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Abstract

Over the last decade, research in medical imaging has made significant
progress in addressing challenging tasks such as image registration and image
segmentation. In particular, the use of model-based approaches has been key
in numerous, successful advances in methodology. The advantage of model-
based approaches is that they allow the incorporation of prior knowledge
acting as a regularisation that favours plausible solutions over implausible
ones. More recently, medical imaging has moved away from hand-crafted, and
often explicitly designed models towards data-driven, implicit models that
are constructed using machine learning techniques. This has led to major
improvements in all stages of the medical imaging pipeline, from acquisition
and reconstruction to analysis and interpretation. As more and more imaging
data is becoming available, e.g., from large population studies, this trend is
likely to continue and accelerate. At the same time new developments in
machine learning, e.g., deep learning, as well as significant improvements
in computing power, e.g., parallelisation on graphics hardware, offer new
potential for data-driven, semantic and intelligent medical imaging. This
article outlines the work of the BioMedIA group in this area and highlights
some of the challenges and opportunities for future work.
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1. Introduction

Over the last decades, the field of medical imaging has made tremen-
dous progress in developing new and improved techniques for comprehensive
imaging of anatomy and function with an ever increasing spatio-temporal
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resolution acquiring large volumes of imaging data about each patient. At
the same time, it has become clear that the way medical images will be used
in future to support personalised and precision medicine requires a funda-
mental shift from qualitative, subjective interpretation by a human expert
towards quantitative, objective, and automated analysis of the images within
the context of all available other, non-imaging information.

This article aims to summarise some of the past, present and future de-
velopments at the Biomedical Image Analysis (BioMedIA) group at Imperial
College London that contribute to this new era of medical imaging. We will
discuss our previous work in the context of traditional model-based image
analysis, before presenting our current efforts of applying machine learning
to challenging tasks in the context of semantic and intelligent imaging. We
will conclude with a discussion on future trends and opportunities that arise
for the upcoming years in the area of biomedical image analysis.

2. The past: From images to models

Much of the progress in medical image analysis over the past decades has
relied on model-based approaches where the underlying image analysis task,
e.g., segmentation of a particular organ or registration between multi-modal
images, has been described in terms of a well defined mathematical model.
The main challenge here is the definition of a suitable model that appro-
priately expresses the prior knowledge about the image analysis problem at
hand and constrains the solution space in terms of model parameters. The
image analysis task itself is solved via a mathematical optimisation aiming to
maximise an objective function (or equivalently minimise an energy function)
defined over the employed model. Such energy functions usually include one
or more data terms that indicate how well the model fits the data and one
or more smoothness terms that act as regularisation. Minimising the energy
function for the model parameters is usually referred to as model fitting.

A classical example for a model-based image analysis technique is image
registration: The BioMedIA group has made many contributions in the field
of non-rigid registration, in particular on approaches using free-form defor-
mations (FFDs) with B-splines [Rueckert et al. (1999)] as the mathematical
model for non-rigid transformations. The corresponding energy function con-
sists of an image similarity term (e.g., mutual information or cross correla-
tion) as well as a regularisation term that guarantees additional smoothness
for the transformation. A key aspect of the success of such energy-based
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models is the fact that modern optimisation techniques, and in particular
discrete approaches, provide very efficient tools for inference. For example,
discrete optimisation methods that had been successfully applied to image
segmentation tasks turned out to be very well suited for FFD-based non-rigid
registration [Glocker et al. (2008)] and allow the registration of 3D medical
images in time frames that are acceptable in clinical workflows.

In the context of medical image analysis one can differentiate between
mathematical models (such as the FFD model), biomechanically inspired
models and data-driven models. Over the last years data-driven models have
attracted significant interest, in particular since they offer the advantage that
they can model variability of anatomy (both in terms of shape and appear-
ance) and function across subjects in a data-driven fashion. They therefore
represent some of the earliest approaches that use learning in the model con-
struction which can be either statistical (e.g., active shape and appearance
models) or probabilistic. In this context, we have made a number of contribu-
tions that address in particular the challenges of modelling spatio-temporal
data in medical images: We have built several spatio-temporal models that
characterise brain development in both neonates and fetal subjects across a
large population at different ages [Serag et al. (2012)] or for the cardiovascular
system [Bai et al. (2015)].

A drawback of statistical and probabilistic models is that they often make
simplifying assumptions. For example, statistical models are often based on
linear models such as principal component analysis while probabilistic models
assume that the distributions that are used to model population variability
can be sufficiently accurately modelled using Gaussian distributions. This
leads to limitations in the ability to capture pathologies and to model large
variability or heterogeneity in shape or appearance. An alternative, powerful
approach is to model the shape and appearance of the anatomy via manifold
learning. We have shown that such manifold modelling can characterise the
typical trajectories of brain development in neonates [Aljabar et al. (2011)]
as well as capture useful information for modelling disease progression [Wolz
et al. (2012)]. This also provides good examples of the more recent trends
that aim for a close integration of machine learning into the design of image
analysis algorithms which will be discussed in more detail in the next section.
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3. The present:
Convergence of machine learning and image analysis

Until recently, engineering of task-specific models and energy terms for
a particular problem and data at hand has been one of the key aspects in
developing novel image analysis methodology. Such approaches, however,
are highly sensitive to the original input data and do not generalise well to
similar tasks or new data. Machine learning aims to alleviate this problem,
providing a data-driven approach to analysis tasks such as image segmenta-
tion and registration by automatically learning the relevant models, features
and data characteristics for a given problem from large image databases.
Loosely speaking, instead of trying to specify explicitly a model by hand in
order to solve an image analysis problem, the idea is to implicitly learn the
model directly from data, i.e., via labelled or unlabelled examples. For ex-
ample, a general purpose classification method can be utilised to perform a
segmentation task by training the classifier on a set of example images with
corresponding reference segmentations. The learning process is an optimisa-
tion problem in which the right features are selected from the training data
that allow the classifier to learn how to make the correct decisions at test
time, when applied to new data. In the following, we discuss two particular
areas in which machine learning approaches have been successfully applied
and which led to significant progress towards automated analysis: Semantic
imaging and Intelligent imaging. While we discuss these areas separately, we
observe that both develop in parallel to machine learning at the moment.

3.1. Semantic imaging

Semantic imaging is a term used to categorise image analysis methods
that allow to enrich the raw image data with additional information that aid
the understanding of the image content. Semantic information can include
very detailed, local information such as voxel-wise organ labels, more global
information such as as bounding boxes of organs or image-level tags such
as information about the patient (i.e., diagnostic labels) or the image itself
(i.e., image modality or image acquisition protocol, image quality).

Image segmentation is a particular good example of semantic imaging:
Some of our early work has demonstrated that the performance of atlas-
based segmentation techniques can be significantly improved by so-called
multi-atlas segmentation approaches [Heckemann et al. (2006)]. The key
idea of these approaches is to perform segmentation of the target image
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using multiple atlases simultaneously. The output of each atlas-based seg-
mentation is then viewed as the output of a weak classifier and the clas-
sifiers are fused into a strong classifier using different decision fusion rules
[Heckemann et al. (2006)] leading to significantly increased accuracy and ro-
bustness compared to single atlas schemes. We have also shown that atlas
selection plays an important role in this context: Choosing similar atlases is
likely to lead to better segmentation performance [Heckemann et al. (2006)].

Figure 1: Multi-organ,
semantic segmenta-
tion of whole-body
MRI using a Random
Forest classification.

However, in practice this leads to problems as the num-
ber of atlases that have been annotated by experts is
typically limited. One approach to tackle this problem
has been proposed by [Wolz et al. (2010)]. Here a man-
ifold representation of the images is first learnt from a
large database of unlabelled images. Then the labelled
images are mapped into the manifold and multi-atlas
segmentation is performed with nearby, unlabelled im-
ages. These newly segmented images are then used as
new atlases and can be used to segment currently unla-
belled images. This process is iterated until all images
are labelled. We have shown that such an approach,
coupled with some simple steps to prevent the propa-
gation of errors, can be used to efficiently and robustly
segment large populations of diverse anatomies.

An alternative approach is to relax the requirements
for similar atlases by measuring similarity in a more lo-
cal fashion and by also accounting for possible misreg-
istration between the atlas and target image. This has
led to the development of numerous patch-based seg-
mentation approaches, including several from our own
group. These methods currently provide state-of-the-
art performance in many applications including brain [Tong et al. (2013)],
heart [Bai et al. (2013)] and abdominal organ segmentation [Wolz et al.
(2013); Tong et al. (2015)].

So called correspondence-free approaches remove the need for image regis-
tration by learning local classifiers with contextual information, for example,
as done in our work based on the popular machine learning method of Ran-
dom Forests. This general approach can be widely applied to many analysis
tasks including efficient multi-atlas label propagation [Zikic et al. (2014)],
robust anatomy detection and localisation in arbitrary field-of-view images
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[Criminisi et al. (2013)], and effective supervised nearest neighbour retrieval
for patch-based segmentation and global image label prediction [Konukoglu
et al. (2013)]. A visual example from our work on multi-organ segmentation
in whole-body MRI is illustrated in Figure 1.

A particular area where correspondence-free approaches play an impor-
tant role is fetal image analysis. The arbitrary orientation of the fetus inside
the womb and the large possible range of developmental age makes estab-
lishing a semantic understanding of the scene very challenging. [Keraudren
et al. (2015)] show for example how steerable image features and a Random
Forest classification can be used to establish a mapping to a standardised
fetal body coordinate system, which defines a semantic neighbourhood re-
lationship for the localisation and segmentation of randomly oriented fetal
organs. Figure 2 illustrates this process.

Figure 2: Starting from a segmentation of the fetal brain (purple) we can localize other fetal
organs by transforming them into a standard body coordinate system, thus establishing a
spatial relationship [Keraudren et al. (2015)], which can be learned together with image
features. The panel on the left shows the initial predictions of organ class likelihoods
and the panel on right shows the final segmentation. This approach inherently provides
semantic understanding of a very complex scene.
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The other area where correspondences between training and test images
cannot be assumed is in the segmentation of pathologies such as lesions or
tumours. Brain lesions, for example, are characterised by very heterogeneous
appearance with largely varying locations, frequency, shapes and extents. In
this context, machine learning techniques need to be especially effective in
generalising from training data. We have recently employed deep learning
techniques and in particular fully 3D convolutional neural networks for brain
lesion segmentation which have been shown to yield excellent results on very
challenging lesion segmentation tasks including multi-modal data from pa-
tients with traumatic brain injuries, brain tumours, and stroke [Kamnitsas
et al. (2016)]. Deep learning is an emerging technology and considered one
of the most promising directions for semantic imaging. Figure 3 sketches our
network architecture where intermediate layers correspond to interesting in-
termediate representations of the brain image data. It is worth highlighting
that those intermediate representations are learned directly from the data and
the only information provided at training time are multi-modal MR images
with corresponding lesion maps. Such intermediate representations could re-
veal novel imaging biomarkers and provide clinically useful information for
better understanding of complex diseases.

Figure 3: Lesion segmentation with deep convolutional neural networks [Kamnitsas et al.
(2016)]. Intermediate layers of the network learn automatically high-level features such as
spatial location within the brain and separation of graymatter, whitematter, and ventricles.
Exploring and visualising those intermediate representations provides valuable insights
about black-box machine learning. Additionally, it might reveal novel imaging biomarkers
for complex, multi-modal image data.
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3.2. Intelligent imaging
Machine learning also plays an increasingly important role in other parts

of the medical imaging pipeline, for example in the acquisition and recon-
struction of medical images. Many of these techniques aim to make the im-
age acquisition and reconstruction process more intelligent. A good example
of this are compressed sensing (CS) approaches that allow the reconstruc-
tion of images from undersampled data. These approaches couple clever
sampling strategies with reconstruction approaches that exploit sparsity to
increase the efficiency of the acquisition and reconstruction stage. While con-
ventional CS approaches typically rely on fixed basis transforms for sparse
modelling, which are only able to guarantee suboptimal sparse modelling,
one can exploit ideas from dictionary learning to learn dictionaries that are
able to optimally adapt sparse modelling to the data being acquired. We
demonstrated this idea in the context of cardiac MR images where the use of
spatio-temporal dictionaries that are directly learned from the acquired data
significantly outperforms fixed basis transforms, thus leading to improved
image reconstruction of dynamic MR images of the heart [Caballero et al.
(2014b)]. This framework offers significant flexibility and can be extended
to enable so-called application driven MR imaging [Caballero et al. (2014a)].
In this approach we demonstrate that jointly reconstructing and segmenting
cardiac cine MR images from undersampled data is more efficient compared
to the traditional approach in which the images are first reconstructed and
subsequently segmented.

Another example of the intelligent imaging paradigm is fetal MRI. Tra-
ditionally, fetal MRI is often limited to the acquisition of 2D images of the
3D fetal anatomy to avoid motion artefacts. We have pioneered a number of
approaches that use image registration to compensate for fetal motion during
the acquisition [Kainz et al. (2015b)]. These approaches not only compensate
for motion but exploit multiple motion-corrupted acquisitions in order to re-
construct high-resolution, super-resolved 3D volumes of fetal organs such as
the brain, lungs and the cardiac vasculature. Until recently, these methods
could not be applied outside the fetal brain because of the assumption of
rigid motion in the 2D to 3D registration step of slice-to-volume registration
(SVR) methods. To solve this problem we have developed a patch-to-volume
registration (PVR) approach, which employs a flexible subdivision of the
input space into overlapping and partly rigid image patches [Kainz et al.
(2015a)]. This way the motion compensation problem is solved for each
patch independently without requiring an a-priori defined region of inter-
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Figure 4: Multi-planar reconstruction of a multislice single-shot fast spin echo (ssFSE)
MRI stack in a normal fetus. The reconstructed planes orthogonal to the acquisition plane
(axial view) show the extent of fetal movement between slices. Following the application of
PVR to multiple overlapping stacks of 2D images, a fully navigable 3D volume of the fetal
thorax shows clinically relevant information, providing detailed views of the extracardiac
vasculature.

est. Acceleration using graphics processing units (GPUs) is used to enable
reconstructions within clinically acceptable time frames. An example of a
reconstruction of the fetal thorax and extracardiac vasculature is shown in
Figure 4.

4. The Future: Challenges and opportunities

At the moment we can observe three major developments in medical
image analysis: The first one is the advent of large-scale, publicly accessi-
ble databases including both population studies and clinical cases. A good
example for large amounts of potential training data is the UK Biobank1 ini-
tiative which is collecting comprehensive imaging information at population
level about the multiple organ systems with MRI, together with non-imaging
information including lifestyle, demographic and genomic data. The second
one is the increasing availability of high-performance computing including
cloud and GPU computing that enable the use of much more complex image
analysis and machine learning approaches. Finally, machine learning tech-
niques, in particular deep learning, have made significant progress over the
last years leading with increased ability to learning of powerful feature rep-
resentations that are useful in medical imaging. This dramatically improved

1http://www.ukbiobank.ac.uk/, last accessed: 03 June 2016
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the state-of-the-art as evidenced by winning several of the computational
challenges organised by the medical image analysis community.

We believe that these three developments are likely to accelerate the trend
towards integrated, data-driven and learning-based medical image analysis.
However, this trend poses also several important research challenges for the
scientific community. One of these challenges is the lack of annotated or
labelled data that are required to train supervised machine learning tech-
niques. To avoid this bottleneck weakly annotated data, i.e., data beyond
the traditional pixel-wise manual expert labelling, is likely to be increasingly
exploited. A potential approach to achieve this may lie in the use of crowd-
sourcing for annotation tasks that do not require extensive expert knowledge.
Learning based approaches may also make increasing use of abstract data
linked to images such as omics data, text and electronic health records. An-
other challenge is the interpretability of machine learning systems, especially
those that are used for computer-aided diagnosis. Future approaches will
have to move towards solutions that are interpretable by clinical experts in
order to be accepted in general clinical practice. Visualisation and interpre-
tation of the learned intermediate representations as shown in our work on
lesion segmentation [Kamnitsas et al. (2016)] is one direction worth further
exploration.

Another important trend that is likely to continue and even accelerate is
the closer integration of joint acquisition, reconstruction and analysis. The
current sequential process of acquisition, reconstruction, processing and in-
terpretation has several disadvantages: First, it is prone to error propagation
which is unavoidable in serial data manipulation. A further drawback is the
limited efficiency of such a sequential framework. Finally, the sequential
paradigm offers no possibility that can steer the image acquisition process
based on already acquired information. The integration of image acquisition,
reconstruction and analysis with close coupling and feedback between the dif-
ferent stages of the entire imaging pipeline enables what we call intelligent
imaging. As mentioned above, we have already shown that different stages
of the imaging pipeline can be extended to enable application driven MR
imaging [Caballero et al. (2014a)]. Extending such approaches may offer sig-
nificantly more efficient ways of extracting clinically useful information: For
example, one may directly attempt to recover clinically useful information,
e.g., the ejection fraction of the left ventricle of the heart from under-sampled
MR acquisitions bypassing reconstruction and segmentation all together. It
is also likely that such integrated approaches are more robust towards errors
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and allow the quantification of uncertainties in the analysis. Finally, the
combination of such approaches with developments in parallel computing on
GPUs offers the potential for steerable intelligent imaging where real-time
feedback from the imaging pipeline steers the image acquisition to optimise
the extraction of clinically useful information.

One of the biggest key challenges, however, for our field remains the slow
uptake of cutting edge methodology by both clinicians and industry. There
are several reasons for this: A major problem is the lack of robustness of many
algorithms to cope with pathologies or large and unexpected anatomical vari-
ability. Similarly, algorithms often struggle when images have been acquired
with different acquisition parameters or different protocols. Furthermore,
computational demands of algorithms make it hard to integrate compute
intensive methods into standard clinical workflows where high-performance
infrastructure might not be available. However, there are also emerging de-
velopments that are likely to help the field to overcome these challenges. For
example, cloud computing and developments in specialised processing hard-
ware can help address the problem of bringing compute intensive algorithms
into clinical environments.

Another reason for slow uptake is that the field might need to focus more
on providing clinically useful solutions. Much of our research is still focused
on the development of components for image analysis (e.g., registration or
segmentation). However, clinicians are primarily focused on the clinical util-
ity of the solutions we produce. Thus, we need to move towards the de-
velopment of integrated solutions that solve clinical problems. In addition
to technological challenges, there are a number of real-world problems we
are facing as a research community: Our healthcare systems face enormous
challenges in terms of resource and cost efficiency; low-cost and affordable
medical imaging solutions are required for developing countries; objective
and quantifiable information is required to support personalised and preci-
sion medicine. These challenges provide an enormous wealth of opportunities
for researchers in the field of medical image analysis over the next decades.
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