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METHOD AND SYSTEM FOR CLASSIFICATION AND VISUALISATION OF 3D
IMAGES

TECHNICAL FIELD

The present disclosure relates to methods and systems for training image classifiers,
methods and systems for classification using trained image classifiers, and methods and
systems for visualising regions of interest in classified 3D images. It has particular, but
not exclusive, applicability to the computer-aided diagnosis (CAD) of diseases in 3D
medical images. Embodiments relate to detecting diseases, and localising and visualising

abnormal regions in 3D medical images using deep learning methods.

BACKGROUND

3D medical imaging is a technique that creates visual representations of the interior body
for medical analysis, and enables medical specialists to diagnose ailments precisely. The
global 3D medical imaging services market was valued at $149,492 million in 2016, and
is expected to reach $236,809 million by 2023 at a compound annual growth rate of 6.7%
during the forecast period. The adoption of 3D medical imaging has increased over the
years owing to a rapid increase in the use of point-of-care imaging, coupled with an
increase in the elderly population and prevalence of chronic diseases globally.

One barrier to adoption of 3D imaging for medical applications is the lack of radiologists
who are skilled in the technique. Accordingly, computer-aided diagnosis (CAD) has
emerged as one way to address this issue. CAD, as an image classification task, has
traditionally been implemented by extracting hand-crafted low-level image features, and
feeding the features into a general-purpose classifier. However, the accuracy of such
approaches has been found to be far below that of radiologists.

In recent years, alternative approaches have used deep learning methods on medical
images, and have achieved excellent performance that is on a par with or even better than
average radiologists. The superior performance of deep learning has mainly been
attributed to the use of high-level feature extractors trained on large data sets that
effectively capture discriminative patterns regardless of small deformations, position
translations, scale, lighting and colour variations.

One of the biggest challenges of deep learning-based CAD systems is that a deep learning
model, such as a Convolutional Neural Network (CNN), has millions of parameters, which
usually can only be well optimised on a large set of fully-annotated training data. For
example, in work by Valente et al. (Computer Methods and Programs in Biomedicine,
Volume 124, 2016, Pages 91-107, ISSN 0169-2607) and Kuruvilla et al. (Computer
Methods and Programs in Biomedicine. 113, 1 (January 2014), 202-209), deep learning
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models were trained on more than 100,000 2D images. Training data sets of this size are
typically unavailable. In the most common scenarios, only thousands or tens of thousands
of training images may be available.

One known practice for alleviating the required amount of training data is to fine-tune the
parameters of a deep learning model that is pre-trained on a large set of natural images.
However, when considering 3D image data, such as Retinal Optical Coherence Tomography
(OCT) images, even after applying model fine-tuning, the data scarcity problem is still
severe, for at least two reasons. Firstly, 3D imaging is usually more expensive than 2D
imaging, and the available 3D images are often only in the hundreds or thousands.
Secondly, each 3D image consists of many 2D images (slices), and typically only an overall
label (healthy or diseased) for a whole 3D image is applied by radiologists, without any
discrimination between normal and abnormal 2D slices of the 3D image.

When each of the 3D images is only provided with an overall label, this task is referred to
as “Multiple Instance Learning”, which is a subclass of “weakly-supervised” or “weakly-
annotated” learning tasks. A straightforward approach to classifying 3D images is to use
a 3D-CNN that captures 3D patterns. However a 3D-CNN has many more parameters to
be optimized than the usual 2D-CNN. Accordingly, training a 3D-CNN requires a huge
amount of 3D training images, so is not practical in CAD applications.

A further challenge of deep learning-based CAD systems is that the images used for
training and diagnosis are often acquired from different device models or by different
imaging protocols. For convenience of explanation, the two situations are collectively
referred to as “from different devices”. Two typical situations are that the training and
diagnosed images (referred to as “test images” in the following) could be from different
devices, and that the training images are a mixture acquired from multiple devices.
Naturally, images from different devices may have drastically different device
characteristics, including intensity profiles and resolutions. If the test images and the
training images are collected from different devices, the CAD system may experience a
severe performance drop when put in use. If the training images are a mixture of images
from different devices, the model may have difficulty in adapting to the different device
characteristics, and capturing the common patterns in images from all the devices. Hence
a CAD system that automatically adapts to different devices would be advantageous.

A yet further challenge of deep learning on medical images, as in other applications of
deep learning, is interpretability. Medical doctors may be reluctant to accept the diagnosis
of CADs before understanding the basis of the diagnosis. It would therefore be
advantageous to localise and visualise the detection results, i.e., to highlight the
automatically detected pathological areas. There have been a few previous attempts to
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visualise deep learning classification results, but they either require revising and retraining
the model, or do not pinpoint precise areas to be highlighted.

It is desirable therefore to provide a method and system that overcomes or alleviates one
or more of the above difficulties, or which at least provides a useful alternative.

SUMMARY

The present invention provides a computer-aided diagnosis (CAD) system for classification
and visualisation of a 3D medical image, comprising:

a classification component comprising a 2D convolutional neural network (CNN)
that is configured to generate a prediction of one or more classes for 2D slices of the 3D
medical image; and

a visualisation component that is configured to:
determine, for a target class of said one or more classes, which slices belong to the target
class;

for each identified slice, determine, by back-propagation to an intermediate layer
of the CNN, a contribution of each pixel of the identified slice to classification of the
identified slice as belonging to the target class; and
generate a heatmap that provides a visual indication of the contributions of respective

pixels.

The present invention also provides a computer-aided diagnosis (CAD) method,
comprising:

receiving a 3D medical image;

generating a prediction of one or more classes for 2D slices of the 3D medical image
using a 2D convolutional neural network (CNN);

determining, for a target class of said one or more classes, which slices belong to
the target class;

for each identified slice, determining, by back-propagation to an intermediate layer
of the CNN, a contribution of each pixel of the identified slice to classification of the
identified slice as belonging to the target class; and

generating a heatmap that provides a visual indication of the contributions of
respective pixels.

The present invention further provides a non-volatile computer-readable storage medium
having instructions stored thereon for causing at least one processor to perform a method
as disclosed herein.

Various examples are defined in the following statements.
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Statement 1. A computer-implemented method for training an image classifier using
weakly-annotated training data, comprising: receiving or otherwise obtaining a plurality
of 3D training images, each 3D training image having associated therewith an overall class
label; for each 3D training image: generating a plurality of 2D input images from the 3D
training image, each 2D input image being assigned the overall class label; passing the
2D input images to a convolutional neural network (CNN) that is configured to generate
class probabilities for the plurality of 2D input images; and applying backpropagation to a
difference between the class probabilities and respective class labels of the 2D input
images for respective 3D training images to thereby train the CNN.

Statement 2. A computer-implemented method according to statement 1, wherein the
CNN is a multi-scale CNN that is configured to: (a) apply a multi-scale feature extraction
operation to the plurality of 2D input images, the multi-scale feature extraction operation
comprising: (i) generating primary feature maps by passing the 2D input images to a pre-
trained 2D CNN; (ii) applying multiple resizing operations to the primary feature maps to
generate multiple resized feature maps, each resizing operation having a different size
parameter; and (iii) applying a set of convolution filters to the multiple resized feature
maps to generate secondary feature maps; (b) combine the secondary feature maps to
generate a feature vector, respective elements of the feature vector corresponding to
respective convolutional channels of the secondary feature maps; and (c) generate the
class probabilities for the plurality of 2D input images from the feature vector.

Statement 3. A computer-implemented method according to statement 1 or statement 2,
wherein the multi-scale CNN is configured to combine the secondary feature maps by:
determining the top k values across the secondary feature maps for each convolutional

channel, where k >= 2; and computing a weighted average of the top k values.

Statement 4. A computer-implemented method according to any one of statements 1-3,
wherein the 2D input images are slices of the 3D training image.

Statement 5. A computer-implemented method according to any one of statements 1-4,
wherein the same set of convolution filters is applied to resized feature maps having
different respective size parameters.

Statement 6. A computer-implemented method according to any one of statements 1-5,
wherein the 3D training images originate from different image capture devices, and
wherein the method further comprises performing a device adaptation operation on the
CNN.

Statement 7. A computer-implemented method according to statement 6, wherein the
device adaptation operation comprises applying a series of affine transformations to
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reweight features in an intermediate layer of the CNN, affine parameters of the affine
transformations being optimized by backpropagation of loss gradients.

Statement 8. A computer-implemented method according to any one of statements 1-7,
wherein the 3D training images are 3D medical images.

Statement 9. A computer-implemented method of localizing a region of interest in a 3D
image, the region of interest belonging to a target class of interest, the method
comprising: passing 2D slices of the 3D image to a 2D CNN classifier to generate class
probabilities for each slice; assigning, based on the class probabilities, one or more of the
2D slices to the target class; for each 2D slice assigned to the target class: setting a
classification loss for the target class to be -1, and for all other classes to be 0; computing,
from the classification loss, error gradients; backpropagating the error gradients to a
predetermined intermediate layer of the 2D CNN; and determining, from the gradient
tensor at the predetermined intermediate layer, an input contribution matrix representing
the relative contributions of respective regions of the 2D slice to the class probability of

the target class.

Statement 10. A computer-implemented method according to statement 9, further

comprising generating a heatmap image from the input contribution matrix.

Statement 11. A computer-implemented method according to statement 10, further
comprising displaying the heatmap image on a display.

Statement 12. A computer-implemented method according to any one of statements 9 to
11, wherein the 2D CNN classifier is trained by a method according to any one of
statements 1 to 8.

Statement 13. A computer-implemented method of classifying a 3D image, the method
comprising passing the 3D image to a classifier trained by a method according to any
one of statements 1 to 8.

Statement 14. A system for training an image classifier using weakly-annotated training
data, comprising at least one processor in communication with computer-readable storage
having instructions stored thereon for causing the at least one processor to: receive or
otherwise obtain a plurality of 3D training images, each 3D training image having
associated therewith an overall class label; for each 3D training image: generate a plurality
of 2D input images from the 3D training image, each 2D input image being assigned the
overall class label; pass the 2D input images to a convolutional neural network (CNN) that
is configured to generate class probabilities for the plurality of 2D input images; and apply
backpropagation to a difference between the class probabilities and respective class labels
of the 2D input images for respective 3D training images to thereby train the CNN.
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Statement 15. A system according to statement 14, wherein the CNN is a multi-scale CNN
that is configured to: (a) apply a multi-scale feature extraction operation to the plurality
of 2D input images, the multi-scale feature extraction operation comprising: (i) generating
primary feature maps by passing the 2D input images to a pre-trained 2D CNN; (ii)
applying multiple resizing operations to the primary feature maps to generate multiple
resized feature maps, each resizing operation having a different size parameter; and (iii)
applying a set of convolution filters to the multiple resized feature maps to generate
secondary feature maps; (b) combine the secondary feature maps to generate a feature
vector, respective elements of the feature vector corresponding to respective convolutional
channels of the secondary feature maps; and (c) generate the class probabilities for the
plurality of 2D input images from the feature vector.

Statement 16. A system according to statement 14 or statement 15, wherein the multi-
scale CNN is configured to combine the secondary feature maps by: determining the top
k values across the secondary feature maps for each convolutional channel, where k >=
2; and computing a weighted average of the top k values.

Statement 17. A system according to any one of statements 14 to 16, wherein the 2D
input images are slices of the 3D training image.

Statement 18. A system according to any one of statements 14 to 17, wherein the same
set of convolution filters is applied to resized feature maps having different respective size

parameters.

Statement 19. A system according to any one of statements 14 to 18, wherein the 3D
training images originate from different image capture devices, and wherein the
instructions further cause the at least one processor to perform a device adaptation
operation on the CNN.

Statement 20. A system according to statement 19, wherein the device adaptation
operation comprises applying a series of affine transformations to reweight features in an
intermediate layer of the CNN, affine parameters of the affine transformations being
optimized by backpropagation of loss gradients.

Statement 21. A system according to any one of statements 14 to 20, wherein the 3D
training images are 3D medical images.

Statement 22. A system for localizing a region of interest in a 3D image, the region of
interest belonging to a target class of interest, the system comprising at least one
processor in communication with computer-readable storage having stored thereon
instructions for causing the at least one processor to: pass 2D slices of the 3D image to a
2D CNN classifier to generate class probabilities for each slice; assign, based on the class
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probabilities, one or more of the 2D slices to the target class; for each 2D slice assigned
to the target class: set a classification loss for the target class to be -1, and for all other
classes to be 0; compute, from the classification loss, error gradients; backpropagate the
error gradients to a predetermined intermediate layer of the 2D CNN; and determine, from
the gradient tensor at the predetermined intermediate layer, an input contribution matrix
representing the relative contributions of respective regions of the 2D slice to the class
probability of the target class.

Statement 23. A system according to statement 22, wherein the instructions further cause
the at least one processor to generate a heatmap image from the input contribution matrix.

Statement 24. A system according to statement 23, wherein the instructions further cause
the at least one processor to display the heatmap image on a display.

Statement 25. A system according to any one of statements 22 to 24, wherein the 2D
CNN classifier is trained by a method according to any one of statements 1 to 8.

Statement 26. A system for classifying a 3D image, comprising at least one processor in
communication with computer-readable storage having instructions stored thereon for
causing the at least one processor to pass the 3D image to a classifier trained by a method

according to any one of statements 1 to 8.

Statement 27. A non-volatile computer-readable storage medium having instructions
stored thereon for causing at least one processor to perform a method according to any
one of statements 1 to 13.

BRIEF DESCRIPTION OF THE DRAWINGS

Some embodiments of a method and system for classification of images, and training of
classifiers for that purpose, in accordance with present teachings will now be described,
by way of non-limiting example only, with reference to the accompanying drawings in

which:

Figure 1 shows an example block architecture of a neural network-based classification and

visualisation system;

Figure 2 shows, in schematic form, further details of the architecture of a classification
component of the system of Figure 1;

Figure 3 illustrates a pooling process implemented in methods according to certain
embodiments;

Figure 4 illustrates a feature reweighting component according to certain embodiments;
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Figure 5 schematically illustrates operative features of a back-propagation based
visualisation component according to certain embodiments;

Figure 6 is an example architecture of a computer system for implementing certain
embodiments;

Figure 7 is a flow diagram of an example method for training a classifier;

Figure 8 shows a Receiver Operating Characteristic (ROC) curve obtained for an example

classifier trained only on 3D images;

Figure 9 shows a Receiver Operating Characteristic (ROC) curve obtained for an example
classifier trained on a mixture of 2D and 3D images; and

Figure 10 shows an example of a visualisation using the visualisation component of Figure
5.

DETAILED DESCRIPTION

Embodiments of the present disclosure relate to the automatic diagnosis of 3D medical
images. Various embodiments may address one or more of the three challenges described
above, and may enable 1) training a deep learning model on a small number of training
images with only weak annotations available; 2) deploying the deep learning model on
test images that have different characteristics than the training images due to different
acquisition devices, which may otherwise cause severe degradation of model performance
if treated without distinction; 3) visualising the detected pathological areas in the medical

image, to help doctors verify the model output and establish reliable diagnoses.

Certain embodiments relate to a system and method for classifying and visualizing 3D
medical images, with one or more of the following features (and their corresponding
advantages): 1) the top-k pooling component enables a 2D CNN to process 3D images,
and greatly reduces the number of model parameters, hence training on a small dataset
is feasible; 2) a multi-scale CNN feature extractor, which resizes the primary feature maps
extracted by a base CNN into different heights and widths, and extracts secondary feature
maps that reveal interesting image patterns of different sizes with a shared set of
secondary 2D convolutional filters, so that image patterns of different sizes that are most
relevant to diagnosis are revealed with a small number of parameters; 3) a data-driven
feature reweighting method to offset the differences across different devices and
parameter settings, that allows combining training data collected from different devices,
and makes the learned model easily generalize to new devices and/or new configurations;
4) due to the flexible processing pipeline, the same model trained using 3D images can be
applied to each 2D slice of a 3D image to locate abnormal slices without retraining,



10

15

20

25

30

35

WO 2020/162834 PCT/SG2020/050057

enabling a slice-level visualization method to visualize interesting regions within abnormal
slices based on gradient back-propagation, to help medical professionals verify the model
output and establish reliable diagnosis.

Embodiments may serve as the core component of a Computer-Aided medical image
Diagnosis (CAD) system applied to various types of 3D medical images, to assist
radiologists in forming quick and reliable diagnosis of relevant pathologies.

At least some embodiments address the three challenges identified above effectively using
low computational resources. Although there are other methods attempting to address
these challenges as well, they suffer from various limitations, as detailed in the above

background section.

Embodiments relate to the automatic classification and visualization of 3D medical images,
using a 2D Convolutional Neural Network (CNN). A 2D CNN according to certain
embodiments may include a multi-scale 2D CNN feature extractor, a top-k pooling

component, a feature reweighting component, and a classifier.

A multi-scale 2D CNN feature extractor may be configured to take a set of 2D images as
input, and output a set of feature maps. Each feature map may be a two-dimensional array
of float numbers. The feature map may be grouped into a number of convolutional
channels, and each channel of the feature map may index one or multiple feature maps.
The CNN feature extractor may include multiple convolutional layers, intermediate
normalization layers, and intermediate activation layers. In various embodiments, the set
of 2D input images may be some or all of the 2D slices in a particular 3D image. The multi-
scale CNN feature extractor may include a Base CNN, a set of feature map resizers, and a
set of secondary 2D Convolutional filters. The Base CNN may extract primary feature
maps, and each of the feature map resizers may resize the feature maps to feature maps
of certain height and width. The secondary 2D Convolutional filters may extract interesting
image features from the resized feature maps at each scale. In various embodiments, the
secondary image features may be grouped by channels, pooled and taken as input by a
classifier for diagnosis.

A top-k pooling component may produce a summary feature map as output, given a set
of feature maps as input. The top-k pooling component may be configured to take a
weighted average of the maximum k values in one or a few coordinates across all feature

maps in the input set.

A feature reweighting component may be configured to receive a set of input feature maps
and a device identification number (ID), and output a set of transformed feature maps. A
feature reweighting component may include multiple sets of affine transformations, each
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set corresponding to an imaging device. Each set of affine transformations may have the
same number of transformations as the number of the convolutional channels of the input
feature map, and each affine transformation may correspond to a channel. A feature
reweighting component may access the affine transformations corresponding to the input
device ID, and transform each channel of the input feature maps with the corresponding
parameters of the affine transformations, and then assemble all channels to get the

reweighted feature maps.

A classifier may receive a feature map as input, and output a class label. A class label
output by a classifier may indicate a most likely class chosen by the classifier, to which
the feature maps, as well as the input image that produces these feature maps, may
belong. In various embodiments, a classifier may output a confidence value, indicating the
certainty of the classifier to the chosen class. In various embodiments, a classifier may be
a softmax/logistic regression classifier, a support vector machine, or a gradient boosting
model.

A slice-level back-propagation based visualization component may receive a CNN, a
convolutional layer identifier referring to a layer in the CNN, an input image and a target
class label as input. In various embodiments, the input image may be 3D or 2D. The CNN
is able to classify each individual slice within a 3D input image. In one embodiment where
the input image is 3D, the CNN may first determine which slices belong to the target class,
and for each of these slices, a back-propagation based visualization component may
determine the contribution of each pixel to the target class, generate a heatmap that
quantifies the contributions, and overlay the heatmap on the 2D slice as the output
visualization image. In various embodiments, a visualization component may determine
the contribution of each pixel by 1) setting a loss vector of the CNN classifier that encodes
the target class, 2) back-propagating the loss to the CNN feature extractor, and 3)
extracting the back-propagated gradients at the convolutional layer referred to by the
input convolutional layer identifier, summing the gradients over the channel dimension,
resizing the sum matrix to the same size as the input image, and using the element in the
resized sum matrix as the contribution of the corresponding pixel. In various
embodiments, the loss vector of the classifier is set as a vector in which all elements are
zero except the dimension of the target class, where the element is set to a negative
number. In various embodiments, the back-propagation of gradients are performed using
a backward iteration of the CNN model. In various embodiments, after the back-
propagation of gradients, the gradients of the parameters of a convolutional layer may be
extracted, resized to be the same size as the input image, scaled to be within the interval
[0,255], and rounded to an integer. In various embodiments, the resizing of the
convolutional layer’s gradients may be done using an interpolation algorithm.
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Referring now to Figure 1, a system 100 for classification and visualisation of 3D images
may include an input component 102. Input component 102 may obtain a training data
set comprising a plurality of training images, which may include 3D images and/or 2D
images. Each training image is associated with a class label. Where the training data
comprises 3D images, input component 102 may generate 2D images from the 3D images,
for example by extracting slices of the 3D images. The same class label may be associated

with each 2D image generated from the 3D image.

The input component 102 may obtain the training data set by retrieving previously
captured and labelled image data from a local data store, or from a remotely located data
store over a network, for example. In some embodiments, the input component 102 may
be coupled to an imaging device that captures and stores image data (such as Optical
Coherence Tomography data) from a subject that is known to be associated with one or
more conditions (such as diabetic retinopathy), such that one or more corresponding class
labels can be associated with the captured image(s) a priori and provided as training data.

The input component 102 passes the retrieved and/or generated 2D training images to a
classification component 104 that comprises a pre-trained 2D CNN 112, also referred to
herein as base CNN 112. The base CNN 112 may be an instance of VGG, ResNet, DenseNet
or other CNN architectures, with the global pooling and fully-connected layers removed.
Examples of CNN architectures useful as a base CNN 112 are described in K. Simonyan,
A. Zisserman., "Very Deep Convolutional Networks for Large-Scale Image Recognition",
International Conference on Learning Representations, 2015; K. He et al., "Deep Residual
Learning for Image Recognition", 2016 IEEE Conference on Computer Vision and Pattern
Recognition (CVPR), Las Vegas, NV, 2016, pp. 770-778; and G. Huang et al., "Densely
Connected Convolutional Networks", 2017 IEEE Conference on Computer Vision and
Pattern Recognition (CVPR), Honolulu, HI, 2017, pp. 2261-2269.

The parameters of the base CNN 112 may be initialised with pre-trained model
parameters, or trained from scratch on images collected by the user. In some
embodiments, the base CNN 112 may be trained on a large set of natural images, rather
than, or in addition to, domain-specific images such as medical images to which the
classification system 100 is to be applied.

Given a 3D image as input, the base CNN 112 may treat each slice of the 3D image as an
individual 2D image, and extract a set of primary feature maps. The primary feature maps
are a 4D tensor the size of which is denoted as N-C-H-W, where N is the number of slices,
C the number of convolutional channels, and H and W are the height and width of the
feature maps. C may depend on the chosen type of base CNN 112; for example, C for
ResNet is typically 2048 channels, and for DenseNet, it is typically 1024 channels. In the
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primary feature maps, some interesting image patterns may have similar feature values,
but reside in different sizes of feature blocks (sub-tensors of different heights and/or
widths). For a 2D input image, the base CNN 112 may extract a set of primary feature
maps of size C-H-W.

Base CNN 112 reduces the dimensionality of the input data whilst capturing its correlation
structure. In principle, the output of base CNN 112 could be fed directly to a classifier.
However, a general purpose CNN may not be suitable for use with medical images, in
which regions of interest (ROIs) are often scale-invariant, i.e., visually similar patterns
often appear in varying sizes (scales). If approached with general purpose CNNs, an excess
number of convolutional kernels with varying receptive fields would be required for full
coverage of these patterns, which have more parameters and demand more training data.
Some previous works have attempted to learn scale-invariant patterns, for example by
adoption of image pyramids, i.e. resizing input images into different scales, processing
them with the same CNN and aggregating the outputs. However, it has been found in
experiments conducted by the present inventors that image pyramids perform unstably
across different datasets and consume much more computational resources than general

purpose CNNs.

To address the above issue, the system 100 according to certain embodiments passes the
primary feature maps 202 output by base CNN 112 to a multi-scale feature extractor 114
that comprises a plurality of feature map resizers 213, as illustrated in Figure 2. For
clarity, Figure 2 only shows two different resizing components 213 (“Resizer 1” and
“Resizer 2”) and one secondary feature channel (the j-th channel). It will be appreciated
that additional resizers may be used, for additional feature channels (as well as for the i-

th channel), in various embodiments.

The feature map resizers 213 resize the primary feature maps 202 into S different sizes
(N-C-H -W,-,N-C-Hs-Ws). In various embodiments, the resizing algorithm
implemented by the respective resizers 213 may be nearest neighbors, bilinear, bicubic or
other interpolation algorithms.

More formally, let x denote the primary feature maps, {F,,..,Fy} denote all the output
channels of the multi-scale feature extractor 114, and {(h,,w;),.. , (A, wy,)} denote the
scale factors of the heights and widths (typically 1/4 < h; = w; < 2) adopted by the m
resizing operators. The combination of the i-th scale and the j-th channel yields the ij-th

secondary feature maps:

Yy = Fy (Resizey o (2))
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where in theory Resize;,,‘,w{{;} could adopt any type of interpolation as noted above, such
as bilinear interpolation.

The multi-scale feature extractor 114 also comprises a plurality of convolutional filters 214
(which may be standard 2D convolutional filters as known to those skilled in the art). For
example, as shown in Figure 2, the resized feature maps 203 in each scale may be fed
through separate branches to a shared set of secondary 2D convolutional filters 214. The
secondary 2D convolutional filters 214 extract secondary feature maps 204 from each
group of input resized feature maps 203. Compared to the primary feature maps 202, the
secondary feature maps 204 are at a higher-level of abstraction and should therefore be
more relevant to the diagnosed pathologies. The secondary 2D convolutional filters 214
have I feature channels, corresponding to I types of interesting patterns. Typically, for
medical images, I may be somewhere between 10 and 25. A good choice of I may depend
both on the size (number of images) of the training dataset and the diversity of target
ROIs. A rule of thumb is that, when there are more training images and/or the target ROIs
are more diverse, a larger I is usually better. As the input of secondary 2D convolutional
filters 214 comprises multi-scale primary feature maps, the secondary 2D convolutional
filters 214 could reveal patterns that are similar, but of different sizes, in the primary
feature maps 202, and output the matching degrees of these revealed patterns. Hence
each feature channel corresponds to multiple secondary feature maps 204 extracted from
the N slices at varied scales.

For more flexibility, the convolutional kernels could also have different kernel sizes. In a
setting of m resizing operators and n different sizes of kernels, effectively the kernels have
at most m x n different receptive fields. The multiple resizing operators and varying sizes
of kernels complement each other and equip the CNN with scale-invariance.

Pre-trained CNN 112 and multi-scale feature extractor 114 each perform convolutional
operations and can be considered collectively to be a convolutional layer or convolutional
component 111 of the system 100.

In some embodiments, for example as shown in Figure 3 (which shows operations
performed for only the j-th channel), feature maps F; in different scales can be passed
through respective magnitude normalization operators. In Figure 3, the multi-scale
feature extractor 314 is similar to multi-scale feature extractor 114, except that magnitude
normalisation is applied to the primary feature maps 202 prior to pooling. The magnitude
normalization operator may comprise a batchnorm operator BN;; and a learnable scalar
multiplier sw;. The scalar multiplier sw;; adjusts the importance of the j-th channel in the

i-th scale, and can be optimized by back-propagation.
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The system 100 also comprises a pooling component 116 connected to the multi-scale
feature extractor 114, that maps the secondary feature maps to a feature vector for input
to a classifier 118.

In some embodiments, secondary feature maps of the N input slices (in different
heights/widths) belonging to the same feature channel for a 3D input image are pooled
into a single feature value by pooling component 116. Hence the I feature channels of the
N input slices are pooled into an I-dimensional feature vector (t,,--,t), which is
subsequently taken as input by the classifier 118 to make a prediction (e.g. a diagnosis)
for the whole 3D input image.

In other embodiments, secondary feature maps of each slice (in different heights/widths)
belonging to the same feature channel for a 3D input image are pooled into a single feature
value by pooling component 116. Hence the I feature channels of each input slice are
pooled into an I-dimensional feature vector (t,,---,¢t;), which is subsequently taken as input
by the classifier 118 to make a prediction (e.g. a diagnosis) for each individual 2D slice.

The pooling component 116 may comprise a max pooling or average pooling layer.
However, the present inventors have found that it is advantageous to use a top-k pooling
layer, with k> 2. An example of the operation of a top-k pooling component 116 is
illustrated in Figure 3. In the example of Figure 3, k=3 and the pooling component 116
operates on one feature channel (the i-th channel).

In some embodiments, all the N -] feature maps belonging to the i-th channel across the
N slices are fed to the top-k pooling component 116, which outputs a single pooled value
t;- In other embodiments, the j feature maps belonging to the i-th channel of a single slice

are fed to the top-k pooling component 116, which outputs a single pooled value ¢;.

The I feature channels (N-I-] feature maps) are compressed into an I-dimensional
feature vector (t,,---,t;). Consequently, the parameters in the downstream classifier are
greatly reduced, making it feasible to be trained on small data sets.

The top-k pooling component 116 receives a number of feature maps X?*,---, X?, all of which
belong to the i-th channel ({X‘} may be of different heights/widths). The largest K
numbers within x%,..., XV are selected and sorted in descending order, denoted as x;, -, xx.
A top-k pooling component 116 contains K predefined parameters: K weights w,,---,wy for
the largest K numbers. The weighted sum of the largest K numbers x,---,xx, i.e., t; =
YK wex, are computed as the output on the i-th channel by the top-k pooling component
116.

In some embodiments, the top-k pooling component 116 may comprise K manually

chosen weights, and require no training. In other embodiments, the K weights may be
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learnable. More formally, given a set of feature maps {x;}, top-k pooling aggregates them

into a single value:

ki

Pool,({®:}) = Z Uyl

r=1

where ai,..., ak are the highest k activations within {x;}, and wy,..., w, are nonnegative
pooling weights to be learned, subject to a normalization constraint },w, =1. For
example, wy,..., w, can be initialised with exponentially decayed values, and then optimized
with back-propagation.

Although a conventional max-pooling or average-pooling component can also greatly

compress features, the top-k pooling component 116 has the following advantages.

» When the model is being optimized using back-propagation (the standard method
to train a neural network), for each feature channel, the back-propagated gradients
could flow back through the K positions where the K largest numbers reside, and
hence K neural pathways are optimized simultaneously during the back
propagation. However, in a max-pooling component, only one neural pathway is
optimized, which in the case of small training data may increase the network’s
chance of getting stuck in local minima.

e In an average-pooling component, the largest feature values (corresponding to
most salient image patterns) are overwhelmed by many small and uninformative
feature values, resulting in lower classification accuracy. In contrast, the top-k
pooling always selects the most salient patterns in the input image, and passes
them for further diagnosis.

e The top-k pooling is flexible in that it can be used to compress the feature maps of
a single slice, or to compress all the feature maps of N slices of a 3D image. Hence
a model trained on 3D images can be used to diagnose the same pathologies on
2D images, or vice versa, just by grouping the pooled feature maps in different

ways, without any retraining.

To sum up, the top-k pooling component offers faster, more stable and flexible model

training and use.

The system 100 also includes a classifier 118 which receives input from the pooling
component 116. For example, the classifier 118 may be a softmax/logistic regression
classifier, a support vector machine, or a gradient boosting model. Parameters of the

multi-scale component 114 and/or the pooling component 116, such as the weights
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discussed above, can be adjusted in known fashion by backpropagation to minimise the
loss function for the classifier and thereby train the CNN 112, 114, 116, 118.

The output of the classification component 104 is one or more class predictions 130.
Accordingly, a clinician is provided with an automated assignment of the overall 3D image,
or of 2D slices thereof, to one or more classes of clinical significance (said classes being
those assigned to images in the training data set).

Turning to Figure 4, another embodiment of a classification system 400 includes a feature
reweighting component for dealing with images from different devices. System 400 may
include a convolutional neural network (CNN) feature extractor 421, which consists of a
bottom part 411 and a top part 412, a feature reweighting component 422, and a classifier
423.

In various embodiments, the CNN feature extractor 421 may be VGG, ResNet, DenseNet,
the multi-scale CNN feature extractor 114, or other architectures, with the global pooling
and fully-connected layers removed. The parameters of the CNN 421 may be pre-trained
or trained from scratch on images collected by the user.

The classifier 423 may be a softmax classifier, a neural network, or other classifiers which
support computation of gradients or sub-gradients that can be back-propagated from a
classification loss function.

The CNN feature extractor 421 is split into two parts: the first L, layers form the bottom
part 411, and the remaining L, layers form the top part 412. The feature reweighting
component 422 sits in between parts 411 and 412. In some embodiments, the feature
reweighting component 422 may sit in an intermediate layer of the system 100 of Figure
1, for example in a layer before multi-scale feature extractor 114 and after pre-trained
CNN 112, or a layer after the multi-scale feature extractor 114 and before the classifier
118.

Each input image has been captured by a device indexed as d, and there are D devices in
total (D is a predefined number). For each input image, the feature reweighting component
432 receives its device ID d, and a set of feature vectors or feature maps 430 extracted
from the bottom part 411 of the CNN. The set of feature vectors or feature maps 430 are

referred to as middle features, which consist of ¢ feature channels.

The feature reweighting component 432 includes D-C feature reweighting affine
transformations f,,,-,fpc. Each affine transformation f,;(x%) = mgx‘+ by is specifically
applied to the i-th feature channel of images captured by the d-th device. Each channel x!
of the middle features 430 is transformed by the corresponding affine transformation
fai(xY, yielding transformed middle features 431 of the same size. The transformed middle
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features 431 are fed into the top part 412 of the CNN feature extractor for further
processing, which outputs final features received by a classifier 423 for diagnosis.

In the training stage, all the affine weights m,,,---,mpc may be initialized to 1, and all the
affine biases b,,,---, by May be initialized to 0. The affine biases {b,} may be trainable or
always fixed to be 0. The classifier 423 computes a classification loss function and
propagates back loss gradients to optimize the affine parameters {mgy;, by} (Wwhen affine
biases are trainable) or {m,;} (when affine biases are fixed).

Conventionally, device adaptation is usually done with complicated unsupervised learning
methods to align the feature distributions of different types of images, such as in Sun et
al., "Deep CORAL: Correlation Alignment for Deep Domain Adaptation", In: Hua G., Jégou
H. (eds) Computer Vision - ECCV 2016 Workshops, ECCV 2016, Lecture Notes in Computer
Science, vol 9915, Springer, Cham. In contrast, the feature reweighting component 432
described here is supervised, in that the affine transformation parameters are tuned by
maximizing the classification accuracy on the new type of images, which requires less
effort to tune hyperparameters and often finds better transformations to align the two sets

of images, given only a small set of images of the new type.

Referring now to Figure 5, an example of a system 500 that includes a back-propagation
based visualization component 532 is shown. System 500 may include a CNN feature
extractor 531, a heatmap visualization component 532, a classifier 533, and a sub-
gradient computation component 534,

In some embodiments, the CNN feature extractor 531 may be the multi-scale CNN feature
extractor 114, or another architecture that is able to classify a whole 3D input image, as
well as each individual slice within the 3D input image. The parameters of the CNN feature
extractor 531 (or 114) may be pre-trained or trained from scratch on images collected by
the user. The CNN feature extractor 531 may contain or be connected with a feature
reweighting component, such as feature reweighting component 422.

The classifier 533 may be a softmax classifier, a neural network, a logistic regression
model, a support vector machine, a gradient boosting model, or other classifiers which
support computation of gradients or sub-gradients that can be back-propagated based on

a pre-specified classification loss function.

When the classifier 533 does not support direct computation of gradients, an extra sub-
gradient computation component 534 may be used (in this or in any other embodiment
disclosed herein) to compute sub-gradients with regard to the input of the classifier 533

on a pre-specified classification loss function.
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The heatmap visualization component 532 receives an input image, a target class label ¢
(of the classes predicted in class predictions 130) and an index [ to one of the layers in
CNN feature extractor 531. In various embodiments, the input image may be 3D or 2D.
In some embodiments where the input image is 3D, the classifier 533 may first determine
which slices belong to the target class, and for each of these slices, applies the back-
propagation based visualization method to generate a heatmap that quantifies the
contributions of each pixel in the input 2D slice, and overlays the heatmap on the 2D slice
as the output visualization image. In alternative embodiments where the input image is
2D, the back-propagation based visualization method is directly applied to the 2D image

to generate its visualization image.

In various embodiments, the visualization component 532 first fixes the classification loss
at the target class ¢ to be a first value (e.g. a negative value such as -1), and the losses
of all other classes to be a second value that is different to the first value (such as 0). It
then let the classifier 533 propagate back gradients or sub-gradients to CNN feature
extractor 531 until the gradients reach the [-th layer in CNN feature extractor 531 (the
sub-gradients before CNN feature extractor 531 will change to gradients within CNN

feature extractor 631).

The heatmap visualization component 532 collects the gradient tensor 541 at the I-th
layer, denoted as {d;;1, -, dimn}, Where i indexes the feature channel, and m,n indexes the
height and width, respectively. The gradient tensor 541 is of the same size as the input
feature tensor to the I-th layer. The input feature tensor 542 to the I-th layer is denoted
as X = {xi11,, Ximn}. Then the heatmap visualization component 532 takes the element-
wise multiplication of the gradient tensor 541 and the input feature tensor 542, and sums
out the feature channel dimension, so as to get the input contribution matrix 543:
Gidyg %, X dmn - Xmn)- By setting all the negative values in the input contribution
matrix 543 to 0, scaling to the values into the range [0,255] and rounding to integer

values, the input contribution matrix 543 is converted to a non-negative contribution

Pir 0 Pin
matrix P=< . : ) The non-negative contribution matrix P is interpolated to
Pm1 " Pmn

heatmap 544, denoted as P*, which is of the same size W, - H, as of the original image R.
P~ is the heatmap that highlights some image areas, and the highlight color intensities are
proportional to the contributions of these areas to the final classification confidence of
class ¢. The heatmap visualization component 532 takes a weighted sum of P* and R, as
the visualization of the basis on which the classifier decides that the input imageR is in
class ¢. An instance of such a weighted sum is 0.6 -R + 0.3 - P*.

There have been a few works on visualizing deep learning classification results, but they

are only designed for 2D input images. Previous 3D-CNN models which take 3D images
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as inputs (even if they can classify the whole 3D image correctly) are unable to determine
the contribution of each individual slice, let alone visualize each slice. However, for the
convenience of doctors, 2D visualization images are advantageous. The advantage of the
presently disclosed slice-level back-propagation based visualization method is that the
CNN is flexible and able to classify each individual slice within a 3D input image, and back-
propagate only for selected interesting slices for more accurate and targeted visualization.

An example of a visualisation generated by system 500 is shown in Figure 10. In Figure
10, a heatmap 1102 overlaid on an OCT slice 1101 is presented. It can be seen that a
Diabetic Macular Edema (DME) cyst 1110 is precisely localized in the heatmap 1102 of
OCT slice 1101.

As shown in Figure 1, following classification by the classification component 104, the
heatmap visualisation component 532 outputs the heatmap 544, which can then be
rendered on the display of a computing device. In some embodiments, the computations
performed by classification component 104 and heatmap visualisation component 532 can
be performed on one or more processors of a single computing system or distributed
computing system, and the results of those computations transmitted to a remotely
located device, such as a smartphone or other mobile device, for display to a user of the
remotely located device. In this way, the computationally expensive operations can be
performed by one system, and the results transmitted to users such as clinicians for

review.

An example of a computing architecture 600 suitable for implementing the system 100 is
depicted in Figure 6.

The components of the computing device 600 can be configured in a variety of ways. The
components can be implemented entirely by software to be executed on standard
computer server hardware, which may comprise one hardware unit or different computer
hardware units distributed over various locations, which may communicate over a
network. Some of the components or parts thereof may also be implemented by
application specific integrated circuits (ASICs) or field programmable gate arrays.

In the example shown in Figure 6, the computing device 600 is a commercially available
server computer system based on a 32 bit or a 64 bit Intel architecture, and the processes
and/or methods executed or performed by the computing device 600 are implemented in
the form of programming instructions of one or more software components or modules
622 stored on non-volatile (e.g., hard disk) computer-readable storage 624 associated
with the computing device 600. At least parts of the software modules 622 could

alternatively be implemented as one or more dedicated hardware components, such as
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application-specific integrated circuits (ASICs) and/or field programmable gate arrays
(FPGAS).

The computing device 600 includes at least one or more of the following standard,
commercially available, computer components, all interconnected by a bus 635:

(a) random access memory (RAM) 626;

(b) at least one computer processor 628;

(© a network interface connector (NIC) 630 which connects the computer device 600
to a data communications network and/or to external devices, for example so that training
data and/or test data can be received by input component 102, or so that results generated
by the classification component (such as class predictions 130) and/or of visualisation
component 532 (such as heatmap 544) can be communicated to remotely located users;
and

(d) a display adapter 631, which is connected to a display device such as an LCD or
LED panel display 632 (in some embodiments, display device 632 may be a touch-screen
interface that also enables user input and interaction), for example for displaying class
predictions 130 and/or heatmap 544.

The computing device 600 includes a plurality of standard software modules, including:

(a) an operating system (0S) 636 (e.g., Linux or Microsoft Windows);

(b) structured query language (SQL) modules 642 (e.g., MySQL, available from
http://www.mysql.com), which allow data, such as class predictions 130, parameters of a
trained classification component 104, and/or heatmaps 544, to be stored in and
retrieved/accessed from an SQL database 644.

Advantageously, the database 644 forms part of the computer readable data storage 624.
Alternatively, the database 644 is located remote from the computing device 600 shown
in Figure 6.

The boundaries between the modules and components in the software modules 622 are
exemplary, and alternative embodiments may merge modules or impose an alternative
decomposition of functionality of modules. For example, the modules 622 discussed herein
may be decomposed into submodules to be executed as multiple computer processes, and,
optionally, on multiple computers. Moreover, alternative embodiments may combine
multiple instances of a particular module or submodule. Furthermore, the operations may
be combined or the functionality of the operations may be distributed in additional
operations in accordance with the invention. Alternatively, such actions may be embodied
in the structure of circuitry that implements such functionality, such as the micro-code of
a complex instruction set computer (CISC), firmware programmed into programmable or
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erasable/programmable devices, the configuration of a field-programmable gate array
(FPGA), the design of a gate array or full-custom application-specific integrated circuit
(ASIC), or the like.

Each of the parts of the processes performed by the classification system 100 or 400 (such
as the process 700) may be executed by a module (of software modules 622) or a portion
of a module. The processes may be embodied in a non-transient machine-readable and/or
computer-readable medium for configuring a computer system to execute the method.
The software modules may be stored within and/or transmitted to a computer system
memory to configure the computer system to perform the functions of the module.

The computing device 600 normally processes information according to a program (a list
of internally stored instructions such as a particular application program and/or an
operating system) and produces resultant output information via input/output (I/O)
devices such as NIC 630. A computer process typically includes an executing (running)
program or portion of a program, current program values and state information, and the
resources used by the operating system to manage the execution of the process. A parent
process may spawn other, child processes to help perform the overall functionality of the
parent process. Because the parent process specifically spawns the child processes to
perform a portion of the overall functionality of the parent process, the functions
performed by child processes (and grandchild processes, etc.) may sometimes be
described as being performed by the parent process.

Some steps of an exemplary method 700 for training an image classifier are shown in
Figure 7.

At step 702, a training data set comprising a plurality of 2D and/or 3D training images is
obtained, for example by input component 110.

At step 704, a first, or the next, training image is obtained from the training data set.

At step 706, the process 700 (e.g., via input component 110) determines whether the
training image is a 3D image and if so, generates a plurality of 2D images from the 3D
image, for example by taking slices of the 3D image. Each generated 2D image is

associated with the overall class label for the 3D image (not shown).

At step 708, the 2D image or images are sent to a pre-trained CNN, such as VGG, ResNet,
etc. to generate primary feature maps (e.g., CNN 112 of Figure 1).

At step 710, the primary feature maps are resized (e.g., by resizers 213 of the multi-scale
feature extractor 114) to generate resized feature maps.
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At step 712, the resized feature maps have a plurality of convolution kernels applied to
them to generate secondary feature maps. For example, convolution kernels 214 of multi-
scale feature extractor 114 may perform this operation.

At step 714, pooling is applied to the secondary feature maps to generate a feature vector.
For example, top-k pooling component 116 may generate the feature vector from the
secondary feature maps.

At step 716, a classifier, such as classifier 118, is used to make a class prediction from the

generated feature vector.

At step 718, a classification loss is determined, for example based on a difference or
differences between predicted class probabilities and the actual classification.

At step 720, the process 700 determines if all training images have been processed. If
not, processing returns to step 704. If all images have been processed, then at step 722,
parameters of the multi-scale feature extractor 114 and/or pooling component 116 and/or
classifier 118 are optimised by backpropagation. The learned parameters 730 output after
training can then be used to classify new instances of images passed to the classification

system 100. Learned parameters 730 may be stored in a database 644, for example.
Experimental results

Experiment 1

An embodiment of the classification system 100 was tested using two different settings.

In setting 1, the system 100 was trained on 226 3D-OCT images, and tested on 113 3D-
OCT images. Each 3D-OCT image consisted of 128 slices, and each slice had a resolution
of 512x128. The classification results evaluated on the doctor-labeled gold standard are
shown in Table 1, and Figure 8 shows the ROC curve of the classification results.

Table 1
Labeled positive Labelgd
negative
Total 65 161
Classifi
assln"led 61 4
positive
Classified
. 5 154
negative
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Precision Recall
(tp/tp+fp) (tp/tp+fn)
93.8% 92.4%

In setting 2, the system 100 was trained on 226 3D OCT images as in setting 1, plus
10,000 2D OCT images. It was tested on the 113 3D-OCT images only. The classification
results are shown in Table 2 and the ROC curve is shown in Figure 9. The classification
precision, recall and AUC are slightly higher than in setting 1, thanks to the 10,000 2D
OCT training images. This illustrates that in order to compensate the shortage of 3D
training images, the presently disclosed system 100 is able to take 2D images at the same
time to achieve higher accuracy.

Table 2
Labeled
Labeled positive 2 e.e
negative
Total 65 161
Classifi
as§n.°|ed 61 3
positive
Classified
) 4 154
negative
Precision Recall
(tp/tp+fp) (tp/tp+fn)
95.3% 93.8%

Experiment 2
Three classification tasks involving four datasets were used for evaluation.

DME classification on OCT images. The following two 3D datasets acquired by Singapore
Eye Research Institute (SERI) were used:

1) Cirrus dataset: 339 3D OCT images (239 normal, 100 DME). Each image has 128 slices
in 512*1024. A 67-33% training/test split was used;

2) Spectralis dataset: 197 3D OCT images (60 normal, 137 DME). Each image has 25 _
31 slices in 497*768. A 50-50% training/test split was used;

MMD classification on fundus images:
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3) MMD dataset (acquired by SERI): 19,272 2D images (11,924 healthy, 631 MMD) in
900*600. A 70-30% training/test split was used.

MSI/MSS classification on CRC histology images:

4) CRC-MSI dataset (Kather, J.N.: Histological images for MSI vs. MSS classification in
gastrointestinal cancer, FFPE samples, https://doi.org/10.5281/zenodo.2530835):
93,408 2D training images (46,704 MSS, 46,704 MSI) in 224*%224. 98,904 test images
(70,569 MSS, 28,335 MSI) also in 224*224,

MIMS-CNN (system 100), 5 baselines and 6 ablated models were compared. Unless
specified, all methods used the ResNet-101 model (without FC) pretrained on ImageNet
for feature extraction, and top-k pooling (k = 5) for feature aggregation.

MI-Pre. The ResNet feature maps are pooled by top-k pooling and classified.

Pyramid MI-Pre. Input images are scaled to {£|i = 2,3,4} of their original sizes, before

being fed into the MI-Pre model.

MI-Pre-Conv. The ResNet feature maps are processed by an extra convolutional layer,
and aggregated by top-k pooling before classification. It is almost the same as the model
in Li et al., "Thoracic disease identification and localization with limited supervision”, CVPR
(June 2018), except that Li et al. does patch-level classification and aggregates patch
predictions to obtain image-level classification.

MIMS (system 100). The multi-scale feature extractor has 3 resizing operators that
resize the primary feature maps to the following scales: {ili = 2,3,4}. Two groups of kernels

of different sizes were used.

MIMS-NoResizing. It is an ablated version of system 100 with all resizing operators
removed. This is to evaluate the contribution of the resizing operators.

Pyramid MIMS. It is an ablated version of system 100 with all resizing operators
removed, and the multi-scaledness is pursued with input image pyramids of scales

{£|i = 2,3,4}. The kernels are configured as above.

MI-Pre-Trident (Li et al., Scale-Aware Trident Networks for Object Detection. arXiv e-
prints arXiv:1901.01892 (Jan 2019)). It extends MI-Pre-Conv with dilation factors 1, 2, 3.

SI-CNN. It is an ablated version of system 100 with the batchnorms BN;; and scalar

multipliers sw;; absent from the feature extractor 114.
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FeatPyra-4,5. It is a feature pyramid network that extracts features from conv4_x and
conv5_x in ResNet-101, processes each set of features with a respective convolutional
layer, and classifies the aggregate features.

ResNet34-scratch. It is a ResNet-34 model trained from scratch.

MIMS-patchcls and MI-Pre-Conv-patchcls. They are ablated MIMS and MI-Pre-Conv,
respectively, evaluated on 3D OCT datasets. They classify each slice, and average slice
predictions to obtain image-level classification.

For MIMS-CNN, on the two OCT datasets Cirrus and Spectralis, the convolutional kernels
were specified as {2(8), 3(10)} in “kernel size (number of output channels)” pairs. On the
MMD dataset, the convolutional kernels were specified as {2(10), 3(10)}. On the CRC-
MSI dataset, as the images are of smaller resolution, smaller convolutional kernels {1(20),
2(40)} were adopted.

In all models, the underlying ResNet layers were fine-tuned to reduce domain gaps
between ImageNet and the training data. The learning rate of the underlying layers was
set as half of the top layers to reduce overfitting.

To evaluate on OCT datasets, all models were first trained on Cirrus for 4500 iterations.
Then on Spectralis, the trained models were first fine-tuned on the training set for 200
iterations, then evaluated on the test sets. When training on the Cirrus and Spectralis
datasets, to increase data diversity, in each iteration 12-18 slices were randomly chosen

to form a batch from the 30 central slices of the input image.

On the CRC-MSI dataset, there is significant domain gap between the training and test
images. Hence 2% of the original test images were moved to the training set to reduce
the domain gap. In particular, all models were trained on the training set for one epoch
(LR=0.01), and then fine-tuned on the tuning set for two epochs (LR=0.01, 0.004).

When working on 3D images such as Cirrus and Spectralis, as the MSConv layer 114 only
involves 2D convolutions, all slices in a 3D image can be conveniently arranged as a 2D
batch for faster processing.

Performance (in AUROC) of these 12 methods on the above four image datasets is shown
in Table 3.

Performance (in AUROC) of seven MIL aggregation schemes on the Cirrus dataset is shown
in Table 4.

Table 3 lists the AUROC scores (averaged over three independent runs) of the 12 methods
on the four datasets. All methods with an extra convolutional layer on top of a pretrained
model performed well. The benefits of using pretrained models are confirmed by the
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performance gap between ResNet34-scratch and others. The two image pyramid methods
performed significantly worse on some datasets, although they consumed twice as much
computational time and GPU memory as other methods. MIMS-CNN almost always
outperformed other methods.

The inferior performance of the two *-patchcls models demonstrated the advantages of
top-k pooling for MIL. To further investigate its effectiveness, we trained MIMS-CNN on
Cirrus with six MIL aggregation schemes: average-pooling (mean), max-pooling (max),
top-k pooling with k = 2, 3, 4, 5, and an instance-based MIL scheme: max-pooling over
slice predictions (max-inst).

As can be seen in Table 4, the other three aggregation schemes fell behind all top-k
schemes, and when k increases, the model tends to perform slightly better. It confirms
that embedding-based MIL outperforms instance-based MIL.

Table 3
Methods | Cirrus | Spectralis ‘ MMD ‘ CRC-MSE | Ave,
MI-Pre 0.574 0.606 0,956 (1880 0.829
Pyramid MI-Fre 0.638 (.371 0,065 £ 0LF0T
MLFPre-Conv 0.872 (3.890 0.961 0,448
MIMS-NoResizing 0.856 0.975 0.961 0.942
Pyramid MIMS 1,548 L8881 3,966 0.842
MI-Pre-Trident .930 1.600 2,966 0.848
SE-CONN 0.0%3 1.000 0.972 0.859
FeatPyra-4,5 0.4955 0,991 (3.974 3.952
ResNet3d-seratch .69 0.734 3.824 366 0.731
MIMS 0.986 1.000 0.972 (1.901 0.965
MIMS-patclicls 0.874 0.722 / !
MI-Pre-Conv-padchels 0.764 (0227
Table 4
©Methods mean | max | max-inst | A=2|khk=3 k=4 |Lk=0

AUROC on Cirrus | 0.8209 | 0.960 0.975 6,950 | D.O8%0 | 0980 | 0.986

Many modifications will be apparent to those skilled in the art without departing from the
scope of the present invention.

Throughout this specification, unless the context requires otherwise, the word "comprise",
and variations such as "comprises" and "comprising", will be understood to imply the
inclusion of a stated integer or step or group of integers or steps but not the exclusion of
any other integer or step or group of integers or steps.
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The reference in this specification to any prior publication (or information derived from it),
or to any matter which is known, is not, and should not be taken as an acknowledgment
or admission or any form of suggestion that that prior publication (or information derived
from it) or known matter forms part of the common general knowledge in the field of
endeavour to which this specification relates.
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CLAIMS

1. A computer-aided diagnosis (CAD) system for classification and visualisation of a 3D
medical image, comprising:
a classification component comprising a 2D convolutional neural network
(CNN) that is configured to generate a prediction of one or more classes for 2D
slices of the 3D medical image; and
a visualisation component that is configured to:
determine, for a target class of said one or more classes, which slices
belong to the target class;
for each identified slice, determine, by back-propagation to an
intermediate layer of the CNN, a contribution of each pixel of the identified
slice to classification of the identified slice as belonging to the target class;
and
generate a heatmap that provides a visual indication of the
contributions of respective pixels.

2. A CAD system according to claim 1, wherein the visualisation component is further
configured, for each identified slice, to:

set a classification loss for the target class to be a first value, and for all
other classes to be a second value that is different to the first value;

compute, from the classification loss, error gradients;

backpropagate the error gradients to the intermediate layer of the 2D CNN;
and

determine, from the gradient tensor at the predetermined intermediate
layer, an input contribution matrix representing the relative contributions of

respective regions of the 2D slice to the class probability of the target class.

3. A CAD system according to claim 2, wherein the visualisation component is
configured to generate the heatmap from the input contribution matrix.

4. A CAD system according to any one of the preceding claims, wherein the
visualisation component is further configured to cause a display to render the heatmap as
an overlay on the identified slice.

5. A CAD system according to any one of the preceding claims, wherein the 2D CNN
comprises:
a first convolutional neural network (CNN) component configured to extract a set
of primary feature maps from 2D slices of the 3D image;
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a multi-scale feature extractor configured to generate a set of secondary feature
maps from the primary feature maps, wherein the multi-scale feature extractor
comprises:

a plurality of resizers, respective resizers being configured to generate
respective resized feature maps, each resizer being characterised by a different
size parameter; and

a plurality of convolution filters configured to generate the secondary feature
maps from the resized feature maps;

a pooling component configured to generate a feature vector from the secondary
feature maps; and

a classifier configured to generate one or more class predictions for the 3D image

based on the feature vector.

6. A CAD system according to claim 5, wherein the pooling component comprises a top-
k pooling layer that is configured to:
determine the top k values across the secondary feature maps for each of a
plurality of convolutional channels, where k >= 2; and
compute a weighted average of the top k values.

7. A CAD system according to claim 5 or claim 6, wherein the classification component
is configured to apply the same set of convolution filters to resized feature maps having
different respective size parameters.

8. A CAD system according to any one of claims 1 to 7, wherein the CNN is configured
to perform a device adaptation operation in accordance with a device identifier of a device
by which the 3D image was captured.

9. A CAD system according to claim 8, wherein the device adaptation operation
comprises obtaining parameters of at least one affine transformation for said device, affine
parameters of the affine transformations being optimized by backpropagation of loss
gradients; and applying the at least one affine transformation to reweight features in an
intermediate layer of the CNN,.

10. A CAD system according to any one of claims 1 to 9, further comprising a training
component that is configured to:
obtain a training data set comprising a plurality of 3D training images, each 3D
training image having associated therewith an overall class label;
for each 3D training image:
generate a plurality of 2D input images from the 3D training image, each
2D input image being assigned the overall class label;

pass the 2D input images to the CNN; and
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applying backpropagation to a loss function for a classifier of the CNN to thereby
train the CNN.

11. A CAD system according to claim 10, wherein the training data set further
comprises 2D training images, and wherein the 2D training images are passed to the CNN
to generate class predictions for the 2D training images.

12. A computer-aided diagnosis (CAD) method, comprising:

receiving a 3D medical image;

generating a prediction of one or more classes for 2D slices of the 3D
medical image using a 2D convolutional neural network (CNN);

determining, for a target class of said one or more classes, which slices
belong to the target class;

for each identified slice, determining, by back-propagation to an
intermediate layer of the CNN, a contribution of each pixel of the identified slice to
classification of the identified slice as belonging to the target class; and

generating a heatmap that provides a visual indication of the contributions
of respective pixels.

13. A CAD method according to claim 12, further comprising, for each identified slice:

setting a classification loss for the target class to be a first value, and for all
other classes to be a second value that is different to the first value;

computing, from the classification loss, error gradients;

backpropagating the error gradients to the intermediate layer of the 2D
CNN; and

determining, from the gradient tensor at the predetermined intermediate
layer, an input contribution matrix representing the relative contributions of

respective regions of the 2D slice to the class probability of the target class.

14, A CAD method according to claim 13, wherein the heatmap is generated from the

input contribution matrix.

15. A CAD method according to any one of claims 12 to 14, further comprising causing
a display to render the heatmap as an overlay on the identified slice.

16. A CAD method according to any one of the preceding claims, wherein the 2D CNN
comprises:
a first convolutional neural network (CNN) component configured to extract a set

of primary feature maps from 2D slices of the 3D image;
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a multi-scale feature extractor configured to generate a set of secondary feature
maps from the primary feature maps, wherein the multi-scale feature extractor
comprises:

a plurality of resizers, respective resizers being configured to generate
respective resized feature maps, each resizer being characterised by a different
size parameter; and

a plurality of convolution filters configured to generate the secondary feature
maps from the resized feature maps;

a pooling component configured to generate a feature vector from the secondary
feature maps; and

a classifier configured to generate one or more class predictions for the 3D image

based on the feature vector.

17. A CAD method according to claim 16, wherein the pooling component comprises a
top-k pooling layer that is configured to:
determine the top k values across the secondary feature maps for each of a
plurality of convolutional channels, where k >= 2; and
compute a weighted average of the top k values.

18. A CAD method according to claim 16 or claim 17, wherein the classification
component is configured to apply the same set of convolution filters to resized feature
maps having different respective size parameters.

19. A CAD method according to any one of claims 12 to 8, wherein the CNN is
configured to perform a device adaptation operation in accordance with a device identifier

of a device by which the 3D image was captured.

20. A CAD method according to claim 19, wherein the device adaptation operation
comprises obtaining parameters of at least one affine transformation for said device, affine
parameters of the affine transformations being optimized by backpropagation of loss
gradients; and applying the at least one affine transformation to reweight features in an
intermediate layer of the CNN.

21. A CAD method according to any one of claims 12 to 20, further comprising training
the CNN by:
obtaining a training data set comprising a plurality of 3D training images, each 3D
training image having associated therewith an overall class label;
for each 3D training image:
generating a plurality of 2D input images from the 3D training image, each
2D input image being assigned the overall class label;

passing the 2D input images to the CNN; and
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applying backpropagation to a loss function for a classifier of the CNN to thereby
train the CNN.

22. A CAD method according to claim 21, wherein the training data set further
comprises 2D training images, and wherein the 2D training images are passed to the CNN

to generate class predictions for the 2D training images.

23. A non-volatile computer-readable storage medium having instructions stored
thereon for causing at least one processor to perform a method according to any one of
claims 12 to 22.



