoder, and then convolutes to decrease the feature dimension.

This feature mergence thus supplements the loss of the location information in the encoder due

to consecutive downsampling, combining the coarse “what” and fine “where” information for

a pixel-wise prediction of the whole image. The output feature map is cropped, resulting in a

2-channel image with the same size as the input image. Each channel indicates the probabilities
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of being foreground (spots) or background.

Training

For training a loss function consisting of cross-entropy loss and L2-regulariser was used. From

equation 2.13 and 5.1:

Ld = − 1

2N

N∑
n

∑
i

yi
(n)log(ŷ(n)) + λ

∑
j

w2
j (5.2)

where n, i, and j indicate the pixel index, the class index, and the weight index, respectively.

Empirically the decay weight λ was set to 0.0005.

The training set came from approximately 200 SL images captured from phantom, ex vivo, and

in vivo experiments, with different spot sizes and different working distances. The segmentation

ground truth were generated manually, with the software “ilastic” [260]. Data augmentation was

applied to increase the training set size to more than 20k. This includes resizing in three scales,

left-right and top-bottom flipping, rotations, and affine transformations. Stochastic Gradient

Descent (SGD) solver [28] was used for training. The training included a user-interactive coarse-

to-fine tuning, with batch size 1 and momentum 0.9. The learning rate was gradually changed

from 0.01 to 0.0005, in 500000 iterations. The final loss converged at about 0.006.

Prediction and Post-processing

In a normal FCN model used for segmentation, in the prediction stage an “arguments of the

maxima” (argmax) layer is stacked behind the multiple-channel output. This layer outputs a

single channel image whose pixels represent the indices of maximum values of the input data

along the channel dimension. However, in our situations due to poor image quality from the

tissue surface, generating binary output with the argmax layer leads to “overlapping” or con-

nection between adjacent detected spots, which requires further complex post-processing to

separate them before the spot matching step. Therefore, a different approach was adopted.

Through observation, it was found that the the subtraction between the foreground and back-

ground channels produced a “Gaussian-like” distribution for each spot, while the locations with

highest values indicated the spot centre. So this subtracted image was deployed, with a binary
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mask generated by the argmax layer for background removal, to generate the “probability map”

(Fig. 5.7(b,c)). The “probability” values in every isolated connected component of the mask

were normalised to the range [0 − 255]. Then the local maxima of the map was detected via

adaptive thresholding, and their centres of mass were treated as spot centres.

The training and prediction of the FCN model was realised by Caffe [131], a deep learning

framework. Using its C++ API, the prediction with the FCN model was integrated into the 3D

reconstruction pipeline.

5.3.3 Fast Feature Matching with Epipolar Constraints

Matching spots between the captured and reference SL images is similar to the feature match-

ing step in stereoscopy. Two main improvements to the feature matching method have been

developed, compared with the previous pipeline: 1) a pattern-specific feature detector to de-

scribe the detected spots for fast matching; 2) the epipolar constraint is utilised to constrain

the search space of the matching. These methods are described in the following.

Based on the spot detection results, correspondences between the captured and reference SL

images were found using a customized feature descriptor and epipolar constraints. An algorithm

based on Delaunay triangulation with false connection pruning was applied to establish the

neighborhood of detected spots, which were each allocated a customized 32 × 32 × 3 feature

descriptor to indicate the color distribution in 32 directions at 32 orientations (Fig. 5.8(c)).

The 1st dimension was the index of the starting direction (orientation), the 2nd indicated the

direction and the 3rd indicated the average color (normalized red, green, and blue values).

For every spot in the reference image, candidate matched spots in the captured image were

firstly found using the epipolar constraints, according to the distance from the spot centres

to the epipolar line (Fig. 5.8(b)). The smallest distance between a spot descriptor on the

captured image and all 32 descriptors of a spot on the reference image was used to describe the

distance between them. The match with closest distance smaller than a threshold was chosen,

followed by a pruning procedure based on neighborhood information. An iterative method was

then applied to propagate matches to other neighboring unmatched spots, followed by pruning,

until the number of matches remained constant.
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Figure 5.8: (a) The reference SL image, with a target spot delineated in white outline. (b) A
captured SL image, with candidate matched spots close to the epipolor line, with false matching
delineated by yellow, and positive matching by white. (c) The working space marked by white
segments. The normalised ratios between red, green, and blue in each segment are used as
elements in the feature vector.

After spot matching (Fig. 5.7(d)), the target object surface shape was recovered by triangu-

lation using calibrated parameters, as illustrated in section 3.3.3. Neither the classic linear

method nor the optimal one that minimises the reprojection error [109] was adopted in this

work for triangulation, since errors would be introduced if the ICL SL probe was simulated

as an inverse camera, as the emitted rays from the fibres did not intersect exactly at one

“probe centre”. So the line-intersection method was used for triangulation, same as the naive

reconstruction pipeline (section 3.3.3).

The 3D reconstruction pipeline was implemented in C++ with external libraries including

OpenCV [128], Caffe [131], and VTK [246]. The computation time for reconstruction from a

single SL image was ≈ 80 ms on a PC (OS: Ubuntu 14.04; processor: i7-3770; graphics card:

NVIDIA GTX TITAN X).

5.4 Quasi-dense Reconstruction with SL and SfM

Due to the reduced image quality for in vivo data, the SL reconstruction does not always return

a sufficiently dense reconstruction. Therefore, SL was combined with monocular SfM on a GPU

to increase the density and robustness of the reconstruction. SfM attempts to reconstruct an

object surface from different viewing angles achieved via camera movements [109]. If no external

information is provided then the reconstructed object surface shape can only be found up-to-
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scale given correspondences between different views. The density of the reconstruction using

SfM depends on the feature detection and matching procedure (correspondence search) on the

WL images, but is generally much more dense than that can be achieved by the ICL SL system

(≈ 1000 vs. < 171 points). However, SL provides the surface scale, for the reconstructed surface

using SfM. Thus, in this section, a method combining SL and monocular SfM is proposed for

denser tissue surface shape reconstruction. The workflow is shown in Fig. 5.9 and is described

in further details in section 5.4.2.

Figure 5.9: The workflow for combining SL and SFM. Figure source: [166].

5.4.1 Monocular SfM

In this work, a method combining SURF based feature detection [22] and LK optical flow based

tracking [175] has been proposed to perform a correspondence search. Several criteria were ap-

plied to exclude tracking outliers, including the feature descriptor difference, flow vector length,

temporal smoothness, symmetric optical flow, and random sample consensus (RANSAC) for

essential matrix estimation. For the surface reconstruction we assumed the surface was rigid

during a small time window. Considering two normalised points xp and x′p from adjacent frames

corresponding to the same point X in a 3D coordinate system whose origin was established
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based on frame 1, it was assumed that there exist projective matrices Pp = [I|0] for frame 1

and P ′p = [R|t] of frame 2, where R and t indicate the camera relative position, and t = −RC

with C representing the camera centre in frame 2 in frame 1’s camera coordinate system. These

points should follow x′TEx = 0. The essential matrix E describes the relative position between

the cameras in the two frames. By estimating E using Singular Value Decomposition (SVD),

and selecting from four possible solutions using the criterion that the points can only exist in

front of the camera in both frames, X can be found. In theory, given enough correspondences,

the surface can be measured using two adjacent frames. However, in the real-world application,

the per-frame reconstruction is limited by 1) small camera movement; 2) inaccurate camera

parameters; 3) imperfections of the pinhole model. These elements lead to unstable reconstruc-

tion, thus we only applied reconstruction when the features had been tracked with large enough

displacements (> 20 pixels).

5.4.2 Fusing SL and SfM Data

Since interleaved SL and WL images were grabbed, the surface reconstructed with SL was used

to determine the scale of the reconstructed surface using SfM in the following WL frame. Given

the point cloud (PC) [Xs,Ys,Zs] reconstructed by SL, [Xm,Ym,Zm] reconstructed by SfM, in

the camera coordinate system, their normalised coordinates can be written as [Xsn,Ysn, 1] and

[Xmn,Ymn, 1], respectively. The algorithm that registers the two PCs is shown as follows:

1. For the SfM PC the convex hull S on the x - y plane is firstly found and defined by a

subset of [Xmn,Ymn], S := {x(li)mn, y
(li)
mn}, where {l1, · · · , lK} denotes the ordered indices of

2D points.

2. Loop through all [Xsn,Ysn] to select those points [xs,ys, zs] that are located inside the

convex hull on the x - y plane, by checking the sign consistency of the cross product

between the the query [Xn
sn,Y

n
sn, 0] and all the segments that define the boundary of

convex hull.

3. Interpolate the SfM PC to a denser PC [xm,ym, zm] [14].

4. Find nearest neighbours of all the selected SL points [x
(n)
s , y

(n)
s , y

(n)
s ] in the interpolated

SfM PC [x
(n)
m , y

(n)
m , y

(n)
m ] in the x-y plane.
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5. Register the two PCs using the established correspondences in step 4, with the “scaling” t

of the SfM PC as the only transformation parameter. The registration can be formulated

as a cost function minimisation problem:

cost =
N∑
n

(x(n)s − tx(n)m )2 + (y(n)s − ty(n)m )2 + (z(n)s − tz(n)m )2 (5.3)

which can be further simplified as a quadratic equation: cost = t2+at+b, whose minimum

value can be found at t = −a
2
, which is also the closed-form solution of the SfM PC scaling

factor.

6. Interpolate both the SL PC and scaled SfM PC with the same specified x and y coordi-

nates.

7. Estimate the final surface by averaging the z coordinates between the two interpolated

PCs.

In this way, one quasi-dense surface reconstruction with known scale can be achieved for every

pair of SL/ WL frames, at a framerate of 8 FPS, limited by the modality-switching frequency

of the optical hardware.

5.5 Experimental Results

5.5.1 Pattern Decoding Validation

For stereo based reconstruction methods including the ICL SL system, the reconstruction ac-

curacy is mainly limited by two factors: calibration and feature matching. As a SL calibration

technique based on standardised camera calibration with homography has been proposed and

validated earlier in this work (section 3.3.1), pattern decoding is the only procedure that is

validated in this section.

Experiments on a silicone heart phantom, ex vivo ovine heart, and ex vivo ovine liver have been

carried out for validation, with the probe adaptor used to fix the probe next to the endoscope

at an angle ≈ 12◦, and baseline ≈ 6 mm. Videos were recorded for all the experiments, in which
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the working distance was always kept at 1.5 − 4 cm, with the endoscope optical axis roughly

perpendicular to the tissue surface. The endoscope movements were planned to simulate real

ones that could happen in theatre, by including sudden fast movements and movements along

the axial direction.

Fig. 5.10 shows the intuitive “probability map” estimation and feature matching examples for

four representative SL images during ex vivo experiments. It is clearly demonstrated in the

figure that spots can be detected regardless of poor image quality, even for inhomogeneous

illumination between spots or specular highlights.

The corresponding “probability” for brighter and darker spots differs in size instead of value,

due to the normalisation step which forces the maximum value in individual binary masks to

be 255. This algorithm would certainly fail in the case that images suffer from over-exposure or

massive specular reflections, but it generally guarantees robust performance on normal tissue

surfaces. Also, it is noticeable that despite being successfully detected, some “isolated” spots

induced by large surface curvatures could not be matched.

Table 5.1: Validation of feature matching. Manual annotation is used as the ground truth.

Object
Annotated
matches

True
positive

Sensitivity Precision

Silicone heart phantom 170 ± 1 154 ± 17 0.907 ± 0.101 0.997 ± 0.004

Ovine heart 134 ± 8 113 ± 10 0.844 ± 0.038 0.997 ± 0.006

Ovine liver 128 ± 11 110 ± 13 0.861 ± 0.052 0.994 ± 0.005

Statistical results are provided in Table 5.1, with 10 randomly chosen frames per recorded video

on different objects. Automatic feature matching results were compared with those from manual

annotation. The true positive (correctly detected and matched spots), annotated matches

(manually annotated spot matches), together with the matching sensitivity and precision are

used as indicators.
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Figure 5.10: Examples of pattern decoding results using the proposed method. The estimated
probability maps and the matching between the captured and reference SL images are shown
on four example images. The upper two are for the ovine heart, and the lower two for the ovine
liver.

Table 5.1 shows that the pattern decoding algorithm functions robustly in general. The average

sensitivity on the phantom experiments was higher than 0.9 due to high image quality; it

was also around 0.85 in both the ex vivo experiments, where the image quality was affected

by the appearance of mucosa, and specular reflection, etc. This indicates the capability of

the algorithm for spot detection. It is also noticeable that for all data the feature matching

precision was higher than 0.99, showing the reliability of the spot detection using the proposed

method. Compared with previous work (section 3.4.1), this shows a much higher sensitivity
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for feature matching. Meanwhile, the near real-time performance (12 FPS) guarantees its real-

world practicality. These improvements are owning to the deployment of FCN based detection

algorithm, and the efficient feature matching enabled by customised feature descriptors and the

epipolar constraint. Further discussion is provided in section 5.6.

5.5.2 A Clinical Case

The system has been tested on clinical cases. During Laryngeal surgery in the operating theatre,

the ICL SL system was placed on a two layer trolley beside the operation table. The imaging

part of the system was set up on a breadboard with size 40×40 cm2, surrounded by a light-tight

structure constructed from blackout materials (Fig. 5.11(a)). The surgeon held the endoscope

with a customised CCD camera attached (DCU 223C, Thorlabs Ltd., UK), and the probe.

The endoscope could be inserted through a standard clinically used trocar for optical imaging

during the laryngeal surgery (Fig. 5.11(b)).

Figure 5.11: (a) The ICL SL system set up on a two layer trolley. (b) The surgeon holding the
endoscope with probe attached, and inserting it through a standard trocar. (c) the SL pattern
projected on the patient’s larynx.

In vivo SL and WL videos on the patient larynx, as well as ex vivo ones on the excised laryngeal

tissue, were recorded for further processing. The reconstruction of two frames from in vivo and

ex vivo cases, are shown in Fig. 5.12.
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Figure 5.12: (a) The reconstructed surface from an in vivo experiment on patient larynx. (b)
The reconstructed surface from an ex vivo experiment on excised patient larynx tissue.

5.6 Discussion and Conclusions

In this chapter, improvements for the ICL SL system were proposed, which enabled a faster,

denser, and more robust tissue surface reconstruction. The discussion on the hardware and

algorithm aspects are provided as separate sections:

5.6.1 Hardware

The implementation of the interleaved SL and WL imaging provided WL views with shape

and texture information that could be extracted for further applications e.g., object tracking or

visual servoing, to benefit MIS and robotic surgery. Currently it enables a maximum recording

framerate of 8 FPS for both the SL and WL videos. Due to the relatively small FOVs and

fast movements of normal endoscopes, the captured images might suffer from image blurring at

this framerate. Analysing the SL images does not depend on fine texture information, so the

reconstruction with SL would not be affected, in contrast to the applications using WL images.

In the future, switching to another RGB camera that can be triggered at higher frequency could

be a solution.

A 3D printed adaptor was designed to house the probe beside the endoscope tip with optimised

angle and baseline that enabled an accurate triangulation at working distance 1.5− 4 cm. This

technical improvement is an important step towards real-world clinical application of the ICL

SL system, since self-calibration led to larger reconstruction error (section 4.5.2). The current
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adaptor has a diameter of around 11 mm, which enables the endoscope tip and probe to be

inserted through a clinical trocar. In order to adapt the system to laparoscopic surgeries that

only allow smaller trocars, both endoscope and adaptor with smaller size need to be designed

and adopted.

5.6.2 Algorithm

An accurate pattern decoding algorithm has been proposed to facilitate the near real-time tis-

sue surface reconstruction using the ICL system. An real-time 3D reconstruction algorithmic

pipeline has been implemented to solve spot detection and identification. Treating spot de-

tection as a binary segmentation problem, together with pre-/post-image processing an FCN

model was applied to estimate a “probability” that indicated spot locations, which were then

utilised for spot identification with a specific feature descriptor and epipolar constraints.

For detection an FCN model with U-Net style was adopted to estimate the “probability” map,

whose local maxima were regarded as the spot centres. The selection of the U-Net style model

was done empirically, and according to the its advantage that smaller size of training set is

needed if the image pattern is repetitive [234]. Through training with augmented data from

initial 200 SL images, the proposed method leads to a significant improvement in both the

accuracy and speed compared with the previous normalized-cut based method (section 3.3.2).

Furthermore, the supervised training and prediction procedure avoided manual parameter tun-

ing that is frequently required in traditional image segmentation pipelines.

An upgraded spot matching method has been integrated into the 3D reconstruction pipeline.

Compared with the counterpart in the naive reconstruction pipeline (section 5.3.3), the pro-

posed method makes use of the epipolar constraint to constrain the correspondence search

space, and a customised feature descriptor for Brute-Force matching, followed by a robust

pruning step to remove false positives. All of these improve the matching results and can be

executed in several ms when implemented in C++.

Although highly promising results have been achieved, there is still space to improve the pattern

decoding. For examples, more SL images from different tissue surfaces should be collected to

improve the generalisation of the training set; the detection can be upgraded with state-of-the-

art CNN algorithms; the recent research on CNN based stereo matching [190] or optical flow
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estimation [65] could also give us some hints to design a model that is capable of end-to-end

training and pattern decoding.

Merging SfM with SL provided a quasi-dense surface reconstruction with known scale. As this

method was also implemented with C++ on a GPU, it guaranteed a real-time reconstruction

performance together with the pattern decoding step. However, the two-view geometry based

SfM is not the state-of-the-art and is based on the assumption that the tissue remains static in

a small time window, which introduces errors. Furthermore, the tracking based on SURF and

LK optical flow is not robust enough for tissue surfaces in surgical scenes. Thus the monocular

SfM should be upgraded to e.g. a state-of-the-art SLAM method such as ORB-SLAM [197]

which has been developed to handle many practical difficulties. The fusion of SL surfaces and

SfM surfaces is intuitive, simple, and fast. However, in the future work, it still needs to be

extended to address more difficult situations, like reconstruction errors that could occur in both

SL and SfM, the optimisation of point cloud fusion, etc.

With the improvements proposed in this chapter, the ICL SL system has been pushed towards

its target — a medical device that can be reliably deployed in real clinical environments. Besides

the future work for each step described above, the hardware and software need to be integrated

into one framework for consistency. Currently, the synchronised mode switching and video

recording is realised via LabVIEW, while the reconstruction pipeline including the calibration,

pattern decoding, and final data fusion and 3D reconstruction is realised in C++. One of the

most important tasks in the future work will be the “gluing” and integration of the hardware

and the software with C++ under one framework. Besides the engineering part, more animal

trials and clinical experiments are also expected to continuously validate the ICL system at

different development stages.



Chapter 6

Hybrid Structured Light and

Hyperspectral Imaging System

6.1 Introduction

In this chapter, the functionality of the ICL SL system was further extended, to enable tissue

surface hyperspectral imaging (HSI). A slit hyperspectral imager was integrated in to the sys-

tem, in the way that the reflectance from the tissue surface under white light is fed into the slit

for hyperspectral signal measurement. This ensures the measurement of sparse hyperspectral

signals from the tissue surface. The SL and HSI modes can be switched by controlling a “flip-

per” mirror. In order to estimate pixel-level dense hypercubes for imaging purposes such as

narrow band imaging (NBI) and tissue oxygen saturation (StO2) measurement, a CNN based

super-resolution model has been developed to estimate hypercubes from the RGB images and

The content of this chapter has been published in:

1. J. Lin, N. T. Clancy, X. Sun, J. Qi, M. Janatka, D. Stoyanov and D. S. Elson, ”Probe-based rapid hybrid
hyperspectral and tissue surface imaging aided by fully convolutional networks”, In: Proc. MICCAI,
Part III., 2016, pp. 414-422.

2. J. Lin, N. T. Clancy, Y. Hu, J. Qi, T. Tatla, D. Stoyanov, L. Maier-Hein and D. S. Elson, ”Endoscopic
Depth Measurement and Super-Spectral-Resolution Imaging”, In: Proc. MICCAI, Part II., 2017, pp.
39-47.
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the sparse hyperspectral signals. In the experiments, the accuracy of the captured hyperspec-

tral signal was evaluated by experiments on a Macbeth color checker, and phantoms. Ex vivo

tissues like pig bowel, rabbit uterus, and lamb uterus were used to validate the performance of

the proposed dense hypercube estimation algorithm.

6.2 From SL to SLHSI

As is demonstrated in section 2.3, HSI has high potential to aid medical applications including

disease detection and surgical guidance, as it yields signals with rich information at tissue,

cellular, and molecular levels. Different HSI acquisition modes have also been reviewed, and

from the analysis it is concluded that generally a miniaturised snapshot based HSI system that

produces hypercubes with reasonably high resolution is highly suited to MIS related applica-

tions.

Considering the structure of the fibre bundle that is used for in the ICL SL system, the inte-

gration of HSI is possible:

1. The fibre bundle realises a 1D ↔ 2D spatial mapping (Fig. 6.1). The fibres are arranged

in a linear array and randomised 2D pattern at the two ends, respectively. In SL mode

the dispersed laser is fed into the linear array end and emitted from the randomised end

to be projected on the tissue surface as artificial patterns. As the light propagation is

reversible, light coming from the tissue surface, e.g. the reflectance or fluorescence, can

travel in the opposite direction — be fed into the randomised end and come out of the

linear array end. In this case, the light emitted from different fibres is matched to different

locations on the tissue surface.

2. The “linear array” fibre pattern coincides with the shape of the sensor on a slit hyper-

spectral imager. Therefore, if focused accurately, the light from the tissue surface can

be directly fed into the hyperspectral imager with an extra lens combination. In this

way, a 1D ↔ 2D spatial mapping can be established between the slit sensor and the pro-

jected light patterns on the tissue surface. The benefit of this is that sparse HSI can be

carried out with a region-of-interest (RoI) covering the majority of the ICL SL system’s

field-of-view (FoV), by the imager in a snapshot.
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3. As the fibre bundle distal tip (randomised end) that projects light patterns in the ICL

system in SL mode has already been miniaturised (2.0 mm diameter), no additional

modifications need to be made on this end to adapt the device to an endoscope in surgical

applications.

Figure 6.1: The spatial mapping between the randomised end (2D), the linear array end (1D),
and the slit hyperspectral sensor.

6.2.1 System Configuration

The extended system, namely the ICL SLHSI system, was built based on the ICL SL system

(section 3.2) [51, 165]. A flipper mount (Motorized Filter Flip Mounts, Thorlabs Ltd., UK)

mounted with a mirror is used to switch between the SL the HSI mode. It is positioned between

the lens and the linear array end of the fibre bundle (Fig. 6.2(right)).

In the SL mode (Fig. 6.2(left)), the flipper mount is fixed in the horizontal direction out of

the light propagation path. As is described in section 5.2, the supercontinuum laser passes

through the inter-fan space of the chopper wheel and is dispersed and coupled into the probe’s

linear array end. Rays containing different wavelength information are then emitted form the

randomised end and projected onto the tissue surface to form a SL image. This image is

captured by a CCD attached to an endoscope and further analysed for 3D reconstruction.

In the HSI mode (Fig. 6.2(right)), the supercontinuum laser is blocked, and a white light

source (Xenon 300; Karl Storz GmbH, Germany) is activated to shed light onto the tissue
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sample. The reflectance propagates into the randomised end and is emitted out of the linear

array end. Meanwhile the flipper is flipped to the vertical position to the linear array end at

about 45 ◦angle, to redirect the reflectance towards a 250/50 mm focal length lens combination

to form a demagnified image of the fibre array on the slit of a HSI imager (Nano-Hyperspec;

Headwall Photonics, Inc., USA).

Figure 6.2: Left: setup in SL mode. Supercontinuum laser is used to generate the structured
light, and the white light is blocked. Right: setup in HSI mode and the captured spectrograph
image (lower right). Supercontinuum laser is blocked and white light is shed on the tissue sur-
face. The mirror mounted on a flipper is used to redirect the reflectance to the slit hyperspectral
imager.

6.2.2 Hyperspectral Signal Calibration and Processing

The output of the HSI imager is a grey-level image whose X axis indicates the position on the

slit, and Y axis the wavelength. The system was manually adjusted to ensure a full display

of all the reflectance from different fibres. So the hyperspectral signals from 171 fibres were

displayed in the output image (Fig. 6.2(lower right)).

Hyperspectral Signal Calibration

In order to find the correspondence between the x coordinate and the actual positions where

the reflectance comes from the tissue surface, a one-off calibration step before the experiment

was carried out. Since the indices of signals captured by the HSI imager follow the order the
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fibre arrangement at the linear array end, the problem was transformed into correspondence

search between fibres at the two ends of the fibre bundle. By feeding white light into the

linear array end and recoding a video showing the projected light patterns on white paper, a

translation stage was utilised to initially cover all the fibres and then gradually uncover them in

one direction. According to the order of emergence of the projected spots on the white paper,

the 1D ↔ 2D correspondence between the slit sensor and the captured SL/ WL images was

established.

The X-axis locations, where the spectrum of light from a certain fibre is located, need to

be determined every time after the system is re-assembled. Presumably an automatic peak

search algorithm that looks for local maxima could be applied to allocate the x coordinates for

individual fibres. However, manual annotation was adopted to avoid miss-detection, since the

the calibration is a one-off procedure. Then the spectrum of different fibres can be acquired

along the detected x coordinates. Each fibre′ s reflectance spectrum R was achieved using this

extracted (detected) spectrum I, the “dark spectrum” (ID) from the ambient light, and the

reflectance (IO) from a white reference target (Spectralon; Labsphere, Inc., USA), to correct

for wavelength-dependent transmission characteristics of the system:

R =
I − ID
IO − ID

, (6.1)

from which the absorption spectrum (A) is calculated:

A = − ln(R). (6.2)

Oxygen Saturation Estimation

Previous research shows that one of the most important medical applications of HSI are oxygen

saturation (StO2) estimation, to aid clinical decision making and surgical guidance [283, 7,

50]. A linear model can been used to interpret the absorption spectrum (A) of the tissue

surface. A can be seen as a linear combination between the absorption spectra from oxy and

deoxyhaemoglobin [261, 230], as is demonstrated in Fig. 6.3. This is a model that works

under several assumptions that are realistic in many cases [50]: 1) the haemoglobin is the main

absorber with affects the absorption spectrum; 2) light with different wavelengths travels with
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equal distances; 3) wavelengths of interest have similar scattering losses.

Figure 6.3: A linear combination of oxy and deoxyhaemoglobin absorption spectra results in
the final absorption spectrum. The relative ratio between the oxy and deoxyhaemoglobin can
be estimated via linear least squares.

Given the concentrations of oxy and deoxyhaemoglobin (HbO2 and Hb), their joint absorption

can be represented as

A′ = [HbO2]AHbO2(λ) + [Hb]AHb(λ) + α, (6.3)

where AHbO2(λ) and AHb(λ) are the absorption spectra for oxy and deoxyhaemoglobin, with

α as a constant. AHbO2(λ) and AHb(λ) are measured molar extinction coefficients provided in

[223]. Using least squares linear regression to approximate A with A′, [HbO2] and [Hb] can

be estimated with closed-form solution by Singular Value Decomposition (SVD). Finally, the

oxygen saturation StO2 can be calculated as

StO2 =
HbO2

HbO2 +Hb
. (6.4)
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Fusing SL and HSI

For the purpose of detailed medical applications such as AR, the extracted information from

HSI signal should be combined with the tissue surface recovered by SL. By calibration (section

6.2.2), a unique mapping was established between spectra and SL spots in the reference SL

image. As the captured SL image can be identified by the algorithm proposed in section 5.3,

the spectra collected in the HSI mode can be mapped onto different locations in the SL image

captured in the previous frame. Then the extracted information such as the oxygen saturation

can be shown on the reconstructed surfaces.

6.3 Pixel-level Dense Hypercube Estimation

There is always a trade-off between spatial resolution, spectral resolution, acquisition time, and

cost, to be considered in HSI system design. The main benefit of the ICL SLHSI system is

its snapshot based data acquisition mode. However, it is also noticeable that only a spatially

sparse spectrum can be directly collected in a snapshot. Although this still provides medically

meaningful information that covers the FOV, the majority of the area is still left blank after

HSI falling between the spot locations. However, generally a hypercube with pixel-level dense

spatial resolution is preferred. Thus, in this section, a CNN based algorithm is described for

dense hypercube generation, which is referred to as “super-spectral-resolution” in the following

context.

There are two data sources that can be used to recover the hypercube, the RGB image captured

by the CCD camera (DCU 223C, Thorlabs Ltd., UK), and the spatially sparse spectral signals

captured by the slit hyperspectral imager. Previously, there have been algorithms proposed

to recover high-resolution (HR) images from low-resolution (LR) images, or hypercubes from

RGB images. Inspired by the existing algorithms, in this project a CNN based model has been

proposed to recover the hypercubes from both the RGB images and captured sparse spectrum

signals. Generally speaking, this workflow includes a spectral super-resolution (SR) operation

for the RGB image, and a spatial SR for the sparse HSI signals. Before describing the detailed

algorithm, a literature review is given on the SR techniques that aim to recover HR data from

LR data, either in the spatial or spectral dimension.
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6.3.1 State-of-The-Art on Super-Resolution Methods

As a popular research area in the past two decades, SR algorithms have been developed for dif-

ferent applications such as facial image analysis, satellite imaging, road sign plates recognition,

etc. In this section previous algorithms of single-image super-resolution (SISR) are reviewed.

SISR refers to the procedure that finds the mapping from a single input LR image to an output

HR image. Despite that it mainly refers to a procedure in the spatial dimensions (X and Y ),

those algorithms should be able to be adapted for spectral SR, since the hypercube is a 3D

matrix.

Non-CNN Based Spatial SR Techniques

Several survey papers [198, 297] have been published on SR algorithms, covering traditional

methods. Recently, CNN based deep learning algorithms also showed superior performances.

In the following, works based on these different methods are reviewed.

Among the earliest algorithms are the non-learning based methods, which assume that the

mapping from LR to HR images is predefined, so a certain fixed mathematical formula is

usually adopted to represent the mapping. Typical algorithms are interpolation-based methods,

including bilinear, bicubic, and Lanczos filtering [67], that can interpolate the HR images with

weighted combination of existing pixels from the LR images. However, these methods fails to

recover fine details such as texture and gradient information, only leading to overly smooth HR

images. Irani and Peleg proposed a method, that starts with a user-defined downsampling model

and an initial guess of the HR image, and iteratively update the HR images to approximate the

LR image [126]. As a known downsampling model is used, this method preserves more high

contrast edge information than normal interpolation-based methods do. Generally the non-

learning based methods assume a fixed mapping from LR to HR, so it cannot recover sufficient

details in HR images.

Compared with non-learning based methods, learning based methods that learn the HR recon-

struction prior or the direct mapping from the paired LR and HR images are the dominant

methods to solve SR problems.

Shan et al. [251] developed a method that simulated a reasonable inversion of a previously
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proposed model that maps an HR image to an LR one [19]. A feedback-control loop was used

to evaluated the inverse model and provide the hint for model update. This was claimed to be

a fast algorithm free from artifacts. In the work of Kim and Kwon [146], kernel ridge regression

(KRR) was adopted to learn the LR to HR mapping, aided by sparse coding with matching

pursuit algorithms. The sparsity of the gradient distribution has also been used in [294] for

regularisation to remove artifacts. In the work of Aly and Dubois [13], total variation was used

as the regulariser to reconstruct the objective function of mapping that can be minimised based

on level-set method.

Some algorithms are based on learning edge structures for the LR images. Edge information is

important for visual perception. Therefore, the edge can be learnt to generate the prior for the

HR image reconstruction. Fattal learnt the depth and width features of the edges [72], while

the gradient profile was used by Sun et al. [265] and Tai et al. [271]. Although edge based

methods lead to high-quality edge structures and less artifacts, it has been reported that these

methods are not very effective for other high-frequency (HF) structures like the image texture

[297].

More methods were proposed to directly learn the mapping from LR images to HR ones,

by training their models on paired LR and HR patches/images. Freeman et al. proposed a

modelling method based on Markov network with Bayesian belief propagation [85]. Chang et al.

used locally linear embedding to recover local geometry from its neighbours in the feature space

[41]. Based on the observation that similar patches recur in both the same and different scales

for natural images, Glasner et al. developed an algorithm which recovered detailed information

from the patch redundancy from different scales [92]. A similar strategy was adopted in [83],

where a local self-similarity assumption was made on natural images. These self-similarity based

methods are advantageous on their non-reliance on extensive training on external datasets.

Other learning methods includes sparse coding [104, 298, 63, 226, 284], support vector machine

(SVM) [200], Gaussian process regression [113], weighted average [266], etc.

As there are numerous previous works related to SR problems, only some representative non-

CNN based ones are reviewed briefly above. For more comprehensive reviews, the reader can

refer to [198, 297].
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CNN Based Spatial SR Techniques

In recent years with the advancement of hardware as well as the algorithms, CNN models have

been deployed to solve image analysis problems like classification, segmentation, and SR. In SR

the CNN based methods also demonstrate superior performance.

There are previous ANN based methods proposed for image restoration, a problem similar to

SR. Most of these algorithms target denoising/deblurring. For example, NNs with FC layers

networks have been used for the purpose of denoising in [34, 247]; CNNs were also applied for

denoising the natural images [129] and dirt/rain removal [70]. However, these algorithms are

not specially designed as an end-to-end style, and normally require complex training procedure.

Since the end-to-end CNN models are more convenient to apply and allow a simultaneous

optimisation of the model parameters during training, these structures are much more preferred

in algorithmic development. In the following several representative end-to-end CNN models for

SR problems are listed and reviewed.

To the author’s knowledge, the first end-to-end CNN model used for SR problems is the SRCNN

model proposed by Dong et al. [62]. In this work, the authors divided the SR workflow into

three steps: 1) patch extraction that extracts feature vectors out of patches; 2) non-linear

mapping that maps the extracted features to other high-dimensional vectors corresponding to

the HR patches; 3) reconstruction that aggregates patch-wise feature vectors into a HR image.

A 3-layer CNN model that simulates a sparse coding procedure has been developed (Fig. 6.4)

to refine the details in the upscaled image with bicubic interpolation. This model can be

seen as a milestone, since similar network structures have been adopted in the following CNN

based HR image prediction models. Simply structured as it is, SRCNN has a relatively shallow

structure and small receptive field (13× 13), hindering its HR image reconstruction accuracy.

Furthermore, the authors claimed that “the deeper the better” principle is not suitable for

network design in SR problems, since gradient vanishing/ explosion can happen very easily for

deeper networks. This might be caused by non-existence of FC/pooling layer and the sensitivity

of parameter initialisation in the Conv layers.

Kim et al. proposed a deeper recursive neural network (RNN) with skip connection (DRCNN)

to increase the receptive field to (41×41) [145]. There are two main differences from SRCNN: 1)

in the non-linear mapping step a same convolution is applied for 16 times recursively via a single
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Figure 6.4: The schematic of the SRCNN model. The first layer extracts features from the input
LR image; the second layer maps those features into HR; Finally the feature map is merged
along the channel dimension to generate the output HR image. Figure reproduced from [62]
(copyright c©2016 IEEE).

recursive layer to increase the receptive field. Moreover, inspired by the ResNet [114], the skip-

connection is realised by merging the outputs from all convolutions in the final reconstruction

layer. With this model, the authors demonstrated a significant improvement to SRCNN on the

Timofte dataset [298], while still kept a small number of parameters for optimisation.

In both SRCNN and DRCNN, before being fed into the network, the input LR image needs to

be upscaled to the size of the desired output HR image via bicubic interpolation. Therefore, all

the computation occurs at the HR scale, hindering their processing speed. In order to realise

real-time SR, efficient sub-pixel convolutional neural network (ESPCN) was proposed by Shi et

al. [254]. ESPCN processes the input LR image with consecutive Conv layers in LR scale, and

upscale the feature map in the last layer. In the last upscaling step, a sub-pixel convolution was

applied, which is in fact a reshaping procedure rather than real “convolution”. In this way, the

computation mainly takes place in the previous layers in the LR scale. A schematic of ESPCN

can be found in Fig. 6.5.

In CVPR 2016, besides DRCNN, Kim et al. proposed another CNN based model deep struc-

ture to address the SR problems [144]. A very elegant solution has been found to deal with

problems of prone-gradient vanishing/explosion in deep neural networks (DNNs). The key fac-

tor is the application of residual blocks that enables the application of DNNs [114]. With a

skip-connection, the VGG layers were utilised to enhance the feature extraction and non-linear

mapping. This model has also been validated on SR problems with different scales, demon-

strating its robustness. The same strategy has been adopted by Okay et al. to solve MRI
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Figure 6.5: The schematic of the ESPCN model. The first stage extracts features from the
input LR image and maps the feature maps to different dimensions; the second layer reshapes
the M ×N × r2 feature map into the output scale (rM × rN). Figure reproduced from [254]
(copyright c©2016 IEEE).

cardiac image SR problems [204].

Figure 6.6: The schematic of the VDSR model. The Conv layers from the VGG-net is adopted,
aided by a skip-connection to avoid gradient vanishing/ explosion. Figure reproduced from
[144] (copyright c©2016 IEEE).

Besides the layer and connection arrangement, the choice of loss function is also a key factor of

CNN design. In the models presented above [62, 145, 254, 144, 204], pixel-wise loss functions

like L1 loss, L2 loss, or mean square error (MSE) have been deployed for network training.

However, it was found that using pixel-wise loss functions leads to overly-smooth prediction

since pixel-wise averaging of plausible solutions is encouraged [160, 198, 133, 64].

In image generation problems, the generated image is expected to be close to the reference

image in many aspects like low/ high level features and overall styles. Therefore, instead of

pixel-wise loss functions, using another classifier to identify the correctness of the generated

image would be a more reasonable choice. Based on this, generative adversarial networks

(GANs) have been adopted for the purpose of image generation. The detailed explanations

and examples of GANs are not provided in this thesis, but can be found in [97, 227]. Here only
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a brief introduction to GANs is given. A typical GAN consists of two networks, the generator

(G) and the discriminator (D). While G aims to generate images with a random input, D aims

to distinguish between the output of the G and the real reference image. G and D are trained

iteratively until the Nash equilibrium is reached. The training of GANs is relatively unstable,

but many methods have been proposed to stabilise the training procedure of GAN, such as

deep convolutional generative adversarial networks (DCGAN) [227] and Wasserstein generative

adversarial networks (WGAN) [17].

The super-resolution generative adversarial network (SRGAN) is a model proposed to solve

the SR problems with GANs [160]. It was reported as the first CNN based model that is

capable of dealing with a upscaling factors of 4. The loss function of the model consists of a

content loss and an adversarial loss. Compared with other models such as ESPCN, DPCN,

or SRCNN, although the resulting pixel-wise indicators such as peak-to-signal-ratio (PSNR)

and structural similarity (SSIM) index were not the highest, evaluation with mean opinion

score (MOS) showed that SRGAN led to more “photo-realistic” results. The model structure

is provided in Fig. 6.7.

Figure 6.7: The schematic of the SRGAN model. The model contains a generator that predicts
the HR image, and a discriminator that distinguish between the generated and the reference
image. Figure source: [160] (copyright c©2017 IEEE).

The above five representative works on CNN based model for SR generally lead to better

performance compared with traditional algorithms. The network structures also provide us

with hints about the model design for our SR problems. However, it is also noticeable that
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none of the above CNN based models is the “gold standard”, including the latest SRGAN. The

model design should still be task specific and finely adjusted accordingly.

Spectral SR Techniques

As is analysed in section 2.3.2, due to the trade-off between spatial/spectral resolution, acquisi-

tion time, and cost, estimating hypercubes from normal RGB images algorithmically provides

an alternative for constructing dense hypercubes.

Early works for recovering hypercubes from RGB counterparts requires two inputs: an HR

RGB image and an LR hypercube. Based on matrix factorisation a method has been proposed

to estimate the hypercube [140]. Despite of high estimation accuracy, this method suffers from

heavy computational expense and has been reported to cost hours on one image. By replacing

the matrix factorisation with simpler propagation, a hybrid system enabling several frames per

second computation has been proposed by Cao et al. [36].

More recent studies focus on methods that recover hypercubes from RGB images only. A system

aided by time-multiplexed illumination has been proposed by Goel et al. [94], which managed

to estimate scene reflectance along a number of wavelengths. This system enabled 17 spectral

band hypercube generation at 9 FPS. With a similar system, a 31 spectral band hypercube

generation was realised using 5 narrow-band LED light sources [209]. However, these systems

depend on controlled lighting, and artifacts could be introduced when imaging moving objects,

hindering their real-world applications especially the outdoor usage, and surgical applications.

Arad and Ben-Shahar proposed a sparse coding based method to predict the hypercubes [15].

In this work the hyperspectral prior was first learnt from different hypercube datasets, to build

a hyperspectral dictionary consisted of non-orthogonal vectors as the basis spectra. This was

followed by building an RGB dictionary by simply computing the projections of hyperspectral

dictionary into the RGB space. Next, using the orthogonal match pursuit (OMP) [212] algo-

rithm, a linear combination of RGB basis can be found to approximate the input RGB image,

described by weights. Then the same weights can be applied to linearly combine basis spectra

in the hyperspectral dictionary to finally reconstruct the corresponding hypercube.

Rather than recovering hypercubes from RGB images, studies on recovering HR hypercubes

from LR hypercubes and HR panchromatic (PAN) images drew more attention, namely pan-
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sharpening, especially in the field of remote sensing [171]. PAN images refer to grey-level images

with information from a wide range of wavelengths, and contains more spatial details. Non-

CNN based pan-sharpening can be divided into five categories [171]: component substitution

[255, 154, 5], multiresolution analysis [170, 12], hybrid methods [139, 164], Bayesian methods

[286, 287], and matrix factorisation [301]. More recently, CNN models have also been adopted

for pan-sharpening [308, 187]. Since these works adopted similar network structures or design

strategies from the spatial SR CNN models, a detailed review is not provided in this thesis.

6.3.2 Super-Spectral-Resolution

SR, which aims to recover HR images from their LR counterparts, is an ill-posed method, where

one LR input can be mapped to multiple possible HR outputs. To deal with this ill-posed

problem, two assumptions were made in this work: 1) The HR information is redundant in the

HR images and could be partially extracted from the LR ones. 2) The mapping from LR to HR

can be learnt from training sets containing data similar to the unseen data. Based on the fact

that the captured RGB images are spatially dense while spectral signals are spatially sparse, the

hypercube should be predicted mainly based on the RGB images, and the sparse spectral signals

can be used to refine the prediction results. In this work, a CNN model has been adopted to

predict the dense hypercube. The workflow consists of two steps: hypercube estimation using

an RGB image, and hypercube refinement by integrating sparse spectral signals.

Recover Hypercubes from RGB Images

An RGB image was considered as a hypercube with 3 spectral channels. The proposed model,

namely model 1, looked for a mapping from an M × N × 3 hypercube to an M × N × 24

hypercube, where M ×N stands for the image spatial resolution. This CNN model consists of

two main stages:

1. Upscaling the input RGB image along the spectral dimension. This was realised by three

3D deconvolution layers (transposed convolutional layers) piled up to map a M ×N × 3

matrix to a M ×N × 24 one.
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2. High-frequency-signal-extraction (HFE). This extracts and combines the high frequency

signal with LR stacks. This stage was implemented using a residual block which introduces

a “shortcut” to reduce the degradation of the training accuracy problem when deep

networks are used. It has been proven that this structure simplifies the optimization.

The output of the shortcut is combined with the output of three Conv layers, by element-

wise add operation. with this structure, we expected a mergence of the low-frequency

and high-frequency data to refine the final predicted hypercube.

The structure of model 1 can be found in Fig. 6.8. This mapping achieved generally good

spectral prediction but still with inevitable noticeable errors, since the problem is highly ill-

posed. To refine the predication, we extended model 1 to incorporate spatially sparse HSI

signals captured using the system′s HSI mode.

Figure 6.8: The schematic of the CNN model that predicts a hypercube from an input RGB
image. The model contains two steps: 1) spectrally upscaling the RGB image; 2) Extraction
of high-frequency signals and mergence with the low frequency ones. Figure reproduced from:
[166].

Refine Hypercube Prediction by Integrating the Sparse Hyperspectral Signals

RGB images provided high spatial but low spectral resolution; while HSI mode had low spatial

but high spectral resolution. Due to the overly sparse hyperspectral signal, RGB was used as

the main contributor for hypercube estimation, then the HSI signal was applied to refine the

estimation.

Model 2 took three inputs: an RGB image (M × N × 3), a density map (M × N) indicating

the locations where HSI took place, and a sparse stack (M × N × 24) containing the sparse

HSI signals. In the density map, the background was set to 0, while the locations where the
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hyperspectral signals come from were simulated with individual Gaussian distributions with

maximum value as 1. The sparse stack was built from a M×N×24 matrix with all background

pixels as 0, and filled with hyperspectral signals according to their corresponding locations.

This model was extended from Model 1, by adding a merging stage on top of it, where all

inputs were integrated (Fig 6.9). Popular methods that merge inputs from different sources in

CNN models, include element-wise add and concatenation along the feature channel followed

by convolution. In this work, the latter way was adopted due to better outcome in practice.

The sparse HSI data was concatenated with the element-wise product between the density map

and the HSI stack recovered from RGB. The final spatially dense hypercube was estimated

following a convolution.

Figure 6.9: The schematic of the CNN model that predicts a hypercube from an input RGB
image and sparse hyperspectral signals. This model can be seen as Model 1 with an extra
mergence phase that integrates the hyperspectral signals. Figure reproduced from: [166].

Training

Choosing a training set that provides adequate prior knowledge is of great importance for

accurate MSI recovery. In this work, hypercubes collected in vivo during animal trials have

been used for training and testing. These hypercubes were collected from porcine bowel, rabbit
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uterus, and sheep uterus, using an LCTF endoscopic imager [50]. The mis-alignment of images

in adjacent wavelengths due to tissue movement has been compensated with the registration

method proposed by Du et al. [66]. In order to prepare the RGB images for training, the

transmission spectrum (h) for an RGB camera (Thorlabs DCU223C) was utilised to generate

the synthetic RGB images R from HSI stacks, with R = h ∗ H. The density map Dhsi for

the sparse HSI signal was produced using previous spot segmentation results, with Gaussian

distribution (max = 1) filled at each spot location (where the sparse spectral signals came

from). The density map for the RGB image Drgb was defined by Drgb = 1−Dhsi. The sparse

HSI stack (Hs) was the element-wise product between the density map and the HSI stack

(Hs = Dhsi. ∗H).

To guarantee sufficient training samples, Model 1 was trained on individual pixel spectral

vectors instead of whole hypercubes, based on the assumption that adjacent pixels do not affect

the spectra prediction. In this case convolutions were applied along the spectral dimension, so

that the trained network can be directly applied to inputs with arbitrary spatial dimensions,

since no convolution on the spatial dimensions was adopted in the model. When training Model

2, the network was initialised by the trained parameters from Model 1. The training set for

Model 2 was prepared by data augmentation including flipping and rotation to increase the

size as well as the generalisation. A two-stage training strategy was adopted instead of training

directly from scratch: the parameters in the shared layers with Model 1 were frozen while the

“mergence” layers were updated; then all the parameters were updated until convergence. Both

models were trained using the Adam optimizer and L2-norm loss function. In prediction, RGB

images were captured by the same CCD camera used for generating synthetic RGB images,

while the sparse HSI signals and the consequent density map came from the slit hyperspectral

imager. Training and prediction were implemented using Tensorflow [178]. Using the proposed

CNN model, pixel-wise hypercubes can be estimated at ≈ 8 FPS on a PC (OS: Ubuntu 14.04;

CPU: i7− 3770; GPU: NVIDA GTX TITAN X).

6.4 Experimental Results

In this section validation on pantom, ex vivo, and in vivo tissue experiments has been carried out

to validate the HSI function of the ICL SLHSI system, in two aspects: 1) the HSI acquisition;



6.4. Experimental Results 119

2) the performance of the hypercube prediction algorithm.

6.4.1 HSI Acquisition

For quantitative evaluation of the HSI accuracy, a Macbeth colour chart, whose spectra was

known, was used. By imaging the Macbeth chart, reflectance spectra from different regions

could be compared with those previously measured using a spectrometer (USB4000HR; Ocean

Optics, Inc., USA). The spot locations where the hyperspectral signals originated were deter-

mined by the SL image acquired from the corresponding frame in the SL mode (Fig. 6.10(a)).

The comparison was plotted in Fig. 6.10(b). It can be found that in each panel the SLHSI

systems mapping procedure returned the correct reflectance spectrum for each location, with a

mean spectral error of 10% between the SLHSI and the gold standard.

Figure 6.10: (a) Macbeth colour chart illuminated with SL. (b) Reflectance spectra from selected
colour panels of the chart, with R and C indicating the row and column, respectively. Data
from the hybrid system (SLHSI) are plotted alongside the high resolution spectrometer results
(GS). Figure source: [167].

To demonstrate combined shape and spectral information acquisition with the ICL SLHSI

system, a cylindrical object was imaged (Fig. 6.11(a)). The surface of this object has three

colours, red, green, and blue. Mean reflectance curves for each region show peaks in the

corresponding wavelengths of red, green and blue (Fig. 6.11(b)). The captured hyperspectral

signals were convolved with a colour CCD’s spectral sensitivity, simulating the CCD behaviour

in recovering RGB data. The recovered colour was displayed on the surface mesh that was

reconstructed in the SL mode (Fig. 6.11(c)). This experiment intuitively demonstrated the

capability of the ICL SLHSI system in object surface reconstruction and HSI.
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Reflectance spectra from a murine abdomen, imaged post mortem, were used to calculate the

absorbance spectrum for each spot location and extract the tissue oxygen saturation (StO2)

using the method described in section 6.2.2. StO2 at various spot locations is shown in Fig.

6.11(d), along with an absorbance spectrum from one region (Fig. 6.11(e)). Spectra that did

not match the model well (r2 < 0.8 in linear fitting) were rejected. Mean StO2 in the abdomen

is low (14± 10%), as expected for an ex vivo experiment.

Figure 6.11: (a) Three-coloured cylindrical target with SL. (b) Mean reflectance spectra for
each of the targets regions. (c) 3D reconstruction coloured by RGB values generated from
spectra in (b). (d) Murine abdomen with StO2 overlay. (e) Tissue absorbance spectrum and
model fit. Figure source: [167].

According to the experiments, this system is able to measure sample reflectance spectra accu-

rately. This conclusion should apply to other objects including in vivo tissue, since the spectra

accuracy is not affected by the target object. The main differences to be expected in vivo are

higher StO2 values and breathing/peristalsis-related movement. The difference in StO2 will only

affect the measured spectral shape. Tissue motion will not introduce much spectral artefact as

each fibres signal is acquired in a single snapshot (100 ms).

6.4.2 Dense Hypercube Estimation

In vivo animal experimental data (hypercubes from 50 pig bowel, 21 rabbit uterus, 10 sheep

uterus) were used to train and validate both Model 1 and Model 2. By mixing the data from
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different sources and data augmentation, a 5-fold leave one-out cross-validation (LOOCV) was

applied on a dataset containing 243 hypercubes; each fold contained 200 hypercubes for training

and the remaining for testing.

Figure 6.12: (a) The ground truth spectra (black), estimated spectra using method 1 (blue) and
method 2 (red), on five representative locations from a porcine sample image. (b) comparison
(in PSNR) between the performances of model 1 (blue) and model 2 (red) along different
wavelengths in LOOCV. PSNR map of the prediction results for model 1 (c) and model 2 (d)
regarding the same sample (a). (b) PSNR change along number of training iterations (model 1:
red; model 2: blue) in LOOCV. The average relative error on different wavelengths regarding
(a) are shown in (f) and (g). Figure reproduced from: [166].

Given the ground truth the peak signal-to-noise ratio (PSNR = 20 log10(
255
MSE

), where MSE

stands for mean square error) was adopted to evaluate the performances of both models. Fig.

6.12(e) demonstrated the PSNR change of the estimated hypercube on the test set with number

of iterations. Model 2 demonstrated a higher PSNR compared to Model 1 throughout the whole
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training procedure. In the validation on average model 2 also demonstrated higher PSNR

(≈ 30.4) compared with model 1 (≈ 28.5). The average PSNR on different wavelengths are

shown in Fig. 6.12(b).

In order to intuitively show the difference between two models, the estimated multispectral

signals from 5 points, randomly chosen from representative areas in one pig bowel image, are

compared (Fig. 6.12(a)). Although model 1 provided an estimation that generally fitted the

ground truth, it suffered from large errors at some wavelengths. On the contrary model 2

provided improved accuracy over the entire spectral range. The pixel level PSNR maps for

the estimated MSI regarding the same image are shown in Fig. 6.12(c)(d). Excluding the

saturation area, the minimum and mean PSNR are 13.1 and 34.7 for model 1, and 14.1 and

42.0 for model 2. The relative error maps of estimated hypercubes from Model 1 and Model 2

are also provided in Fig. 6.12(f)(g).

Evaluation of transfer learning results is of great importance on machine learning problems,

especially the clinical ones, where high model generalisation capability is required. Thus, we

also trained our models on data from different sources and tested them on each other. Fig. 6.13

compares the transfer learning results on two models, showing the importance of integrating

the sparse hyperspectral signal for more accurate MSI estimation.

Figure 6.13: The transfer learning results (indicated by PSNR) with model 1 (blue) and model
2 (red). Both models were trained and tested on 4 datasets: pig bowel, rabbit uterus, sheep
uterus, and mixed rabbit/sheep uterus. 5-fold cross validation was applied to calculate the
PSNR when training and testing on data from the same source.
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Acquiring the hypercube is a prerequisite for imaging modalities like oxygen saturation and

narrow-band imaging, which could provide information to aid diagnosis and surgical navigation.

As image examples, the synthetic oxygen saturation and narrow band images, estimated from

the predicted hypercube, are overlaid onto the 3D reconstructed surfaces from ex vivo and in

vivo human experiments (Fig. 6.14). According to Fig. 6.12, the hypercube estimation only

from the RGB image suffers from big errors in certain wavelengths (≈ 570 − 590 nm), which

belongs to the range important for StO2 calculation. Thus, the StO2 maps in Fig. 6.14(c)(f)

look unrealistic. This point is further discussed in section 6.5.

Figure 6.14: Example human (a) in vivo and (d) ex vivo reconstructed tissue surface. (b, e)
synthetic narrow band images and (c, f) synthetic oxygen saturation maps overlaid on these
surfaces. Figure reproduced from: [166].

6.5 Discussion and Conclusions

A flexible and hybrid system, i.e. the ICL SLHSI system, has been developed for both 3D

sensing and HSI, using a motorised flipper mirror to switch between the SL and HSI modes.

The probe’s size and flexibility mean that it is compatible with standard clinical endoscopic

tools for assessing the gastrointestinal tract and abdomen, while its imaging capabilities can

enable clinical studies based on previous work in measurement of oxygenation dynamics [50],

tissue classification [174] and augmentation of the clinicians view with pre-operative data [182].

Making use of the special fibre distribution at the two ends of the fibre bundle, a slit hyper-

spectral imager has been integrated into the system to enable hyperspectral signal acquisition,
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aided by a motorised flipper and a lens combination. The HSI can be carried out in one ex-

posure, and the FoV covers a reasonably large area of the target object surface. By 1D ↔

2D according to the fibre mapping, the locations where the hyperspectral signals come from

can be determined using the adjacent SL frame. Therefore, although the signal acquisition is

fast, the measurement resolution is limited to the number of fibres in the fibre bundle. The

motorised flipper was controlled manually via the LabVIEW API, so the switching between

different modes requires manual interaction.

The algorithmic contribution demonstrated in this chapter is the prediction of pixel-wise dense

hypercubes using the RGB images and the captured sparse hyperspectral signals, for the pur-

pose of compensating the low spatial resolution of the captured hyperspectral signals using the

SLHSI system. In the proposed method, a hypercube was firstly predicted only using the RGB

image, then refined by the sparse hyperspectral signals. A CNN model was adopted to enable a

fast end-to-end training and prediction (≈ 8 FPS). It was also shown that the proposed method

can be potentially used in the generation of narrow-band images or oxygen saturation maps. It

is also noticeable that, the estimation result using RGB only leads to obvious errors in certain

wavelength bands that covers those important for StO2 estimation. One of the reasons is the

deconvolution layers that upscaled the RGB image into a 24 channel hypercube. With this

structure, the spectra prediction in between red and green, green and blue is inaccurate, since

the prediction only depends on one of the RGB channels. A significant improvement can be

observed after integrating the sparse hyperspectral signals, as is shown in section 6.4.2.

The future work should focus on several aspects:

1. Refinement of the software platform to integrate all procedures of the hybrid imaging

into one workflow. Currently, capturing of SL, HSI, and the switching between these

two modes, are realised manually. In the future work, all the steps should be combined

together with C++ API with a user-friendly interface.

2. Improvements of the super-spectral-resolution algorithm. The current CNN model uses

a kernel with size 2 to upscale in the spectral dimension, thus does not use correlations

between red, green, and blue channels to predict hypercubes from RGB images, leading to

relatively big errors in the overlapping wavelengths between these channels. The mergence

manner of two inputs can also be changed to potentially guarantee a better combination
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of different data sources. The CNN model will be upgraded to improve the prediction

accuracy.

3. System reliability and practicality enhancements will be considered, including compati-

bility with existing clinical instruments and sterilisability. Pilot studies on freshly excised

tissue from human surgical procedures are planned and will allow testing of the system

against histology, while further preclinical work will enable evaluation and optimisation

of performance in vivo.
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Chapter 7

Discussion and Conclusions

7.1 Summary of Achievements

Technological advancements have enabled minimally invasive surgery (MIS) with smaller inci-

sion, less pain and infection, and faster patient recovery. However, MIS also brings challenges

for the surgeons, such as the loss of tactile feedback and direct vision. As the surgeon can

only observe the anatomy through endoscopic images, assisting them by providing extra intra-

operative information that is usable with available surgical instruments may benefit surgery by

improving clinical decision making, pathology diagnosis, and surgical navigation.

The depth of patient tissue anatomy, i.e. the distance between the tip of the endoscope and the

surface of the tissue, is important intra-operative information. If recorded across a whole field

of view, this depth has the potential to be used in different applications, such as pathology de-

tection (e.g. polyps detection), augmented reality (AR) (by registering pre- and intra-operative

data), and active constraint determination in robotic surgery, etc.

Another intra-operative imaging modality carrying rich biomedical information is hyperspec-

tral/ multispectral imaging (HSI/MSI). For convenience, both HSI and MSI are referred to as

HSI in the following context. The potential applications include pathology detection, narrow-

band image generation, oxygen saturation estimation, etc. Integration of depth measurement

and HSI into the endoscopic system may be beneficial and would benefit from further research

studies.

127
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The main challenges of integrating depth measurement and HSI, however, include hardware

miniaturisation, real-time data acquisition, and robust signal/ image processing. In this work,

a system that is capable of sensing shape and HSI, is proposed to address these problems. The

3D reconstruction was based on structured light (SL) techniques, while HSI was realised via

integrating a slit hyperspectral imager to the system. This system has been presented from

a combined approach considering hardware and software, as well as experimental validation

on phantoms, ex vivo, and in vivo tissues. A summary of the achievements and contributions

described in each chapter are given in the following sections.

Chapter 2 provided an overview on the three main research topics developed, namely 3D re-

construction techniques, HSI systems, and neural networks. The reviewed 3D reconstruction

techniques included stereoscopy, monocular Structure-from-Motion (SfM), Shape-from-Shading

(SfS), Time-of-Flight (ToF), and structured light (SL). It was concluded that SL has an advan-

tage in its non-reliance on tissue surface texture. Detailed examples of SL systems used in MIS

showed the potential of adapting SL to normal endoscopic systems. Then a concise overview

was given on HSI systems in terms of the acquisition modes, dispersive devices, and medical ap-

plications. The hyperspectral signal contains rich information on tissue, cellular, and molecular

level, and so can be used in disease diagnosis and surgical guidance. It was also shown that, in

MIS applications, generally a HSI system that can be miniaturised and enables snapshot based

hyperspectral signal acquisition is preferred. Last but not least, chapter 2 provided a brief

introduction to neural networks, from basic neural, commonly used fully-connected (FC) and

convolutional (Conv) layers, to global parameters in network training. This provided a basis

for the understanding of convolutional neural networks (CNNs) based algorithms proposed in

section 5.3 and section 6.3.

In chapter 3, the ICL SL optical hardware system was firstly demonstrated, followed by a de-

scription of a naive 3D reconstruction pipeline. Due to its miniaturised size (2.0 mm diameter),

the probe of the SL system could be conveniently integrated into an endoscopic system, either

by being inserted through the biopsy channel or being fixed beside the endoscope tip. The

proposed naive reconstruction pipeline described an initial version of the algorithmic work-

flow that managed to reconstruct the tissue surface shape from the captured SL images. This

pipeline consisted of system calibration, pattern decoding, and triangulation. A system specific

calibration method was described, including camera calibration and probe calibration. The
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pattern decoding algorithm was based on normalized cut and feature matching with local rigid

registration. The step-wise performance of the system was validated on phantoms, ex vivo, and

in vivo experiments, demonstrating the potential of using this system in clinical environments.

In chapter 4, further improvements on the original ICL SL optical system and the naive re-

construction pipeline were developed, including: 1) using a multispectral camera to enhance

the light pattern decoding, 2) an on-the-fly self-calibration technique to enable a free-hand

manipulation of the endoscope, 3) integrating the local normal information to improve the 3D

reconstruction results. These incremental improvements aim to improve the practicability and

accuracy of 3D reconstruction using the ICL SL system. Validation has been applied with

phantoms, ex vivo, and in vivo experiments.

In chapter 5, improvements for the ICL SL system were proposed, to enable a faster, denser,

and more robust tissue surface reconstruction. A chopper wheel was integrated into the system

to stroboscopically switch between SL and WL images. The SL images were further processed

for 3D reconstruction, while the WL images were provided to surgeons for visualisation. A

3D printed adaptor was designed to house the probe beside the endoscopic tip with optimised

angle and baseline that enabled an accurate triangulation at working distances of 1.5− 4.0 cm.

The small size of the adaptor (11 mm) enabled the insertion of the device through a trocar

that is clinically used in e.g. laryngeal surgery. A new pattern decoding algorithm was im-

plemented with a GPU, for the purpose of fast tissue surface reconstruction. This algorithms

consisted of two parts: pattern detection with a FCN style model, and pattern matching aided

by a customised feature descriptor and epipolar constraint. Through experiments this proposed

algorithm showed a robust and real-time performance (≈ 12 FPS) in 3D reconstruction. A two-

frame based SfM method was implemented and combined with SL for surface reconstruction.

Since SfM leads to a quasi-dense up-to-scale reconstruction while SL leads to sparse reconstruc-

tion, merging recovered surfaces from SfM and SL yielded a quasi-dense surface with known

scale.

In chapter 6, the ICL SL system was further extended to enable HSI of the target tissue sur-

face. Together with algorithmic implementations, the resulting ICL SLHSI system is capable

of producing pixel-level dense hypercubes. The sparse HSI was enabled by integrating a slit

hyperspectral imager with a lens combination. An extra “flipper” mirror was used to switch

between the SL and HSI mode. Experiments on a Macbeth colour chart demonstrated the
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accuracy of the acquired sparse hyperspectral signals. The algorithmic contribution in this

chapter was on the prediction of pixel-wise dense hypercubes using the RGB images and the

captured sparse hyperspectral signals, for the purpose of compensating the low spatial resolu-

tion of the captured hyperspectral signals using the SLHSI system. In the proposed method, a

hypercube was firstly predicted only using the RGB image, then refined by the sparse hyper-

spectral signals. A CNN model was adopted to enable a fast end-to-end training and prediction

on a GPU at about 8 FPS. It was also shown that the proposed method can be potentially

used in the generation of narrow-band images or oxygen saturation maps, by experiments on

an in vivo patient. Last but not least, the “super-spectral-resolution” algorithm was shown

to have benefits other general HSI acquisition modalities to greatly reduce scanning time with

little compromise in performance.

7.2 Future Research Directions

As this work aimed at providing 3D sensing and HSI in MIS, future research will focus on

the improvement of the feasibility and practicality of the ICL SLHSI system in real clinical

environments. In the following, some future research directions are listed:

7.2.1 Improvements on the ICL SLHSL System

Although highly promising results have been achieved, there is still space to improve the pattern

decoding procedure. As over-exposure occurs during the movement of endoscopes and hinders

the acquisition of clear SL images, real-time auto-exposure algorithms need to be developed

to guarantee high quality images for further processing. For the pattern decoding algorithm

several options are also available to enhance this procedure, e.g. more SL images from different

tissue surfaces should be collected to improve the generalisation of the training set; the detection

can be upgraded to state-of-the-art CNN algorithms; the recent research on CNN based stereo

matching or optical flow estimation also give us some hints to design a model that is capable

of end-to-end training and pattern decoding.

The proposed two-view based SfM algorithm also requires improvement, since it is not a state-

of-the-art algorithm. Monocular SfM should be upgraded to e.g. deformable SfM, or state-
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of-the-art SLAM such as ORB-SLAM which has been developed to handle many practical

difficulties. The fusion of SL surface and SfM surface still needs to be extended to address

more difficult situations, like reconstruction errors that could occur in both SL and SfM, the

optimisation of point cloud fusion, etc.

The CNN model for dense hypercube prediction can be enhanced. In the current CNN model

used to predict the hypercubes from RGB images, correlations between red, green, and blue

channels are not used, leading to relatively big errors in the overlapping area between these

channels. The deconvolution layers will be re-designed to improve the prediction accuracy. In

the experimental results, relatively inaccurate prediction in the 580−600 nm wavelength range

has also been observed, due to the unexpected spectrum fluctuation in this range. This could

be potentially alleviated by increasing the spectral resolution of the ground truth/predicted

hypercubes, increasing the number of training sets, or assigning higher weights for these bands

during training.

One of the potential clinical application of this system is the estimation of StO2 maps. How-

ever, in this work, the StO2 was predicted using linear regression on the estimated hypercubes,

not directly from the acquired RGB and sparse hyperspectral signals. This “indirect” approach

inevitably introduced errors as recovering hypercubes is an ill-posed problem. Therefore, tech-

niques predicting StO2 directly from the acquired information by the ICL SLHSI system would

be more straight-forward and less erroneous. GAN is one of the potential approaches.

The ICL SLHSI optical system has been validated via different experiments including an in

vivo patient experiment. However, the system is still at a proof-of-concept stage, and requires

manual interaction during the experiments. Currently, the SL mode, the HSI mode, and the

switching between these two modes, are controlled via different software platforms, including

the manufacturer-provided control software and the LabVIEW programs. In order to enable

a practical system that can be used in clinical environments, fully automatic operation of

the system with minimum manual interaction is required. Therefore, one of the important

following works would be the integration of all imaging modes as well as the corresponding

data processing into one workflow using the C++ API.
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7.2.2 Further System Design and Development

The ICL system depends on using a supercontinuum laser as the light source for structured

lighting. However, this laser is expensive and emits laser light with high energy that might

harm the eyes if not correctly enclosed. Therefore, alternatives for the purpose of a safer and

more cost-effective optical system are desirable.

One of the alternatives is to replace the supercontinuum laser with multiple laser diodes with

different wavelengths. Multiple lasers can be dispersed by devices, e.g. prisms, and then fed

into the linear array of the fibre bundle simultaneously to create randomly distributed spot

with distinctive colour and neighbourhood information to facilitate structured light. A proof-

of-concept of this device was developed in a Masters project running in parallel with this PhD.

Another possible solution would be creating the artificial light pattern with diffractive optical

elements (DOEs). Using a laser diode as the light source, light can be delivered through a

single-mode fibre and diffracted by the DOE, projecting certain patterns on the tissue surface.

The main benefit of this design is that the projector can be miniaturised since a fibre is used

to deliver the light. However, the main challenge would be the DOE design, since creating a

unique identifiable pattern is extremely important, especially when only one or two laser diodes

are integratable to the system as light sources.

Besides the system development, more experiments, especially in vivo experiments need to be

carried out, not only to objectively evaluate the system, but also to provide with CNN based

algorithms with more generalised training set.

7.3 Conclusion

To summarise, in this thesis, a hybrid optical system has been proposed for both tissue surface

3D sensing and hyperspectral imaging. A detailed description of the system has been provided,

arranged according to the chronological order of the system development. The miniaturised

shape of the probe enabled the system to be coupled with a normal endoscope system, and the

algorithmic implementation enabled a real-time quasi-dense tissue surface reconstruction and

a fast pixel-level dense hypercube acquisition. Validation using phantoms, ex vivo, and in vivo
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tissue has proved the potential of using the ICL SLHSI system in clinical applications.

Further improvements on hardware and algorithms mentioned in section 7.2, as well as more

experimental validation is also planned to enhance the feasibility and practicality of using this

system in real clinical environments.
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