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Abstract
Railway track components have an on-going need to be periodically inspected, monitored, and
maintained to ensure the safety and reliance of both the railway track itself as well as the trains
that traverse along them. An exploration into the current approach used to complete the track
inspection task reveals just how tedious, time-consuming, and labour-intensive it can become,
with Rail Engineers being frequently required to manually navigate sections of the track, and make
informed decisions on maintenance requirements, with further difficulties and repercussions;
including unexpected delays to public transport service, as well as increased risk to work-related
injuries, also adding to the pressure and main concerns of fulfilling this critical job-role.
This paper explores one possibility of meliorating this task by adopting deep-learning technologies
along with relevant image processing tools to design and develop machine learning models,
whom are capable of successfully automating the detection of maintenance requirements in track
components.
A selection of Data Pre-processing tasks was applied to the dataset and proved paramount to the
success of the project by ensuring the developed models were trained correctly and could
generalise and perform well on new data. The specific pre-processing tasks that were employed
were, dataset expansion through image slicing, affine transformations, and elastic distortions,
labelling of the dataset into one of five classes, handling of the class imbalance issue, and down
sampling.
The proposed machine learning solution involves a set of Convolutional Neural Network (CNN)
architectures whose designs were inspired by previous studies that have been reviewed, have
been developed in Python using Google’s Colaboratory research tool, were trained and tested on
an expanded dataset of 10,000 images, and then were compared against each other for
evaluation of model performance. The best-performing model from the experiment managed to
yield a test accuracy of 93.4% - misclassifying only 65 out of the 1,000 test images. A short Java
application was then developed to consolidate the trained Python model with an attractive
Graphical User Interface (GUI) into a single program.
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Introduction
Background to the Project

The inspection of railway track for the detection of maintenance needs remains a critical task in
ensuring the smooth running of day-to-day railway operations and the safety of railway traffic,
passengers, and the workforce. Traditionally, such a task becomes a job role for a trained railway
engineer whom would periodically walk along the track lines performing necessary inspections of
the railway components and forming a report of any maintenance that is required. As one can
imagine, this manual process of inspection is expensive both in monetary and in time and can be
very dangerous if scheduled during busy periods or on frequently used track lines. Furthermore,
failure to undertake track inspection or miss-detecting existing defeats due to human error or
misjudgement can have negative repercussions in the long-term - including further costly; and
sometimes permanent, damage to the track and the trains that run on it, and disruptions; lateness
and cancellations, to passenger journeys due to unexpected faults that could have been
prevented through appropriate track maintenance. There are also increased safety concerns for
the passengers who use these trains and the workforce that operate on the lines if the track is not
being maintained properly.
The Office of Rail and Road (ORR) is the independent safety and economic regulator for Britain’s
railways. They continuously gather data and publish frequent official reports and summary
statistics on five important divisions (usage, passenger experience, performance, finance, and
health and safety) and can be used as a guidance for analyses of the overall performance of
Britain’s rails through time. In one recent report; published 24th May 2019, it was calculated that
nationally, 13.7% of trains in Q4 (1st October – 31st December) of the year 2018 were late by more
than 5 minutes to their destination, with 4.3% of trains being reported as ‘Cancelled or Significantly
Late’. (Office of Rail and Road, 2019) Although no specific details have been released explaining
the exact reasoning behind the levels of lateness and cancellations, it can be at least suggested
that a proportion of these cases is somewhat related to maintenance issues; such as unexpected
track or train component failure, resulting in the need for emergency, unscheduled maintenance.
Furthermore, separate reports by the same company look at levels of injuries and fatalities to both
train passengers and the workforce that operate on the rails. In the case of the workforce section,
ORR reports 2 cases of fatalities (death) in the year 2017 with a further 6,661 workforce injuries
- down 2.1% from 6,801 the previous year, but still averaging over 18 injuries a day. 164 of these
reported injuries were classified as major injuries and it is likely that additional injuries may have
occurred but were not reported, perhaps for personal reasons or because of the magnitude of the
injury. (Office of Rail and Road, 2018) Again, no specific information has been published
regarding ‘why’ and ‘how’ these accidents occurred, but it can be at least suggested that a small
proportion of these incidents may have occurred when staff were performing inspection or
maintenance duties.
Considering the statistics highlighted in the above reports, it comes as no surprise that railway
companies and the Government alike are constantly researching and developing new solutions
to improve the safety, efficiency, and value of the public rail transport service across the five
aforementioned divisions.
The research in this report focuses on one specific area of Data Science that has become
increasingly prominent across many businesses in various sectors, with public transport being no
exception to this – the introduction of Machine Learning techniques for constant improvement and
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personalisation of products and services. More specifically, this study looks at the possibilities of
automating the process of inspecting track segments for maintenance needs through an Image
Processing application encoded in the form of a Convolutional Neural Network (CNN). The
primary benefit of automating such task will be the obsoleting of the engineer’s job role to
manually inspect the track, providing many benefits for the business:
First and foremost, there are associated cost reductions since engineers will no longer be required
to inspect the track themselves and so this time and energy can be focused on other critical tasks
that are not yet automated. Development and installation of the automated system will likely incur
some initial expense, however the running costs of maintaining this system over time will be much
lower than the running costs of recruiting, training, and paying extra engineer salaries. With that
being said, in the long run, the business will expect to report a reduction in running costs for this
particular task.
Secondly, the time required to complete the inspection task will be much lower as track segments
can be constantly reviewed by the CNN at much faster rates than it would take for engineers to
manually traverse and examine the track, and then build reports. Moreover, if the CNN is able to
perform at near-human level, then it could even completely omit errors like poor judgement or
miss-detection on the engineer’s behalf. Furthermore, constant real-time results from the CNN
will allow for quicker maintenance scheduling which will help in the prevention of
lateness/cancellations of train journeys caused by track or train component failure.
Finally, since engineers will no longer need to physically inspect the railway track, one could
expect a positive impact to the number of reported workforce injuries that have occurred when
inspecting or maintaining track components. This helps make the railway transport service safer
for everyone and could also save the company on costs like compensation being paid due to
work-related injuries.
Research will be carried out to identify some existing attempts in Image Processing with Neural
Networks and the selected relevant literature will be reviewed to understand what has worked
well in other academic’s use cases and if there are any gaps in the research that could be
addressed. The experiments that will follow will be based on this literature review and the final
CNN architectures will be trained and tested, with the approaches taken compared with those
studied in the literature review. The performance of the CNN will be analysed, and a conclusion
will be made as to how well the network is able to automate this track inspection task.
In terms of the actual maintenance requirements that are targeted in this report, the CNN
architecture will aim to identify the sleepers of the track that are either missing one or both
fasteners (the clips that secure the track to the sleeper). In addition to this, if there is a moderate
amount of excess ballast (the layer of rock the sleepers sit on) which makes the fastener visible
but prevents us from determining whether the condition of the fastener is intact, then these images
will be placed into a separate class. Likewise, if there is a substantial amount of excess ballast
that covers the entire section of the sleeper and thus the entire fastener, then it is impossible to
detect the fastener, let alone evaluate its condition. These images will be placed into another
separate class.
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Figure 1 Components of a railway track. [fig. 1]

1.2

Project Aims and Objectives

1.2.1 Project Aim
The aim of the project is to design, development, and test a Convolutional Neural Network for an
Image Processing classification task which aims to classify images of railway track into those that
require maintenance and those that do not.

1.2.2 Objective – Gather and Prepare dataset
A suitable data set of images will be gathered and pre-processing techniques will be applied to
images in the dataset to help prepare it for training the models.

1.2.3 Objective – Design and Develop CNN
Convolutional Neural Network architectures will be designed, developed, trained, tested, and
compared to identify the best performing model for this use case.

1.2.4 Objective – Design and Develop GUI
A Graphical User Interface will be designed and developed in Java.

1.2.5 Objective – Consolidate CNN and GUI
The CNN and GUI will be consolidated into one product.
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Overview of This Report

The remainder of this report will be set out as follows:
- Section 2. Literature Review – The literature review will explore previous studies and attempts
in similar problem areas relating to data preparation, image processing, and artificial neural
network. The literature will be reviewed and related to the work that is intended to be carried out
in this project. Any gaps in the literature will be identified and addressed.
- Section 3. Methodology – The methodology section will discuss the steps that are to be taken
during the process of the project. This will include the important sub-tasks including data
gathering, experiment setup, model design, development, training, and testing, experiment
results, and GUI development.
- Section 4. Experiment Setup – This section will describe how the experiment will be conducted.
It will provide vital information on the number of tests to be performed, the details of each test,
the objectives and reasoning’s behind each test, and what performance metrics will be employed
to measure and compare the results obtained.
- Section 5. Data Pre-processing – Here the image dataset that has been acquired will be
introduced and an overview will be given to inform the reader of some of its key details. Limitations
of the dataset in regard to using it for training of a machine learning will be identified and
necessary data preparation tools and techniques that will combat these limitations will be
introduced, discussed, and applied.
- Section 6. Solution Design – This section will cover the specific design of each of the CNN
architectures and will give information about model configurations and hyper-parameters
- Section 7. Implementation – The solutions that have been designed will be developed in Python
using an Anaconda Jupyter Notebook to document the work and store the code. Details of the
model implementations and training will be provided in this section.
- Section 8. Experiment Results - Each of the trained CNN architectures will undergo testing on
a ‘test dataset’. The performance of each model will be documented in this section in the form of
accuracy and loss graphs, Confusion Matrices, and Performance Histograms.
- Section 9. GUI Development - A Graphical User Interface will be designed and developed and
once the experiment has concluded, the best performing model will be consolidated with this GUI.
Work relating to this will be documented in this section.
- Section 10. Project Management – Project management covers any materials created, tools
used, and approaches taken to help with the management and smooth-running of the project.
Materials like meeting records, project Gantt chart, and report versioning are discussed in this
section.
- Section 11. Critical Appraisal – This section will discuss my approach to this project, what work
was completed and the results that were achieved, and any issues that were faced throughout
the process of the project.
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- Section 12. Conclusions – The results obtained from the experiment will be reviewed and
conclusions will be drawn from the work completed. Any further improvements to the work will be
identified and listed under a ‘future work’ section.
- Section 13. Student Reflection - The benefits and limitations of both the approach taken to the
project as well as the content of the project itself will be identified and areas of potential
improvement will be discussed. This section can be used for future reference to aid with personal
skill development.
- Bibliography and References – Here a list of references link the external materials that have
been pivotal to the development of the project.
- List of Figures – Every figure that has been used in this report will be listed here. Any figures
from external sources will be referenced and hyperlinks to the source website will be provided.
- List of Tables – Every table that has been used in this report will be listed here. Any tables from
external sources will be referenced and hyperlinks to the source website will be provided.
- Appendix – The final section of the report is the appendix. This will include any other figures and
tables that are relevant to the project.
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Literature Review

2
2.1

Convolutional Neural Network Architecture

Convolutional Neural Networks, CNNs, or ConvNets; based on the classical convolutional neural
network proposed by LeCun et al (LeCun, 1989), are a class of deep neural networks that have
proven very effective in areas such as image recognition and classification. Previous studies have
seen various applications of CNNs that can identify and separate faces as part of powering vision
in robots, as well as recognition of various traffic signs in self-driving cars.

Figure 2 An example CNN for the classification of transport modes. [fig. 2]

The basic concept behind a CNN is to take in an input image, assign importance (learnable
weights and biases) to various aspects of the image and be able to differentiate one from the
other.
CNNs are able to successfully capture the Spatial and Temporal dependencies in an image
through the application of relevant filters. This architecture performs a better fitting to the image
dataset than a standard Neural Network due to the reduction in the number of parameters
involved as well as the reusability of weights. (Sumit Saha, 2018)
There are four main operations performed by the CNN which help it to effectively carry out its
classification task. These form the basic building blocks of every CNN architecture:
1.
2.
3.
4.

Convolution
Non-Linearity (ReLU)
Pooling / Sub Sampling
Classification (Fully Connected Layer)

-

The Convolution Step

The objective of the Convolution operation is to extract the high-level features such as edges and
curves, from the input image. CNN architecture does not have to be limited to just one
Convolutional Layer, conventionally the first convolutional layer is responsible for capturing lowlevel features like edges, colour, gradient orientation, and subsequent convolutional layers allows
the architecture to adapt to the high-level features as well, resulting in a network that has
understanding of images in the dataset, similar to our understanding.
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Figure 3 Applying the Convolution operation on the input image. [fig. 3]

There are three main components that make up the convolutional layer. The first component is
the input image. In the case depicted by the image above, our image has dimensions 32 x 32 x
1 (32 pixels wide, 32 pixels high, and only one colour channel).
The second component is a filter which is a matrix of weights (or parameters) and can be thought
of as a feature identifier. It covers an area of the input image called a receptive field. In the case
above, the filter has dimensions 5 x 5 and so covers a total of 25 pixels for each position it is
placed on the input volume. It is important to note that the depth of the filter has to be the same
as the depth of the input. The filter that has been mentioned is first positioned in the top left corner
of the input image and convolves around the image, where it multiplies the values in the filter with
the original pixel values of the image (it computes the element wise multiplication). These
multiplications are summed up to obtain a single number.
This process is repeated for every unique location in the input volume that the filter can cover
(once we have calculated the first number, we move the filter one unit to the right, then one unit
to the right again, and so on). Every unique location on the input volume produces a number.
After convolving the filter over all possible locations, we are left with a 28 x 28 x 1 matrix of
numbers – this is our third component and is called a feature map. (Adit Deshpande, 2016)
The reason that the above feature map is a 28 x 28 matrix is because there are 784 different
locations that our 5 x 5 filters can fit on our 32 x 32 input image. These 784 numbers are mapped
to our 28 x 28 array.
The size of the resulting feature map is controlled by three parameters that can be decided by the
programmer during development of the network:
Depth - Increasing the number of filters that will convolve over the input image will increase the
depth of the feature map. For example, if we had 10 filters, then we would have 10 feature maps.
Stride – this is the number of pixels by which we move the filter matrix across the input matrix.
When the stride is 1 then we move the filters one pixel at a time, a stride of 2 will move the filters
two pixels at a time, and so on. The larger the stride, the smaller the size of the feature map.
Zero-padding – Sometimes, it is convenient to pad the input matrix with zeros so that we can
preserve features located at the borders of our images. Zero-padding can also help us control the
size of the feature maps and make them equal to the size of the input matrix if it is desirable.
(Madhi Varman, 2018)
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The following formula can be used to calculate the dimensions of the resulting feature map:
𝑊 − 𝐹𝑤 + 2𝑃
]+1
𝑆𝑤
𝐻 − 𝐹ℎ + 2𝑃
𝑜𝑢𝑡𝑝𝑢𝑡 ℎ𝑒𝑖𝑔ℎ𝑡 = [
]+1
𝑆ℎ
𝑜𝑢𝑡𝑝𝑢𝑡 𝑤𝑖𝑑𝑡ℎ = [

𝑊:
𝐻:
𝐹𝑤 :
𝐹ℎ :
𝑃:
𝑆𝑤 :
𝑆ℎ :

𝑖𝑛𝑝𝑢𝑡 𝑤𝑖𝑑𝑡ℎ
𝑖𝑛𝑝𝑢𝑡 ℎ𝑒𝑖𝑔ℎ𝑡
𝑐𝑜𝑛𝑣𝑜𝑙𝑢𝑡𝑖𝑜𝑛 𝑓𝑖𝑙𝑡𝑒𝑟 𝑤𝑖𝑑𝑡ℎ
𝑐𝑜𝑛𝑣𝑜𝑙𝑢𝑡𝑖𝑜𝑛 𝑓𝑖𝑙𝑡𝑒𝑟 ℎ𝑒𝑖𝑔ℎ𝑡
𝑐𝑜𝑛𝑣𝑜𝑙𝑢𝑡𝑖𝑜𝑛 𝑝𝑎𝑑𝑑𝑖𝑛𝑔 𝑠𝑖𝑧𝑒
ℎ𝑜𝑟𝑖𝑧𝑜𝑛𝑡𝑎𝑙 𝑠𝑡𝑟𝑖𝑑𝑒 𝑎𝑚𝑜𝑢𝑛𝑡
𝑣𝑒𝑟𝑡𝑖𝑐𝑎𝑙 𝑠𝑡𝑟𝑖𝑑𝑒 𝑎𝑚𝑜𝑢𝑛𝑡

Additional information on this formula can be studied by reading the following article published by
Dang Ha The Hien: https://medium.com/mlreview/a-guide-to-receptive-field-arithmetic-forconvolutional-neural-networks-e0f514068807
Additional information on Strides and Padding can be studied by reading the following article
published by Jason Brownlee: https://machinelearningmastery.com/padding-and-stride-forconvolutional-neural-networks/

-

Non-Linearity

ReLU (Rectified Linear Unit) is a non-linear operation that is usually applied after every
Convolution operation. Its output is given by:
𝑂𝑢𝑡𝑝𝑢𝑡 = 𝑀𝑎𝑥(0, 𝑖𝑛𝑝𝑢𝑡)

Figure 4 ReLU activation function. [fig. 4]

ReLU is an element wise operation (applied per pixel) and replaces all negative pixel values in
the feature map to zero. The purpose of doing this is to introduce non-linearity into our CNN, since
most of the real-world data that we would be working with would require our CNN to learn nonlinearity (the convolution step previously explained is a linear operation; element wise matrix
multiplication and summation, so we account for non-linearity by introducing a non-linear function
like ReLU). ReLU has been found in practice to outperform other non-linear function like tanh and
sigmoid in most situations as gradient computation is very simple (either 0 or 1 depending on the
sign of 𝑥), the computational step is also easy: any negative values are just set to 0.0 – no
exponentials, multiplication, or division operations (allowing the network to train much faster), and
it helps alleviate the vanishing gradient problem.
COM Project 2018-2020
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Figure 5 A Rectified Feature Map after applying the ReLU operation. [fig. 5]

Additional information on the Vanishing Gradient problem can be studied by reading the following
article published by Nikhil Garg: https://www.quora.com/What-is-the-vanishing-gradient-problem

-

The Pooling Step

Pooling (also known as subsampling or down-sampling) reduces dimensionality of each of our
feature maps while still retaining most of the significant information. The three most common
types of pooling that are used are: Max, Average, and Sum.

Figure 6 Two possible Pooling operation – Max and Average. [fig. 6]

In the case of Max Pooling, we create a spatial neighbourhood (for example, a 2x2 window) and
select the largest element from the rectified feature map within that window – average pooling will
take the average of all elements, whilst sum pooling will take the sum of all the elements. It has
been found in practice that Max Pooling tends to work the best for CNN application.
It is important to note that the pooling operation is applied separately to each feature map – so if
we have 10 feature maps, then we would receive 10 output maps after applying the pooling
operation.

Figure 7 Outputs after applying Max and Sum pooling. [fig. 7]
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As well as reducing the dimensionality of our feature maps, the pooling operation also performs
a few other important tasks, this includes: reducing the number of parameters and computations
in the network (preventing the introduction of overfitting), making the network invariant to small
transformations, distortions and translations in the input image (small distortions in the input
images will not change the output of the Pooling operation since we take the maximum / average
value in a local neighbourhood), and also helping us to arrive at an almost scale invariant
representation of the input image – this is very important as it gives the CNN the capability to
detect objects regardless of their exact location within the image.

-

The Fully Connected Layer (FC)

This type of layer is similar to one you would find in a standard Multi-Layer Perceptron (MLP)
network. The output from the convolutional and pooling layers will represent high-level features
of the input image. The purpose of the fully-connected layer is to take these features and use
them for classifying our image into one of the pre-defined classes.
In CNN architecture we tend to use the Softmax activation function in the output layer to allow
for the classification to take place – the Softmax function produces a vector that represents the
probability distributions of a list of potential outcomes, which, as you can expect, have probabilities
that sum up to one.

Figure 8 Softmax function. [fig. 8]

-

Training using Backpropagation

Training of the Convolutional Neural Network can briefly be summarized by the five steps below:
Step 1: We initialize all filters and parameters (weights and biases) to random values and select
values for our hyper-parameters (for example: number of filters, filter sizes, architecture of the
network, etc.).
Step 2: The network completes a forward pass by taking a training image as input and passing
it though each layer of the network (performing Convolution, ReLU, Pooling, and finally
Classification operations) to obtain the output probabilities for each of the pre-defined classes –
Since our parameters have been initialized with random values, we can expect our output
probabilities to also be random.
Step 3: The total error for each class at the output layer is calculated and a summation across all
classes is completed – it is common to use the Mean Square Error (MSE) error function which is
defined below:
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𝑛

1
𝐶𝑂𝑆𝑇 (𝐶) = ∑(𝑌𝑖 − 𝑌̂𝑖 )2
𝑛
𝑖=1

𝑛:
𝑌𝑖 :
𝑌̂𝑖 :

𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑜𝑢𝑡𝑝𝑢𝑡 𝑐𝑙𝑎𝑠𝑠𝑒𝑠
𝑡𝑎𝑟𝑔𝑒𝑡 𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦
𝑜𝑢𝑡𝑝𝑢𝑡 𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦

Step 4: Using backpropagation we calculate the gradients of the error with respect to each
individual weight in the network and use gradient descent techniques to perform updates to the
values of the filters, the weights, and the biases. Re-training the network with the same input
image should yield a probability vector that contains values which are closer to the desired values.
This means that the network has learnt to classify this particular image correctly by adjusting its
trainable parameters.
Step 5: The network now has to repeat steps 2 – 4 with all images in the training set to try and
find the best parameter values that yield the lowest overall cost value.
This training process can be repeated for a number of iterations (epochs), starting with different
initial parameter values in an attempt to find the globally optimal settings for parameter values
that will result in the best performing network.
The hyper-parameters of a Neural Network model help define the networks behaviour and its
approach to the learning process. Convolutional Neural Networks (CNNs) have an extended set
of hyper-parameters (in comparison to the standard MLP) to cater for the behaviour of the
‘Convolutional’ and the ‘Pooling’ layers. The set of tuneable hyper parameters in a Convolutional
Neural Network architecture is as follows:
-

Model Design Hyper-parameters

Convolutional Layer & Activation function
- Filter dimensions
- No. of filters
- Stride size
- Padding size (if applicable)
- Activation function (ReLU, Leaky ReLU, ELU, etc.)
Pooling Layer
- Type of pooling (Max, Average, Sum, etc.)
Fully Connected Layer
- Number of fully connected layers
- Number of neurons in each FC layer
- Initial weight and bias values
- Type of activation function used
- Loss Function used
Training Hyper-parameters
- Learning rate
- Number of epochs
- Batch size
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Review of previous studies

Choosing the class of neural network to implement for a given use case is somewhat intuitive,
deciding on the actual design of the architecture and determining optimal hyper-parameter values
the model will possess, along with careful, considerate pre-processing and preparation of the
dataset, on the other hand, is some of the most difficult aspects of neural network design and
development and remains at the forefront of research within the field of Artificial Neural Networks,
with many researchers and enthusiasts experimenting with various combinations of network
layouts and hyper-parameter values in attempt to discover architecture combinations that provide
optimal performance for given circumstances.
Patrice Y. Simard et al from Microsoft Research wrote a paper titled ‘Best Practices for
Convolutional Neural Networks Applied to Visual Document Analysis’. In this paper they explained
how there is currently a “confusing plethora of different neural network methods that are used in
the literature and in industry” and demonstrated some of the current ‘best practices’ in ANN work
through implementations of their own networks, which served the application of recognising
handwritten digits using images from the MNIST dataset – a benchmark dataset of segmented
images of handwritten digits, each with dimensions 28 x 28 pixels. (Patrice Y. Simard et al, 2003)
Optimal performance of their models was achieved by following two ‘essential’ practices. The first
being related to the data preparation phase. They created a “new, general set of elastic distortions
that vastly expanded the size of the training set” – in machine learning, we favour large amounts
of training data as it reduces opportunities to introduce overfitting and also helps with model
generalization capabilities, leading to sophisticated and accurate data modelling. The second
‘essential’ practice they followed in their work was the selection of the Convolutional Neural
Network for an image processing task. They decided to compare the developed CNN with a
standard Multi-Layer Perceptron Model to compare model performance, demonstrate the
advantages of the CNN over the MLP for image processing, and emphasize the general
importance of careful network class selection.
In regard to the first practice, Patrice and his colleges experimented by building networks that
trained on three separate datasets - firstly on a dataset that had underwent no type of distortion
(i.e. the original dataset), then on a dataset whose instances had underwent affine distortion, and
then finally on a separate dataset whose instances had underwent elastic distortion. The results
were compared and have been re-created in table 1. For the affine distortions, Patrice et al
explained that the application of simple distortion techniques (translations, rotations, skewing)
could be generated by applying affine displacement fields to the images: “This is done by computing a new target location for every pixel in the image with respect to its
original location. For instance, if ∆x(x,y)=1, and ∆y(x,y)=0, this indicates that the new location of
every pixel is shifted by 1 to the right. Similarly, if the displacement field was ∆x(x,y)= αx, and
∆y(x,y)= αy, then the image would be scaled by the amount α”.
From the experiments conducted with affine transformations it was found that these greatly
improved the results on the MNIST database in comparison to just using the original dataset.
However, they found that they were able to obtain even better results when elastic deformations
were used.
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Figure 9 Top Left: Original Image. Top Right and Bottom: pairs of displacement fields with various
smoothing levels, and the resulting image from application of the displacement field. [fig. 9]

Their elastic image deformations were created
“by first generating random displacement fields, that is ∆x(x,y) = rand(-1,+1) and ∆y(x,y) = rand(1,+1), where rand(-1,+1) is a random number between -1 and +1, generated with a uniform
distribution. The fields ∆x and ∆y where then convolved with a Gaussian of standard deviation
𝜎(in pixels). If 𝜎 is large, the resulting values are very small because the random values average
0.”
They then chose to normalise the displacement field (to a norm of 1) making the field close to
constant, with a random direction. If σ is small, the field looks like a completely random field after
normalization (as depicted in Figure 1, top right). For intermediate σ values, the displacement
values look like elastic deformation, where σ is the elasticity coefficient. Finally, the displacement
fields were multiplied by a scaling factor α that controls the intensity of the deformation.
Figure 9 top right shows an example of a pure random field(σ = 0.01), bottom left shows an
example of a smoothed random field (σ = 8) and bottom right shows an example of a smoothed
random field with too much variability(σ = 4). Patrice and his colleges indicated that if σ is large,
the displacements become close to affine, and if it is very large, the displacements become
translations. After experimenting with various values of σ and α, it was found that their best results
were obtained when σ = 4 and α = 34.
As mentioned above, the second ‘essential’ practice they defined was demonstrated by
considering and comparing two types of architectures for their MNIST data set. The two
architectures they compared were a two-layered multi-layer perceptron network and a
Convolutional Neural Network. The error functions they employed were cross-entropy (CE) and
mean squared error (MSE), however the latter was only used once during their experiments and
so it seems rather redundant in this study. With that being said, when it comes to evaluating the
results they obtained, the focus will only be on those that used CE as the error function. During
the experiment, they that the CNN outperformed the MLP on every experiment that was
conducted. This perhaps does not come as a surprise as the CNN had been found on many
occasions to be much better suited for image processing tasks than other ANN architectures, due
to the spatial topology that is well captured by the CNN as well as the Local Connectivity and
Parameter Sharing capabilities of the network - both of which help reduce the number of learnable
parameters; preventing the introduction of overfitting as well as significantly reducing network
learning time.
The CNN architecture that was developed in this study was composed of the following layers:
One input layer which was a 29 x 29 pixel matrix. This represented the input image. The original
input image size was 28 x 28, however due to their configurations (as seen below), the nearest
value which generated an integer size after 2 layers of convolution is 29 x 29.
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One Convolutional layer followed by a Pooling/sub-sampling layer. The convolutional layer
consisted of five filters each with pixel dimensions 5 x 5. Patrice and his colleges found that fewer
than 5 different features decreased performance, while using more than 5 did not improve it. They
also used a stride of one, and no padding; as according to their study, it did not improve the
performance significantly. It was decided that a sub-sampling of the layer by a factor of 2 would
also be applied. With these hyper parameter values, we can calculate the dimensions of their
feature maps after both convolution and pooling operations had been completed. Each feature
map had size (29-3) / 2 = 13. This then, resulted in five 13 x 13 feature maps.
There was then a second combination of Convolutional and Pooling layers. This time the
convolutional layer consisted of fifty filters (as opposed to five in the previous layer), again they
experimented with this value and found that 25 features decreased the performance while 100
features did not improve it. Each filter had dimensions 5 x 5, a stride of one, and no padding. The
sub-sample factor also remained at two. The size of the feature maps once the convolution and
pooling operations had been applied were calculated to be (13-3) / 2 = 5. This then, resulted in
fifty 5 x 5 feature maps.
A trainable classifier in the form of 2 fully connected layers formed the penultimate and final layer
of the network. The number of hidden units in the penultimate layer is paramount in controlling
the capacity, and generalization of the overall classifier. After experimenting with a range of values
it was found that 100 hidden units seemed to provide the best performance for their case.

Figure 10 The CNN architecture developed by Patrice et al. [fig. 10]

The MNIST dataset that has been gathered to train both the CNN and the MLP consisted of
70,000 instances. The first 50,000 instances were used to train the model, the next 10,000 were
used for validation and parameter adjustment, and the final 10,000 were used to test the model.
The results reported below on the test set were done with the parameter values that were optimal
on validation.
Algorithm
2-layer MLP (CE)
2-layer MLP (CE)
2-layer MLP (CE)
Simple Conv (CE)
Simple Conv (CE)

Distortion
None
Affine
Elastic
Affine
Elastic

Error
1.6%
1.1%
0.7%
0.6%
0.4%

Table 1 Comparison of MLP and CNN with various distortion techniques [tbl. 1]

Several interesting results have been captured in the results table. First and foremost, it is evident
that elastic deformations have had a considerable impact on the performance, both for the MLP
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and the CNN architectures. A reduction in errors of 0.4% and 0.2% was achieved when using
elastic deformations over affine transformations for MLP and CNN, respectively. In addition to
this, we have further evidence to prove that in general CNN architectures outperform MLP when
it comes to image processing tasks as both of the CNN results obtained have lower error values
than the results obtained for the MLP architectures.
The comparison between two techniques used in synthesizing training instances and the levels
of performance they can provide on differing network architectures is relevant and useful to the
work that will be carried out in my own study. There is however a gap in this study that has not
been addressed by Patrice and his colleges – how would the performance of the CNN architecture
compare on a single dataset which contains a proportion of instances that have underwent no
transformations, a proportion of instances that have underwent affine transformations, and a
proportion of instances that have underwent elastic transformations? Could an even further
expansion of the dataset through applying both of these synthetic manufacture techniques yield
even lower error rates?
One approach that will be taken in my research is to experiment by training the CNN architecture
with three separate datasets - one which contains instances that have underwent only affine
transformations, one which contains instances that have underwent only elastic transformations,
and one that contains instances that have underwent BOTH affine and elastic transformations.
Calculating the error values obtained for each of these experiments will help me to compare the
results with those obtain by Patrice and his colleges and see whether similar reductions in error
occur when using elastic distortions as opposed to affine transformations. Moreover, by
experimenting with the third dataset, it will help me answer the questions as to whether applying
both affine and elastic distortions to the same dataset provides even further reduction in the error
values.
A paper titled ‘Deep convolutional neural network for detection of rail surface defects’, published
by S. Faghih-Roohi et al in July 2016 looked an application of CNN similar to the one central to
this study. In this paper, S. Faghih-Roohi and his colleges proposed a deep convolutional neural
network (DCNN) solution to the analysis of image data for the detection of rail surface defects.
This paper focused solemnly on the actual railway lines that trains run on. (S. Faghih-Roohi, 2016)
The image dataset that they built to train their CNN architecture came from ‘many hours of
automated video recordings’ which were collected from a camera that was mounted on a
measurement vehicle and captured the top view of the railway tracks. They estimated that this
data covered approximately 350 kilometres of track, equivalent to 700 kilometres of rail. Among
the collected frames, they manually labelled 22,408 objects as belonging to 1 out of 6 classes
(normal, weld, light squat, moderate squat, severe squat, and joint).
‘The weld class corresponds to those parts of the track surface where the rails are welded together
to form one continuous rail, and in most of the cases in the images, these are hardly
distinguishable from the normal rail surface even by the human eye when the weld is in good
health condition. Squats are a type of surface-initiated track defects. (Maria Molodova et al, 2014)
There are different classifications of the squat types based on their severity and size. Insulated
joints electrically separate two consecutive track sections with an insulating material.’
A sample of images depicting each of these classes can be seen below. In terms of the class
distribution, S. Faghih-Roohi and his colleges report 985 welds, 938 light squats, 562 moderate
and severe squats, and 755 rail joints. Out of each class, 10% of the samples were reserved for
testing while the remaining 90% were reserved for training.
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Figure 11 A sample of the images used in S. Faghih-Roohi and his colleges study [11]

When preparation of the data was underway, it was found that there was a ‘huge imbalance of
the class sizes’ and so to combat this S. Faghih-Roohi and his college chose to randomly under
sample the majority class (the ‘normal’ class) so that it contained a similar number of instances
as the other 5 classes.
Random under-sampling is a data preparation technique that is used in machine learning to
modify unequal data classes in an attempt to create more balanced data sets. Random undersampling is performed by preserving all of the instances in the minority classes while randomly
and uniformly discarding a number of instances from the majority class, resulting in a balancing
of the number of instances in each class. One negative repercussion of doing this is that it can
potentially lead to loss of valuable information that can be used to help the model fit and generalize
to the data.
Alternative methods to create balanced datasets included taking the approach that Patrice and
his colleges did, which was to synthetically manufacture new instances through the means of
affine transformations and elastic distortions. The quantity of new instances to manufacture can
be adjusted for each class to both expand the dataset and tackle the class imbalance problem.
One of the other main focal points of this research is to review the specific CNN architectures that
were used in this research. It was reported that three DCNN structures (small, medium, and large)
were considered for implementation. The approach taken here was to find the set of model hyperparameters that lead to the highest classification accuracy and then to use these hyperparameters for building the DCNN model. Training parameters such as the learning rate were
also adjusted during initial test runs. Table 2 summarizes the details of each DCNN architecture
that was developed in this study.

Table 2 Summary of the architecture and parameter settings in the study by S. Faghih-Roohi et al [tbl. 2]
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To understand the structure of the architectures built we can take the case of the medium DCNN.
This model consists of three convolutional layers, three max-pooling layers, and three fullyconnected layers. Each input image is of size 100 x 50 pixels with just the single colour channel
(greyscale). The first convolutional layer in this architecture takes a normalized input and
convolves over it with a filter of dimensions 9 x 5 pixels. The second convolutional layer takes the
pooled feature map from the first layer and convolves it with a filter of dimensions 9 x 6 pixels.
The filter size for the third convolutional layer has dimensions 4 x 2 pixels. As for the max-pooling
layers, the window size that was defined has dimensions 2 x 2 pixels. What was interesting about
this study was that for the non-linearity operation, both Tanh and the ReLU activation function
was used at some point in the model. Finally, appending onto the end of the three convolutional
and max-pooling layers were two fully-connected layers which have 120 nodes and 30 nodes,
respectively. The task of these FC layers is to classify the input image into one of the 6 predetermined classes.

Figure 12 The design for the medium DCNN that S. Faghih-Roohi et al developed [fig. 12]

Similar to the study by Patrice Y. Simard et al that was reviewed earlier on in the section, S.
Faghih-Roohi also had a learning rate that implemented a decay factor to help avoid introducing
overfitting to the training data. The learning rate that was used in this study was initially set to 103
with a decay factor of 10-5.
Two types of experiments were conducted on the three network architectures. The first type of
experiment was to train the networks to classify the data into the 6 classes and Confusion Matrices
have been produced to aid the analyses of the performance of each of these models.
The second type of experiment that was conducted was a retrain of the models using both Tanh
and ReLU activation functions to see how the selection of the non-linearity operation affects the
performance of each model.
The confusion matrices for the first type of experiment have been included below. The rows of
the matrices correspond to the correct classes and the columns correspond to the predicted
classes. For example, in Table 4, 48.13% of classified severe squats were correct, while 33.12%
of the actual severe squats are classified as being in the medium squat class. Similarly, in Table
5, the percentage of correctly classified welds is 61.95%, while 30.97% of the actual welds are
classified in the normal class. These false classification values are relatively high compared to
the total number of welds and therefore this comparison shows that through the assessment of
the multi-class classification accuracy, it can be suggested that the two classes of normal and
welds should be integrated into just one class (Normal). Likewise, it can be suggested that all
three classes of light, medium, and severe squat should be combined together as a single defect
class (Defect). As a result of doing this there are now three classes (Normal, Defect, and Joint)
considered for the performance evaluation of the DCNN models
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Table 3 Confusion Matrix for the small DCNN (%) [tbl 3]

Table 4 Confusion Matrix for the medium DCNN (%) [tbl 4]

Table 5 Confusion Matrix for the medium DCNN (%) [tbl 5]

In addition to the reduction of the number of classes to three classes, it was also decided to
include a binary classification of normal samples versus anomalies – to cater for this they simply
regarded the normal class as one class and all of the non-normal classes and another class and
computed the number of true positives (TP), true negatives (TN), false positives (FP), and false
negatives (FP). The binary classification accuracy and F1-Score can then be defined based on
the reduced classification matrices. The accuracy is calculated as follows:
𝐴𝑐𝑐 =

𝑇𝑃 + 𝑇𝑁
𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁

While the F1-Score is calculated as follows:
𝐹 = 2×

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙

Where the precision – the fraction of relevant instances among the retrieved instances, is defined
by
𝑇𝑃
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃 + 𝐹𝑃
And the recall – the fraction of relevant instances that have been retrieved over the total amount
of relevant instances, is defined by
𝑇𝑃
𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃 + 𝐹𝑁
The performance results of the here DCNN architectures for the multi-class (3 classes) and binary
(normal and anomaly) classifications are summarized in Table 6. The type of activation function
that was used is also included allowing for the comparison of the results that were obtained in this
study.
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Table 6 Performance Results when using Tanh and ReLU activation functions [tbl 6]

Figure 13 Visualising performance of Tanh and ReLU through histograms [fig. 13]

The histogram plots in figure 12 compares the results published in Table 6 based on the means
of the computed performance metrics and the corresponding standard deviations. We can see
from these results that, as expected, the ReLU activation function tends to yield better results
than tanh across all three network architectures. It is also useful to note that the computational
running time of using the ReLU function is not significantly different to using the tanh function.
This helps us to conclude that from the results the ReLU function seems to outperform the tanh
function and so when it comes to implementing my own CNN, I should keep this in mind.
In addition to this, when comparing the three network architectures, it can be observed that the
large DCNN in general outperforms both of the other types of DCNN. However, such an
improvement comes at the cost of almost doubling the computation time required as opposed to
the small DCNN. It could be concluded from this that there is an obvious trade-off between the
network complexity/size and the time required to train it. When it comes to designing my own
network, I could control the trade-off by opting for one of the following models:
- A small-size network that will train relatively faster than larger networks but may not have high
levels of performance
- A large-size network that will likely achieve higher levels of performance than smaller networks
but will take considerably longer to train
- A medium-size network that will likely perform better than a small network but worse than a large
network and will train faster than a large network but slower than a small network.
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Methodology

Every scientific or engineering-based project requires the developer to devise a step-by-step
mental walkthrough of how they will go about approaching each step in their methodology. Some
of the main focuses here are to understand: what tasks will need to be completed in order to reach
the end goal, in which order will they need to be completed, how long each task should take, and
which process model they believe would be most beneficial for their project. While devising this
methodology, the developer should also remember to consider the aims and objectives of the
project, whom are the criteria of success for the project.
The specific tasks required to fulfil the aims and objectives of this project have been identified as
follows:
- Gather a relevant image-based dataset
- Research the data pre-processing tasks related to image processing and apply the
necessary ones to the gathered dataset
- Design the Neural Network architecture models
- Develop the Neural Network architecture models
- Train and Test the models with the prepared dataset and compare the results of each
model.
- Design and Develop the Graphical User Interface
- Consolidate the CNN with the GUI into a single application
A project management consideration that requires attention early-on in the project is to decide
the process model that will be implemented. Each task in the list above can be viewed as an
individual step in the project, where the first step must be completed before the second, the
second step must be completed before the third, and so on. It can be said then, that this list has
an incremental nature, where each step adds something different to the project. With that being
said, it was decided that the most suitable process model to adopt was the incremental approach,
whereby each task will be worked on until full completion before any progress is made on the next
task. One other consideration that was made when choosing the process model was the time; or
lack thereof, to conduct the project – An iterative approach would require repetition of the steps
listed above for constant improvement and adjustments. This can be quite a time-consuming
method and it was evident from the start of the project that there just wasn’t enough time to
seriously consider this as the approach to be used.

COM Project 2018-2020

Page 26

Thomas Staite

4

Development of CNN for Detection of Track Maintenance

Experiment Setup

This experiment aims to progress the research carried out by authors of the papers reviewed in
section 2. As identified, Patrice and his colleges managed to find a way to reduce error through
the means of expanding his data set with affine transformations and elastic distortions. They found
that applying affine transformations to their dataset reduced the overall training error, while
applying elastic distortions to the dataset resulted in an either further loss (Table 1). I decided that
to further this research, they could create a third dataset which contains a number of original
images, a number of images that have gone through affine transformations, and a number of
images that have gone through elastic distortion. The error results from testing the CNN with this
dataset can then be compared to the other two datasets to see whether an even further reduction
in error occurs. In order prepare for this experiment, I will need to create 3 separate datasets and
expand each one with one/both type/s of transformation.
In addition to testing three separate datasets on CNN architecture, I also decided that I would like
to take a similar approach to the work carried out by S. Faghih-Roohi et al in regard to the actual
CNN architecture. Finding the balance between the depth of a CNN architecture and size of its
hyper-parameters, the network training time, and its classification performance is one of the
biggest concerns in Neural Network design. Experimenting with three architectures of progressive
sizes will help me find this balance and determine which of the three architectures provide the
best overall results. I will also be able to determine if any of the networks suffer from under-/overfitting.
The three architectures that have been chosen for this study are represented in the following
table.

Table 7 Model Architectures [tbl. 7]

The three CNN architectures listed in the table above, along with the three separate training
datasets results in a total of 9 tests to be conducted. The results from these tests should allow
me to compare the different size architectures to determine which one performs the best across
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these datasets and what the difference in terms of training time cost is. Moreover, I can compare
whether; like the study from Patrice et al, the elastic distortions yield a lower error than affine
transformations, and also whether the third dataset is able to yield even lower error than the
elastic distortions dataset.
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Data Pre-Processing
Gathering the Dataset

The original raw image dataset for this project has been provided by my supervisor whom works
in the Research Institute for Future Transport and Cities at Coventry University. The dataset
contains a total of 997 images, each with dimensions width: 6432, height: 2048, and colour
channels: 1 (greyscale). Each image in the dataset depicts an aerial view of a section of the
railway track. An example image from the dataset can be viewed below.

Figure 14 One of the 997 images in the gathered dataset [fig. 14]

5.2

Dataset Expansion through slicing

It was understood that the volume of the original dataset is not sufficient for the training and testing
of a Machine Learning algorithm, and so it was decided that expansion of the dataset would need
to take place. One approach taken to perform such expansions is to slice the images into a
number of sub-images that each depict one specific sleeper. It was decided that 6, 7, and 8 equal
sized slices were to be chosen and experimented on, some of these slice examples can be seen
in the following images. It is important to note that since the width of the original image (6432) is
not perfectly divisible by 7, some of the sub-images created from the slice size of 7 contain a
degree of overlap.

Figure 15-16 two example slices as a result of splitting an image into 6
separate slices [fig. 15-16]

Figure 17-18 two example slices as a result of splitting an image into 7
separate slices [fig. 17-18]
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Figure 19-20 two example slices as a result of splitting an image into 8 separate
slices [fig. 19-20]

An experiment was conducted to see which quantity of slices (6, 7, or 8) resulted in the highest
number of resulting sub-images that perfectly depicted only one whole sleeper. For example,
figure 15 contains two sleepers in one image and so would not be suitable for our dataset as only
part of each sleeper is present in the image, meaning the network classifier may not be able to
correctly extract the important features from this image.
Figure 19 contains only one sleeper but again the whole sleeper is not depicted in the sub-image
and so this could cause similar issues when training a network.
Figure 16, on the other hand, is a perfect example of the type of sub-image we are looking to
create from slicing the images. This sub-image depicts one and only sleeper from the railway
track and the sleeper is allocated inside the slice frame.
20 images were split into 6 equal slices for a total of 120 sub-images. Of these 120 images, it was
found that 85 of them perfectly matched the criteria of the training set. This meant that across
these 20 sample images, 70.83% of the sub-images were useful for our study.
The same 20 images were then split into 7 equal slices for a total of 140 sub-images. Of these
140 sub-images, it was found that 70 of these images perfectly matched the criteria. This resulted
in an estimation of exactly 50% of the training data being useful for training and 50% being
discarded – a reduction of roughly 20% on the previous test.
Lastly, the 20 images were split into 8 equals slices for a total of 160 sub-images. Of these 160
images, it was found that only 78 of them perfectly depicted a single sleeper. This meant that
when split this way, only 48.75% of the sub-images were useful for our study – an either further
reduction from the previous tests.
Concluding this experiment, it can be reported that in this case the best number of slices to split
the dataset into is 6, with approximately just over 70% of the resulting images being useful for
training. 7 equal slices reduced this figure down to 50%, and 8 equal slices further reduced this
to just over 48%.
Applying this cropping function to each individual image from the dataset result in a new dataset
containing 5,982 (997*6) images.
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Dataset Expansion through slicing – Code

Below is the Python code that was written to automate the process of slicing each image.

Select the first 20 images from the
image dataset and convert to an
array of pixel values.
Divide the width of the image by
either 6, 7, or 8, and split the
image vertically by that amount to
create either 6, 7, or 8 new slices.
Save these slices to a folder

Figure 21 Dataset Expansion through Slicing [fig. 21]

5.4

Labelling the Dataset

Once the dataset had been expanded, it needed to be manually labelled into one of 5 possible
classes. While doing this, I also needed to discard images that did not meet the specification
described above. From the experiment conducted above, we could expect to discard roughly 30%
of the data, however this was only an experiment on 20 out of 997 images and so may not be a
true representation of the proportion of images that can expect to be discarded.
The five class labels for this study are:
-

Class 1 – No Maintenance Required
Class 2 – Missing Fastener
Class 3 – Moderate Ballast
Class 4 – Excess Ballast
Class 5 – Deletion Class

Class 1 represents those images that depict once sleeper in the track whose fasteners are
existent and intact (i.e. no maintenance is needed). It also contains the images that show only a
very small amount of ballast (the layer of rocks that the sleepers lay on) which does not cover the
fasteners and prevents us from identifying the existence and condition of the fasteners. Example
images from this class are as follows.
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Figure 22-23 Class 1 example images [fig. 22-23]

Class 2 represents those images that depicted one sleeper in the track where either one or both
fasteners for that sleeper are damaged or completely missing. This are the sections of the track
that require maintenance to re-secure the track, making it safer for all that use it. Example images
from this class are as follows.

Figure 24-25 Class 2 example images [fig. 24-25]

Class 3 contains the images that depict one sleeper but there is a ‘moderate’ amount of ballast
on and/or around either or both of the fasteners, preventing us from being able to detect whether
that fastener is intact or whether it requires maintenance – it may be easy to identify the fasteners
in these images, but it isn’t possible to determine if they are at a safe, working condition. Example
images from this class are as follows.

Figure 26-27 Class 3 example images [fig. 26-27]

COM Project 2018-2020

Page 32

Thomas Staite

Development of CNN for Detection of Track Maintenance

Class 4 contains the images that depict one sleeper where either one or both fasteners are
completely covered in ballast, preventing us from being able to identify the existence of the
fastener.

Figure 28-29 Class 4 example images [fig. 28-29]

Finally, Class 5 contains the selection of images from the slicing process that did not meet the
criteria – i.e. those that either contained more than one sleeper in the image, or those that only
display a portion of one sleeper in the image. This class is required as new images that are
classified by the CNN will need to be sliced beforehand and the unusable slices of the image will
need to be discarded – these images will be classified into this deletion class.

Figure 30-31 Class 5 example images [fig. 30-31]

These five classes have been chosen for one primary reason. Moderate and large amounts of
excess ballast in the images can prevent engineers from being able to determine whether the
fasteners are there and whether they require maintenance, making it somewhat difficult to
accurately categorize these images into one of the first two classes - definitely requiring
maintenance or definitely not requiring maintenance. Due to this issue of excess ballast, it was
decided that two new classes will be created which will contain images the track that cannot be
confidently and accurately placed into one of the first two classes. Those images that contain a
moderate level of ballast is classified into Class 3, and those images that contain a substantial
amount of excess ballast are classified into Class 4.
It would then be up to railway engineers to review the images in classes 3 and 4 and decide
whether they would like to take any necessary actions in regard to removing this excess ballast
from the track. Doing this will help reveal the presence/absence of the fasteners, along with their
condition. The last class is the deletion class which will store all of the slices of each image that
do not meet the training/testing image criteria.
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Class Imbalance Problem

After each image had been manually labelled, it was evident from the class size distributions that
there was a ‘class imbalance’ problem (where the majority class; in this case the first class,
contains an overwhelming number of instances compared to the other classes). There were
various methods that could be adopted to help combat this problem, such as random
oversampling, and random under-sampling, and as described in the literature review and the
experiment setup, the experiment to be conducted would include three datasets (one with just
affine transformations, one with just elastic distortions, and one with both affine and elastic), and
so intuitively we could control the class imbalance problem by adjusting the number of new
instances to create through applying transformation. For example, much fewer instances would
be created for the majority class (Class 1) than would be created for either of the other minority
classes.

5.5.1 Affine Transformation
The affine transformations that were included in the synthesis of new instances included:
Rotations, Scaling, Shearing, and Translations. Suitable parameter values (such as the maximum
quantity to scale an image, the maximum quantity to translate an image in either axis by, etc.)
were tested on a number of sample images from the dataset – this was to ensure that important
features like the sleepers and fasteners were not accidentally removed from the image or overtransformed up to the point where they are indistinguishable.

Figure 32-33 Examples of images that have underwent Affine
Transformation [fig. 32-33]

5.5.2 Affine Transformation - Code

Randomly choose one of the types
of Affine Transformation to apply
to the image.

Figure 34 Randomly choosing an Affine Transformation type [fig. 34]
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Rotation amount has lower and
upper bounds of -0.1 and 0.1,
respectively.

Scaling coefficient has lower and
upper bounds of 0.92 and 1.02,
respectively.

Translation (by pixel amount) has
lower and upper bounds of -100
and 100, respectively.

Shearing coefficient has lower and
upper bounds of -0.1 and 0.1,
respectively.

Figure 35 Affine Transformation code [fig. 35]
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5.5.3 Elastic Distortion
As for the elastic distortions, the exact same method and Python code was used as the one
described in the literature review. In similar fashion to the affine transformations above, the upper
and lower bounds of the elastic distortion parameters (sigma – the elasticity coefficient, and alpha
– the scaling factor that controls the intensity of the deformation) were tested on a number of
sample images and the best performing boundary values were selected to be used for the whole
dataset.

Figure 36-37 Examples of images that have underwent Elastic
Distortion [fig. 36-37]

5.5.4 Elastic Distortion – Code

Figure 38 Elastic Distortion code [fig. 38]

Upon completion of further dataset expansion through synthetic generation of instances with
affine transformations and elastic distortions, the resulting dataset consisted of a total of 10,000
instances (2,000 in each class).
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Dimension Reduction

Each of these 2,000 images were then reduced in dimensions from 2048 x 1072 down to 256 x
134 in order to dramatically decrease the disk size of the training data. By doing this, the whole
dataset could be uploaded to Google Drive within an acceptable time frame and linked to ‘Google
Colab’ without running into any insufficient RAM issues. Moreover, this would allow each of the
networks to train on a much larger batch size as each batch will contain a higher quantity of lower
dimension instances as opposed to a lower quantity of higher dimension instances.

5.7

Dimension Reduction – Code

Figure 39 Dimension Reduction code [fig. 39]
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Solution Design

This section is concerned with the choices made in relation to the design of the architectures that
will be developed as part of the project requirement. Inspirations taken from the literature review
have helped inform some of the choices made in the data preparation stage and have also aided
the set-up of the experiment by providing example work on how different architecture
configurations can be designed, developed, and compared. As discussed, this project will
compare the performance of three varying size Convolutional Neural Network architectures whom
will be trained on 3 separate datasets, to produce a total of 9 results. These can be analysed
using various performance metrics and graphs. As part of the Solution Design, it was important
that diagrams of each of the chosen architectures were created to help the readers and myself
visualise the details of each network.

6.1

Small Architecture Design

The smallest CNN model will be constructed with two Convolutional Layers, two Max-Pooling
layers, and one Fully-Connected hidden layer. C1 (as depicted below) will have 6 filters each
with dimensions 5 x 5 and will produce 6 feature maps, each having dimensions 130 x 252. These
feature maps will undergo the first iteration of down sampling by being fed into a Max-Pooling
layer (MP1) whose Pooling Windows have dimensions 3 x 3, reducing each Feature Map to have
dimensions 43 x 84. C2 will have similar Filter dimensions to C1, however it will have 10 Filters;
and therefore 10 Feature Maps, as opposed to just 6 in C1. These will each have dimensions 39
x 80. MP2 will once again down sample this data so that each feature map has dimensions 13 x
26. The 10 Feature Maps each with dimensions 13 x 26 can be flattened into a single vector of
3380 nodes (13 * 26 * 10). This vector will then be treated as the input layer into the two FullyConnected layers where classification through the SoftMax function will allow the network to make
its decision.

Figure 40 Design of the Small CNN Architecture [fig. 40]
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Medium Architecture Design

The medium-sized CNN model will be constructed with two Convolutional Layers, two MaxPooling layers, and two Fully-Connected hidden layers. C1 (as depicted below) will have 10
filters each with dimensions 5 x 5 and will produce 10 feature maps, each having dimensions 130
x 252. These feature maps will undergo the first iteration of down sampling by being fed into a
Max-Pooling layer (MP1) whose Pooling Windows have dimensions 2 x 2, reducing each Feature
Map to have dimensions 65 x 126. As we have used smaller Pooling Window dimensions than
the previously described architecture, we can expect the resulting Feature Maps from MP1 to be
larger (as more information is retained). C2 will have similar Filter dimensions to C1, however it
will have 20 Filters; and therefore 20 Feature Maps, as opposed to 10 in C1. These will each have
dimensions 61 x 122. MP2 will once again down sample this data so that each feature map has
dimensions 30 x 61. The 20 Feature Maps each with dimensions 30 x 61 can be flattened into a
single vector of 36600 nodes (30 * 61 * 20). This vector will then be treated as the input layer into
the two Fully-Connected layers where classification through the SoftMax function will allow the
network to make its decision.

Figure 41 Design of the Medium CNN Architecture [fig. 41]
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Large Architecture Design

The largest CNN model will be constructed with two Convolutional Layers, two Max-Pooling
layers, and three Fully-Connected hidden layers. C1 (as depicted below) will have 32 filters
each with dimensions 3 x 3 and will produce 32 feature maps, each having dimensions 132 x 254.
These feature maps will undergo the first iteration of down sampling by being fed into a MaxPooling layer (MP1) whose Pooling Windows have dimensions 2 x 2, reducing each Feature Map
to have dimensions 66 x 127. C2 will have similar Filter dimensions to C1, however it will have 64
Filters; and therefore 64 Feature Maps, as opposed to 32 in C1. These will each have dimensions
64 x 125. MP2 will once again down sample this data so that each feature map has dimensions
21 x 41. The 64 Feature Maps each with dimensions 21 x 41 can be flattened into a single vector
of 55104 nodes (21 * 41 * 64). This vector will then be treated as the input layer into the two FullyConnected layers where classification through the SoftMax function will allow the network to make
its decision.

Figure 42 Design of the Large CNN Architecture [fig. 42]
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Implementation

7

Working in an incremental manner meant that once it came to this section where actual
implementation of the models and conduction of the experiment can commence, all previous work
including data gathering, data pre-processing, the literature review, the experiment setup, and the
solution designs, were complete – the expectation was that no more work relating to these areas
of the project will be carried out beyond this point.
Considering the previous knowledge and experience of the Python programming language that
had been acquired during my studies at university, the selection of the programming language to
implement the models in was rather intuitive. Moreover, choosing Python meant that I could
become more exposed to a selection of Data Science-based libraries and packages whom
provide useful, optimised, and very well-maintained resources and functions for common Data
Science tasks – some of which may become very helpful in a job role, post-university. The specific
extensions that were used are:
-

NumPy (Numerical Python) – a large collection of high-level mathematical functions to
operate on matrices and arrays.
OpenCV (Open Source Computer Vision) – an image processing library with a useful set
of functions that can be applied to images.
Keras – an open-source neural network library (explained in more detail below).
Matplotlib – an object-oriented API for embedding plots (graphs and tables) in Python,
with support for the NumPy extension.
Seaborn – a data visualization library that provides a high-level interface for drawing
informative statistical graphics.
Scikit-learn – a machine learning library that provides data pre-processing operations,
and summary statistics on model performance.

Choosing the environment in which the implementations would take place was also a
straightforward choice. Initially it became a decision between the standard Python IDLE and a
more sophisticated ‘playground’ named ‘Anaconda Jupyter Notebook’ – this program allows for
the enclosure of fully customizable text along with live python code into a single notebook. My
experiences with Jupyter Notebook in the past have been mostly positive and so my mind was
set on using the latter environment. However, when this was discussed in a casual conversation
with a fellow student, he suggested that I look at ‘Google Colab’ - a cloud-based environment that
was similar in nature to Jupyter Notebook (it allowed the mixture of text and code in a single
document), but also allowed for free GPU hardware acceleration. This essentially enabled me to
use a much higher-level of computing power than the standard desktop PC that I was currently
using to execute my program code. By utilising GPU acceleration, the execution time required to
load and process the data, and then train and test the models was greatly reduced.
As for the models themselves, all three have been programmed using one of the most popular
frameworks for Neural Network implementation – Keras. Keras is a high-level Neural Networks
API that is written in Python and allows for fast experimentation conduction. The documentation
for this API states that it is ‘being able to go from idea to result with the least possible delay [which]
is key to doing good research’ (Keras Documentation Website, n.d.) and this API aims to achieve
this by introducing development tools that make the prototyping and development of Neural
Network models fast and easy.
The models were initially trained on 80% of the prepared data and tested on the remaining 20%.
The results; including model train and test accuracy, and model loss, were captured in an Excel
table, and the Confusion Matrix and accuracy/loss graphs were screenshotted and added in to
COM Project 2018-2020

Page 41

Thomas Staite

Development of CNN for Detection of Track Maintenance

the same Excel document. These results were evaluated and compared against each other and
the common issue of ‘overfitting’ became apparent during this evaluation stage. To mitigate this
issue, the experiment was repeated with the introduction of a validation dataset and the ‘early
stopping’ tool.
Validation Dataset – a sample of data from the training set that is used to give an estimate of
model performance while tuning its hyper-parameters (the weights and biases)
Early Stopping – This tool monitors the progression of model training and constantly saves the
‘best version’ of the model to an external file. This file is updated on each epoch that improves
the model’s accuracy/loss on the testing data. Model overfitting is also prevented as this tool can
choose to revert to the last epoch before the model began to overfit to the training data.
Once again, all the statistics from this experimentation were recorded into the Excel document
and evaluated. The ‘Experiment Results’ section discusses the findings of the experiment.
A Graphical User Interface to act as a gateway between the user and the now-trained optimal
model was developed in the Java programming language. My experience with this programming
language at this moment in time was rather limited and so at first, I found it difficult to use but
remained persistent and resourceful and eventually developed a solid basic understanding of the
language. The ‘NetBeans’ program was used to design and develop each interface in the
application and code was written to allow it to execute various Python scripts that performed the
necessary data pre-processing task on the image that was uploaded by the user. The prepared
image was then evaluated by the model; which is saved externally, and the results were obtained
by the Java application. These results were then communicated back to the user through a
suitable interface.
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Experiment Results

This experiment aimed to answer two fundamental questions that were derived through the
research of previous academic work and supporting literature.
First and foremost, I wanted to know which architecture (small, medium, or large) generally yields
the best-performing model for this particular application. There is a trade-off between the selection
of architectures as the small architecture will tend to train much quicker than the other two, but its
feature extraction capabilities may not be as powerful or as accurate, likewise, the large
architecture may be able to extract greater levels of features but trains much slower and comes
with the risk of overfitting to the training data.
In addition to testing the specific network architectures, I also wanted to follow up the research
into dataset expansion techniques by querying whether a mixed dataset (containing instances
that have undergone Affine Transformation as well as instances that have undergone Elastic
Distortion) was able to outperform datasets that have only undergone Affine Transformation or
only undergone Elastic Distortions.
After implementation and training of each of the models, I recorded the obtained training accuracy
and loss as well as the testing accuracy and loss. These statistics were all consolidated into a
single Excel table that can be viewed below.

Dataset
Affine

Elastic

Mixed

Test
Test
Architecture Train Accuracy
Train Loss
Accuracy
Loss
Small
66.62%
0.6921
73.30% 0.6921
Medium
82.58%
0.4015
80.30% 0.6219
Large
91.81%
0.2333
82.10%
0.848
Small
80.44%
0.5166
84.20% 0.4663
Medium
95.98%
0.1084
93.10% 0.3867
Large
93.58%
0.1469
92.90% 0.3762
Small
78.87%
0.5103
78.30% 0.5293
Medium
92.66%
0.1745
84.70% 0.5938
Large
93.99%
0.1516
83.70% 0.8614

Computation
time/epoch
7 seconds
12 seconds
19 seconds
7 seconds
12 seconds
19 seconds
7 seconds
12 seconds
19 seconds

Table 8 Experiment 1 Results [tbl. 8]

The evaluation and comparison of these results have unveiled some very interesting information.
Firstly, the average test accuracy for the affine dataset is 78.56%, for the elastic dataset it is
90.06%, and for the mixed dataset it is 82.23%. A similar trend occurs for the loss values obtained
for the test data. This information tells us that a) the elastic dataset; just like in the work by Patrice
et al, manages to outperform the affine dataset, and b) the mixed dataset does not further
improve the model accuracy/loss and yield greater results than the elastic dataset.
We can also see that in the case of the large architectures for the Affine and Mixed dataset, the
training loss is significantly lower than the testing loss. This indicates that the model has continued
to be successful in extracting features from the training set but has not been able to generalise
these feature extraction capabilities to the test set – therefore the model is said to have ‘overfit’
to the training data. The introduction of a validation test set (as discussed in the ‘Implementation’
section) can help to prevent overfitting from occurring.
In all cases, the Small architecture only managed to achieve sub-par results compared to the two
larger models but had a much shorter training epoch time of only 7 seconds. Depending on how
you view this trade-off, you may choose to opt for a slighter poorer-performing model, but one
that trains much quicker. I decided that in this case, the Small architectures just simply were not
powerful enough to perform the classification task effectively.
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Moreover, for the elastic and mixed datasets, the medium and large network architectures have
been able to yield very similar accuracy results. This tell us that the simpler model (the medium
model) performs just as well; and in these cases, even better, than the larger-sized architectures
– while training at 7 seconds quicker per epoch! With that being said, I believe the optimal model
for this first iteration of experiments is the one with Medium-sized architecture that was trained on
the Elastic dataset.

Figure 43 Model Accuracy/Loss graph for
Elastic/Medium architecture [fig. 43]

Figure 44 Confusion Matrix for Elastic/Medium
architecture [fig. 44]

The second iteration of experiments incorporated a validation test set and ‘early stopping’
techniques. The statistical results table and corresponding graphs can be seen below.

Dataset
Affine

Elastic

Mixed

Validation
Architecture Accuracy
Small
Medium
Large
Small
Medium
Large
Small
Medium
Large

73.00%
79.00%
80.67%
86.22%
94.22%
93.57%
84.11%
86.78%
85.89%

Validation
Test
Test
Loss
Accuracy
Loss
0.6999
74.00% 0.6881
0.8591
76.80%
0.914
0.9018
80.60%
1.203
0.3781
88.50% 0.3851
0.3627
93.40% 0.3778
0.5161
90.80% 0.6477
0.477
81.10%
0.492
0.6466
82.40% 0.9882
0.5717
84.50% 0.7501

Computation
time/epoch
7 seconds
12 seconds
19 seconds
7 seconds
12 seconds
19 seconds
7 seconds
12 seconds
19 seconds

Table 9 Experiment 2 Results [tbl. 9]
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Model Accuracy Summary
Validation Accuracy

Test Accuracy

100.00%
80.00%
60.00%
40.00%
20.00%
0.00%

Small

Medium

Large

Small

Medium

Affine

Large

Small

Medium

Elastic

Large

Mixed

Validation Accuracy 73.00%

79.00%

80.67%

86.22%

94.22%

93.57%

84.11%

86.78%

85.89%

Test Accuracy

76.80%

80.60%

88.50%

93.40%
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Figure 45 Model Accuracy Summary Graph for Experiment 2 [fig. 45]

Model Loss Summary
Validation Loss
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0.8
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Figure 46 Model Loss Summary Graph for Experiment 2 [fig. 46]

Looking at the model loss summary graph, it is evident that the Large architectures for all three
of the datasets still resulted in a model that overfit the training data rather poorly – even when a
validation dataset was introduced to mitigate this issue. It is also clear that overfitting has occurred
in some of the Medium architectures, however the ‘early stopping’ technique that has been
employed will revert to the latest epoch before overfitting began to occur.
The model accuracy summary graph also helps to visualise and compare the performance of the
models for each of the datasets. It can easily be derived from this graph that the Elastic dataset
is the best performing, closely followed by the Mixed dataset, and then finally the Affine dataset.
Once again, the best performing model from this second round of experiments is the Medium
architecture that was trained on the Elastic dataset. This achieved a test accuracy of 94.40% and
model loss value of 0.3778. The details of this model were saved externally so that it can later be
incorporated into a Java application.
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Figure 47 Model Accuracy/Loss graph for
Elastic/Medium architecture [fig. 47]

Figure 48 Confusion Matrix for Elastic/Medium
architecture [fig. 48]

The Confusion Matrix displayed above is the one obtained for the best performing model. This
provides us with some raw statistics on how well the model has been able to classify the data.
The ‘True Labels’ represent the actual class label for each instance in the testing data and the
‘Predicted Labels’ represent the class that the model believes the instance belongs in. Out of the
1,000 test images, 935 of these images were classified correctly, with the remaining 65 being
incorrectly classified. We can see that 42 of these misclassifications occur when the model
believes the image is in Class 5 - Unclassifiable however it is actually in Class 1 – No Maintenance
Required, or vice versa.
All of the code used to develop and train the models, the Model accuracy/loss graphs, and the
Confusion Matrices for every individual test can be viewed in the appendix of this report.
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Graphical User Interface Development

A Java application has been developed to act as the gateway between the end user and the
optimal Neural Network Model that will classify their images. This application was developed in
NetBeans and contains a number of attractive interfaces that guide the user through the process
of automatically examining maintenance issues in railway track images.
When the user first loads the Java application, they will be greeted with the following menu screen.

Figure 49 Java Application Menu Screen [fig. 49]

Here they have three options to choose from. They could either select an image that they would
like to inspect by clicking on the ‘Upload’ button, or they could learn more about the application
and the incorporated Neural Network architecture by clicking on the ‘About’ button, or they could
exit the program by clicking on the ‘Exit’ button.
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Figure 50 Java Application Image Upload Screen [fig. 50]

In the case where the ‘Upload’ button is clicked, the user will be prompted to select an image.
The application has been designed so that only image files may be opened.

Figure 51 Java Application Prediction Result Screen [fig. 51]

When an image is selected, the Java program will execute Python scripts that will perform
necessary data pre-processing tasks; such as slicing the image and down sampling and will feed
each of these images into the Neural Network model which will carry out the classification. The
predictions that have been made will be returned to the Java program and the above interface
will present these predictions to the user along with the section of the track that corresponds to
each prediction. The user can click on the ‘Finished’ button to return to the menu screen.
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Figure 52 Java Application About Screen [fig. 52]

If the ‘About’ button is clicked, then a new pop-up interface will appear. This will give details of
the technologies that have been used to develop the Neural Network model that is incorporated
in the application. The user can go back to the menu screen by clicking the ‘Back to Menu’ button.
The program source code can be viewed in the appendix of this report.
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10 Project Management
Project management refers to the organization and careful planning of each component in the
project and is one of the most important skills that inherently can determine how successful the
project becomes. A selection of project management techniques and their corresponding
supporting documentation have been discussed below.

10.1 Project Report Versioning
This report was written in an incremental fashion where each new version added extra content
and may have edited, re-formatted, or deleted, existing content. If this report was to be saved as
a single document that was constantly updated with the latest version, then issues could arise if
I wanted to revert to an older version for any reason as Microsoft Word generally only saves the
latest version of each document. To mitigate this, each session where the document was edited
or appended to concluded with it being saved with a new version number that was incremented
each time.

Figure 53 Project Report Versioning [fig. 53]

10.2 Project Report Backup
Extending on the points made in Subsection 9.1, as well as creating a new version for each report
edit, measurements were also taken to prevent the accidental loss or deletion of the work that
had been completed. Occasional back-ups of the project reports were saved to the University’s
One Drive and to a personal USB device. Saving the work to a cloud-based platform as well as a
secondary physical device meant that if the primary copies did become lost, deleted, or corrupt,
then there will always be relatively up-to-date versions that I could fall back on.

COM Project 2018-2020

Page 50

Thomas Staite

Development of CNN for Detection of Track Maintenance

Figure 54 Project Report Cloud Backup [fig. 54]

Figure 55 Project Report USB Backup [fig. 55]
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10.3 Project Schedule
One difficult task relating to project management and preparation is the scheduling of each task
and calculating the overall time required to complete these tasks while ensuring the completion
of the whole project is done before the deadline. Various tools exist to help with scheduling and
the one that has been used in the past and is a personal favourite is the classical project Gantt
Chart. This includes an Excel document that tables all the tasks in the project, their start time, the
expected time required to complete the task, the end time, and creates an attractive graph that
helps you to visualise the progress of the project through time. This Gantt Chart has been referred
to on several occasions and updated to better reflect how the project actually progressed.

Figure 56 Gantt Chart Table [fig. 56]

Figure 57 Gantt Chart Graph [fig. 57]
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10.4 Supervisor Communication
Weekly meetings with my supervisor provided me with excellent opportunities to speak one-onone and discuss the ideas that I had come up with, any queries about aspects of the project I was
unsure of and enabled me to receive feedback and improvement suggestions that would help me
to produce more qualitive work. I have found these meetings very helpful and have tried to always
take on board the comments made by my supervisor and action on them where possible. The
meeting records have been attached in the appendix.
In addition to the weekly meetings, there was also regular contact between myself and my
supervisor via email. This was our primary method of communication and helped to organise and
manage said meetings. I found this communication method very useful.

10.5 Quality Management
As previously mentioned in the ‘Implementation’ section, the incremental project development
technique was employed to gradually progress the state of the project. By following this
management technique along with the scheduling Gantt Chart, I would evaluate the project at the
end of each section that was completed and only move on to the next section when I was
completely satisfied with all the work that had been produced. As a result of doing this, not only
could I maintain high level quality of work, but also, I could ensure that no content is accidentally
left out altogether.

10.6 Social, Legal, Ethical and Professional Considerations
As the project draws to an end, it is important to reflect on and discuss the Social, Legal, and
Ethical issues surrounding the nature of the research and the experiments that have been
conducted. By highlighting these considerations and keeping them in mind during the process of
completing the project, we can monitor the work to make sure it firstly complies with all UK law,
but also ensure it is ethical and socially accepted. This is especially important if the work and the
developed application is to be implemented into a real-life business scenario.
First and foremost, any project that requires the collection, storage, and processing of private data
will need to plan how this data will be gathered, what methods or technologies will be used to
securely store the data, what tools will be used during the processing of the data, and also how
the data will be safely discarded at the end of the project (if applicable). The dataset used in this
project was collected from my supervisor and restrictions were verbally agreed between myself
and my supervisor – we agreed that the data will not be shared or distributed in any way and will
also need to be stored securely on the university’s OneDrive. By complying to this verbal
agreement throughout the project, a level of trust was built between Mauro and myself.
If the Java application that has been developed is to be implemented into a real-life business
scenario then it is likely that it will be used by a wide community of Rail Engineers whom may
differ in age, gender, ethnicity, religious beliefs, disabilities, etc. With that being said, it is
paramount that the GUI can be easily understood and navigated by all members of this
community. One improvement which is a concern for future work is to allow the application to
support language localisation, whereby the user is able to translate the text into a language that
they can better understand.
It is mandatory as stated in the university regulations that all project work undertaken by Coventry
University students require an ethics approval before research may commence. The Coventry
University Ethics website states “The University Applied Research Committee under the
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leadership of the Pro-Vice-Chancellor (Research) introduced a new Ethics Governance
procedure during the 2008/09 academic year. A series of workshops were held to explain the new
process to academics during the Summer of 2008. The process is underpinned by taking a riskbased approach – this is to protect the subjects of research, the researchers undertaking work on
sensitive topics or objects of study and the University.” (Coventry University Registry Research
Unit, n.d.) The online ethics form was completed, submitted, reviewed, and re-submitted, and was
approved by the university. This form can be found in the appendix of the project
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11 Critical Appraisal
The aims and objectives of this project were:
-

-

Aim: Design, development, and test a Convolutional Neural Network for an Image
Processing classification task which will classify images of railway track into those that
require maintenance and those that do not.
Objective: A suitable data set of images will be gathered and pre-processing techniques
will be applied to images in the dataset to help prepare it for training the models
Objective: Convolutional Neural Network architectures will be designed, developed,
trained, tested, and compared to identify the best performing model for this use case.
Objective: A Graphical User Interface will be designed and developed in Java.
Objective: The CNN and GUI will be consolidated into one product.

An original dataset was supplied by my supervisor and an initial exploration of the images
contained in that dataset revealed some glaring issues that required attention. Part of my research
was to look at ways in which I could overcome these issues and prepare the data so that it could
be used to train and test the CNN models when they developed later on in the project. The process
of expanding the dataset by slicing each image into a number of sub-images was fairly
straightforward and I managed to achieve the desirable results quickly. However; as mentioned
in the ‘future work’ section, the exact method of image slicing that I would have liked to implement
(creating sub-images that perfectly depicted only one sleeper per image) required the separate
development of a computer vision system to perform this task – unfortunately, I did not have
enough time to research and develop this system and so I had to opt for the simpler method.
Labelling of each individual instance in the now-expanded dataset was a tedious but critical task.
As this data was being prepared to train a Machine Learning model, I had no choice but to
manually label each instance so that the models could use it to train – this process took up a
relatively large amount of available project time but ultimately helped me to achieve the desired
results at the end of the experiment.
After the data had been labelled it became instantly clear that a) there was a class imbalance
issue, and b) the volume of data to train the models on was still rather small. This is when I began
to conduct my literature review into dataset expansion methods and came across instance
synthesizing methods like Affine Transformations and Elastic Distortions. I was able to make quick
decisions about the research that I would like to conduct, how to go about finding the materials,
and what I would like to do in order to advance the literature’s current position.
Dimension Reduction concluded the data pre-processing section of the report and upon review
of the work that had been completed in this section, I am very happy with how it has turned out –
the original data went through a number of phases to finally produce the three datasets that were
eventually used to train the model. I believe this work has been approached with a professional
and considerate mind-set.
When it came to design the architecture of the CNN’s, there was constant reference back to the
literature review which was being used to inform the decisions that were made about model
configurations and parameter settings. However, sometimes it was not completely clear to me
what settings I felt should be used and so during the implementation stage, found myself loosely
experimenting with various parameter values – this is bad practice. For future reference, I should
try to understand how each parameter affects the behaviour of the models, as this would help me
make confident decisions about what settings I believe will provide the best results in my models.
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The initial implementation of the CNN models and conduction of the experiment was to be done
using TensorFlow (an alternative to Keras which provides many more customizable features),
however unsuccessful attempts at implementing these models halted the progress of the project.
To ensure I did not fall too far behind schedule, I decided to have a separate attempt at
implementation using the Keras library. This attempt provided me with fast results and so it was
decided that I would terminate my work in TensorFlow.
The results that have been obtained from my experiments were recorded accurately and the
comparison and evaluations have been thorough. The data pre-processing work, and the model
design and implementation, enabled me to train model architectures that were able to perform its
classification task with over 90% accuracy, which is very satisfying to see.
Finally, the Java application that was developed took a little longer than I had expected as I did
not anticipate the level of complexity of the language. Resourcefulness and perseverance meant
that even though I may have struggled at times, I was able to find ways to overcome problems.
The final version of the application now works flawlessly.
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12 Conclusions
12.1 Achievements
Undertaking this project and being guided throughout its process by my supervisor has enabled
me to complete an individual piece of research that involved the conduction of professional
scientific experiments, that can help contribute to advancing the progress of research in this area.
The literature review that was written focused on data pre-processing tasks relevant to image
processing and has helped me to identify gaps in previous research, opening up opportunities for
me to help improve the quality of other peoples work while also improving my own knowledge in
the subject area.
The CNN architectures that were designed and developed helped me to realise that it is not
always the most complicated models that provide the best results, and that simpler models can
sometimes outperform these complicated models while also being faster to train, as was the case
for my implementations. By selecting three architecture sizes, I was also able to find the optimal
model for this use case which could be incorporated into a Java application.
Comparing model performance across the three types of dataset expansion techniques helped to
answer questions surrounding the best expansion technique to use and whether the introduction
of a ‘mixed’ dataset which was not considered in the research paper that I looked at, was able to
add value to the research by further improving model performance.
The Java application that was created enabled users to select their own images that they would
like to inspect for maintenance. The program was tested on a selection of the original dataset that
was provided by my supervisor and each time it was able to complete the classification task
efficiently with only few prediction errors being made.

12.2 Future Work
Being restricted in the amount of time I had to complete this project meant that some of the
ideas that I would have liked to implement were unable to come to fruition. There are many
directions in which this project could be taken and so this ‘Future Work’ section discusses these
ideas and how they could be implemented in the future if I chose to continue the work outside of
university.
Implementing the neural network models and backpropagation algorithm myself without using
the Keras library would help me to build a much stronger understanding of these technologies
and how they are used to train the neural network models. This work, however, would require a
vast amount of extra time for research into the design and development of these models and
how to go about building them from scratch. I did not have enough time to perform this research
and so to ensure the experiments could be completed on-time, I opted to use the Keras library
to assist me in building these models.
When evaluating the experiment results, it became apparent from the Confusion Matrices that a
few of the trained models had issues with separating instances in Class 3 – Moderate Ballast
and Class 4 – Excess Ballast. After speaking to my supervisor, we suggested that future work
could include combining these two classes into just one general ‘Excess Ballast’ class. The
expectation from this research is an improvement in the model performance
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Figure 58 Mixed/Small Architecture Confusion Matrix [fig. 58]

Referring to the data pre-processing task of splitting the images, one major area of future work
for this project could be to research ways in which each image could be sliced in a way so that
every resulting sub-image contains only one whole sleeper. The current method that was used
in this project was to just split the image using equal sized slices – this resulted in a quantity of
images that were not suitable for training as they did not contain a whole sleeper, or they
contained more than one sleeper. By altering this data pre-processing step so that every subimage can be used, we will be able to make the fifth class (Class 5 – unclassifiable) redundant.
This could also help to improve the accuracy of the developed models.
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13 Student Reflections
Allocating some time to reflect on my personal approach to this project and the work that has
been completed can help to identify what went well, what didn’t quite go to plan, and how
improvements to my approach can help me to develop my skills, so that future projects that I may
undertake can become of even higher quality. Having the mindfulness to criticize yourself shows
that you are willing to better yourself professionally and learn from any potential mistakes or bad
practice that you have incorporated into your work.
Upon assignment of the project, it was a top priority of mine to quickly define the scope of the
project and understand exactly what Mauro was expecting from me. We held an initial meeting
where questions were asked about aspects of the project. This helped me to develop a greater
understanding and ‘fill any gaps’ and ambiguities before project planning could commence.
Thoroughly defining the project expectations early on meant that I was fully aware of the steps
that needed to be taken in order to complete the work and achieve the aims and objectives.
Discussed further in the ‘Project Management’ section, a selection of management tools and
practices were put to use for multiple reasons: they helped to maintain the quality of the work
being produced, they enabled me to monitor the time available to me allowing for the scheduling
of progression milestones, they kept documents and resources relating to the project organised,
and they also generally helped with keeping track of the progress of the project. Efficient project
management is a set of highly-transferable skills that are required in almost every job within the
Data Science domain. By practicing my project management skills in this project, I am able to
learn more about myself and what my personal preferences are when it comes to documenting
and monitoring project progression.
Another positive note on my approach was remaining resourceful. Having previous programming
experience in the Python language, I was already aware of a number of technologies and tools
that could be utilised in this project. By being resourceful, I was able to find out more information
about specific programming environments, programming modules and packages, and data preprocessing methods that all benefited the quality of the work produced. In addition to this, using
sources of information that were highly-trusted and officially published by a trusted publisher has
helped me to perform the necessary research and literature review, which again has greatly
improved the content in this report.
Following on from the previous point on resourcefulness, my supervisor was very approachable
and professional and provided me with assistance when requested. Having this frequent level of
communication; both electronically through emails and verbally in our meetings, was very
beneficial to me. From a high-level point of view, I was able to build a professional relationship
with my supervisor, and in terms of the project itself it meant that I could receive honest feedback
each week on any work that had completed - this provided me opportunities to refine and correct
the work where needs be. I believe that my communication skills and confidence throughout the
project has improved.
My organization during this project has also been one of the strengths of my approach.
Concentrating on the project management materials and planning each week ahead of time gave
the project direction and ensured it had a steady flow of progress. This in turn made sure that I
could attend each weekly meeting with Mauro with adequate progress which was reported and
then further discussed for continuous feedback. Specific details of weekly progress can be viewed
in the meeting records, attached in the appendix of this report.
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Developing the data pre-processing tasks, and Neural Network Architectures in Python and the
Graphical User Interfaces in Java have enabled me to become aware of new modules and
packages that can provide useful tools to improve the quality of my implementations. Some of
these modules that have been used in my work are very popular in the wider Data Science
community and so it is a great advantage that I have exposed myself to them. Experience in
programming in these two languages will be two of the most sought skills when applying for a
wide range of roles post-university, and so it is always a benefit to gain more practice using these
technologies through project work.
Although it was always clear to me what was expected in terms of the overall project aims and
objectives and the project deliverables, I found on a couple of occasions that I had misinterpreted
the feedback received from my supervisor. For example, in one of our meetings, Mauro suggested
that I begin to research into the data pre-processing tasks that may need to be applied to the
dataset. Here he was looking for the specific tasks relating to image processing, however the
research that I conducted was focused on a general list of data pre-processing tasks – this
included many tasks that were completely irrelevant to image processing. With this being said, in
the future I should bear in mind any ambiguities in these discussions and should try and clearly
define what is required of me every week.
Extending the previous point made, some aspects of the work that did not completely satisfy my
supervisor’s feedback needed to either be completely re-done or have additional content added
to it, this of course took up additional time and meant that at some stages of the project I was
beginning to fall behind schedule. When this happened, I had to persevere by adjusting my project
Gantt Chart to limit the number of hours I could spend on other tasks in the project, as well as
sacrificing some hours at the weekend to catch-up with the work.
Another weakness that I learnt about my approach was the inability to remain persistent when
being introduced to concepts that I was not able to grasp straight-away. For example, in the early
weeks of the project Mauro wanted me to learn the mathematics behind the backpropagation
algorithm. I found this difficult at first and struggled to remain focused on learning the content as
it seemed a little overwhelming. Eventually after repeatedly exposing myself to the algorithm and
practicing what I had learnt, I was able to understand it in detail and even give a lecture on it to
Mauro. This critical analysis skill is very important in technical roles and it is one that I am aware
needs a fair amount of improvement.
The report that was written to document the project was originally presented in a two-columned
academic paper-styled format. Although this gives the report a professional appearance, it was
not the accepted format that the University expects the paper to be written in. Therefore, I had to
re-format all of the content into a single-page document with specific headings and style – this
was a time-consuming and tedious process. To avoid unnecessary extra work like this in the
future, I should be wary of how my work should be presented.
The project PowerPoint document that was created and presented provided me with an
opportunity to present my work in a step-by-step manner to my supervisor and also to a 2nd
supervisor whom had no prior knowledge on the project that was being completed by myself. A
few issues were pointed out and feedback at the end of the presentation. First and foremost, the
presentation had a time limit of 15-20 minutes – my presentation went on for almost 40 minutes.
If this presentation was to be given in a conference or an interview, for example, then these time
constraints can be quite strict and so I should practice the presentation beforehand and time it to
see how long I expect it to last for. I can then remove or add slides to decrease/increase the
length of the presentation. Moreover, code snippets; unless they are pivotal to the presentation,
should not be included as the audience may not be able to read or understand it on first glance.
COM Project 2018-2020

Page 60

Thomas Staite

Development of CNN for Detection of Track Maintenance

Finally, some of the slides contained an overwhelming amount of text. Mauro suggested that the
audience should be able to read each slide in about 30 seconds and so I should reduce the text
down into bullet points which I can expand on when explaining the content.
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