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Machine learning for diagnosing knee ligament injuries

CNN for analysing deformation in the knee joint during clinical examination
ALICE NILSSON

LINN SODERHOLM

Department of Electrical Engineering

Chalmers University of Technology

Abstract

This thesis investigates if and how artificial intelligence can be used for diagnosing
knee ligament injuries. With current diagnostics for both dogs and humans there is
a lack of methods to objectively assess the knee joint. A new technology provides
vector fields of movement during clinical examination by recording a patient’s knees
while care personnel perform diagnostics. This thesis intends to investigate if the
vector fields obtained from dogs with cranial cruciate ligament injury can be classi-
fied using CNN with the objective of diagnostics. A small dataset consisting of 27
pairs of knees originated from 15 different dogs was provided. An ablation study
was designed to evaluate networks, augmentation, transfer learning, learning options
and which information from the vector fields were suitable to be used. A machine
learning system was implemented mainly using Python and the framework PyTorch.
The study demonstrates the importance of using augmentation when provided with
a small dataset. One constructed model taking a pair of knees as input achieved an
accuracy of 94 % when classifying which of the knees was injured. A second model
only using a single knee as input achieved an accuracy of 88 %. This study shows
that machine learning has potential to be used for diagnosing knee ligament injuries.

Keywords: Machine learning, CNN, knee joint, dataset, augmentation, transfer
learning, image classification, CCL, ligament.
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Glossary

Ablation study A method to investigate how different components affects the per-
formance of a machine learning system.

ACL (Anterior Cruciate Ligament) Ligament in the human knee joint.

Anterior drawer A clinical examination method to diagnose anterior cruciate lig-
ament in humans.

AUC (Area under the ROC curve) This is the area under the ROC curve and
give a measurement of a classifiers performance.

CAM (Class activation map) Maps which part of input data is responded by a
neural network to when classifying.

CCL (Cranial Cruciate Ligament) Ligament in the dog knee joint.

Cifar10 A dataset containing images of different types of generic objects.

CNN (Convolution Neural Network) Neural network with at least on convo-
lutional layer.

Cranial drawer A clinical examination method to diagnose cranial cruciate liga-
ment rupture in dogs.

Damage map Matrices containing complete in-plain strain field and displacement
field for movement occurring on skin of a knee joint during clinical examination
for diagnostics of knee ligament injuries.

GAP (Global Average Pooling) A network layer type performing global aver-
age pooling.

Laxity Looseness during movement in joints.

Max-pooling A method used for down-sampling in CNN.

PyTorch Python framework for performing machine learning.

ReLU (Rectified Liniear Unit) An activation function.

ROC (Receiver operating characteristics) Plot illustrating the diagnostic abil-
ity of a classifier.

ROI Region of interest

Sensitivity A performance measurement of correctly identifying positive tests.

SGD (Stochastic Gradient Descent) An optimiser used to update weights of
network.

Softmax A function to normalise the output from a CNN to a probability distri-
bution.

Specificity A performance measurement of correctly identifying negative tests.

Strain Relative displacement.

Supraphysiological Greater than normally found in the body.
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1

Introduction

With current diagnostics of knee ligament injuries there is a lack of methods to
objectively assess the laxity of the knee joint. Finding a solution for this problem
was researched in a bachelor thesis during the spring of 2020 [1]. The bachelor thesis
suggests a method that involves recording of a patients knees during diagnostic tests
performed by medical personnel and use images analysis to follow the movement
during tests. The movement occurring on the outside of the knee was used for
an objective measurement of the laxity as complement to the clinicians subjective
assessment. The new technology provides vector fields of movement during clinical
examination and can be used to assess all ligaments in the knee joint.

The vector fields are currently illustrated as heat maps for manual interpretation of
the laxity, see Figure 1.2. In this thesis it will be researched if artificial intelligence
can be used for automating the interpretation of the vector fields from the new
technology. Artificial intelligence is currently being investigated in a broad range of
applications for clinical diagnostics.

1.1 Clinical background

The knee joint is often described as one of the most advanced joints in the body.
For this reason, the knee is also one of the most injured joints [2]. Ligament in-
juries in knees often present in a distinguishing way allowing higher laxity (loose-
ness during movement) in injured knee joints. Diagnostics by clinical examination
is performed by medical personnel to identify increased laxity by firmly provoking
excessive movement that would indicate an injury by pulling or pushing the lower
leg from the upper leg [3]. The diagnostic tests include a series of tests for evaluating
different ligaments and the tests are usually done on both knees for comparison [4].
One test to identify injury to the anterior cruciate ligament (ACL) is the anterior
drawer test. The assessment is based on the test executioner’s perception which is
often dependent on experience [5]. Diagnostics of these injuries can be problematic
due to individual differences in natural laxity and subjective assessment.

For dogs one of the most common reasons for limping is an injury to the cranial
cruciate ligament (CCL). The clinical examination method for this injury is the
cranial drawer test [6] which is similar to the anterior drawer test for humans. The

3



1. Introduction

difficulties with this test are also alike the ones for humans, the test is hard to
interpret due to different experience between veterinarians and the various laxity
for different breeds but also individual difference for all dogs.

1.2 Current research

A clinical study is performed by Chalmers University of Technology and University
of Gothenburg to evaluate the technology. The purpose of the study is to collect
recordings from human subjects with knee ligament injuries confirmed using MRI
and/or clinical investigation. For each subject included in the study one analysis for
each knee and each clinical test performed is collected with related meta data such
as age, weight and date of test and injury is collected.

The technology is under development by the start-up company Kneedly AB and is
further referred to as the Kneedly method. The company is currently doing a study
in collaboration with veterinary clinics to investigate the technology’s ability to be
used on dogs as a tool for diagnostic aid for veterinarians. Recordings of the cranial
drawer test is collected together with data such as diagnose, breed, and weight. The
Kneedly method is used on the recordings. The collected data from this study will
be available to this thesis.

The vector fields provided from the Kneedly method is further referred to as damage
maps. The process of collecting damage maps from clinical tests are presented in
Figure 1.1.

Record knee Anal.yze recording us- Save vector fields

movement during] }Eng 1r{1agi“etprocess,1tng as damage maps

clinical tests. 0 calcuiating vector with related pa-
fields. tient data.

Figure 1.1: Process for collecting damage maps.
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The contents of the damage maps are the complete in-plain strain field and displace-
ment field. These fields are represented by matrices of size 15 x 30. Content of the
damage maps is compiled in Table 1.1.

Table 1.1: Contents of damage map

| Property: | Data type: |

Displacement in x-direction | 2D-vector matrix [pixels]

Displacement in y-direction | 2D-vector matrix [pixels]

First principal strain 2D-vector matrix [unit less]
Horizontal strain 2D-vector matrix [unit less]
Vertical strain 2D-vector matrix [unit less]
Shear strain 2D-vector matrix [unit less]
Maximum shear strain 2D-vector matrix [unit less]

Assessing the damage maps is manually done by plotting the first principal and/or
the maximum shear strain for a patient’s both knees. The first principal strain
was found to be the most illustratively measurement for manual interpretation of
human knees [1]. The maximum shear strain is the most illustratively measurement
for manual interpretation of dog knees. Figure 1.2 show the first maximum shear
strain from damage maps of a dogs both knees. This dog has an injury on the right
CCL which results in higher strains indicate by more red colour.

pr N
- ¥

(a) Damage map of left healthy (b) Damage map of right injured
knee. knee.

Figure 1.2: Heat map of maximum shear strain from a dog with a CCL injury on
the right knee.

1.3 Aim

The aim of this thesis is to develop a system that can classify damage maps to
identify healthy and injured knees. The classification will be based on machine
learning using an annotated dataset. The work includes preparing the dataset and
modelling of various networks and options for training to achieve high accuracy.
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1.4 Specification of issue under investigation

To fulfil the aim of this thesis the following questions will be investigated and an-
swered:

o Accuracy - How well does a convolutional neural network classify damage maps
with the aim of providing a diagnosis?

e Model - Which neural network (in terms of architecture, previous training,
etc.) is suitable for classification?

o Input fields - Which information in the datasets are suitable as input? (Should
a patient’s both knees be used as input, which vector fields of the damage maps
should be used, etc?)

» Standardisation - How should the damage maps be standardised to be suitable
as input for machine learning?

o Augmentation - What are suitable methods to extend the dataset?

1.5 Limitations

e Only human patients with one injured and one healthy knee will be included
in the dataset due to the ethical approval for conducting the study from where
the data is collected.

e Only dogs with one healthy and one injured knee with tests performed under
anaesthesia will be included in the dataset due to the methodology of study
from where the data is collected.

o The damage maps are expected to have adequate accuracy and will not be
investigated in this thesis.

o The labelled diagnoses corresponding to damage maps in the dataset are as-
sumed to be correct.
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Theory

With the goal of implementing intelligence to machines artificial neural networks
mimic biological neural networks in the central system of the human brain. Artificial
neural networks (ANN) were first described in articles over 50 years ago and during
the last 20 years the topic has been, and still is, heavily researched. One of the
many applications and potentials of ANN’s are for it to be used in the medical field
with diagnostic purpose [7].

2.1 Neural networks

Artificial neural networks used for classification which are further described in this
section consists of multiple layers including one input layer, hidden layers and one
output layer [7] (see Figure 2.1). Each layer consists of multiple neurons which
in turn has weights, biases, and an activation function [8]. Data handled by a
network is often referred to as a tensor which is an array that can be of any size and
dimension [9]. For networks classifying colour images the input tensor is typically a
three-dimensional array [9].

Input layer Hidden layers Output layer

|

Figure 2.1: Structure of an artificial neural network. From [10]. CC-BY.



2. Theory

2.1.1 The neuron

The human brain consists of 86 billion neurons [11], each of them connected to
multiple other neurons. A human neuron is illustrated in Figure 2.2. A neuron
receives signals to its dendrites and sends signals through its axon terminal to other
neurons [8].

Myelin sheath Cutput points = synapses

Myelinated axon trunk

—5 —
- -

Inputs

Ingut points = synapses

Figure 2.2: Human neuron. From [12] CC BY-SA 3.0.

The human brain is mimicked to perform artificial intelligence by connecting artifi-
cial neurons. The artificial neuron, illustrated in Figure 2.3, gets inputs signals, z,,,
from input data or from other neurons. Each input signal is weighted by multiply-
ing the input with weights, w,;, and summed together. An activation function, ¢,
determines which output value, o;, should be passed on to subsequent neurons [8].

51— ()

52— () t
net;

5 ()

Figure 2.3: Artificial neuron. From [13] CC BY-SA 3.0.
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2.1.2 Network layers

Artificial networks consist of neurons structured in layers. The layers consist of
neurons structured in different ways to perform the process of training, learning,
and classifying the input data [7]. An example of a neural network containing all
the different components explained in this section is illustrated in Figure 2.4.

ReLU activation
¥ Max pooling

" RelU activation

ReLU activation

/’
¥

Max pooling
Max pooling
&«
- A
A 32 ® s Fully connected layer
' AP with softmax and

Convolutional layer

with 32 filters 3 output classes

Fully connected layer
32 output channels

; Convolutional layer
4@»,;, with 16 filters

Convolutional layer
with 8 filters

Figure 2.4: Example of a convolutional neural network. The example input image
is retrieved from the Cifar10 dataset [14].

There are different kinds of hidden layers in a neural network including convolutional
layers, pooling layers, and fully connected layers [9]. Depending on the layer the
tensor is passing through it is shifted in size [9].

Padding can be used to increase the size of the tensor either before the input layer
or between layers. A pooling layer can be used to reduce the dimensions of the
tensor passing through the network. The most common pooling operation is max
pooling. Average pooling is another option that is less widely used. By choosing
the maximum value of a region of the tensor and using this value to create a new
tensor with smaller height and width a smaller tensor is produced and used to for
layers further on in the network [9].

A convolutional layer takes in a tensor, uses a kernel to perform convolution, and
produces a new tensor which is passed on to the next layer. The output of a
convolutional layer is dependent on the size of the kernel, the stride and optional
padding. An activation function is often applied after convolution. One activation
function is the rectified linear unit (ReLU) which is used for adding non-linearity

[9].

Fully connected layers, also called dense layers, are layers where all neurons are
connected to all neurons in the previous layer [9]. The output layer is a layer
consisting of neurons which are trained to perform the final classification of the
tensor that has been processed from the input layer and through the network via
the hidden layers. Fully connected layers are often used provide classification by an
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output of the last layer. The outputs from the last fully connected layer are equal
to the number of classes. The activation function for the last fully connected layer
is often a softmax function [9]. The softmax activation function sums the output to
one by dividing each class output by the summation of all the class outputs. The
output of a softmax function is hence the probability of an output class [15].

2.1.3 Convolutional neural network

A structure that contains at least one layer performing convolution is called a con-
volutional neural network (CNN) [16]. The first layers of a CNN tend to learn to
distinguish basic features such as identifying edges and colour changes and the later
layers learn to identify high-level specifics for the classification problem [17].

A CNN is a type of neural network conventionally used to solve image classifica-
tion problems [17]. CNNs can achieve very high accuracy for image classification
problems when provided large amount of training data and deep network structures
[17]. The problem of obtaining these results is often dependent on that there are
not enough data to train the network [17]. Input of the same dimension is required
for most CNN. Option to obtain this is to use cropping to decrease the dimension
of a tensor or to use padding to increase the dimension [18].

2.2 Training of neural networks

Networks are usually initialised with random weights and biases [8]. When training
the network the weights, w,,; (see Figure 2.3), are updated and some neurons in the
network become more important [8]. This is how the network learns. There are
several options for training which is outlined in this section.

2.2.1 The backpropagation algorithm

The method of updating weights for improved accuracy is often using the back
propagation algorithm. The first step is called feedforward. During this stage a
labelled input is passed through the network and the output is computed with the
current weights of the network. The output is compared to the correct label of the
sample and in this way the prediction error is calculated [8]. A loss function is used
to calculate the prediction error. Different loss functions are described in Section
2.2.3.

The second step is using the prediction error and propagate it backwards through
the network. Some optimiser is used to update the training parameters to minimise
the error of the loss function [8]. Different kinds of optimiser are described in Section
2.2.4.

10



2. Theory

2.2.2 Learning process

The feedforward and backpropagation steps are redone, and the network is hence
trained. A learning rate is determining how much the weights and biases are changed
in the direction of the optimiser’s result for one round of feedforward and backprop-
agation [8]. The learning rate can be adjusted when training. A low learning rate
is suitable for small datasets [17].

To evaluate the models performance on data unseen during the training process the
dataset is split into a training set, a validation set and, a test set [19]. When the
model is trained on one dataset is should be evaluated on another dataset. To fairly
evaluate a model testing should be done on unseen samples of which the model has
not been trained to classify [8].

Overfitting is when the model is well fitted to the training data but performs badly
on unseen samples [8]. When training a neural network on small datasets there
is an increased risk of the network becoming overfitted and only perform well on
the training data [20]. The risk for overfitting can be reduced by using a method
called dropout [21]. Dropout is a process where some of the neurons in the network
are randomly disabled while training. All parts of the network are hence forced to
detect certain features. Hinton et al. investigated this technique and found that
using a probability of 50 % that a neuron becomes disabled in the hidden layers
and a probability of 20 % that a neuron in the input layer becomes disables while
training improved performance [21].

The number of epochs is the number of times the whole dataset is passed through the
network during a training process [22]. The number of epochs suitable for a training
process is varying. If too few epochs are performed the model cannot be adequately
trained while to many epochs can cause overfitting [23]. To identify overfitting a
training graph displaying the training loss and validation loss can be used [7]. If the
model starts to perform much better on the training data than on the validation
data, this is an indication that the model learns to perform well exclusively on
the training data. Figure 2.5 illustrates the training process of a model becoming
overfitted. By finding the point where the validations loss increases and the test
loss continues to be stable, identification of suitable number of epochs is done by
looking at the x-axis.
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Figure 2.5: Training graph illustrating a neural network trained an excessive num-
ber of epochs causing overfitting. Modified from [24]. CC-BY.

The batch size is another parameter that affects the learning process. Batch size

refers to the number of samples sent to the network for
[22].

2.2.3 Loss functions

one iteration during training

Following equations lists a subset of loss functions that can be used. y is the true
label and o is the predicted one-hot encoded label from the network. (-)® is the i

dimension of vector (-).

Least absolute deviations or £;-loss is defined as,
£i= Yy - o] 25
J
Least squared error or Lo-loss is defined as,

Lo =3y — o) [29],

J

Cross entropy loss Lo, is defined as,

where o is a probability estimate [25].
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2.2.4 Optimisers

To optimise the performance of a neural network the weights are adjusted. A com-
mon method is to use gradient descent which updates the model’s parameters, 6, by
calculating the gradient of an objective function J(6) and updating the parameters
in the opposite direction of the gradient [26]. Typically, the objective function is
a loss function. Various loss functions are described in Section 2.2.3. The learning
rate is denoted as 7.

The simplest type of gradient descent is batch gradient descent [26] which updates
the parameters using the entire dataset,

Qt—‘rl = 91& —n: VQJ(Q) (24)

Another option is to update the weights of the model using stochastic gradient
descent (SGD) [26]. In contrast to batch gradient descent, SGD updates the param-
eters for every sample z; and label y;,

9t+1 - (9,5 -n: VHJ(ea Li, yl) (25)

Stochastic gradient descent with momentum [26] is another variation of gradient
descent. This can reduce oscillation in the stochastic gradient descent function and
decrease the time it takes for the function to converge. It is implemented by adding
a scaling factor v of the previous gradient descent vector which is used to update
the current gradient descent vector,

vy = yvi—1 + Ve J(0) (2.6)

0,5_;,_1 = 9,5 — Ug. (2

A common value for this scaling factor v is 0.9 [26].

Adam is another algorithm for gradient-based optimisation. This method is gen-
erally suitable for problems that are large in terms of training data and network
parameters [27].

2.3 Augmentation

One of the challenges of deep learning is the need for large datasets for sufficient
accuracy [28]. Data augmentation is used to enlarge the amount of data available
for training by producing synthetic variations of the original dataset [29] [30] [31].
This is a common way of increasing robustness [29] and reduce risk of overfitting on
a specific dataset for a classifier [30]. It is not possible to conclude what augmenta-
tion is suitable for a specific dataset and network structure before testing it in the
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intended application [31]. In the following sections various kinds of augmentation
methods are presented.

2.3.1 Geometric transformations

Matrix manipulation for the cause of creating augmented data to increase the size
of a dataset include various affine transformations [31]. Affine transformations are
a type of geometric transformations which is used to perform mirroring, rotation,
scaling and shearing of a matrix [32, pp. 101-102].

An affine transformation has the general form,

ti1 t12 0
z oy 1 =[v w |T=[v w 1] [ta t» 0|[32,p. 102  (28)
t31 t32 1

By setting the parameters ¢;, to different values the different transformations can
be performed. Table 2.1 lists different configurations of the affine transformation
matrix T" to perform different transformations.

Table 2.1: Different values of the transformation matrix T' to perform different
types of transformations [32, p. 102].

’ Transformation: ‘ Transformation matrix T': ‘ Description: ‘

[ cos®  sinf 0]
Rotation —sinf  cosf 0 Rotates with angle 6.
| 0 0 1]
[—1 0 0]
Mirroring 0 10 Flips matrix around x-axis.
|0 0 1]
¢, 0 0] Changes scales in x and y
Scale 0 ¢ O direction by setting c,
10 0 1 and ¢, respectively.
1 s 0] Shear in vertical and
h horizontal direction by
Shear s, 1 0 .
setting s, and sj
0 0 1
- - to non-zero.

2.3.2 Contrast and noise manipulation

In addition to the geometrical transformations matrix manipulation can also be
performed by using techniques such as adding noise [33]. Augmented images for
improving accuracy of classification problems can also be created by increasing the
contrast of the images by identifying high and low values and stretching intensity
levels [31].
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2.4 Transfer learning

Transfer learning is an effective solution for improving performance of a neutral
network when training with limited training data [34] [28] [17] [35]. In transfer
learning the model is pre-trained on other dataset what is to be classified by the
model and then inherit weights, in this way the model does not have to learn all
features from the beginning. Instead of initialising the network with e.g. random
weights the pre-trained weights are used [34] [28] [35]. ImageNET which consists of
~ 14,000,000 images [36] is an example of dataset often used for transfer learning
[37].

In transfer learning fine-tuning of the parameters of an already trained network
is performed. Fine-tuning can be done in two main approaches, deep tuning and
shallow tuning. In deep-tuning none of the parameters in the layers are frozen
between pre-training and fine-tuning. In shallow-tuning some of the layer parameters
are frozen and the parameters are only trained to be updated in the remaining layers
[35].

Shallow tuning reduces the number of trainable parameters to train on the dataset
and improves the performance [34]. The last layers in the model are trained on the
dataset for the specific classification problem which optimises the network for the
specific dataset [34]. One important aspect to consider for a well balanced transfer
learning is the number of layers should be inherited from previous training and which
should be fine-tuned for the specific classification problem [34] [28].

2.5 Evaluation of machine learning models

When available dataset is small it can be difficult to divide the dataset into training-,
validation- and test sets since it is not affordable to exclude part of the data when
training the model. A common method to overcome this problem is to use cross
validation. In k-fold cross validation the complete dataset is divided into k subsets.
The model is it trained on all but one of the k subsets, the one subset excluded from
training is used for validation. The training process is done k number of times and
different subsets are held out of the training and used for testing. The mean of the
performance from all training processes is used to evaluate the model. Using this
approach, all data can be used for training and the model can be evaluated on all
the available data [8].

Machine learning models can be evaluated using several measurements. These mea-
sures are often derived from the parameters in a confusion matrix illustrated by
Table 2.2 [38]. The matrix contains predicted classes compared to the true classes.
True positive (7,) is the number of persons with an injury that are correctly pre-
dicted and false negative (F},) is the number of persons with a disorder which are
incorrectly predicted as not having a disorder [39]. True negative (7,) is the num-
ber of persons without a disorder correctly predicted and false negative (F},) is the
number of persons without a disorder which are incorrectly predicted as having a
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disorder [39].

Table 2.2: Confusion matrix illustrating the comparison measures between pre-
dicted and true classes.

Predicted classes:

Positive: Negative:
o ;J;.; Positive: | True positive (7,) | False negative (F,) r(l‘gi?l count positive
2 % Negative: | False positive (F,) | True negative (7},) '(l‘gta)ﬂ count negative
The accuracy of a machine learning model is defined as,
Accuracy — Correctly predicted T, + T, 38). (2.9)

Total number of samples ~ C,, + C,,

Sensitivity, P(T},), is defined as,

T
P(T,) = P . 2.1
(1) = g B9 B9 (2.10)
Specificity, P(T,), is defined as,
P(T,) = L 39] [38] (2.11)
YT, 4+ F, ' ‘

A common method to evaluate how a model performs for different operating points
is to analyse the receiver operating characteristic (ROC) and the area below the
ROC curve (AUC) [38]. The ROC curve is created by plotting the probability of
false positive P(F),) on the y-axis and the probability of true positive P(7},) on the
x-axis for different operating points [38].
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The AUC value is calculated by integrating over the ROC curve. This can be done
by using trapezoidal integration [38]. Figure 2.6 illustrates examples of ROC curves.
The perfect ROC curve intersects the point (1,1) and has an AUC=1. The curve
equal to guessing has an AUC=0.5.

Example ROC curve

0.8 1

o
o
L

o
IS
L

True positive rate

o
S}

0.0 1

T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0
False positive rate

Figure 2.6: Example of a ROC curve.

2.6 Medical machine learning

Machine learning for medical purposes is currently being researched in several fields
including skin cancer detection [40], patient—ventilator asynchronous detection [37],
cardiovascular images registration [34], electrocardiogram [41] etc. Artificial intelli-
gence has been shown to match the performance of health care professional in several
studies [42].

One of the challenges of deep learning in many settings, e.g. the medical field, is the
need for large datasets for sufficient accuracy [28] [43]. CNNs requires large amount
of data to perform well but large datasets with annotations is within the medical field
expensive to obtain due to time-consuming work annotating the samples requiring
expertise knowledge [43].

Within the skin cancer field there is a large dataset available online, International
Skin Imaging Collaboration (ISIC), with the goal of providing digital images to
reduce mortality for skin cancer [44]. Small datasets are problematic for several
cases of machine learning for medical purposes. Transfer learning is widely used
but is relatively new to medical machine learning but it has shown to contribute to
better solutions for classification [34] [37]. Good performance has also been achieved
despite small amount of training data. Binary image classification has successfully
been done on small datasets of only 200 images by Schouten et al. [45] who used
a CNN to classify blood cells into non-malignant leukocytes and other blood cells
with good results.

One of the issues with AI within the medical field is that there is communication
barrier between Al and health care givers [40]. The diagnostic aid of machine
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learning is often seen as a “black box solution” and the lack of interpretability
can result in health care personal not trusting the software [46].

2.7 Clinical performance

Sensitivity and specificity presented in Section 2.5 are commonly used to assess the
clinical performance of diagnostic methods [47]. The sensitivity and specificity of the
anterior drawer test was investigated by Ostowski in a literature study and concluded
that the sensitivity is reported as ranging from 18 % to 92 % and specificity from
78 % to 98 % [48]. Other diagnostic methods which use digital assessment methods
for diagnostic of human knee ligament injuries are compiled in Table 2.3.

Table 2.3: Sensitivity and specificity of digital diagnostic methods used for diag-
nosing of knee ligament injuries in human care.

’ Method /Product: \ Sensitivity: \ Specificity: ‘
KiRA (Accelerometer) 59 % [49] 82 % [49]
iPad-application (Pivot) 71 % [49] 71 % [49]
Electromagnetic tracking of pivot shift 79 % [49] 91 % [49]
Magnetic resonance imaging (MRI) 95.5 % [50] | 91.7 % [50]

The sensitivity for the cranial drawer test to identify injury to the CCL in dogs
is reported to be 60 % for conscious patients and 90 % for sedated patients. The
sensitivity is dependent on multiple factors such as experience of veterinarian and
the severity of the injury [6]. In one study the cranial drawer test had a specificity
of 98 % while performing the examination on sedated dogs [51].
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2.8 Class activation maps

Class activation maps (CAM) is used for obtaining understanding of CNNs by il-
lustrating which part of the image the model has responded to for classifying [37].
This is done by mapping the region in an input image that is used, by a trained
CNN;, to categorise an image in an output class [52] . One method is to perform
global average pooling on the feature maps of the convolution and use the features
to, with fully connected layer, produce an output and perform classification [52].
Regions of the input images that has been important in the classification process is
be mapped by projecting the weights of the output backwards. CAM enables object
localisation by highlighting different parts of images. CAM has potential to improve
understanding and hence trust of neural networks, an important aspect to consider
for image analysis within the medical field [52] . Figure 2.7 illustrates how CAMs

are generated from an CNN.
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(glaucoma)

Figure 2.7: CAM to final layer of CNN model. From [53]. CC-BY.
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Preparation details

This chapter aims to outline the method used for constructing necessary prepara-
tions in order to create a foundation for evaluating different settings of network ar-
chitecture, augmentations, learning options, transfer learning and input fields. The
components of the machine learning systems evaluated in this thesis were mainly
implemented in Python using the framework PyTorch [54].

A flexible software system was implemented with options to exchange different parts
to allow for evaluating and adjusting different options. Figure 3.1 illustrates the
architecture of the software. The construction of the solid blocks is described in
this chapter and was done as prerequisites for evaluating various machine learning
models. The dashed blocks are described in Chapter 4 and was exchanged to test
different combinations of augmentations, network architectures and training options.

Base Trainer

3 et | im | |
Datset ' ug@enta —> ram  Network ~——  Tester
' tion ' i loader ! !

{| Validation
Loader

Accuracy

Test
Loader

Figure 3.1: Architecture of constructed system. Solid blocks were prerequisites
for testing various machine learning models. Dashed blocks were components which
were exchanged to obtain various configurations.
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3.1 Dataset

Loading the datasets to PyTorch was done by implementing a custom PyTorch
dataset-class inheriting from torch.utils.data.Dataset named KneeDataset.

The provided files which were generated from performing the Kneedly-method were
damage maps stored as Numpy uncompressed archives sorted in a directory structure
containing a folder for each sample and JSON-formatted files containing meta-data
including the label of the injury. The labels were L or R corresponding to if the left
or right knee was injured. The dataset was stored according to the file structure in
Figure 3.2.

dataset
L1
L.npz
R.npz
label. json
L2
L.npz
R.npz
label. json
| _n...

Figure 3.2: File structure of dataset.

The region of interest, used to track movement in the video sequence from the
diagnostics test, in the Kneedly method did not have a specified size. Producing
the dataset for this thesis was done by adding a feature to the Kneedly method to
fix the region of interest to 15 x 30 points as most CNNs are designed with a fixed
input size [18].

To allow for the same code to be used to evaluate different input fields, network
structures and to reduce bias (see Section 3.1.3) the KneeDataset was provided
with several options:

o fields: Allowed for extracting different lists of matrix fields from the dataset.
Created possibility to evaluate which information should be used as input to
the system.

e single_damage _map: Allowed for setting if only one damage maps from either
side should be outputted. This allowed for testing networks which takes a
single damage map as input. When only outputting one damage map, left
knees were mirrored so that all outputs were alike.

e equal_injury_probability: Allows for setting if the dataset should be ma-
nipulated so that the probability of injury in right or left knees should be equal.
The manipulation was done by transforming knees to mimic the patient’s other
knee, see Section 3.1.3 for details.
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3.1.1 Extending the dataset

Acquiring as much data as possible was crucial due to the limitation of data avail-
able. To extend the data a solution applicable of this specific project was to generate
multiple samples from one test subject. When performing the clinical test conven-
tionally the test executor performs the test multiple times. When recording the
tests for the Kneedly method multiple test sequences was hence often recorded. By
editing the recordings to extract several test sequences multiple damage maps was
generated.

3.1.2 Awvailable data

The different datasets from the Kneedly method used in the projects are presented
in Table 3.1. The dog_cranial drawer was the dataset used for evaluation in this
thesis.

Table 3.1: Datasets available acquired from both dog and human subjects.

\ Name: \ Number of samples: \ Unique patients: \
dog_cranial_drawer 27 15
human_anterior_drawer | 25 14

3.1.3 Reducing bias

The samples collected to majority consisted of injuries on right knees. The
dog_cranial drawer_test to 63 % and the human_anterior_drawer_test to 72
% consisted of samples with injured right knees. This introduces bias with risk of
a neural network, trained on these datasets, classifying right knees as more likely
to being injured. To mitigate this possible source of bias an extra step was added
in the data loading. When mirroring a sample and changing its label the sample
act like an injury on the opposite knee. By randomize the injury and mirror the
sample if the actual label of the sample did not match the randomized label the data
loader will load 50% samples corresponding to right knee injuries and 50% samples
corresponding to left knee injuries. The Listing 3.1 includes the method of which
injury probability was equalized.

Listing 3.1: Code for setting the injury probability equal for all classes.

# Randomize an injury
new_injury = ’L°’ if np.random.rand() >= 0.5 else 'R’

# Check if mnew label s different from the actual
if new_injury != injured_knee:

temp = right

# Flip the damage maps

right = np.fliplr(left)

left = np.fliplr (temp)

injured_knee = new_injury
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3.1.4 Cross validation

Cross validation was implemented since the dog_cranial_drawer dataset only con-
sisted of 27 samples and 15 unique patients (see Table 3.1) cross validation was
implemented. This was because if the dataset had been split into training set, val-
idation set and test set there would be too few samples in each set. To enable
training on all samples as well as ensuring evaluation on all samples for a repre-
sentable performance the split of the dataset was varying according k-fold cross
validation.

To perform cross validation the dog_cranial drawer was split in four partial datasets
allowing 4-fold cross validation to be performed. This yielded a total of 12 different
combinations when using two of the partial datasets for training, one for validation
and one for testing. The mean accuracy was calculated from the test combinations.
Table 3.2 lists the partial datasets from splitting the dog_cranial drawer. The
split was done ensuring damage maps from the same patients were placed in the
same partial dataset to avoid bias when evaluating.

Table 3.2: Split of dog_cranial drawer dataset.

\ Name of partial set: \ Samples: \ Unique patients:

dogs_1 7 4
dogs_2 7 4
dogs_3 7 4
dogs_4 6 3

3.2 Augmentation

Augmentation was implemented as PyTorch-transforms. Each transform took one or
several parameters to configure the transforms and was chained together to combine
different augmentations. The used transforms and parameters are further described
in Section 4.2. Listing 3.2 lists the template for constructing transforms.

Listing 3.2: Template for constructing augmentation transforms.

class Transform(torch.nn.Module):

def __init__(self, *args, **xkwargs):
nnn

Inttialises the transform.

mnnn
pass

def forward(self, matrix):
nnn

Perform transform on input matriz.

mnnn

return transformed_matrix
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Transforms can be chained together using a torch.nn.Sequential layer. This is
outlined in Listning 3.3.

Listing 3.3: Chaining of transforms to perform different types of augmentations.

transforms = nn.Sequential(
Transformi (),
Transform2 (),

TransformN ()

3.3 Base trainer

The base trainer was the core of the software used for evaluation. The base trainer
has support for different augmentation methods, different networks and different
network trainers which enabled evaluation of various combinations. Additionally
the base trained had support for testing a network after training and provides the
accuracy when evaluated on a test set. The base trainer loads samples from the
dataset into three groups: train set, validation set and test set. The base trainer
was implemented containing abstract methods which controls which optimiser and
loss function to use. Listning 3.4 outlines how the base trainer can be used.

Listing 3.4: Base structure for using the base trainer.

from dataset import KneeDataset
from network import Network
from trainer import Trainer

transforms = nn.Sequential (
)
dataset = KneeDataset (<path to dataset>, transforms=transforms)

model = Network().cpu()

trainer = Trainer (model=model, dataset=dataset)
trainer.run ()

The base trainer was implemented to have the following parameters:
o model: Controls which network is trained.
« dataset: Controls which dataset is used for training and validation.

e validation_dataset: Controls which dataset is used for validation during
training.

o test_dataset: Controls which dataset is used for testing after training has
been done.

e batch_size: Sets the batch size.
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» max_epochs: Sets the maximum number of epochs to train.

o early_stopping: Allows for stopping to training process before reaching the
amount of max_epochs. Sets amount of epochs should be performed since last
decrease of validation loss before stopping the training process early.

e one_hot_encoding: Sets if target label should be converted from class index
to one hot encoding. Required by various loss functions.

e num_classes: Sets number of classes which the one hot encoding used for
conversion.

The training block illustrated in Figure 3.1 allows for setting different learning op-
tions including loss function and optimiser. It was implemented as a single Python
class inheriting from the base training class. A template for creating different train-
ers is outlined in code Listing 3.5.

Listing 3.5: Template for constructing a trainer.

class Trainer (BaseTrainer):

def __optimizer__(self):
nnn

This function should return the optimizer

which should be wused.
nnn

pass

def __criterion__(self, output, target):

nann

This function should return the loss
between the output and the target.

nann

pass

3.4 Network

Networks was constructed and built by inheriting the base class torch.nn.Module
which is used for all network modules in PyTorch. The different structures in a
network was built with functions as nn.Conv2d to create a layer performing convo-
lution and nn.Linear to create fully connected layers. Network construction also
included nn.Dropout to use dropout while training, nn.ReLU to apply ReLLU and
nn.MaxPool2d to perform max pooling. A template for creating different networks
is outlined in Listing 3.6.
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Listing 3.6: Template for constructing a network.

class Network(nn.Module):
def __init__(self, channels=2):
nnn

Intitialize all layers and adjust them according
to channels.

pass
def forward(self, x):

return output

3.5 Synthetic data

The small amount of samples in dog_cranial_drawer was identified as an important
aspect to consider for this project. One of the approaches was to create synthetic
data. Construction of synthetic data was done by mimicking a the movement during
a clinical test using a simple model of the knee joint and performing finite element
method analysis (FEM-analysis). Matlab [55] and the library Calfem [56] was used
to create the model.

A grid of 15 x 30 points was generated and deformed simulating the pulling of a
leg which occurs during the cranial drawer test. Synthetic displacement fields was
calculated from the deformation to generate samples mimicking the damage maps
generated from real real. Only right knees was simulated in these steps. To simulate
left knees the grids were vertically mirrored. Which of the knees was simulated to
be injured was randomized. Figure 3.3 illustrates the process of generating the
synthetic dataset. A total of 1,000 synthetic samples with 50 % right knee injuries
and 50% left knee injuries were generated. The samples were collected in a dataset
named synthetic_dog cranial drawer and were mainly used in Chapter 4.3 for
evaluating transfer learning.

Generate
displacement Generate damage map
Generate left . Generate
inj Flip damage
injury
map
Randomise
injured side
Generate right %(;?I?;atec
healthy g
map

Figure 3.3: Process for generating synthetic data set.

Figure 3.4 illustrates the deformation from a pair of synthetically generated dis-
placements and two examples of samples from the dog_cranial drawer dataset.
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Left Right - Injured

eeesccsscec®

(a) Sample from synthetic_dog cranial_drawer.

Left Right - Injured

(b) Sample from dog_cranial_drawer.

Left - Injured Right

Ceee,,
.

(c) Sample from dog_cranial_ drawer.

Figure 3.4: Displacement grid from samples in synthetic_dog_cranial drawer
and dog_cranial_drawer datasets.
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Implementation and evaluation of
system parts

The approach to solving the problem of classifying the damage maps in the
dog_cranial_drawer dataset was done using a CNN. An ablation study was per-
formed to evaluate suitable components of the complete system for performing ma-
chine learning. Partial evaluation and results were acquired for each component
using 4-fold cross validation. The highest yielding option for a component was used
for further evaluation of proceeding component evaluations as well as the complete
system.

Some of the components are used in partial evaluation before they have been evalu-
ated, for example learning options which are required for evaluation of network and
augmentation. A set of default values were used for components which had not been
evaluated. The values used are listed for each evaluation.

The methodology enabled part by part evaluation of the components. The order of
which the components were evaluated and which partial results were produced from
each step are illustrated by Figure 4.1.

Augment- Transfer Learning Input Final
ation learning options fields system

Partial results:

Network

Partial results:

. ) Partial results: Network structure
. Partial results: Network structure .
Partial results: Network structure . Augmentation
Network structure Augmentation Augmentation Transfer learnin,
Network structure Augmentation g ‘ Transfer learning g

Learning options
Input fields

Transfer learning . .
Learning options

Figure 4.1: Overview of ablation study methodology for this thesis.
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4.1 Networks

This section aims to implement and evaluate different neural networks both in terms
of architecture and model complexity. Evaluation of which network was suitable was
done using the training properties listed in Table 4.1.

Table 4.1: Training properties for evaluating network structure.

’ Component: \ Description: \ Details: ‘

Contrast, 5. = 0.1
Gaussian noise, 8, = 0.01
Speckle noise, by = 0.1
Augmentation Mirror, p,, = 0.5 Default
Rotation, og = 15°

Scale, o, 0., = 0.15

Shear, o;,,05, = 0.15

Learning rate: 0.001

Loss function: Cross Entropy Loss
Optimiser: SGD with momentum v = 0.9

Learning options Batch size: 4 Default
Max epochs: 1000
Early stopping: 200

Input field Maximum shear strain field Default

4.1.1 Network structures

Three different types of networks in terms of input variations were initially con-
structed. This was to provide possibility of evaluating if a patient’s both knees or
a single knee was suitable for classification. Table 4.2 compiles the initial networks
constructed and evaluated. The networks were designed to have a relatively low
number of trainable parameters due to the small dataset available for updating pa-
rameters. The networks were implemented using the code template presented in
Listing 3.6. The code for each implemented network is included in Appendix A.

Table 4.2: Properties of constructed neural networks when calculated with one
input channel. n-corresponds to number of input channels.

Name: Input size: Output size: g:i:rlsgtlgrs:
ConcatenatedInputNetwork | n x 30 x 30 ?Left or right injured) 15,235
SiameseNetwork 2xnx15x 30 ?Left or right injured) 12,163
SingleInputNetwork n x 15 x 30 ?Injured or healthy) 9,058
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Figure 4.2 illustrates ConcatenatedInputNetwork. This network takes concate-
nated damage maps from a patient’s both knees. The network was configured to
have an input size of n-channels x 30 x 30 which corresponds to two damage maps
put side by side. The network is configured to have two output classes to classify
which of the patient’s knee is injured.

fc2+
softmax

Figure 4.2: Illustration of ConcatenatedInputNetwork. Two concatenated dam-
age maps as input.

Figure 4.3 illustrates the neural network SiameseNetwork. This network also takes
two damage maps from a patient’s both knees as input. The network was configured
to take two inputs of size n-channels x 15 x 30 which corresponds to two separated
damage maps. The three first layers forms branch networks where each branch
shares the same weights and are then connected to the same fully connected layer.
This network is based on the Siamese network architecture presented in [57]. The
output size of the network is two classes corresponding to classification of which of
the patient’s knees are injured.
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Figure 4.3: Illustration of SiameseNetwork. Two separated damage maps as
inputs. The first three layers shares the same weights.

Figure 4.4 illustrates the neural network SingleInputNetwork. This network takes
a single damage map of size n-channels x 15 x 30 as input. The output size of the
network is two classes in order to determine classify if the input knee is injured or
healthy:.

1 9v
fc2+4

softmax

‘ g

Figure 4.4: Illustration of SingleInputNetwork. Single damage map as input.
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Table 4.3 lists the test accuracy when the networks were trained according to the
training options listed in Table 4.1.

Table 4.3: Accuracy for networks structures using the training properties outlined
in Table 4.1.

’ Network name: \ Test accuracy: \ AUC: ‘
ConcatenatedInputNetwork | 82 % -
SiameseNetwork 81 % -
SingleInputNetwork 78 % 0.86

4.1.2 Increased complexity for transfer learning

The constructed networks in Section 4.1.1 have a relative low number of trainable
parameters to manage the low number of damage maps available for training. A
common method to mitigate lack of training data is to pre-train on other type of
data such as generic images. Example of dataset consisting of generic images is the
Cifar10 dataset [14]. The first layers of the networks tend to learn to distinguish
the basic features such as identifying edges, therefore Cifar10 was evaluated to use
as pre-training despite the difference from the dog_cranial_drawer. The complete
methodology of evaluating transfer learning for the system is described in Section
4.3.

The Cifar10 dataset contains 60,000 RGB images of size x32x 32 [14] and allows for
using a more complex network structure. The ConcatenatedInputNetwork yielded
the highest accuracy from the evaluation performed in Section 4.1.1 and has an
input shape of (30 x 30). Due to good performance and input size similar to the
size of images in Cifar10 the network was chosen to form the basis of a network
adjusted for transfer learning.

A new network ConcatenatedInputNetworkV2 based on ConcatenatedInputNetwork
was created with more layers by adding an extra fully connected layer. The extra
layer entails more parameters and hence a more complex structure. The network
is illustrated by Figure 4.5. The network was constructed to have an adjustable
amount of input channels as input. The network contains approximately 16,000
trainable parameters depending on the number of input channels.
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1 9y
fc3+
softmax

1 1

fcl fc2

Figure 4.5: Illustration of ConcatenatedInputNetworkV2.

4.2 Augmentation

This section describes implemented matrix manipulations for augmentation of the
dataset. The augmentations were implemented as transforms in PyTorch according
to the method presented in Section 3.2. Evaluation of augmentation was done using
the training options listed in Table 4.4.

Table 4.4: Training options for evaluating augmentation methods.

’ Component: \ Description: \ Details: ‘

Evaluated in

Network: ConcatenatedInputNetwork Section 4.1.1

Learning rate: 0.001
Loss function: Cross Entropy Loss
Optimiser: SGD with momentum v = 0.9

Learning options: Batch size: 4 Default
Max epochs: 1000
Early stopping: 200

Input field: Maximum shear strain Default

4.2.1 Augmentation methods

To generate synthetic variation, different kinds of matrix manipulation was per-
formed. The methodology of performing the different geometric image manipula-
tions was done by following the theoretical approaches presented in Section 2.3.1.
Geometric transformations includes manipulation to the damage maps by mirror-
ing, scaling, shearing and rotation. The mirroring transformation should not be
confused with the flipping step done to reduce bias in Section 3.1.3. The mirroring
transformation used for augmentation only mirrors a damage map without exchang-
ing the label. Increased contrast of the damage maps was obtained by increasing
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high values, decreasing low values, and stretching intensity levels. Noise manipula-
tion included applying randomised noise using two approaches. Contrast and noise
manipulations were performed using the approaches listed in Table 4.5.

Table 4.5: Methods for matrix manipulation transforms.

’ Method: ‘ Algorithm: ‘ Description:
Contrast See algorithm 1 I; ; is the original value and R controls
the magnitude of contrast increase.
Gaussian noise Jij=1; + R I; ; is the original value and R; ; controls

the magnitude of added noise.
Speckle noise Jij=1Ii; + R;j*1I;; | I ; is the original value and R, ; controls
the magnitude of added noise.

Algorithm 1 Contrast manipulation
a < Ima:r - R : (Imax - Imm)
b — ]min + R : (Imax - ]mzn)
if ]7;7]' > a then

Ji,j = Imax
else if I, ; < b then

Ji,j = Im'm
else

JiJ = (Ii,j - b) : % + Lnin
end if

The transformations were combined by chaining them together in the order illus-
trated in Figure 4.6.

Original ;
& Contrast H Gaus.smn J‘ Spefzkle J‘ Mirror
sample noise noise

Rotate H Scale J‘ Shear 1 Augmented
J sample

Figure 4.6: Application of transforms when combining augmentation methods.
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Figure 4.7 illustrates the heat map of maximum shear strain from a sample in the
dog_cranial_drawer dataset of both the original damage map and the chained
augmentations. Figure 4.8 illustrates all augmentation method applied one by one
to the same original sample.

h e P N

(a) Original (b) All augmentation

Figure 4.7: Example of a sample from dog_cranial_drawer dataset without aug-
mentation and with all augmentation methods applied.

o AAAA AR

i ——
(a) Contrast (b) Gaussian noise (c) Speckle noise

(d) Mirror (e) Rotation (f) Scale

(g) Shear

Figure 4.8: Sample with all augmentation methods applied one by one.
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4.2.2 Magnitude of augmentations

All transforms are performed with a randomised parameter set according to a distri-
bution which controls the degree of augmentation. Each time a sample is requested
augmentation is performed which includes generating a parameter. Table 4.6 lists
the different transformations and the distribution from the parameters were gener-
ated. The probability of a sample being mirrored was set to be 50% and not further
evaluated.

Table 4.6: Limiting parameter and distribution.

] Transform: \ Adjusted parameter: \ Distribution: ‘
Contrast B, R ~ N(0, (Inas - Bc)?)
Gaussian noise | 3, R~ N0, (Imaa - 54)°)
Speckle noise | by Ri; ~U(0,by)
Rotation op 0 ~ N(0,07)
Scale Ocys O, Cor ey~ N(L, 00, 0,)
Shear Os,, O, Sy, s, ~ N (0, Ui sh)

To determine which distribution parameters were suitable to use the network was
trained on the dataset using one transformation at the time and varying the limiting
parameter. Suitable parameters were established by comparing accuracies achieved.
The results are listed in Table 4.7.

Table 4.7: Variation of parameters for distributions when randomly applying trans-
formations.

‘ Contrast ‘ Gaussian noise ‘ Speckle noise ‘
Distribution parameter: Be By bs
Value: 0.5 |0.25|0.01 | 0.1 0.01 | 0.001 | 0.5 | 0.25 | 0.1
Accuracy: 85% | 87% | 85% | 84% | 85% | 87% | 86% | 83% | 83%

| Rotation \ Scale \ Shear \
Distribution parameter: op o., and o, os, and o,
Value: 45° | 30° | 15° | 0.45 | 0.15 | 0.05 0.45 | 0.15 | 0.05
Accuracy: 83% | 82% | 86% | 91% | 88% | 82% 81% | 86% | 85%
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4.2.3 Combining augmentation methods

In total seven approaches to augment the damage maps were evaluated. To establish
which methods were suitable for this dataset and classification problem evaluation
of several combinations were tested. Table 4.8 lists the combinations tested and the
resulting accuracy for each combination. Training was done twice since the obtained
accuracies were varying for each training processes. The combination yielding the
highest mean accuracy of the two training processes were further used as augmenta-
tion methods. The distribution parameters yielding the highest accuracy from the
evaluation in Table 4.7 was used for this evaluation. The matrices were chained

together according to the illustration in Figure 4.6.

Table 4.8: Variation of combinations of transforms used for augmentation.

Gaussian Rotation | Contrast
Transform(s): | Contrast Speckle Mirror Scale Gaussian
p Shear Speckle
Accuracy: 0.82 0.86 0.85 0.93 0.7
y: 0.87 0.82 0.83 0.9 0.82
| Average: [ 0.85 [ 0.84 [ 0.84 [0.92 [ 0.76
Contrast ) D Mirror
. Gaussian | Speckle .
Contrast | Rotation ] Rotation
Transforms: . Speckle | Rotation
Mirror Scale i Scale
Mirror Scale
Shear Shear
Shear
Accuracy: 0.86 0.92 0.82 0.92 0.89
y: 0.85 0.93 0.8 0.89 0.93
| Average: [ 0.86 [ 0.93 [ 0.81 [ 0.92 [ 0.91
Contrast Gaussian Contrgst
) Contrast Gaussian
Contrast | Gaussian . Speckle
. Mirror . Speckle
Gaussian | Speckle . Mirror :
Transforms: . Rotation ) Mirror
Speckle Rotation Rotation .
: Scale Rotation
Mirror Scale Scale
Shear Scale
Shear Shear
Shear
Accuracy: 0.9 0.91 0.93 0.95 0.94
y: 0.83 0.93 0.92 0.92 0.9
| Average: [ 0.87 [ 0.92 [ 0.93 [ 0.94 [ 0.92
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Table 4.9 lists the augmentations methods in terms of distribution parameter for
magnitude of transform and the combination yielding highest accuracy. The aug-
mentation methods listed were used for further evaluation of proceeding components.

Table 4.9: Combination of augmentation methods yielding highest accuracy.

’ Transforms combined: \ Distribution parameter: ‘

Gaussian noise By = 0.001
Speckle noise bs = 0.5
Mirror Pm = 0.5
Rotation oo = 15°
Scale 0,0, = 0.45
Shear 0s,,0s, = 0.15

4.3 'Transfer learning

This section aims to evaluate suitable methods of transfer learning. Transfer learning
was evaluated by training on data from the human_anterior drawer dataset and
synthetic_dog_cranial drawer as well as training on generic images from the
Cifar10 dataset. Evaluation of transfer learning was done with the components
listed in Table 4.10.

Table 4.10: Training properties for evaluating transfer learning.

’ Component: \ Description: \ Details: ‘

Evaluated in

Network tenatedInputNetwork .
etwor ConcatenatedInputNetwor Section 4.1.1

Gaussian noise, 8, = 0.001
Speckle noise, by = 0.5
Mirror, p,, = 0.5 Evaluated in
Rotation, oo = 15° Section 4.2
Scale, o, 0., = 0.45

Shear, og,, 05, = 0.15

Learning rate: 0.01

Loss function: Cross Entropy Loss

Augmentation

Learning options Optimiser: Stochastic gradient descent Default
with momentum v = 0.9
Input field Maximum shear strain field Default

Samples in the Cifar10 dataset contains RGB images with size of 32 x 32 pixels.
To adapt these images to the dimension of concatenated damage maps these were
centre cropped to 30 x 30 pixels. The images were also converted to grayscale to
correspond to the number of input channels of the maximum shear strain field.
Figure 4.9 illustrates the transforms done to adapt the dataset.
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Convert to

Cifar10 Center grayscale A.dapted
: crop p s Cifar10
image (if single .

to 30x30 channel) image

Figure 4.9: Adapting Cifar10 images to networks.

ConcatenatedInputNetworkV2 was trained on grayscale converted images from the
Cifar10 dataset using a batch size of 32. No augmentation was used. The network
achieved an accuracy of 65% when evaluated on the Cifar10 test set. Because the
Cifar10 dataset contains 10 different output classes the last fully connected layer
(fc3) was exchanged to have 10 outputs. After training on the Cifar10 dataset
fc3 was restored to two output classes for possibility of training the field from the

damage maps again.

Transfer learning was evaluated using different networks and pre-training on different
datasets. Table 4.11 compiles the different combinations which was tested as well
as the accuracy of each combination. ID Ref. is from the evaluation performed in

Section 4.1.
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Table 4.11: Evaluated transfer learning using different combinations of datasets
and locked layers.

| ID: | Network: | Training layers: | Dataset: |
‘ Ref. ‘ ConcatenatedInputNetwork 1-5 dog_cranial_drawer
Accuracy: 9 %
92 %
Average: 94 %
1. | ConcatenatedInputNetwork 15 synthetigdog_cranial_drawer
1-5 dog_cranial_drawer
Accuracy: 87 %
‘ 922 %
Average: 90 %
2. ConcatenatedInputNetwork 15 synthetigdog_cranial_drawer
4-5 dog_cranial_drawer
Accuracy: 94 %
88 %
Average: 91 %
1-5 synthetic_dog_cranial_drawer
3. | ConcatenatedInputNetwork 4-5 human_anterior_drawer
4-5 dog_cranial_drawer
Accuracy: 94 %
92%
Average: 93 %
1-6 cifaril0
4. | ConcatenatedInputNetworkV2 | 1-6 synthetic_dog_cranial_drawer
4-6 dog_cranial_drawer
Accuracy: 68 %
81 %
Average: 75 %
5. | ConcatenatedInputNetworkV2 1-6 cifari0 -
1-6 dog_cranial_drawer
Accuracy: 51 %
67 %
Average: 59 %
6. | ConcatenatedInputNetworkV2 1-6 cifari0 -
4-6 dog_cranial_drawer
Accuracy: 65 %

When testing the combination with ID 6 the model never improved on the
dog_cranial drawer dataset and reported a validation accuracy of 50% constantly
without any changes in validation or training loss. This combination was hence only
evaluated once.

Since none of the tested transfer learning combinations yielded a higher accuracy
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compared to not using transfer learning, it was decided to not use any transfer
learning in the following partial evaluations.

4.4 Learning options

This section aimed to evaluate which learning options should be used. This includes
evaluating optimiser, loss function and learning rate. The learning options were
evaluated by testing different combinations for training. Table 4.12 list the compo-
nents used for the evaluation. All combinations of two different optimisers, three
loss functions and three learning rates were evaluated.

The optimisers evaluated are SGD and Adam. For each optimiser the three loss
functions least absolute deviation loss (L£;-loss) least squared error loss (Ls-loss)
and cross entropy loss were evaluated. For learning rates, the default values of the
PyTorch documentation [58] for each optimiser respectively were used as well as two
other similar values. For the highest yielding accuracy using SGD it was also tested
to use the optimiser without momentum with the same loss function and learning
rate. The options tested and the accuracy obtained are listed in Table 4.13.

Table 4.12: Training options for evaluating learning options.

’ Component: \ Description: \ Details: ‘
Network ConcatenatedInputNetwork | Evaluated in Section 4.1.1
Pre-training None Evaluated in Section 4.3

Gaussian noise, 3, = 0.001
Speckle noise, by = 0.5
Mirror, p,, = 0.5

Augmentation Rotation, oe — 15° Evaluated in Section 4.2
Scale, o.,,0., = 0.45
Shear, o,,, 05, = 0.15

Input field Maximum shear strain Default
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Table 4.13: Accuracy of evaluated learning options including optimiser, loss func-
tion and learning rate.

’ Optimiser: \ Loss function: \ Learning rate: \ Accuracy: ‘

0.1 54 %

L1-loss 0.01 79 %

0.001 93 %

0.1 61 %

SGD with momentum, v = 0.9 | L,-loss 0.01 96 %
0.001 93 %

0.1 52 %

Cross entropy loss | 0.01 82 %

0.001 93 %

’ SGD without momentum \ Lo-10ss \ 0.01 \ 92 % ‘

0.01 46 %

L1-1oss 0.001 94 %

0.0001 93 %

0.01 48 %

Adam Lo-10ss 0.001 94 %
0.001 92 %

0.01 60 %

Cross entropy loss | 0.001 92 %

0.0001 92 %

The best options are evaluated to be Ls-loss, SGD with momentum v = 0.9 and
learning rate of 0.01.
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4.5 Input fields

This section aimed to describe the method used to investigate which input field(s)
was most suitable to use. The Kneedly method generates several fields including
the displacement in x- and y- direction, the first principal strain and the maximum
shear strain. All fields provided are listed in Table 1.1.

The maximum shear strain field was set as default since it was the most illus-
trative for interpretation directly by humans for the dog_cranial drawer_test.
The most illustrative value for the damage maps generated from humans in the
anterior_drawer_test is the first principal strain [1]. The displacement fields are
the raw data generated from the Kneedly method and directly used to compute the
strain fields. The displacement fields, the maximum strain field, the first principal
strain as well as the combinations of these fields were evaluated.

Evaluation was done using the components listed in Table 4.14. The different input
fields evaluated and the accuracy for each evaluation is listed in Table 4.15.

Table 4.14: Training options for evaluating input fields.

\ Component: \ Description: \ Details: ‘
Evaluated in
Network: ConcatenatedInputNetwork Section 4.1 1
. Evaluated in
Pre-training None Section 4.3
Gaussian noise, 3, = 0.001
Speckle noise, by = 0.5
Auementation Mirror, p,, = 0.5 Evaluated in
& Rotation, oo = 15° Section 4.2

Scale, o,,, 0., = 0.45
Shear, o5, , 05, = 0.15
Learning rate: 0.01
Loss function: L£o-loss Evaluated in
Optimizer: Stochastic gradient descent | Section 4.4
with momentum v = 0.9

Learning options
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Table 4.15: Test accuracy and test loss for alternated input fields.

’ Input fields:

‘ Number of channels: ‘

Test accuracy:

Displacements 2 52 %
First principal strain | 1 83 %
Max shear strain 1 96 %
Max she:‘ar .straln ey 83 9
First principal strain
Displacements
Max shear strain 3 52%
Displacements

. o .13 48 %
First principal strain
Displacements
Max shear strain 4 52 %
First principal strain
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Evaluation of complete system

This chapter outlines the method of evaluating the final system which combines the
results from the partial evaluations in Section 4. The final configuration is listed in
Table 5.1. Additional evaluations of variants of systems built from combining other
parts were performed. These were evaluated using the same configuration unless
otherwise stated. All evaluations in this chapter were evaluated with 4-fold cross
validation according to the methodology described in Chapter 3.1.4.

Table 5.1: Properties of system determined from evaluation of components in
Section 4.

’ Component: \ Description: \ Evaluation:

Network ConcatenatedInputNetwork In Section 4.1.1

Gaussian noise, 3, = 0.001

Speckle noise, by = 0.5

Mirror, p,, = 0.5

Rotation, og = 15°

Scale, o.,,0., = 0.45

Shear, o5,, 05, = 0.15

Pre-training None In Section 4.3

Learning rate: 0.01

Loss function: £5-loss

Optimizer: Stochastic gradient descent
with momentum v = 0.9

Input field Maximum shear strain In Section 4.5

Augmentation In Section 4.2

Learning options In Section 4.4

Evaluations have resulted in different accuracies even when the same components of
the model have been used. The final system was evaluated one more time to ensure
the model did yield similar results as in the evaluation in Chapter 4. The evaluation
was done on the dog_cranial drawer. The result of the evaluation is reported in
Section 6.1.
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5.1 Testing of additional variants

The combinations tested in Section 4 were evaluated part by part and therefore
only a subset of all possible combinations have been tested. Because of this there
could exist combinations yielding higher results. For example, the network architec-
ture was determined early in the process when suitable components had not been
established.

The network architecture was evaluated early in the methodology described in Chap-
ter 4 and hence networks were evaluated once more with the final properties listed
in Table 5.1. In the evaluation of which transfer learning that should be used in
Section 4.3 the highest accuracy of 94 % was achieved using no transfer learning.
The result from using the synthetic_dog_cranial_drawer and locking the first
four layers of the network achieved an accuracy of 93% and also this proved to be
suitable. Therefore both alternatives were re-evaluated.

The additional combinations tested are listed in Table 5.2.

Table 5.2: Additional variants of the final system tested.

‘ ID: ‘ Network: ‘ Training layers: ‘ Dataset: ‘
7. ConcatenatedInputNetwork 15 synthet1<?_dog_cran1a1_drawer
4-5 dog_cranial_drawer
‘ 8. ‘ SiameseInputNetwork ‘ 1-5 ‘ dog_cranial_drawer ‘
1- thetic_d ial_d
9. SiameseInputNetwork > Syntae 1?‘ g_crania’_drawer
4-5 dog_cranial_drawer
‘ 10. ‘ SinglelInputNetwork ‘ 1-5 ‘ dog_cranial_drawer ‘
11. | SingleInputNetwork 1-5 synthet1<?_dog_cran1a1_drawer
4-5 dog_cranial_drawer

5.2 Single input with normalisation

ConcatenatedInputNetwork and SiameseNetwork classifies which of the patient’s
knee is injured which assumes that one of the knees is injured. SingleInputNetwork
fulfils the purpose of only classifying if a knee is injured or healthy. Previous testing
of this network has not achieved high results which could be because a patient’s
normal laxity is individual. For this reason, clinicians in practice always test the
patient’s both knees when diagnosing to get a reference of the patient’s normal
laxity. When only using one damage map as input this reference is lost which could
be the reason the SingleInputNetwork for lower performance.

To take the individual laxity into account it was tested to normalise a patient’s
both knees by dividing the matrix fields with the mean of the opposite matrix.
Table 5.3 lists the evaluations performed. The accuracy was evaluated on the
dog_cranial drawer dataset. Sensitivity and specificity were calculated accord-
ing to Equations 2.10 and 2.11. A receiver operating curve was generated.
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Table 5.3: Additional variants using SingleInputNetwork with normalisation.

’ ID: \ Network: \ Training layers: | Dataset:

d ial d
12. | SingleInputNetwork | 1-5 0g_craniat_frawer

with opposite knee as normalisation

1-5

synthetic_dog_cranial_ drawer
13. | SingleInputNetwork with opposite knee as normalisation

A5 human_anterior_drawer

with opposite knee as normalisation

5.3 Class activation maps

The class activation maps (CAM) are generated by extracting the weights of the
global average pooling filter and calculating the dot-product with the output of the
last convolutional layer. The theory of CAM is presented in Section 2.8.

5.3.1 Concatenated damage maps

Class activation maps are generated from the final system. This was done to in-
crease understanding of what parts of the input the network bases classification
on. In order to generate CAMs the network needs to be modified. Figure 5.1 il-
lustrates the network constructed for extracting CAMs. This network is based on
ConcatenatedInputNetwork but with the max-pooling layer after conv3 removed.
The last fully connected layer was also removed and global average pooling (GAP)
was used between the last convolutional layer and the fully connected layer fci.
Removal of the max-pooling layer was done to increase the spatial resolution of the

CAMs.

. 1 vy
EPRS GAP fel4

softmax
conv3

convl

Figure 5.1: Illustration of ConcatenatedInputNetworkCam for generating CAMs
from concatenated damage maps.
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To initially test generation of CAMs ConcatenatedInputNetworkCam was trained
on the Cifar10 dataset. The network achieved 60% accuracy when tested on the
Cifar10 test dataset. Examples of CAMs acquired from Cifar10 are included in
Figure 5.2.

(a) Input image of a frog. (b) Input image with over-
laying CAM.

(c) Input image of a truck. (d) Input image with over-
laying CAM.

Figure 5.2: Example of CAMs for two samples from the Cifar10 dataset. In
both cases the network classified the images correctly as frog and truck.

Generation of CAMs from the dog_anterior_drawer dataset was done using the
training options in Table 5.1 and using the partial dataset dogs_3 for test and
dogs_2 for validation. The remaining partial datasets were used for training.

5.3.2 Single input

The CAMs acquired from the concatenated network shows that the network usu-
ally considers one side of the input corresponding to one damage map as im-
portant for classification (see result Chapter 6.4.1). To be able to investigate
if there are areas in the damage maps corresponding to the same regions of the
knee joint which the network considers important for classification it was also de-
cided to investigate CAMs acquired from a single input network. To generate
CAMs from single damage maps SingleInputNetwork was modified similar to
ConcatenatedInputNetworkCam. Figure 5.3 illustrates the constructed network
SingleInputNetworkCam.
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8

convl

softmax

Figure 5.3: Illustration of SingleInputNetworkCam for generating CAMs from
single damage maps.

Generation of CAMs for the SingleInputNetwork from the dog_anterior_drawer
dataset was done using the training options in Table 5.1 and using the partial dataset
dogs_3 for test and dogs_2 for validation. The remaining partial datasets were used
for training.

5.4 Testing of dataset collected from humans

Additional evaluation was done to test data collected from performing clinical tests
on humans. Configurations in Table 5.1 were used and the human_anterior_drawer
dataset was used for training, evaluation and testing using 4-fold cross validation
performed with the same methodology as described in Section 3.1.4. For transfer
learning testing without pre-training and using the synthetic dataset with locked
layers was evaluated. Because the most illustrative field for manual interpretation
for the dog_cranial drawer dataset also yielded the highest accuracy, the first
principal strain was used as input when evaluating the human anterior_drawer
dataset. Table 5.4 lists the evaluations done on the human_anterior_drawer.

Table 5.4: Additional variants tested for evaluation of using the damage maps
acquired from humans.

‘ ID: ‘ Network:

‘ Training layers: ‘ Dataset:

‘ 14. ‘ ConcatenatedInputNetwork ‘ 1-5

‘ human_anterior_drawer

15.

ConcatenatedInputNetwork

1-5

synthetic_dog_cranial_drawer

4-5

human_anterior_drawer
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Results

This chapter lists the results from the evaluation of the systems outlined in
Chapter 5.

6.1 Final system

The partial results with highest accuracy achieved for components in Section 4 are
put together for the final system. The model achieved a mean accuracy of 94% for
the final evaluation when using 4-fold cross validation on the dog_cranial_drawer
dataset. Figure 6.1 lists the accuracy for each combination of test and validation
set done using cross validation.

Figure 6.1: Accuracies achieved for the final system.
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Dataset combinations

Figure 6.2 illustrates the learning process for one of 4-fold combinations from eval-
uation of the final system. Twelve different diagrams are created when using 4-fold
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cross validation. Only one training process is illustrated in the figure, however every
training process yields similar graphs.

1.2

- \/alidation loss
-~ Training loss

_"'TCUTFWM
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Epochs
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0.4 A

0.2

Figure 6.2: Training process when evaluating one of the combinations when per-
forming 4-fold cross validation on the final system.

The clinical performance, in terms of sensitivity and specificity, cannot be evaluated
for networks using a patient’s both knees as input and classifies which of the knees
are injured since a false positive will always result in a false negative and vice versa.
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6.2 Additional variants

Table 6.1 lists the configurations and accuracies from performing the method in

Section 5.1.

Table 6.1: Accuracies when evaluating additional variants.

‘ ID: ‘ Network: ‘ Training layers: ‘ Dataset:

7. ConcatenatedInputNetwork 15 synthet1c?_dog_cran1a1_drawer
4-5 dog_cranial_drawer
Accuracy: 78%

‘ 8. ‘ SiameseInputNetwork 1-5 dog_cranial_drawer
Accuracy: 88%

9 SiameseInputNetwork 1-5 synthet1<-:_dog_cran1a1_drawer
4-5 dog_cranial_drawer
Accuracy: 89 %

‘ 10. ‘ SinglelnputNetwork 1-5 dog_cranial_drawer
Accuracy: 82%
AUC: 0.92
Sensitivity: 89%
Specificity: 75%

11. | SingleInputNetwork 1-5 synthet1c.:_dog_cran1al_drawer
4-5 dog_cranial_drawer
Accuracy: 82%
AUC: 0.94
Sensitivity: 84%
Specificity: 80%
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6.3 Single input with normalisation

Table 6.2 lists the accuracies when evaluating the models configured according to
the methodology in Section 5.2.

Table 6.2: Accuracies when evaluating additional variants using
SingleInputNetwork and normalisation.

] ID: ‘ Network: ‘ Training layers: ‘ Dataset:

dog_cranial_drawer

12. | SingleInputNetwork | 1-5 with opposite knee normalisation.

Accuracy: 87%
AUC: 0.95
Sensitivity: 89%
Specificity: 85%

1.5 synthetic_dog_cranial_drawer
13. | SingleInputNetwork with opposite knee normalisation.
dog_cranial_drawer

45 with opposite knee normalisation.
Accuracy: 88%
AUC: 0.95
Sensitivity: 85%
Specificity: 91%
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Figure 6.3 illustrates the receiver operating characteristics and AUC for one of the
cross validations when training SingleInputNetwork with pre-training and normal-
isation labelled as ID 13 in Table 6.2. The receiver operating characteristics for the
remaining tests done in the cross validation was similar and was because of this not
included.
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Figure 6.3: Receiver operating characteristics for one validation when performing
cross validation on SingleInputNetwork with pre-training and normalisation.

6.4 Class activation maps

This section lists the results from generation of class activation maps in Section 5.3.

6.4.1 Concatenated

Figures 6.4, 6.5 and 6.6 illustrates the input and associated CAMs from three differ-
ent concatenated samples from the dog_cranial drawer dataset. In the Figures 6.4
and 6.5 two cases the network correctly classified the damage maps as right injured
respectively left injured. In Figure 6.5 the network incorrectly classified the damage
maps as a left knee injury. The left sides of the heat maps correspond to the left
knee. The network achieved an accuracy of 66%.
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s 'L

(a) Concatenated damage (b) CAM.
maps.

Figure 6.4: Example of CAM from the dog_cranial drawer dataset. Right knee
correctly classified as injured.

“ m
(a) Concatenated damage (b) CAM.

maps.

Figure 6.5: Example of CAM from the dog_cranial drawer dataset. Left knee
correctly classified as injured.

5
Al

(a) Concatenated damage (b) CAM.
maps.

Figure 6.6: Example of CAM from the dog_cranial_drawer dataset. Left knee
incorrectly classified as injured.
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6.4.2 Single input

Table 6.3 lists the performance of the SingleInputNetworkCAM.

Table 6.3: Results from evaluation of SingleInputNetworkCAM using cross valida-

tion.

‘ Using normalisation: ‘ Accuracy: ‘ Sensitivity: ‘ Specificity: ‘ AUC: ‘

No 7%

82%

93%

0.91

Yes 93%

90%

96%

0.95

Figure 6.7 illustrates a pair of damage maps and their associated CAMs when not
using normalisation. Figure 6.8 illustrates the same pair of damage maps associated

CAMs when using normalisation.
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0.0 0.2 04 06 08 1.0
(a) Right damage map. Cor-
rectly classified as healthy:.

|

[ —

0.0 0.2 04 06 08 1.0
(c) Left damage map. Cor-
rectly classified as injured.

[ ee—

0.0 0.2 04 0.6
(b) Right CAM.

0.8
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[ —

0.2 04 0.6
(d) Left CAM.

0.8

Figure 6.7: A pair of damage maps and their associated CAMs.

injured.

Left knee is
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 ee—

0.0 0.2 04 06 08 1.0
(a) Right damage map. Cor-
rectly classified as healthy.

 ee—

0.0 0.2 04 06 08 1.0
(c) Left damage map. Cor-
rectly classified as injured.

L —

0.2 04 06 08 1.0
(b) Right CAM.

 eee—

0.0 0.2 04 0.6 0.8
(d) Left CAM.

Figure 6.8: A pair of damage maps and their associated CAMs when using nor-
malised damage maps. Left knee is injured.

Figure 6.9 illustrates a pair of damage maps and their associated CAMs when not
using normalisation. Figure 6.10 illustrates the same pair of damage maps associated
CAMs when using normalisation.
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(a) Right damage map. Cor- (b) Right CAM.
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. L.I.i..

 eee— L —
0.0 0.2 04 06 08 1.0 0.2 04 06 08 1.0
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Figure 6.9: A pair of damage maps and their associated CAMs. Right knee is

injured.
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(a) Right damage map. Cor- (b) Right CAM.

rectly classified as injured.
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(c) Left damage map. Cor- (d) Left CAM.
rectly classified as healthy.

Figure 6.10: A pair of damage maps and their associated CAMs using normalised
damage maps. Right knee is injured.
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6.5 Testing of dataset collected from humans

This section lists the results for evaluation using the dataset collected from humans.
The methodology of the evaluations are described in Section 5.4. Table 6.4 lists
the performance of the human anterior drawer dataset with and without transfer
learning.

Table 6.4: Results from the evaluations on the dataset collected from humans.

‘ ID: ‘ Network: ‘ Training layers: ‘ Dataset:
‘ 14. ‘ConcatenatedInputNetwork 1-5 human_anterior_drawer
Accuracy: 43%
15. | ConcatenatedInputNetwork 15 synthetic_d(?g_cranial_drawer
4-5 human_anterior_drawer
Accuracy: 65%
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Discussion

In this chapter the approach to meet the aims of this thesis, cause of partial results
and the utility of the results from the final system are discussed. Several limitations
are considered connected to evaluation of different components and preconditions.
Future improvements are suggested to mitigate the limitations of the study. Ethical
considerations are also raised.

7.1 Difference in accuracy

For every time the networks were trained with the same options and dataset different
results were obtained. One possible explanation is the randomised parameters which
the networks are initialised using. Each time the network are initialised they are
given randomised weights and with the small amount of training data it is likely
that all parameters cannot be sufficiently trained, hence some difference in accuracy
will occur from each testing. The augmentation and the order of which samples are
loaded also have some randomised properties. Another possible reason contributing
to the difference in results from each evaluation is that with a small dataset the
test dataset also becomes even smaller and with few samples in the test data the
resolution of the accuracy becomes low. If only one sample is classified different
from one evaluation compared to another this will have considerable effect on the
accuracy. This was the reason for performing some evaluations multiple times and
using the mean of the accuracy for comparison of suitable options.

The highest accuracy achieved during the ablation study was 96%. Because of the
difference in accuracy when training and evaluating using the same options some
accuracies obtained will probably be higher or lower than what usually is achieved
for the same validation. Due to the methodology of the ablation study which chooses
the highest accuracy from several options it is possible that an accuracy higher than
representative have been achieved. For the last evaluation in Chapter 4 an accuracy
of 96 % was achieved but several evaluations yielded an accuracy of 92-96 %. Due to
the risk of getting an accuracy not representative of the performance for the model
an additional evaluation was done in Section 5 which resulted in an accuracy of 94
% listed in 6.1. The accuracy of 94 % is considered to be the accuracy achieved for
the final system.
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7.2 Partial evaluations

In the partial evaluation some variations of the components clearly provided in-
creased accuracy. An example is the evaluation of input fields in Section 4.5 where
the highest accuracy when using the maximum shear strain (96 %) was 13 percent-
age points higher than the accuracy of the second-best option using the maximum
shear strain combined with the first principal strain (83 %). For these evaluations it
was simple to identify the most suitable configuration without calculating the mean
of several evaluations.

For other evaluations the results were similar despite varying configurations. The
highest result was for these evaluation further used although it cannot be assured
that the best option was chosen. On the other hand it can be argued that if multiple
components resulted in high accuracy they were all suitable. An example of this
kind is the evaluation of augmentation methods in Section 4.2.2. It was expected
that with the high variation of parameters one configuration would stand out clearly
but this was not the case for all options.

Since it cannot be guaranteed that the best components were chosen through-
out the study evaluation of additional variants were performed in Section 5.1.
An example of the additional variants was to evaluate the networks structures
again but using the options yielding highest accuracy from the partial evalua-
tions. During the first evaluation in Section 4.1.1 of suitable networks structure the
ConcatenatedInputNetwork achieved one percentage point higher accuracy than
the SiameseInputNetwork (82 % accuracy compared to 81 % accuracy). The differ-
ence is too small to draw any conclusion about which network structure is optimal.
In Section 5.1 when the SiameseInputNetwork was re-evaluated using the deter-
mined suitable options from the partial evaluations the SiameseInputNetwork did
still not perform better than the ConcatenatedInputNetwork. Because of this it
can with higher certainty be established that the ConcatenatedInputNetwork was
more suitable.

7.3 Datasets

The initial plan was to use a dataset collected from performing clinical examinations
on humans but only 65 % of the samples in the dataset could be classified correctly.
One possible reason for poor performance was the limited amount of data. The data
collected from the study of dogs neither reached the number of samples expected
but the network could still be trained to classify the dataset with high accuracy.
One possible reason for higher accuracy on the dog_cranial drawer dataset is
that the samples within the same class had less variations than the samples in the
human_anterior_drawer dataset.

A possible reason for samples in the dog_cranial_ drawer being more similar than
the data in the human_anterior_drawer is that dogs are sedated while performing
the clinical tests. On the human dataset the samples tend to vary more depending if
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the patient for example is afraid that the test will hurt and then tenses their muscles.
This is also a common reason for the diagnostic tests being hard to interpret for
clinicians. A second probable reason is that dogs have less soft tissue, such as muscle
or fat tissue, around the knee joint and hence movement from this tissue does not
affect the movement in the recordings as much as for the examinations of humans. A
third possible reason is that tests collected on dogs are mainly performed by highly
experienced veterinary orthopaedists, while the human dataset was collected from
medical personnel with varying experience and hence the test execution might also
differ somewhat more for the human dataset.

The classification problem on the dataset collected from performing knee test on
humans can be expected to be more difficult to solve because the samples are more
varying. However, the promising result from the dog_cranial drawer indicates
that a similar approach as evaluated in this thesis could also be used for human
knee tests if more data is collected. With more training data the model would have
possibility to identify which values in the damage maps arise from higher laxity
indicating injury and should be noticed and which high values arise from other
factors and should be disregarded.

7.4 Transfer learning

Using transfer learning with the Cifar10 dataset did not increase the performance
of the trained models. This result was not expected since one hypothesis was that
given the small dataset pre-training would be crucial and since the first layers tend to
learn to identify basic features such as edges it was assumed that pre-training could
only increase performance. One possible explanation for the low accuracy when
using pre-training on the Cifar10 dataset it that the dataset was too much unlike
the damage maps in the dog_cranial_drawer and hence was not suitable. Instead
of using networks initialised with weights for solving a too different classification
problem, it could be better to use randomised weights given that all weights could
not be adequately trained using a small dataset.

The synthetic dataset did not significantly increase nor decrease performance, which
also was surprising. One possible reason is that with the similarities in the dog_cra-
nial drawer the classification problem is simple enough to be solved with the pro-
vided samples.

7.5 Single knees or reference knees

The models taking two damage maps as inputs, representing a patient’s both knees,
yields higher accuracy than the models taking one damage map as an input. This
is assumed to be because the normal laxity differs between patients and by using
both knees as input the difference can be accounted for. The individual laxity is
the reason for care personnel to examine both knees as standard procedure and one
reason why knee ligament injuries are hard to diagnose correctly.
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The networks taking two damage maps as input classifies the patient to have an
injury on the right or the left knee. One considerable limitation is that the system
assumes that one knee is injured. The model will fit each patient into the two classes
and always output one injured knee. For the design of this thesis this is applicable
since all patients included in the dataset have one injured and one healthy knee
but the model does not provide future value for diagnostics in clinical setting. For
further work samples from patients with two healthy knees or two injured knees
should be collected for possibility training models to have output classes representing
all possible cases.

The reason for limiting the collection of data to only include patients with one
healthy and one injured knee was because of how the data collections were struc-
tured. The damage maps collected from dogs are from patients with an already set
diagnosis, visiting a veterinarian clinic to undergo surgery to repair the injury. For
humans an ethical approval for collecting damage maps only from patients with one
injured knee and one healthy knee had been approved.

The network taking only one damage map as input has the benefit of being able to
classify a damage map as injured or healthy. Although the performance does not
reach the accuracy of the networks taking two damage maps as input the results are
higher than expected. The SingleInputNetwork with normalisation was tested in
Section 5.2 to take the individual laxity into account. This evaluation is of interest
since is provides possible use for diagnosing knee ligament injury in clinical settings.
When using normalisation, the accuracy of SingleInputNetwork increase to 88 %
compared to 82 % when not using normalisation. This result is not only promising
but also confirms the importance of taking individual laxity when diagnosing knee
ligament injuries.

7.6 Class Activation Maps

To increase understanding of how the networks classifies the damage maps CAMs
was generated. CAMs generated for the concatenated damage maps are provided
in Figures 6.4 and 6.5. In these figures it is evident that areas with low strains are
important for classifications. For Figure 6.6, which was classified incorrectly, the
model weighted areas of low strains in the injured knee as important for classification.
This indicates that the Concatenated_input_network tends to look at the healthy
knee and at areas of low values representing low movement in the knee. This further
suggests that the model learns to identify the healthy knee rather than the injured,
but also that the model takes the healthy knee into consideration when classifying.

CAMs was also generated for single damage maps using both normalisation and
without normalisation. For these CAMs no clear connection to the damage maps
can be distinguished. However, by comparing the damage map from a pair of knees
the strains in the damage maps representing injured knees are typically larger than
for the healthy knees. It is possible that the network simply uses the magnitude of
the strains for classification without considering patterns or locations representing
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special areas over the knee joint. When using normalisation, to account for the
magnitude of the strains from the damage map from the opposite knee, higher
accuracy was achieved. This is additionally an indication of that magnitudes of the
strains are important.

7.7 Augmentation

Augmentation was evaluated early in the ablation study. When using the augmen-
tation method evaluated to be most suitable accuracy increased with 12 percentage
points compared to not using augmentation, from 82% to 94 %. It can be established
that the augmentation was important for this problem and one possible reason for
the large impact can be the small dataset.

7.8 Learning options

Learning options have high impact on performance. The choice of optimiser and
loss function did not impact the accuracy of the model substantially but choice of
learning rate had high impact on accuracy. Compared to the learning rate chosen for
best performance a much lower learning clearly reduced performance while increasing
learning rates did not impact the accuracy considerably. The computational cost
is higher with a higher learning rate although it was not measured in this thesis.
Learning options is generally an important aspect for using neural networks and the
impacts from these components are not supposed to be especially important for this
thesis.

7.9 Ethical considerations

For the data collection of dogs clinical tests were recorded on dogs before they were
about to undergo surgery conventionally diagnosed with an injury on one knee. The
dogs are sedated which is standard procedure before surgery but also of advantage
for recordings. Before surgery the fur of the injury knee is conventionally shaved.
To capture the movement of the skin origin from the knee joint shaving of the fur
was advantageous. To collect the damage map of the healthy knee this knee was also
shaved for the purpose of collecting equal recordings which can be questioned from
an ethical perspective since it would not have been done as standard procedure.
All dog owners were informed about the study and approved that both knees were
shaved for the purpose of collecting recordings to evaluate the performance of the
Kneedly method.

The data collected from both humans and dogs did not include patients with two
healthy knees which is considered a limitation of this thesis. The reason for this
was partly ethical approval. To collect data from patients with two healthy knees
for humans it would require an amendment of the ethical approval of the study. No
ethical approval was required for the study on dogs since the dog are considered
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being in ordinary environment during veterinary visits since the dog is brought by
its owner. The tests are additionally performed by experienced veterinarians that
would have performed these test regardless of if the data collection was in question
or not and the methodology is non-invasive. However, collection of data from dogs
with two healthy knees is ethically questionable because this would require doing
unnecessary test, sedate and shave fur only for the purpose of collecting damage
maps.

No information from the Kneedly method or from this study was provided to care
personnel before setting diagnosing and determining treatment plan. This was an
important aspect to consider to not bias the care providers and ensure that the
study did not affect patient care.

If the methodology was to be implemented in clinical settings for diagnosing knee
ligament injuries an important aspect would be to ensure certainty. One aspect
would be to evaluate on a larger dataset to ensure a training and evaluation on a
broad population to avoid possible bias of a limited dataset. The sensitivity should
especially be evaluated to be adequate to ensure not to miss a positive diagnose since
untreated injuries or delayed diagnose can lead to secondary injuries and increased
suffering for the patient [59].

7.10 Future improvements

A major limitation of this thesis is the lack of data. Both in number of samples
but also lack of patients with two healthy knees or two injured knees. Including an
extended study population would allow the trained models to achieve higher clinical
applicability.

Using displacement as input to the models did not work in this thesis. With more
training data it is also possible that other input fields could be used as input and
achieve equal or higher accuracy. Since the strains can be derived from the displace-
ments more training data might allow the model to directly use displacements as
input.

Future ideas for increased automation of the method for collecting damage maps are
not included in the scope of this thesis but expected to increase standardisation of
the damage maps. Example of tasks which could be automated is to automate the
area of where damage maps are generated from by using segmentation of the knee
joint and to use automated extractions of video sequences.

Another option that could increase accuracy and should be investigated for fu-
ture projects are optical flow for determining displacements using machine learning
trained on recordings of knees.

Further work additional includes to implement the methodology described in this
thesis on humans given more data is provided. The models classify samples obtained
from dogs with high accuracy and the clinical tests for dogs and humans are very
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similar. This indicates that with sufficient training data there is a potential for also
classifying damage maps from humans with high accuracy.
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Conclusion

This thesis concludes that it is possible to identify injury to the CCL in dogs from
pairs of healthy and injured knees using machine learning to classify damage maps
acquired from performing the cranial drawer test. The CNN developed in this thesis
achieved an accuracy of 94% when using cross-validation. A maximum accuracy of
96% was from the same model achieved but 94% is considered a representative value
of performance. These accuracies might not be generalised to a larger population
since the dataset used had few samples and few unique patients.

Using augmentation when training the model increased accuracy from 82% to 94%
which indicates it is of high importance. However, it is not possible to determine
which augmentation methods are most suitable. Transfer learning did not increase
performance. Using pre-training of data unlike the dataset decreased performance
while data similar to the dataset did not decrease nor increase performance. Us-
ing maximum shear strain as input to the model archived highest accuracy. The
displacement fields could not be used for classification which indicates the need of
processing of the raw data.

Highest accuracy was yielded when using two damage maps as input to the model.
This indicates the importance of taking the patient’s individual laxity into account,
which is also considered when conventionally diagnosing CCL injuries. A model
only using a single damage map as input achieved an accuracy of 88% when using
normalisation with a scalar value obtained from the opposite knee and pre-training.
Using a single damage map as input without normalisation achieved an accuracy
of 82%. This indicates potential to determine if a knee is injured without taking
individual laxity into account.
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Appendix 1

Listing A.1: Constructed CNN for concatenated damage maps.

class ConcatenatedInputNetwork (nn.Module):

def __init__(self, channels=2):
super (ConcatenatedInputNetwork, self).__init__Q)
self.convl = torch.nn.Sequential(

nn.Conv2d (channels, 8, kernel_size=3, padding=1),
nn.Dropout (0.2),

nn.RelLU(),

nn.MaxPool2d (kernel_size=2, stride=2)

)
self.conv2 = torch.nn.Sequential (
nn.Conv2d (8, 16, kernel_size=3, padding=1),
nn.Dropout (0.5),
nn.RelLU(Q),
nn.MaxPool2d (kernel_size=2, stride=2)
)
self.conv3 = torch.nn.Sequential (
nn.Conv2d (16, 32, kernel_size=3, padding=1),
nn.Dropout (0.5),
nn.RelLU(),
nn.MaxPool2d (kernel_size=2, stride=2)
)

self.fcl = nn.Linear (32 * 3 * 3, 32, bias=True)
self.fc2 nn.Linear (32, 2, bias=True)

def forward(self, x):

out = self.convl(x)

out = self.conv2(out)

out = self.conv3(out)

out = out.view(out.size(0), -1)

out = F.relu(self.fcl1(out))
out F.softmax (self.fc2(out), dim=1)
return out
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Listing A.2: Constructed CNN for corresponding damage maps using a Siamese
network structure.

class SiameseNetwork (nn.Module):

def _ _init__(self, channels=2):
super (SiameseNetwork, self).__init__()

self .branch = nn.Sequential(
nn.Conv2d (channels, 8, kernel_size=3, padding=1),
nn.Dropout (0.2),
nn.RelLUQ),
nn.MaxPool2d (kernel_size=2, stride=2),

nn.Conv2d (8, 16, kernel_size=3, padding=1),
nn.Dropout (0.5),

nn.RelLU(),

nn.MaxPool2d (kernel_size=2, stride=2),

nn.Conv2d (16, 32, kernel_size=3, padding=1),
nn.Dropout (0.5),

nn.RelLU(),

nn.MaxPool2d (kernel_size=2, stride=2)

)

self.fcl = nn.Linear(2 * 32 * 3 * 1, 32, bias=True)
self.fc2 nn.Linear (32, 2, bias=True)

def forward(self, x):
x1, x2 = torch.tensor_split(x, 2, dim=2)

# Branch mnetworks
outl = self.branch(x1l)
outl outl.view(outl.size (0), -1)

out2 = self.branch(x2)
out?2 outl.view(out2.size (0), -1)

out = torch.cat((outl, out2), 1)

out F.relu(self.fcl(out))

out = F.softmax(self.fc2(out), dim=1)
return out

Listing A.3: Constructed CNN for single damage maps.

class SingleInputNetwork (nn.Module):

def _ _init__(self, channels=2):
super (SingleInputNetwork, self).__init__Q)

self.conv = nn.Sequential(
nn.Conv2d (channels, 8, kernel_size=3, padding=1),
nn.Dropout (0.2),
nn.RelLU(Q),
nn.MaxPool2d (kernel_size=2, stride=2),

nn.Conv2d (8, 16, kernel_size=3, padding=1),
nn.Dropout (0.5),

nn.RelLU(),

nn.MaxPool2d (kernel_size=2, stride=2),

IT
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def

nn.Conv2d (16, 32, kernel_size=3, padding=1),
nn.Dropout (0.5),

nn.RelLU(),

nn.MaxPool2d (kernel_size=2, stride=2)

)

self.fcl = nn.Linear (32 * 3 * 1, 32, bias=True)
self.fc2 nn.Linear (32, 2, bias=True)

forward (self, x):

out = self.conv(x)

out = out.view(out.size(0), -1)

out = F.relu(self.fcl(out))

out = F.softmax(self.fc2(out), dim=1)
return out

Listing A.4: Constructed CNN for generating CAMs from concatenated damage

maps.

class ConcatenatedInputNetworkCam(nn.Module):

def

def

__init__(self, channels=2):
super (ConcatenatedInputNetworkCam, self).__init__ ()
self.convl = torch.nn.Sequential(
nn.Conv2d (channels, 8, kernel_size=3, padding=1),
nn.Dropout (0.2),
nn.ReLUQ),
nn.MaxPool2d (kernel_size=2, stride=2)
)
self.conv2 = torch.nn.Sequential (
nn.Conv2d (8, 16, kernel_size=3, padding=1),
nn.Dropout (0.5),
nn.RelLU(),
nn.MaxPool2d (kernel_size=2, stride=2)
)
self.conv3 = torch.nn.Sequential(
nn.Conv2d (16, 32, kernel_size=3, padding=1),
nn.Dropout (0.5),
nn.RelLU(),
)
self.fcl = nn.Linear (32, 2, bias=True)
forward (self, x):

out = self.convl(x)

out = self.conv2(out)

out = self.conv3(out)

out = F.avg_pool2d(out, 7).squeeze()

out F.softmax(self.fcl1(out), dim=0)
return out
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Listing A.5: Constructed CNN for generating CAMs from single damage maps.

class SingleInputNetworkCam(nn.Module):

def __init__(self, channels=2):
super (SingleInputNetworkCam, self).__init__()

self.conv = nn.Sequential(
nn.Conv2d (channels, 8, kernel_size=3, padding=1),
nn.Dropout (0.2),
nn.RelLU(),
nn.MaxPool2d (kernel_size=2, stride=2),

nn.Conv2d (8, 16, kernel_size=3, padding=1),
nn.Dropout (0.5),

nn.RelLU(Q),

nn.MaxPool2d (kernel_size=2, stride=2),

nn.Conv2d (16, 32, kernel_size=3, padding=1),
nn.Dropout (0.5),
nn.RelLU(),

)

self.fcl = nn.Linear (32, 2, bias=True)

def forward(self, x):
out = self.conv(x)
out = F.avg_pool2d(out, (7, 3)).squeeze ()
out = F.softmax(self.fcl(out), dim=0)
return out
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