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Abstract

Machine Learning (ML) and Deep Learning (DL) techniques have recently aided in resolving
critical problems in various sectors and use cases. For example, image classification techniques
based on machine learning and deep learning have proven useful in medical science and other
industries. Existing work has investigated a shoeprint image classification technique to identify
different classes of shoeprints for several forensic applications and wear-pattern identifications.
Despite the challenges presented by the situation, there are several opportunities to explore this
area. The need for more sufficient datasets is the main obstacle in this field. In addition, deep
learning techniques frequently fail to achieve a high accuracy since the field still needs to be
sufficiently developed. The literature has, however, used a range of traditional machine-learning

algorithms.

This thesis has applied deep learning classifiers for shoeprint identification. This study first
explored traditional classification methods and deep learning Convolutional Neural Networks
(CNN). Then it proposed a method for integrating CNN and Transfer Learning (CNN-TL) to
improve the classification results. In CNN and CNN-TL methods, python's tensor-flow library
was used. Finally, the shoeprint classifications were performed using a pre-trained and fine-tuned
version of the Inception model, including comparing different pre-trained Inception V3, VGG16,
and ResNet50 models. The results show that convolutional neural networks-transfer learning
(CNN-TL) improved classification accuracy by approximately 3% compared to conventional

convolutional neural networks (CNN).

The study employed three techniques for shoeprint classification, namely CNN, TL, and the
proposed method that combined TL with CNN with various pre-trained models (Inception V3,
VGG16, and ResNet50). The performance metrics of each model employed in this study

produced the following individual results: CNN model (accuracy = 96.17%), CNN-TL Inception
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V3 model (accuracy = 92.19%), CNN-TL VGG16 model (accuracy = 96.88%), and CNN-TL

ResNet50 model (accuracy = 97.14%).

The ResNet50 model achieved the highest accuracy of 97.14%, outperforming all state-of-the-art
approaches in shoeprint classification. Regarding accuracy, the VGG16 model outperformed the
CNN model, but the Inception V3 model performed with lower accuracy. The study highlights
that the proposed methodology significantly improved the accuracy compared to previous
literature. The proposed methodology is expected to open new avenues for forensic science

research and deep learning approaches to image classification.
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CHAPTER 1: Introduction

1.1 Background

The proliferation of machine learning research (Afifi et al., 2020; Doborjeh et al., 2021; Doborjeh
et al., 2022; Kaur et al., 2022) and, more recently, researchers' acceptance of deep learning
mechanisms (Copiaco et al., 2023; Khan et al., 2022; Siddiqui et al., 2022) to solve various real-
life issues has influenced scientific approaches to address many challenging problems. These
learning algorithms have many uses, including medicine and healthcare (Fatima et al., 2022;
Irshad et al., 2023; Mufti et al., 2022), recommendation engines (Ashraf et al., 2022; Himeur et
al., 2022), traffic management (Aouedi et al., 2022), crewless vehicles (autonomous cars) (Pavel
et al., 2022), smart cities (Bhattacharya et al., 2022; Rajyalakshmi & Lakshmanna, 2022), digital
twins (Lyons, 2022), agribusiness (Xu & Hsu, 2022), and robotics (Lazaroiu et al., 2022; Yue et
al., 2022). For these fields of study, many recent works have examined image processing,
particularly image classification (Gupta & Bajaj, 2023; Ottoni et al., 2023). Image classification,
for example, serves as the foundation for disease diagnosis, detection, and prevention in medicine
and healthcare. For example, researchers have used X-rays and MRI images to diagnose patients'
illnesses and discover diseases (Hamza et al., 2022). Similarly, image classifications are essential
in developing smart cities for various purposes, including learning autonomous vehicles via

object detection and similar methods.

The literature recently revealed an increase in researchers interested in investigating. Forensic
science is an important field that is researching methods for identifying shoeprints. Shoeprints
are the most commonly left clues at a crime scene, greatly assisting the investigation. In recent
years, automatic shoeprint recognition has thus become a significant field of forensic science

research. Developing advanced computational methods for classifying shoeprint images
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examined at crime scenes can lead to the accurate detection of illegal shoeprints. This will
significantly contribute to forensic science, allowing for better processing, understanding, and
identification of shoeprints at crime scenes. So far, several methods for identifying shoeprints
have been proposed. (Rida et al., 2019) have discussed a few publications that investigate
classifications for forensic shoeprints. There are numerous applications for shoeprint
classification. For example, (Francis et al., 2019) used shoeprint photos to determine wear

patterns.

Furthermore, wear patterns are essential in many forensic science investigations. Consider the
case where a long period passes between committing a crime and discovering a suspect (s). In
such cases, the forensic scientist's responsibility is to examine the outsole and determine whether
it matches the scene print while considering the development of other wear features. This job
requires close inspection of the outsole and extensive knowledge of the various elements and
components that influence wear patterns. Forensic examiners assess shoeprints and determine
whether they are admissible as evidence based on their extensive knowledge of shoeprints and
the distinctive characteristics contributing to the wear pattern. Thus, shoeprint identification has
primarily been investigated using classification tasks, for which multiple images of shoeprints
must be collected and used to train and test machine learning models. Shoeprint classification has
been accomplished using various techniques, including statistical models, traditional machine

learning, and deep learning.

Some advanced processing systems, such as the United Kingdom's National Footwear Reference
Collection (NFRC), store every footwear impression submitted for processing. (Budka et al.,
2002) extensively described NFRC utilizing descriptors. The NFRC is based on a British standard
classifying footwear styles for various forces. The police have the most extensive collection of
shoeprints in the world. The NFRC employs a total of 17 traits to determine a footwear
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impression. A shoeprint or footwear impression could contain any subset of these characteristics.
There are two descriptions for the central sole and heel/instep. The most common type of
impression collected from convicts has imprinted footwear impressions. Imprints on footwear are
recorded on a special pad and paper set. This data type necessitates additional processing
privileges, necessitating the use of a powerful computing machine. Furthermore, a robust

algorithm delicately dealing with such complexities is required.

However, there is still a gap/limitation in shoeprint classification, which necessitates using a
powerful computing machine to process the data recorded. By combining transfer learning (TL)
and convolutional neural network (CNN) models to process shoeprints, this thesis attempted to
fill this gap. As a result, suitable deep-learning techniques must be investigated to improve the
classification accuracy for shoeprint identification. Forensic investigations and crime-related

exploration are examples of these applications.

Shoeprint image retrieval and classification are two tasks related to analyzing shoeprints
frequently encountered in forensic investigations. Shoeprint image retrieval entails locating all
images of shoeprints in an extensive database similar to a given query image (Lee et al., 2019).
The query image is typically supplied by an investigator who wishes to locate all images of
shoeprints in the database similar to those found at a crime scene. Shoeprint image retrieval is
typically accomplished using content-based image retrieval techniques that compare the query
image to images in the database using image features such as color, texture, and shape (Lee et al.,
2019). Shoeprint image classification, on the other hand, entails classifying a given image of a
shoeprint into one of several predefined classes (Li et al., 2020). For example, a shoeprint image
classification model could be trained to identify an image of a shoeprint as belonging to a specific
shoe brand or model based on the distinctive patterns on the shoe's sole. Machine learning
techniques, such as convolutional neural networks (CNNs), are commonly used to classify
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shoeprint images. CNNs can automatically learn to recognize the patterns and features
distinguishing shoe brands and models. To summarize, shoeprint image retrieval is used to locate
similar images in an extensive database. On the other hand, shoeprint image classification

categorizes a given image into one of several predefined classes.

1.1.1 Shoeprint Retrieval: An Overview

A challenging computer vision task is retrieving shoeprints because of various elements,
including textures, patterns, manufacturing models, and wear effects (Srihari, 2010). As a result,
numerous processing methods have been used, including manual, semi-automated, and automated
procedures, i.e., fully automated, partially automated, and manual efforts. Recently, deep learning
has been used in feature extraction, reconstruction, and research applications. In contrast to other
biometric modalities such as fingerprints, palm prints, and retina prints, which have consistent
patterns and shapes, shoeprints need to be more consistent. The ability to deduce age and gender
from shoeprint impressions streamlines the investigation and testing process. Shoeprints can be
used to screen a large number of applicants. Other factors that can connect them in research
include age, stride, standing patterns, and shoeprints (Hassan et al., 2021). A large-scale shoeprint
dataset was used to estimate human age and gender using the ShoeNet model, a machine-learning
algorithm. The authors of this paper (Hassan et al., 2021) claim that by employing the ShoeNet
model, they can make more accurate decisions while also benefiting from cost-effectiveness and
scalability. Everspry Outsole Scanner recently acquired equipment, a device people use to leave

their shoeprints on the strip. For this purpose, many people are leaving their shoeprints.

Pre-processing on each image included the following steps
e scaling to the exact dimensions (224 Height x 112 Width),

e converting to a hue-saturation-value (HSV) format, and
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e masking the strip with a threshold value.

The Hue Saturation Value (HSV) scale provides a numerical reading of an image corresponding
to its color names. The hue is measured in degrees from 0 to 360. For example, magenta has a
temperature range of 301-360 degrees, while cyan ranges from 181-240 degrees. Before training
the ShoeNet model, the scientists manually rotated the photographs and removed low-resolution
images. ShoeNet comprises three completely connected layers and five convolution blocks
(Blocks-A, B, C, D, E). Before the model was trained, 18,111 low-quality photos were eliminated.
As a result, 40,000 of the remaining 81,889 images were chosen for testing and certification

(Hassan et al., 2021).

A total of 100,000 photographs were taken of people aged 7 to 80. Each person's shoeprints are
depicted in two images (left and right). They divided the population into three age groups for
Dataset-A: 7 to 18 (1459 samples per group), 19 to 25 (8637 samples), and 65 to 80 (8637
samples). The shoeprint data must be changed for the ruler/scale associated with each image to
quantify the morphological attributes to be removed from Dataset-B. There are only left
shoeprints in Dataset-C, but only right shoeprints in Dataset-D. In Dataset-E, the left and right
shoeprints were combined into a single pair-wise shoeprint. Gender- and sex-segregated
shoeprints were used in Dataset-F to train models that could identify people as male or female
and predict their age. Gender refers to biological sex, which includes both males and females. In
Dataset-G, the sample distribution by age range was equalized through augmentation. ShoeNet,
a deep neural network, can determine how changes in gait and stance patterns, which correspond
to different walking styles, affect shoeprints. It is based on paired shoeprints and incorporates
elements from the left and right shoes. Shoeprints collected in pairs will provide more age-related
information on standing and gait patterns than a single print. Many alternative deep learning
models were constructed to match the structure of the datasets in order to make the most of the
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data for age prediction. Type-A personalities thrive between the ages of 25 and 45. The Type-B
MCS-2 (17.86) and MCS-3 test results were the best (22.67). Cat-E (51-80) has unusual gait and

stance patterns, which harm performance.

Nonetheless, they have achieved significant gender prediction accuracy, with 89.34 percent
training and 86.07 percent testing accuracy. According to the classifier, males (M) and females
(F) have different pressure distribution patterns. Gender is correctly predicted by the classifier
86.07 percent of the time (F). Right, shoeprints on both boys' and girls' feet are thought to
withstand tremendous pressure as children grow. Female blood pressure varies significantly
between the ages of 20 and 40. Male responders have more muscular pressure patterns from a
young age until they reach the age of 30. Not all training networks, however, can recognize gait
patterns. This could imply that the left and right shoeprints have experienced the most aging-
related changes. Another issue is the requirement for consistent textural-outsole patterns in
different shoes. In forensic science, deep learning models can be used for shoeprint enhancement,

super-resolution, abrasion repair, and the generation of full shoeprints (Hassan et al., 2021).

According to the study's authors, every footwear impression sent to the UK's National Footwear
Reference Collection (NFRC) is meticulously documented with the descriptors (Budka et al.,
2021). The NFRC is based on a British standard for classifying footwear designs for various
forces. The police have the world's most extensive collection of shoeprints. To determine a
footwear impression, the NFRC employs a total of 17 traits. Any subset of these characteristics
could be found in a shoeprint or footwear impression. The central sole and heel/instep
descriptions are divided into two categories. Imprinted footwear impressions are the most
common type collected from convicts. Footwear imprints are recorded on a special pad and paper
set. The impressions could be mechanized using a scanner for business documents if necessary.
Digital scanners only generate a digital copy of an inkless impression.
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1.1.2 Shoeprint Retrieval Methods Implementation

Retrieving shoeprints has been done using a variety of techniques. This includes traditional
approaches such as manual comparison, casting, and photographs and more sophisticated
technologies such as 3D scanning, laser scanning, and photogrammetry (Li et al., 2022; Liu &

Xu, 2022; Wu et al., 2022).

These approaches are chosen based on the study's specific needs and vary in accuracy, speed, and
cost. The processes involved in shoeprint retrieval include collecting the shoeprint, preparing it
for analysis, comparing it to other shoeprints, and determining the owner. (Crookes et al., 2007)
viewed shoeprint images as a cross-domain task, similar to fine-grained sketch-based image
retrieval (FGSBIR) issues. Based on primary networks such as VGG and ResNet, Siamese
networks have extracted images from various domains. The first method in this paper uses a
Siamese network with VGG19 as the base network to match scene of a crime (SoC) impressions
with database photos. The triplet loss function is used to compute similarities. Another technique
this study suggests is using UNet to improve image quality prior to image retrieval. The UNet
architecture includes a convolutional autoencoder with lateral connections between
corresponding layers from the encoder to the decoder. It performs well in segmentation tasks and
can be taught from start to finish with just a few images. After external noises are removed, the
SoC impressions are converted to binary images (Bi-SoC), and they have an integrated UNet to

extract useful information from them.

Although this process will inevitably result in the loss of some critical information, the gain will
be significant once the cross-domain issues are resolved. The image of the shoeprint is also
enhanced throughout processing to improve the accuracy of the analysis. A forensic specialist
frequently compares shoeprints by examining their characteristics and contrasting them with

those of known shoeprints stored in a database. The expert uses their judgment to determine who
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owns the shoeprint. The retrieval of shoeprints is accomplished through a combination of manual
and automated methods. In the initial comparison, a forensic specialist will frequently manually
compare the shoeprint to known shoeprints (Li et al., 2022). The authors used color and texture
features to improve retrieval performance. The next step is to use adaptive weighting to adjust
the contribution of each feature to the final similarity score. In tests, the proposed method
outperforms existing methods on a publicly available shoeprint database, with an accuracy rate

of 96.36%.

Nonetheless, a recent push has been to develop automated systems for assessing and comparing
shoeprints (Li et al., 2022). These systems gather information from the shoeprint, compare it to
existing shoeprints, and determine the owner using machine learning and computer vision
techniques. As a result, forensic investigation necessitates the retrieval of shoeprints, and
significant research has been conducted in this field. Shoeprint retrieval employs traditional
techniques, such as casting and photography, and more sophisticated ones, such as 3D scanning
and photogrammetry. To recover shoeprints, many procedures must be followed, including
gathering, processing, comparing, and determining the owner. A combination of manual and
automated methods is used to retrieve shoeprints, and current research has focused on developing

automated systems that use machine learning and computer vision algorithms.

1.1.3 Shoeprint Classification: An Overview

Several queries were done on Scopus' standard and benchmark database to analyze the research
article, specifically in shoeprint classification. In response to the query, the databases returned
only three results. This illustrates that there are articles on shoeprint, but they are primarily
concerned with retrieval rather than categorization. Furthermore, the forensic use of digital
footprints has attracted more attention than classification. Due to the scarcity of articles found in

Scopus, an investigation was carried out in the second phase by looking for cross-references in
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the articles. Google Scholar was used to query for shoeprint-related articles, and the references

of these articles were also searched, yielding a few other relevant articles.

According to (William J. Bodziak, 2017), manual human shoeprint classification is a field of
expertise for people interested in forensics who process shoeprint images to detect, recover, and
examine footwear impression evidence. Several semi-automatic classification methods have been
proposed to help forensic laboratories with shoeprint classification (AlGarni & Hamiane, 2008).
For example, they proposed a semi-automatic scheme for distinguishing burglars' shoeprints
(Alexandre, 1996). This method necessitates using a human expert to determine the number of
geometric patterns for each sole, such as zigzags, circles, squares, and letters. Based on these
patterns, a database of known shoe types was created, and unknown shoeprints could be compared
to the shoeprints in the database to find a match. The 'Shoe-Fit' method by (Sawyer, 1995) and
the 'Shoe’ method by (Sawyer, 1995) are two other systems that use this semi-automatic method

(Ashley, 1996).

"shoeprint" OR "shoe-print" AND

-
~—
-’I Search Query "classification" AND "machine learning"

"deep learning"

Scopus database

Total resources available

Figure 1. A procedural diagram to illustrate the data collection for reviewing concerned published articles in the
literature.

The field of automatic shoeprint classification is still in its early stages, with few studies on the
subject. (Geradts & Keijzer, 1996). For example, they developed an algorithm for automatically
classifying outsole patterns by applying a series of primitive ‘erosion’ and 'dilation’ operators to a
digital image of the shoeprint to generate a set of geometric shapes. These shapes are then

classified using a neural network and analyzed using Fourier components. The authors, on the
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other hand, should have reported on the accuracy of their system. (Alexander, 1999) Furthermore,
(Bouridane et al., n.d.) described an automated system that used fractals to represent shoeprints
and a mean square noise error method to find the best match. When the query image's spatial and
rotational position matched the database image, their system correctly extracted a shoeprint from
145 full-print images with an accuracy of 88%. The system's performance, however, was sensitive
to translation and rotational changes. For example, when a 908 rotation was introduced, the
accuracy dropped to less than 50% and less than 10% when a 13-pixel translation was introduced.

Furthermore, the algorithm was incapable of dealing with changes in image size.

De Chazal et al. (2005) created an automatic classification system for shoeprint images based on
the Fourier transform. They discovered that the first shoeprint image displayed was a correct
match 65% of the time and that a matching image was 87% likely to be found within the first 5%
of the sorted database patterns. The authors searched a database of 476 whole prints classified
into 140 categories and found a match for each image. The system, however, did not address the
issue of scale invariance, and the authors did not address the issue of noisy images. Zhang and
Allinson (2005) developed an automatic shoeprint retrieval system based on sole pattern edge
information. They discovered that adding noise cases when the images are aligned along the
central axis of the print allowed them to estimate the system's performance. When a correct match
was found within the first 4% of the sorted database images in 97.7% of the cases and at the top-
ranking position 85.4% of the time, the system performed optimally. However, a discussion of
the system's handling of partial prints, frequently discovered at crime scenes, was necessary, and

the system's accuracy in rotated situations could have been improved.

The article's authors, Koziarski and Cyganek (2018), highlighted existing methods for dealing
with low-resolution images, such as image super-resolution and down-sampling. They used the
CIFAR-10 dataset, which contains ten object classes, each with 6,000 32x32 color images.

Normalization, data augmentation, and downsampling are the pre-processing steps to simulate
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various low-resolution levels. Deep neural network (DNN) architectures tested included AlexNet,
VGGNet, and GoogLeNet. It was discovered that low resolution affects DNN performance
differently depending on the network's architecture. AlexNet, for example, is more resistant to
low resolution than VGGNet and GooglLeNet. One possible explanation for these performance

differences could be using different parameters, as suggested by them.

According to their research, even minor changes in the input photographs' quality can
significantly impact how well a deep-learning model performs. The aspect ratio of the photos
used as input must be preserved. This is critical if the object of interest does not have a 1:1 aspect
ratio. To optimize PRAUC, use the practical maximum input resolution, but remember that this
will require many more calculations, which is a limitation. Because upscaling such images is
pointless, the initial resolution of the received photographs may also be limited. Greyscale images
were converted into three input channels for the study. Using Nearest Neighbor interpolation as
one of the input channels is preferable. Three identical Bilinear interpolated channels may be
more efficient, particularly at lower input resolutions. Pre-processing layers are critical in
converting greyscale inputs with a color image pre-trained network, regardless of the
interpolation method. The best results were obtained by combining learnable pre-processing and
several interpolation techniques to construct the three input channels. Until recently, however,
the descriptors had to be manually selected by specialists, and they were only used as a first step
in detecting a pattern. Although no scientific study has been conducted to test this, experts'

accuracy in recognizing descriptors is "very high" (Bluestar Software, 2018).

Forensic investigators only use descriptors to distinguish between distinct footwear impressions
on rare occasions. Unique or modern shoe models take more time to categorize. Furthermore,
because there are thousands of different models, it is difficult for a human specialist to identify
just one. In England and Wales, 123,1712 police officers could be asked to identify the case's

descriptors. The population of the United Kingdom may benefit from automated descriptor
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identification (Budka et al., 2021). Shoeprints are not uncommon, but they are more likely than
latent fingerprints to be discovered in an SoC. If there are several attacks in a short period, an

attacker is unlikely to throw away or change his or her footwear between crime scenes.

Furthermore, it has been discovered that an SoC may be capable of retrieving approximately 30%
of shoeprints (Alexandre, 1996). One of two approaches could be used to exploit an SoC's lifted
shoeprint; a database comparison to determine its model (such as Foster and Freeman Ltd). In
addition, it is possible to determine whether the same shoe model was worn by comparing it to
other shoeprints collected from various SoCs. An automated shoeprint identification system's
basic architecture is divided into three sections. The activities include pre-processing, developing
discriminative features, and categorizing/mapping the query sample with the entire database of
shoeprints. The retrieved features may differ depending on whether a structural or holistic
approach is used. A holistic approach aims to process the entire shoeprint image. The local
approach, on the other hand, attempts to elicit distinguishing characteristics from regional
shoeprint regions. This method uses critical points or several overlapping/non-overlapping
segments to convey technical information on essential topics. A comparison study, on the other

hand, necessitates using large, publicly available datasets.

Many published strategies have been tested using manipulated and fictitious photographs.
Unfortunately, the results cannot be directly or fairly compared to the cited state-of-the-art
techniques. In addition, it should be noted that (Dardi et al., 2009) and (Y. Tang et al., 2011)
relied on actual data, which was also unavailable at the time. Another area where this image
analysis technique can be improved is more training data and clutter, occlusion, noise, and
translation. Without prior task expertise, feature learning algorithms can produce accurate
representations from raw data (Li et al., 2022). Deep learning is one method for creating an end-
to-end identification system. Convolutional neural networks are a well-known deep learning

model that could be used to recognize shoeprints (CNN). However, a large amount of data must
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be collected for deep learning algorithms to detect shoeprints correctly. The available shoeprint
recognition databases are limited because each shoe style only has one sample. In transfer
learning, models already pre-trained on massive amounts of data for a different task are used.
Numerous studies have been conducted on developing discriminative features using feature

extraction techniques.

A deep neural network architecture is used, which learns discriminative features from images by
training the network to recognize similar and dissimilar image pairs (G et al., 2015). Similarly,
Babenko and Lempitsky (2015) proposed an image retrieval approach that combines multiple
feature extraction techniques, such as local binary patterns, color histograms, and deep
convolutional neural networks. The authors showed that combining these features improves
image retrieval accuracy over using each feature extraction technique separately. Another
research has proposed new similarity metrics for computing the distance between query samples
and gallery photos. References use base models to extract deep features and neural networks to
train for matching. The main limitation of these methods is that only a few distinct structures can
be used to recognize shoeprint features (Montaseri et al., 2016). The Siamese network has been

improved for more precise retrieval across the gap between sketches and photos.

Despite the encouraging results, the sketch-based image retrieval (SBIR) problem is distinct from
the shoeprint identification (SoC) problem. Ma et al. (2019) used the U-Net method to improve
image quality by extracting relevant information from SoC impressions and converting them to
noise-free binary images. Although some vital information may need to be recovered, this method
has advantages for cross-domain issues. They grouped SoC impressions with exact matches into
one class, yielding 1843 SPID classes (State Policy Innovation and Diffusion Database
Dataverse). They extracted features using the VGG19 convolutional neural network, which was
trained on the ImageNet dataset. The FID300 dataset did not support the multiplane convolutional

neural network (MP-CNN), and retraining may impact the model's performance on test datasets.
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For accuracy in the top 1, top 5, and top 10%, the MP-CNN with weighted features outperformed
the MP-CNN with equal weights. The network's performance improved because it focused on the
informative parts of the input images and created a more discriminating representation. The
researchers have yet to determine whether this method can be applied to other problems, such as

sketch-based image retrieval.

In a study of several Swiss counties, the researchers discovered that 35% of crime scenes had
acceptable shoeprints for forensic science, and 30% of all burglaries had acceptable shoeprints
(Alexandre, 1996). Comparing photos of shoeprints from crime scenes to databases takes a long
time nowadays. Shoe mark evidence could be used more frequently due to the lengthy process.
The Garda headquarters in Dublin, Ireland, made paper copies of 1,276 shoeprints (de Chazal et
al., 2005). The images were digitized using 256-level greyscale mapping and 300 dots per inch
resolution. In addition, the shoe's brand, style, size, and wearer's age were all recorded. Before
rating the shoeprint images, the observers were divided into four groups. According to the
researchers, 14 of the fourth group's shoeprints could have been of better quality due to acquisition

issues such as ink spreading and repeated impressions (due to the user stamping twice on the

paper).

Before generating a modified image, the system analyses a reference shoeprint image. A forensic
scientist searches each category to see if there are any instances of a specific database category
(if one exists). If a relevant database category is found, the supporting database columns can
provide information on shoemaker style. The shoeprint images were reduced to 64x64, 128x128,
256x256, and 512x512 pixels. The photographs were digitally scanned using an A3 or rotary
scanner. The patterns contained oversampling of relevant information content. Various rotations
of up to 30 degrees may be used to overlay one image on top of another. Certain prints displayed
a shift in grey level between them due to variations in contact across the shoe during image

capture. This variation appeared in the PSD as a very low-frequency component. When
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processing partial prints, the system was unable to organize database photos as efficiently as it
could when processing full prints. Before a match, an average of 8.2 percent of the sorted database

categories were checked. The device performed nearly identically on the left and right outsoles.

However, the method has been discovered to eliminate operator bias and work well with
incomplete prints effectively. Because shoeprint data is only helpful for a limited time, a system
like this would need to be updated regularly. This is accurate given that shoes only endure a finite

amount of time and that trends constantly change.

If no other criminal evidence is available, shoeprints may be the only physical evidence left at a
crime scene, providing some potential hints to a specific case. For example, the pressure images
from the MUES-SV1KR2R dataset were collected using shoeprint scanners (Wang et al., 2019).
When someone steps on reflective tape, pressure photos are taken, and irregular pressures cause

varying heights of downward bulges to appear on the surface.

More than 1200 pairs of shoeprint photographs are included in the MUES-SV1KR2R dataset.
The set contains registered images with identical spatial resolution. Most of the collection's
images have 3600 by 1800-pixel resolutions and are sharp and detailed. There is a 5cm gap
between images one and two and between light source one and the shoeprint. More than 256 pairs
of shoeprints with the same shoe design are included in the MUES-SV2HS2S dataset. Because
they are registered, this collection's photos have the exact spatial resolution as those in the original
dataset. The recommended method for verifying shoeprints consists of four steps. Each of these
components is required for the system to function correctly. First, the decision-making module
considers the similarity score before deciding whether the identical shoe was left with the same
shoelace. Second, a shoe partition model (SPM) is developed to divide the shoeprint image into
different portions based on the foot's shape and how the shoe and foot are worn. Third, each
segment is subdivided into numerous distinct, non-overlapping subsections for further study.
There are a total of 19 subsections. They recommend a multi-layer feature extraction strategy to
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capture the properties of shoeprints on the global layer, partial layer, and individual identifying
layer. The global layer elements that reflect class characteristics are used to determine whether
two shoeprints are from the same shoe pattern. Second, each of the 19 shoeprint subsections'
smallest surrounding rectangle region is retrieved and separated into distinct, non-overlapping
patches. The final partial layer characteristic that reveals shoe wear characteristics is the intensity
distribution of each patch. An interesting point, line, or region on a shoeprint image may represent
a specific distinguishing layer characteristic. A single feature must meet several requirements,

one of which is that it cannot be seen more than once or twice in a shoe.

The structural changes in the shoeprints are especially noticeable (i.e., the class characteristics,
wear characteristics, and individual identifying characteristics). In the first experiment, the
proposed method of shoeprint verification was tested. The novel method was compared to a few
traditional procedures in the second round of testing. The results show that the HOG method
outperforms the NCC method. This could be because the shoeprint images in the MUES-
SV2HS2S collection require higher resolution. The approach performs noticeably better than
other feature detector and descriptor combinations. The proposed method validates shoeprints at
a slower rate than the alternatives. They intend to use parallel computing technology to accelerate
processing in the future. The proposed method matches individual identifying, global, and partial
layer features. Instead of creating a significantly more efficient classifier, the authors attempted
to improve the verification technique and determine how to improve performance on complex

backdrops.

To create a database of shoeprint images, the original shoeprint edges and those on other surfaces
must be collected. Before using a recognition technique, shoeprint images obtained at a crime
scene must be ready. Light, chemical amplification, and naturally occurring or artificial elevation
can all be used to visualize perceptions. Various techniques can be used to recover the original

(raw) footwear evidence seen in shoeprints. Electrostatic lifting is used to remove dust-containing
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imprints. Powders have the potential to leave latent fingerprint impressions on surfaces. The new
shoeprint matching techniques and improvements fall into two categories: feature-based

matching and probabilistic methods.

An algorithm for determining the shoe manufacturer by connecting murder scenes (Wang et al.,
2015). The method successfully matched 210,000 shoeprints, yielding a total success rate of 90.87
percent. This method, however, is time-consuming and dangerous (due to false matches). It was
explained how to find automatic shoeprints at crime scenes. It looks at Euclidian distance and
Fourier characteristics to find a match. However, it has issues with an extensive database
(Deshmukh & Patil, 2009). The computer-based footwear image analysis method is described
(Srihari & Tang, 2014). When comparing 50 authentic footwear marks to 1000 recognized
shoeprints, it achieved a 92 percent match rate. It has been discovered that a standard database is
required for the computational method to produce better shoeprint-footwear matching. Many
currently used techniques, however, are still in development and have drawbacks. As a result,
image enhancement, segmentation, feature extraction, and pattern matching should be prioritized.
Combining feature-based and probabilistic approaches could produce more robust matching
algorithms. Deep learning and recurrent neural networks (RNN) are two neural-based techniques

that have recently demonstrated promising results (Mamun et al., 2019).

The carbon tracker tool can compute and measure deep learning models' energy consumption and
carbon emissions. The user can halt model training if the predicted environmental cost is
exceeded. They work with various hardware and environments, such as clusters, desktop
computers, and Google Colab notebooks. Carbon Tracker simplifies model training's time,
energy, and carbon footprint calculation. First, they project the carbon intensity of energy
generation over the projected period using the available APIs. The carbon footprint of the model
is then forecasted using the expected carbon intensity. The authors (Anthony et al., 2020; Wu et

al., 2022) analyzed the image using a single NVIDIA TITAN RTX graphics card with 12GB of
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memory and two Intel central processor units (CPUs). Forecasted energy values differ from
measured energy values by 4.9 to 19.1%. Throughout the period, CO2eq forecasts are off by 0.8-
4.6%. The GPU consumes approximately 50-60% of the total; however, the CPU and RAM also
play an essential role. The energy sources used by the local grid influence the carbon intensity of
electricity production, which varies by region. In a single training session, an Estonian model
could produce more than 61 times the CO2 equivalents as a Swedish model. A Danish model
developed during low-carbon intensity times of the day could produce 14% less CO2eq than a
model developed during peak times. With a change in training, the United Kingdom's emissions
could be cut in half. Hyperparameter tuning can be improved by switching from random to grid
search and employing Bayesian optimization or other optimization techniques such as
Hyperband. Deep neural network inference can be made more energy-efficient by optimizing

hyperparameters, using energy-aware pruning, and training with quantization.

In legal proceedings, shoeprints are rarely used as evidence obtained from crime scenes. This is
due to the different levels of crime scene impression quality. Finding acceptable outsoles is
difficult due to the massive number of outsoles produced and created. Example research
performed by the authors (Francis et al., 2019) used 52 photos to train and test their time-lapse
technique. The dataset is split 80/20 between training and testing for model training. They train
10,000 times at a 1e5 learning rate. Using the network, the researcher successfully simulated the
broad wear pattern indicated by shoeprints. This change has occurred, as evidenced by the week
52 ground-truth photo, even though a four-week union is more common than the model's
projection of 20 weeks. In the prognosis, the top of the heel should be more specific and defined.
During the data collection phase, this area was frequently obscured by dust and fingerprints or
was insufficiently made due to insufficient pressure applied to the gel during the imprinting

procedure.
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Nevertheless, their methodology is adequate for extracting the wear pattern from the dataset and
performing accurate outsole prediction and reconstruction. They discovered that the network
requires more training data. A large enough dataset can also aid deep learning models'
generalization ability. They investigated the model's flaws and provided objective performance

evaluations, revealing that both models' predictions are 86% accurate.

Given the preceding works, as discussed further in section 3.5.3, there are some notable
contributions to the literature since transfer learning emerged and has recently seen tremendous
success. First, it includes a pre-trained model for shoeprint image classification, an image
classification problem. Using pre-trained models for image classification has grown in popularity
in machine learning. Pre-trained models are created by training them on a large dataset, typically
from a public source, and then using them to classify images. This technology has been used in
various applications and facilities, including facial recognition and medical imaging. This study
used a pre-trained model to solve the problem because pre-trained models have several
advantages over traditional image classification methods. The first advantage of using pre-trained
image classification models is that training a model is much faster and easier. Instead of manual
feature engineering, a pre-trained model can quickly identify and classify objects in images. This
is because the model has already been trained on a large dataset of images, making recognizing
patterns in the images more accessible. For example, the pre-trained models used in this study are
Inception V3, VGG16, and ResNet50, which have already been trained on many samples. This
makes training these models much faster than if the features were manually engineered. Another
advantage of using pre-trained models over traditional methods is that they are more accurate.
Pre-trained models are trained on a much larger dataset of images, allowing the model to learn
more complex patterns and classify images more accurately. This is especially important in
applications requiring high accuracy, such as facial recognition. The proposed mechanism

achieved more than 97% accuracy in the results section (Chapter 4).
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Transfer learning has proven effective in various disciplines, including natural language
processing, computer vision, and speech recognition. Transfer learning is classified into two
types: inductive transfer learning and transductive transfer learning. Inductive transfer learning is
a transfer of knowledge from one task to another that is similar but unrelated. This type of transfer
learning is helpful for tasks with a few labeled data points because it allows the model to leverage
knowledge from a previous task. For example, if the two tasks are similar, a model trained to
detect cats can detect dogs. Transferring knowledge from one task to another that is related but
not necessarily similar is known as transductive transfer learning. This type of transfer learning
is proper when the amount of labeled data points is small, and the two tasks are not necessarily
related. For example, a model trained to detect cats can detect birds if the two tasks are related.
Deep learning fine-tuning improves a model's performance on a specific task by retraining the
weights of a pre-trained model at a lower learning rate. This is accomplished by starting with the
pre-trained weights and optimizing them on the new dataset. Fine-tuning allows a model to
quickly adapt to new datasets without training from scratch, saving time and money. Image
classification is critical in computer vision. It assists machines in distinguishing between different
types of objects and their differences. Deep learning raises machine learning accuracy to human-
like levels. Deep learning is becoming more popular, which has a significant impact on
classification. With the development of convolutional neural networks, deep learning
significantly impacted computer vision and picture categorization. In addition, it is utilized in the

extraction of visual elements.

1.2 Thesis Contributions

Deep learning models have shown great promise in developing representations for forensic
domains. Deep learning models, on the other hand, perform well when massive training datasets
are available or when the benchmark dataset is used. Transfer learning (TL) presents a practical
approach for shoeprint classification, addressing the limitations associated with deep learning
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methods. This thesis will examine the motivation for TL and deep learning and explore its key
advantages.

1. Firstly, deep learning models require substantial labeled training data for optimal
performance (Goodfellow et al., 2016). However, acquiring large datasets in real-world
scenarios can be challenging, time-consuming, and expensive. TL offers a solution by
leveraging knowledge from pre-existing datasets, even if unrelated to the specific
shoeprint classification task (Smith et al., 2020). This enables practical model training
with limited labeled data, overcoming data scarcity issues and facilitating accurate
classification.

2. Secondly, training deep learning models from scratch can be computationally intensive
and time-consuming, demanding significant computational resources (Goodfellow et al.,
2016). In contrast, TL provides a time and resource-efficient alternative. By utilizing pre-
trained models, researchers can save valuable time and computational costs. Instead of
training models from the ground up, TL enables the transfer of learned features and
representations from pre-existing models, reducing the training time and resource
requirements (Gomez et al., 2019).

3. Furthermore, pre-trained models have typically learned rich feature representations from
large and diverse datasets. These representations capture high-level visual features that
are transferable across tasks and domains. TL allows these pre-trained models to be
adapted to the shoeprint classification task, enabling the model to generalize well to new
and unseen shoeprint data (Smith et al., 2020). This enhances the model's ability to

classify shoeprints accurately.

Deep learning methods have limitations that further justify the use of TL.
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1. Data scarcity and overfitting are common challenges in deep learning models,
exceptionally when trained from scratch with limited data (Rida et al., 2019). Overfitting
occurs when the model becomes too specialized in the training data and fails to generalize
well to new data. TL mitigates this limitation by leveraging knowledge from more
extensive and diverse datasets, preventing overfitting and enhancing generalization.

2. Another limitation of deep learning models, such as convolutional neural networks
(CNNs), is their complexity and need for interpretability (Goodfellow et al., 2016). CNN
architectures consist of numerous layers and millions of parameters, making it
challenging to understand the internal workings of the model and interpret its predictions.
TL provides a practical solution by utilizing pre-trained models that have been
extensively studied and proven effective in various tasks (Smith et al., 2020). The
transparency and interpretability of pre-trained models aid in understanding and
validating shoeprint classification results.

3. Moreover, deep learning models, especially when trained from scratch, demand
substantial computational resources, which may limit their accessibility for researchers
or forensic experts without high-end computing infrastructure (LeCun et al., 2015). TL
addresses this limitation by enabling pre-trained models, significantly reducing the
computational requirements. This makes shoeprint classification more accessible and

feasible in practical applications (Gomez et al., 2019).

By employing TL in shoeprint classification tasks, this thesis can leverage the benefits of pre-
trained models, overcome the limitations associated with deep learning, and enhance the
classification process's accuracy, efficiency, and interpretability. TL offers a pragmatic approach
that maximizes the utility of available data, saves computational resources, and improves the
overall performance of shoeprint classification systems. Due to these factors, researchers have
proposed that transfer learning (TL) can reduce training time and data requirements (Rostami et

al., 2019), for example, due to a lack of labeled data for training. The dataset for this thesis
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comprises full and half-shoeprints. The dataset, including full-shoeprint images, includes images
of the shoe from the heel cap to the outsole. On the other hand, the half-shoeprint image dataset
contains incomplete shoeprints (some shoe portions are missing from the print). This complicates
the dataset processing, lowering the accuracy of the possible outcomes. Thus, when applied to a
target dataset using a pre-trained model on a separate dataset, transfer learning is remarkably
effective (source dataset). Figure 2 depicts the general architecture for transfer learning, i.e.,

working Transfer Learning, a process illustration from data acquisition to output determination.

@

Data acquisition through Data pre-processing Feature mapping Transfer Learning based
existing dataset classification of dataset

Qutput

Post-processing/modeling

Figure 2. The working of Transfer Learning, a process illustration from data acquisition to finding out the output.

The data can be obtained from any existing dataset, or a new benchmark can be created or
designed to meet the needs of the problem. The data may contain noise, irrelevant features, or
characteristics required for exclusion from the dataset. Data pre-processing is required for this
purpose. This step removed the dataset's noisy data and irrelevant attributes. For consistency and
integrity, if images of clothes are mistakenly found in shoeprint images, or text is found in images,
it must be removed. Following the completion of the pre-processing stages, the dataset was
feature mapped. A transfer learning algorithm is then used to classify the dataset. The dataset was
then post-processed or modeled with the algorithm and data to evaluate performance using the
modified output. The specifics of this mechanism will be covered in greater depth later in the
thesis. Domain adaptation or fine-tuning a pre-trained model can be used to execute transfer
learning in practice. Domain adaptation entails a comprehensive and all-encompassing procedure

and process. It is currently being developed and will require some time to adjust. Fine-tuning is
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another application of transfer learning. This study employs the latter methodology. This study

investigates the following research questions in light of the prior explanation.

1.3 Research Objectives

These experiments aim to improve image classification accuracy using a full or a half-shoeprint.
Furthermore, this thesis proposes an efficient CNN-TL classification model to maximize
classification accuracy while attempting to improve model robustness. Finally, these experiments
aim to understand the performance of a convolutional neural network with transfer learning when

dealing with the positional relationship between lines and patterns.

1.4 Research Hypothesis

The half-shoeprint and full-shoeprint had never been used on paper before, so it was hypothesized
that the previous research "might" be applicable. However, previous research in shoeprint
identification using convolutional neural networks is considered applicable. Therefore, the
hypothesis is that an integrated convolution neural network with a transfer learning model can

outperform a single convolutional neural network model in shoeprint identification.

1.5 Research Questions (RQ)

The research questions for this thesis are developed by reviewing current shoeprint identification
technologies that employ traditional machine learning, deep learning, and transfer learning
methods. First, a few of the most recent research findings in shoeprint identification fields were
gathered. It then identified the critical research objectives and links to existing outcomes in this
field. Finally, the work begins with the information gathered and the results obtained by others
from surveys and literature reviews. As a result, this research can introduce new image

classification methods. This thesis investigates the identification and classification of shoeprint
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images using deep learning methods and combined convolutional neural networks with transfer

learning (CNN-TL). The formulated research questions are as follows:

RQL. To what extent do deep learning models, including CNN, lead to improving the accuracy

of shoeprint classification?

RQ2. What are the advantages and disadvantages of using CNN than CNN-TL on shoeprint

identification, especially in terms of performance?

RQ3. How can the CNN-TL performance be improved further with fine-tuning?

The proposed method would employ transfer learning with Inception V3 as a pre-trained model
to address the research questions. In addition to the Inception V3 model, cutting-edge deep
learning techniques such as transfer learning models will be investigated to find the best-
performing algorithm with increased classification accuracy. The findings are encouraging and
support the strategy of assuming transfer learning for shoeprint image classifications, which will

be discussed in detail in Chapter 4 (Experimental results and discussion).

The terminologies used in the thesis are summarized in Table I, with abbreviation and complete

form.

Table I. List of abbreviations with full form

Abbreviation Full Form

Ada boost Adaptive Boost

ANN Artificial Neural Network
BPNN Back Propagation Neural Network
CNN Convolutional Neural Network
DL Deep Learning

DNN Deep Neural Network

ELU Exponential Linear Unit

FN False Negative

FP False Positive

HMM Hidden Markov Model

HOG Histogram of Gradient

HSV Hue-Saturation-Value

KNN K nearest neighbor
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LDA Linear Discriminant Analysis

MDS Multidimensional Scaling

ML Machine Learning

NCC Nearest Centroid Classifier

NFRC National Footwear Reference Collection

NN Neural Network

PCA Principal Component Analysis

RelLU Rectified Linear Unit

RNN Recurrent Neural Network

RQ Research Question

SBIR Sketch-based Image Retrieval

SELWSVM Succe_ssive Enhancement Learning based weighted Support VVector
Machine

SGD Stochastic Gradient Descent

SoC Scene of Crime

SPM Shoe Partition Model

SVM Support Vector Machine

TL Transfer Learning

TN True Negative

TNR True Negative Rate

TP True Positive

TPR True Positive Rate

1.6 Thesis Structure

The following is a summary of this thesis:

Chapter 1: Provides an introduction to the report, including the topic's background, thesis
contribution, and research questions.

Chapter 2: A thorough literature analysis is provided, beginning with a machine learning (ML)-
based classification mechanism and progressing to deep learning (DL)-based classification
mechanism. Following these summaries, a comprehensive foundation on shoeprint categorization
approaches and a comparative literature analysis will give background for this study issue,
followed by suitable images and explanations.

Chapter 3: This chapter contains methodological information about this research study. The use

of transfer learning, pre-trained models, and the operation of implied techniques are all addressed,
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with firm support provided by the architectural diagram. In addition, the components of the
proposed methodologies have all been clearly stated and demonstrated.

Chapter 4: The fourth chapter contains the experimental results of the convolutional neural
network and the convolutional neural network integrated with transfer learning models. Each
model's classification accuracy is illustrated and discussed.

Chapter 5: The conclusion summarizes the research and suggests future research directions.
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CHAPTER 2: Literature Review

A thorough review of literature in the related field, namely, image classification using machine
learning (ML) and particularly convolutional neural networks (CNN), especially shoeprint
images, was provided to investigate the state-of-the-art techniques and their performance and
identify the gaps in the current work. The literature review will also aid in developing a thorough
understanding of previous image classification studies, which will go a long way toward
identifying knowledge gaps and laying the groundwork for the work in this thesis. As a result,
this chapter provides an overview of the literature on deep learning-based picture classification
techniques and systems. Furthermore, the classification of shoeprints using machine learning and
deep learning is further developed. Finally, this chapter provides valuable and instructive
bibliometric evaluations (quantitative information) of shoeprint image processing using machine
learning. This can help reveal patterns in linked publishing and provide a better understanding of
how the connected area has recently developed. The chapter includes theoretical, technological,

and bibliometric studies to lay a solid foundation for this research topic and questions.

Image classification is a computational task in computer vision that involves categorizing or
labeling images into predefined classes or categories based on their visual content (Johnson et al.,
2020). It aims to develop algorithms and models capable of automatically analyzing and
understanding images' visual features and patterns to assign them to the appropriate class (Qadir
et al., 2021). Image classification systems learn from large sets of labeled photos called training
data using advanced machine learning and deep learning techniques. These algorithms extract
relevant visual features from images and map them to specific classes or categories. The learned
model can be applied to new, unseen images to predict their class labels.

Image classification finds wide-ranging applications across various domains, including object

recognition, medical imaging, autonomous vehicles, surveillance systems, and image search
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engines. It enables automated analysis and interpretation of visual data, facilitating tasks that
would otherwise require manual human inspection and decision-making (Del Mar-Raave et al.,
2021). In academic research, image classification methods are often evaluated based on accuracy,
precision, recall, and F1 score (Qadir et al., 2021). Researchers explore and develop novel
techniques to improve the performance of image classification algorithms, enhance their
robustness to variations in lighting conditions, viewpoint, and image quality, and address
challenges such as class imbalance and limited annotated data.

Overall, image classification plays a fundamental role in visual understanding and has significant
implications for numerous fields, contributing to advancements in artificial intelligence, pattern

recognition, and computer vision.

2.1 Shoeprint Images: Problems, Solutions, and Challenges

The field of shoeprint image classification in forensic science has received limited research
attention compared to other domains of machine learning and deep learning (Mekhmoukh et al.,
2021). While statistical models, traditional machine learning, and deep learning techniques have
been explored in shoeprint identification, there is a research gap in utilizing deep learning
specifically for shoeprint classification (Sapkota et al., 2020). The complex nature of shoeprint
data, particularly in scenarios like the National Footwear Reference Collection (NFRC),
necessitates advanced computational methods and robust algorithms (lgbal et al., 2020).
Integrating transfer learning (TL) and convolutional neural network (CNN) models holds promise
for improving shoeprint classification (Yan et al., 2020), but further investigation is required.

Shoeprint classification extends beyond forensic investigations, finding broader applications in
crime-related exploration (Liu et al., 2019). Therefore, addressing the research gap in this area is
crucial. Conducting this research at Auckland University of Technology in New Zealand provides
a unique opportunity, as there is limited research on crime scene shoeprint identification

conducted in the country. This research has the potential to revitalize the field, enhance New
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Zealand's research reputation, and benefit various stakeholders by advancing knowledge,

improving forensic analysis techniques, and ensuring public safety.

Quantitative analysis reveals a research gap in shoeprint classification using machine learning.
The numbers obtained from year-wise publication analysis show the following on research

growth for shoeprint identification:

The number of shoeprint classification papers increased from zero in 1990 to an

average of 4 papers per year in 2010 (Farooq et al., 2021).

e The exhaustive research conducted in the shoeprint classification on Google Scholar is
92 articles. However, since the year 2010, there have been 76 studies conducted in this
area.

e The United Kingdom has emerged as the leading contributor, followed by China and
the USA (Zhan et al., 2019). However, New Zealand is not among the top ten countries
in terms of contributions in this area.

e Prominent institutions like Queens University, Belfast, and University College, Dublin,

have been actively involved in shoeprint classification research, creating a gap between

leading institutions and others (Zhan et al., 2019). Conducting research at Auckland

University of Technology will bridge this gap and establish the university as a critical

player in shoeprint classification research.

The outcome of this research holds immense potential to revitalize the field of shoeprint image
classification in forensic science. Several significant achievements can be realized by developing
an improved deep learning model based on integrated convolutional neural networks and transfer

learning (CNN-TL), benefiting various stakeholders and advancing the field.
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1. Advancing Knowledge: The research will contribute to expanding the understanding

of shoeprint classification by exploring the application of cutting-edge deep learning
techniques. It will uncover new insights into the effectiveness of integrated
convolutional neural networks and transfer learning for accurate shoeprint image
classification. This understanding will lay the groundwork for future forensic science
and image analysis advances.

Improved Forensic Analysis Techniques: The developed deep learning model has the
potential to enhance the accuracy and efficiency of shoeprint image classification
significantly. By leveraging the power of deep learning algorithms and transfer
learning, the model can learn intricate patterns and features from shoeprint images,
enabling more precise and reliable classification results. This improvement in forensic
analysis techniques can expedite crime scene investigations, aid in identifying potential
suspects, and strengthen the forensic evidence presented in court.

Enhanced Research Reputation: Conducting this research at Auckland University of
Technology in New Zealand will elevate the country's research reputation in shoeprint
classification. By filling the existing research gap and contributing novel insights, New
Zealand can significantly contribute to forensic science and deepen its collaborations
with international researchers and institutions. This enhanced research reputation will
attract talented scholars, foster academic partnerships, and promote knowledge
exchange.

Practical Applications: The outcomes of this research will have practical implications
for organizations and forensic investigators involved in crime scene analysis. The
improved deep learning model can be integrated into forensic analysis systems and
software, aiding investigators in efficiently analyzing and classifying shoeprint

evidence. This streamlined process can save time, increase accuracy, and enhance the
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overall effectiveness of forensic investigations, ultimately contributing to the pursuit of

justice and public safety.

Digital forensic science holds great promise and relevance for identifying and classifying
shoeprints. Due to the prevalence of digital traces left at crime scenes, cutting-edge image analysis
techniques like Convolutional Neural Networks (CNNs) can transform forensic investigations.
Investigators can make vital linkages between suspects and crime scenes by accurately identifying
and classifying shoeprints in digital pictures. As a result, it is easier to spot violators, and the
value of the evidence in courts is increased. This technology offers a way for forensic analysis
that is scientific and unbiased, in addition to speeding up and strengthening the effectiveness of
investigations. It can use CNNs to resolve difficult situations, reveal underlying relationships,
and uphold justice. A better and more secure society will ultimately come from categorizing and
identifying shoeprints in the digital arena since it opens up new possibilities for international
collaborations. Forensic specialists can exchange and analyze data overseas thanks to these
changes. An innovative strategy that has the potential to considerably advance digital forensic
science and reinforce the foundations of justice and truth is the use of digital image analysis in

shoeprint identification.

2.2 Image Classification Using Machine Learning

Image classification is a common problem in image processing. It is a critical task in the field of
computer vision. The type of image, such as a person, animal, or setting, must be identified. Image
classification attempts to predict an input image's category based on features. Image classification
problems can be solved using a variety of techniques such as the k Nearest Neighbor (KNN),
Adaptive Boost (Ada Boost), Artificial Neural Network (ANN), and Support Vector Machine
(SVM) (Kim et al., 2017). First, the k-NN classifier, a non-parametric machine learning

technique, calculates the distance between the feature vectors of the input image (an image of an
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unknown class) and the training image dataset. The input image is then assigned to one of its k-
NN classes, where k is an integer (Lu & Weng, 2007). Adaptive Boost (AdaBoost) is an iterative
learning algorithm that uses a training dataset and a "weak" learning algorithm to create a "strong"
classifier (Viola & Jones, 2004). The "weak" classifier with the lowest classification error is
chosen at each iterative stage. The authors used AdaBoost to select a small number of critical
features from a large pool of candidate features. The AdaBoost algorithm was first proposed by
(Freund & Schapire, 1997), who also demonstrated its effectiveness in improving the
performance of poor classifiers. (Kim et al., 2012) proposed a new AdaBoost-based technique for
multi-class image classification that integrates the results of multiple weak classifiers to provide
high accuracy. Using AdaBoost and motion characteristics, (Viola et al., 2003) expanded the

Viola-Jones algorithm to detect pedestrians.

Acrtificial Neural Networks (ANN), a computational model modeled after the brain, have been
employed by numerous researchers. The composition and operation of the human brain inspire
ANN. An ANN is a network of connected nodes that process and send information. The layers of
an ANN are as follows: an input layer, one or more hidden layers, and an output layer (How &
Chan, 2020). After one or more hidden layers have processed data from the external environment,
the output layer produces the network’s final output. As it learns, the ANN modifies the weights
of the connections between neurons, narrowing the gap between the predicted and the actual
output. Training is the procedure that is typically carried out with a well-known training dataset.
By introducing nonlinearity into the model via the activation function, an ANN can learn more
complex patterns in data. In order to produce the neuron's output, the activation function applies
a non-linear function to the weighted sum of the neuron's inputs. ANNSs use various types of

activation functions. Some are depicted below:
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ReLU: The Rectified Linear Unit function applies a linear function if the input is positive; if the
input is negative, the output is zero. ReLU is a popular choice for deep learning models' hidden
layers.

SoftMax: The SoftMax function is used in the output layer of a neural network to solve multi-
class classification problems. It transforms neuron outputs into a probability distribution over
potential class.

Sigmoid: The sigmoid function is a smooth, S-shaped curve that compresses its input to the range
[0, 1]. It is frequently used in binary classification problems where the output should be a
probability.

Tanh: Similar to the sigmoid function, the hyperbolic tangent (tanh) function compresses the

input range to [-1, 1]. It can be used to solve classification and regression problems.

Based on their issues, other researchers have developed alternative ANN topologies. For example,
the network can be used to classify photos after training. Therefore, a neural network is an
effective classification technique. According to McCulloch and Pitts (1943), the artificial neuron
is a necessary neural network component that allows information to be transmitted from one end
to the other. A neural network is composed of artificial neurons linked by connections. Each
neuron in a neural network is connected by several weights: w1, w2, w3, w4, and so on. The input
values and the corresponding weight determine the activation of a neuron. However, it is essential
to note that the number of weights per neuron can vary in different neural network architectures.
The number of weights in each neuron depends on the connections between the neuron and the
previous layer or input data (Zhang et al., 2008). This means that the number of weights associated
with a neuron is generally determined by the number of connections it has rather than a fixed
value. The flexibility of neural networks allows for varying numbers of weights per neuron,
adapting to the complexity and requirements of the given problem. The summation function

computes the weighted sum and then passes it through an activation function. The function of
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activation mechanisms is to limit the magnitude of neuron output. When a neuron fires, the signal
travels from the beginning to the end of the neuron and uses the activation function to compute

the output values.

The following equation (1) represents the final classification of the input data, which is adopted

from (Agatonovic-Kustrin & Beresford, 2000)

-y = fEW * x) + b) (1)

In equation (1), y represents the neuron's output, f is the activation function, w is the weight
matrix, X is the input data (typically flattened from the feature maps), and b is the bias term.
Rosenblatt (1957) developed the perceptron concept based on the supervised learning approach.
As binary classifiers, perceptrons are used. A simple neuron classifies its input into one of two

categories (Rosenblatt, 1957).

The following equation (2) represents the two-class classification which is adopted from

(Dreiseitl & Ohno-Machado, 2002)

Y = +1wlx + b 2

Textural features in traditional machine learning provide structural and dimensional information
about the image and its intensity. The structural qualities of the image can be used to determine
the area and its shape. Meanwhile, not all retrieved traits are necessarily significant. The main
methods used for feature identification are Principal Component Analysis (PCA), Linear
Discriminant Analysis (LDA), and Multidimensional Scaling (MDS) (Malathi & Srividya, 2015;
Wang et al., 2019). Image classification methods include k-NN, SVM, Naive Bayes, Decision

trees, and random forests.

Support Vector Machine (SVM) is a well-known pattern recognition and image classification

method. It is intended to separate a set of training images into two classes, (x1, y1), (x2, y2),...,
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(xn, yn), where xi is in Rd, d-dimensional feature space and yi is in {-1,+1}, the class label, with
i=1.n (Chandra & Bedi, 2021). Based on a kernel function, SVM constructs the best-separating
hyperplanes. All images with the feature vector on one side of the hyperplane are classified as
class -1, while the others are classified as class +1. Vapnik and his colleagues developed the SVM
theory in the 1990s (Cortes & Vapnik, 1995). SVM was derived from the neural network concept,
or SVM is a mathematical extension of the neural network. SVM can distinguish between linear
and non-linear data (Jayadeva et al., 2007). SVM performs classification by transforming the
original training data into multidimensional space and constructing a higher-dimensional
hyperplane. SVM is a mathematical learning scheme based on optimal hyperplanes (Cortes &

Vapnik, 1995).

An SVM performs classification by generating a higher-dimensional hyperplane. This hyper-
plane is represented by the decision planes. A decision plane distinguishes one type of data from
another. Excellent non-linear mapping, for example, categorizes data in higher dimensional space
by generating a hyper-plane (Kang et al., 2018). SVM seeks vector points, the support vector,
that defines the decision border and creates a significant marginal separation between the classes
(Guyon et al., 2002). SVM distinguishes the classes with the most significant marginal distance
in the decision plane (Guyon et al., 2002; Kuo et al., 2014; Prajapati & Patle, 2010). The middle
line shows the maximum-margin hyperplane. In other words, a boundary line that is the most
significant distance from the nearest data point and separates the two classes would be chosen
(Krizhevsky et al., 2017). In two-class problems, Vapnik's theory establishes the decision
boundary or hyper-plane for classification. According to the literature, SVM has been used in
various applications (Sheykhmousa et al., 2020). For example, SVM has been used to remove
uncalibrated noise from hyperspectral data by (Chi et al., 2008) and (Tang et al., 2015). According

to research, Peng et al. (2015) produced comparable results but used semi-supervised ensemble
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projection. The same is valid for chemical pattern data, for which numerous feature extraction

methods have been investigated (Priya et al., 2012; Tao et al., 2009; Yang et al., 2011).

Knowledge-based classification is the use of expert information and rules or the generation of
rules from data seen, and it is gaining popularity. As a result, using multiple classifiers in tandem
has recently received much attention. Several researchers, for example, combine the neural
networks (NN) classifier (Deng et al., 2009), the SVM classifier (Chandra & Bedi, 2021), or the
AdaBoost classifier for image classification. This report's authors (Lu & Weng, 2007) attempted
to integrate various approaches to image categorization, such as Support Vector Machines (SVM)

and Artificial Neural Networks (ANN) (Abutaleb et al., 2021; Deng et al., 2018).

This task is problematic because it requires the model to understand the complex relationship
between an image's pixels and the category to which they belong. Image classification has
traditionally been approached using traditional machine learning techniques such as Support

Vector Machines (SVMSs) and Random Forests (Himeur et al., 2022; Priore et al., 2018).

The Random Forest algorithm, an ensemble learning method, has gained favor because of its
effectiveness in processing complex image data and producing reliable classification results.
According to Breiman (2001), the Random Forest algorithm is an ensemble learning method that
mixes numerous decision trees to make correct predictions. Its application in image classification
has demonstrated remarkable performance, making it a valuable tool in various domains, such as
medical imaging, object recognition, and remote sensing (Li et al., 2016; Zheng et al., 2018;
Wang et al., 2020).

The Random Forest algorithm creates an ensemble of decision trees, each trained on a random
subset of the training data and a random subset of input features (Breiman, 2001). This
combination of randomness in data sampling and feature selection helps mitigate overfitting and

enhances the algorithm's generalization capabilities. During the training phase, each decision tree
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independently learns to classify images based on different subsets of features, and the final
classification is determined by aggregating the predictions of all individual trees through voting

or averaging (Breiman, 2001; Liaw & Wiener, 2002).

The Random Forest algorithm offers several advantages in image classification tasks. Firstly, it
can effectively handle high-dimensional image data, such as texture, color, and shape features,
without requiring dimensionality reduction techniques (Li et al., 2016). Additionally, the
ensemble nature of Random Forest makes it less prone to overfitting compared to individual
decision trees, ensuring robust and reliable classification results (Breiman, 2001). Moreover,
Random Forest provides insights into feature importance, enabling researchers to identify key
image characteristics that contribute significantly to the classification task (Liaw & Wiener,
2002). Lastly, the algorithm is computationally efficient and capable of processing large datasets,
making it suitable for real-time and high-throughput image classification applications (Wang et

al., 2020).

KNNs, SVMs, and Random Forests have widely used machine learning algorithms. They
represent several machine learning approaches (instance-based, discriminative, and ensemble-
based). The algorithms also include a vast library and implementations in various computer
languages, making them an excellent starting point for many machine-learning projects.
However, these methods need to be improved in their ability to capture image nuances and are
frequently incapable of scaling to large datasets. The process begins with feature extraction,
extracting meaningful information from an image. This entails recognizing patterns, edges, lines,
and shapes in the image (Copiaco et al., 2023). Next, this data generates a feature vector
containing image information. The feature vector is then fed into a classifier, which classifies the
image into one of several categories. Traditional image classification methods such as support

vector machines (SVMs), k-nearest neighbors (KNNSs), and decision trees were used in the past.
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These methods have been successful, but their accuracy could be improved. As a result, deep

learning was used to improve image classification accuracy (Siddiqui et al., 2022).

2.3 Image Classification Using Deep Learning

(Krizhevsky et al., 2017) Presented deep convolutional neural networks (CNNs) for image
classification using millions of labeled images and demonstrated their efficacy on the ImageNet
dataset, obtaining a top-5 error rate of 15.3%. Similarly, (Simonyan & Zisserman, 2014) proposed
VGGNet, a deep convolutional neural network architecture with up to 19 layers that achieved
state-of-the-art performance on the ImageNet dataset with a top-5 error rate of 7.3%. Furthermore,
(He et al., 2015) introduced residual learning, a technique for training deep CNNs, and proposed
the ResNet architecture, demonstrating its effectiveness on the ImageNet dataset, achieving a top-
5 error rate of 3.6%, ultimately outperforming VGGNet on the ImageNet dataset. (Howard et al.,
2017), on the other hand, introduce the DenseNet architecture, which connects each layer to every
other layer in a feed-forward manner (Cheng et al., 2019). This architecture enables better
gradient flow and feature reuse, improving image classification performance and yielding state-

of-the-art accuracy on various image classification benchmarks.

Tan and Le (2019) proposed an EfficientNets, a family of CNNs, a non-local block that allows
CNN to capture long-range dependencies between pixels in an image. This technique achieved
cutting-edge performance on various image classification tasks, achieving cutting-edge accuracy
on the ImageNet dataset while significantly smaller and faster than previous models. Finally,
(Khan et al., 2022) review recent advances in using transformers, a neural network architecture
developed initially for natural language processing, image classification, and other vision tasks.
Vision Transformers are proposed by (Ranftl et al., 2021). This new architecture uses self-
attention mechanisms instead of the typical CNNs for image classification, achieving state-of-
the-art accuracy on the ImageNet dataset. According to the literature, the following factors are

critical to consider and play a significant role in the performance of a model.
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Number of Layers: The number of layers in a convolutional neural network significantly
impacts its performance. Deeper CNNs generally outperform shallower ones at the expense of
increased computation and training time.

Filter Size: The size of the filter determines the size of the CNN's (John, 2023) receptive field
and the amount of spatial information it can capture. Larger filters can capture more context while
increasing the parameters and computations needed.

Pooling: Pooling layers reduce the spatial dimensions of feature maps and extract more reliable
information. Although recent research has revealed that average pooling can occasionally result
in higher performance, max pooling is the most popular pooling operation in CNNs.

Max pooling: Reduces the spatial dimensions of the input by taking the maximum value within
a predefined window or filter (Yu et al., 2014). This operation helps to down-sample the feature
maps, retaining the most salient or essential features while discarding less relevant details. By
reducing the spatial dimensions, max pooling can make the model more robust to translation and
provide a form of spatial invariance.

Average Pooling: Reduces the spatial dimensions of the input but calculates the average value
within the pooling window (Yu et al., 2014). This operation preserves more spatial information
than max pooling and can help smooth out noise in the feature maps, providing a more general
representation of the input.

Normalization: A popular technique for normalizing the activations in CNNSs that can improve
training and generalization performance is batch normalization (Yu et al., 2014). Other
normalization methods, such as group and layer normalization, have also been proposed.

Batch normalization: A technique that addresses this problem by normalizing the activations of
intermediate layers (Yu et al., 2014). On mini-batches, it works by removing the batch mean and
dividing it by the batch standard deviation. This aids in the stabilization of the learning process
and accelerates convergence. Moreover, batch normalization is regularization and reduces the
dependence on specific initialization choices. Despite its effectiveness, batch normalization has

52



limitations. It requires the mini-batch size to be sufficiently large, and it may not work well for
small batch sizes or non-independent and identically distributed data.

Group normalization: An alternative to batch normalization that normalizes the inputs within
each group or subset of channels (Yu et al., 2014). Unlike batch normalization, group
normalization does not depend on batch size. It divides the channels into groups and normalizes
the inputs within each group separately. Group normalization has several advantages over batch
normalization. It is more robust to small batch sizes and non-independent and identically
distributed data. Moreover, it does not suffer from the internal covariate shift problem caused by
the variation of statistics across different channels. However, group normalization may only work
well for deep networks with a small number of groups.

Layer normalization: An effective method for coping with vanishing or exploding gradients in
recurrent neural networks (RNNs) (Yu et al., 2014). Layer normalization normalizes the inputs
within a layer by computing the mean and standard deviation across the features of each sample.
This technique benefits RNNs where the batch size may vary across time steps, providing a more
stable training process.

Skip Connections: Help to avoid the vanishing gradient problem by facilitating gradient flow.
Popular CNN architectures that use skip connections to improve performance are ResNet and
DenseNet.

Depth-wise Separable Convolution: Reduces the number of parameters in a CNN by
performing a depth-wise convolution followed by a point-wise convolution. It has been
successfully demonstrated to reduce overfitting and improve generalization abilities.
Pretraining: Pretraining a CNN on a large dataset can help it perform better on a smaller dataset
by providing better weight initialization. Transfer learning is a popular technique that involves

fine-tuning a previously trained CNN as a feature extractor on a new dataset.
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Textural features are closely associated with shoeprint classification and can be effectively
utilized with deep learning models (Afifi et al., 2020; Doborjeh et al., 2021). Shoeprints exhibit
distinct patterns and textures, providing valuable information for distinguishing different shoe
types or individuals. Deep learning models, such as Convolutional Neural Networks (CNNs),
have shown an extraordinary ability to learn complicated features from raw data (Afifi et al.,

2020).

These models can extract and analyze textures at different scales by incorporating textural
features into the deep learning framework, leading to more accurate classification results
(Doborjeh et al., 2021). This integration allows for a comprehensive analysis of shoeprints,
capturing intricate details and variations that might not be perceptible to the human eye. By
leveraging the strengths of textural features and deep learning, shoeprint classification systems
can achieve enhanced performance (Afifi et al., 2020; Doborjeh et al., 2021). Combining textural
features and deep learning offers a powerful approach for accurate and reliable shoeprint analysis

and identification.

Deep learning has transformed computer vision over the past few years, enabling effective and
precise solutions for problems like object detection, semantic segmentation, and image
categorization. For example, deep learning has been used (Varun, 2020) to achieve state-of-the-
art results in image classification, which involves assigning an input image to a predefined set of
categories (Khan et al., 2022). With the increasing popularity of deep learning, it has become
possible to use more sophisticated methods for image classification (Liu et al., 2021). Deep
learning is an artificial intelligence subset that uses enormous neural networks for pattern
recognition and machine learning. This thesis uses a pre-trained model to explore deep learning
for image classification and transfer learning. The process of image classification is complex and
involves a variety of techniques.
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2.3.1 A Fundamental Operation in Signal Processing and Deep Learning

Convolution is essential in many applications, including image and audio processing, computer
vision, natural language processing, and deep learning. In signal processing and deep learning,
the convolution operation plays a fundamental role, particularly in extracting valuable features

from input data (LeCun et al., 2015).

Mathematically, the convolution operation can be defined as applying a filter or kernel to an input
signal or image (LeCun et al., 2015). The result is a meaningful feature extracted from the input
signal.

The following equation (3) represents the convolutional operation defined by the symbol *,

which is adopted from (Goodfellow et al., 2016)

(x * () = Xlx(k) * h(n—k)] 3)

The above formula (3) implies that given an input signal or image, denoted as x, and a filter or
kernel, denoted as h, the convolution operation's result is represented by the symbol * and defined
as (x * h)(n). Here, (x * h)(n) denotes the value of the convolution operation at index n, k
represents the index variable over which the summation is performed, x(k) represents the value
of the input signal or image at index k, and h(n-k) represents the value of the filter or kernel at

index n-k (Goodfellow et al., 2016).

An example of a 1D convolution can be used to understand the concept of convolution better.
Suppose we have an input signal x =[1, 2, 3, 4, 5] and a filter h =[0.5, 0.7, 0.2]. The convolution
operation can be performed by sliding the filter over the input signal and computing the sum of
element-wise products at each position.
The following equations (4, 5, and 6) represent examples of the sum of element-wise products
at each position, which is adopted from (Goodfellow et al., 2016)

(x * h)(0) = (1 * 0.5) + (2 = 0.7) + (3 * 0.2) = 1.9 ()



(x * h)(1) 1+02)+@2=#*=05+@B3=*07)+ (4+02) =45 (5)

(x *h)(2) = (2% 02) + (3% 05) + (407 + (5*02) =62 (6)

Convolution is not limited to 1D signals but can be extended to higher-dimensional signals such
as images. The filter is convolved in multidimensional filters with the input signal along each

dimension.

Convolution is essential in deep learning and is used in convolutional neural networks (CNNs) to
extract features from input data. Numerous research has proved the efficiency of convolutional
neural networks in various tasks, such as image categorization, object detection, and speech

recognition. (Goodfellow et al., 2016).
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CHAPTER 3: Methodology

3.1 Dataset

Two datasets have been used for this research: FID - Footwear Impression Database/FID-300
(Kortylewski et al., 2015) and 2D Footwear Outsole Impressions (Soyoung & Alicia, 2020). The
dataset consisted of 1918 images. The images varied in size, and none were colored. The first
dataset included 1236 full-shoeprints and 194 half-shoeprints, while the second dataset included
488 partial-shoeprints. Furthermore, it was discovered that the datasets require more consistency.
Images of half-shoeprints can be found in the full-shoeprint database, and vice versa. The images
were incorrectly labeled, and the number of images was preserved by downloading the difference

from a Google search directed to a different site.

Furthermore, images in the full and half-shoeprints were discovered with patterns not visible to
the naked eye. It was possible to identify the images that did not follow their patterns by enlarging
them. These photos were replaced with more precise and consistent ones to reduce inconsistency

and errors in the final product.
3.2 Data Analysis

This experiment employs several image classification tools. Python's tensor-flow library was used
as a research tool in the CNN classification and CNN-TL. As a result, the new proposed CNN-
TL model was also created in Python. Furthermore, TensorFlow is the primary research tool in
the new model. Among these tools are numerous highly efficient Python libraries such as numpy,

opencv, matplot lib, and scikit, which can aid in the analysis of CNN and CNN-TL.
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3.3 Experimental Design

Multiple experiments have been designed to test the research hypotheses and classify the
shoeprints into two classes using different CNN-TL models (full and half-shoeprints). The
datasets will first be tested in various CNN-TL models with their respective pre-trained models.
The pre-trained model will then be fine-tuned and tested using the CNN-TL models that have
been developed. The hypothesis is that an integrated convolution neural network with a transfer
learning model can outperform a single convolutional neural network model in shoeprint

identification.

RQ1. To what extent do deep learning models, including CNN, lead to improving the accuracy

of shoeprint classification?

The study investigated the performance of deep learning models, including Convolutional Neural
Networks (CNN), in improving the accuracy of shoeprint classification. It utilized a publicly
available dataset of shoeprint images and implemented a CNN model to classify them into half-
shoeprint and full-shoeprint. The accuracy of the CNN model was evaluated, and it achieved an
accuracy of 96.17%. This demonstrated that deep learning models, specifically CNN, can
significantly enhance the accuracy of shoeprint classification compared to traditional machine

learning techniques.

RQ2. What are the advantages and disadvantages of using CNN than CNN-TL on shoeprint

identification, especially in terms of performance?

The study compared the advantages and disadvantages of using CNN versus CNN-TL (Transfer
Learning) for shoeprint identification, particularly in performance. CNN-TL refers to using pre-
trained models, such as Inception V3, VGG16, and ResNet50, which were fine-tuned for the
shoeprint classification task. It has been observed that while CNN achieved a high accuracy of

96.17%, the accuracy of the CNN-TL models surpassed it. Specifically, the Inception V3 model
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achieved an accuracy of 92.19%, VGG16 achieved 96.88%, and ResNet50 achieved the highest
accuracy of 97.14%. This comparison highlighted that CNN-TL models outperformed CNN in

accuracy, indicating the advantage of pre-trained models for shoeprint identification tasks.
RQ3. How can the CNN-TL performance be improved further with fine-tuning?

The study applied fine-tuning to address RQ3 and further enhance the performance of the CNN-
TL models. Fine-tuning involves adjusting the pre-trained models to improve performance by
training them on the specific shoeprint dataset. By fine-tuning the pre-trained models, the
accuracy of the CNN-TL models was significantly improved. The ResNet50 model achieved the
highest accuracy of 97.14% after fine-tuning. This demonstrated that fine-tuning the pre-trained

models can further enhance the performance of CNN-TL in shoeprint classification.

3.4 Development Testing and Validation of Neural Networks

In the methodology, the stage following data collection is the instrument development test and
instrument validation. In this paper, a convolutional neural network (CNN) and three different
CNN-TL models are designed. The two datasets are combined into one dataset during the test and
validation phase to evaluate different methods for studying the performance and characteristics
of each model. This experiment divides the data set into training and validation sets for

evaluation. The CNN model's performance will be compared to CNN-TL models.

3.5 Proposed Methods for Classification of Shoeprint Images
This thesis proposes a methodology that includes two main data modeling methods to classify
shoeprint images and address the research questions discussed in Chapter 1 (Introduction). The

first method is based on shoeprint modeling with CNN, while the second is based on integrating

CNN and transfer learning (CNN-TL). Figure 3 depicts a diagram illustrating the proposed
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methodology. The employed TL models are based on three pre-trained models, as detailed in the

methodology procedure below.

Phase 1: Input data: sampling and pre-processing of shoeprint images.
Phase 2: CNN shoeprint model.

Phase 3: CNN-TL model with pre-trained (Inception VV3) model.
Phase 4: CNN-TL model with pre-trained (VGG16) model.

Phase 5: CNN-TL model with pre-trained (ResNet50) model.
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Figure 3. lllustration of the proposed methodology based on different pre-trained models: Inception V3, ResNet50,
and VGG16.

Figure 3 depicts the shoeprint datasets under consideration, which have been pre-processed by
manually removing the noisy data.
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3.5.1 Shoeprint Pre-processing

The datasets used were discussed in detail in section 3.1 Dataset; specifically, it combines full
and half-shoeprints. As a result, manually labeling the shoeprints is necessary, albeit time-
consuming. Three different pre-trained models were used after the pre-processing steps. In the
following sections, the pre-trained models are explained one by one. The model's various stages
have been combined into a single diagram to depict the steps precisely. However, the diagrams
have been split later in the section to understand better and present all of its components module-
wise. While exploring the dataset, it was discovered that some full-shoeprint images were mixed
with half-shoeprint images. This would have resulted in a lower accuracy percentage because the
model would have classified the full-shoeprint as a half-shoeprint or vice versa, resulting in more
false positives. Aside from the interchanged image, no shoeprint patterns were found in noisy
images. Blurred images were removed from the dataset because they could skew the results by

acting as an outlier.

3.5.2 Shoeprint Classification using CNN

The first experiment was carried out by building a new model from the ground up using deep
learning libraries. The OS library was used to locate each image in the partial and complete
categories. Only the locations in the PIL library's "Image" function were used to import all the
images and place them in a single NumPy array. Images were reviewed as they were imported to
decrease training time. The images were scaled down to 150x150 pixels, and then the color
channels were transformed from BGRA to BGR using the Python OpenCV library. The data,
including full and half-shoeprints, were compiled into a single file. It was also labeled
"TensorFlow library." The data was then divided into 70:30 portions for training and testing by

the sci-kit-learn module. TensorFlow, an open-source toolset, simplifies the creation of deep
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learning networks. For modeling, it supports a wide range of neural network designs, including

CNN and dense networks. A sequential model served as the starting point.

The model was given an optimized conv2d layer with 128 filters and a size 3x3. The imported
image data, 150x150x3, corresponds to the input layer, and ReLU has been used as an activation
function. Batch normalization was used after each convolutional layer to make each layer of the
CNN network independent of the others. A 2D max-pooling with a 2x2 filter size layer was used
to extract only significant characteristics. A dropout layer with a 30% probability is included to
prevent the network from training an overfitted model. The same layers have been implemented
again, but the number of filters has been reduced to 32. Rather than TensorFlow defining the input
size and using the previous layer's output as the input for the next layer, the input size has been
specified. Following the layers is a flattened layer that prepares the extracted features for use in
a neural network. A neural network is composed of a 32-neuron layer and a 2-neuron output layer
(presenting two classes: full and half-shoeprints) triggered by SoftMax. As a loss function, Adam
was used as categorical cross-entropy and optimized the model with a learning rate of 0.001 and
an initial decay rate of 0.1. The model was then trained in a memory-restricted environment for

20 epochs with 16 batches, yielding a classification accuracy of 91.48%.

3.5.3 Shoeprint Classification using CNN-TL (Inception V3)

The Inception V3 model is the first to be used. Once the pre-trained model has been trained with
the model created, the accuracy value can be obtained through fine-tuning, which the performance
evaluation blocks will represent in the following illustrations. The outcome can then be saved.
Furthermore, a different pre-trained model VGG16 is investigated using the same dataset but with
different parameters (as discussed later). The pre-trained VGG16 model was then used to classify
the available dataset. The accuracy value can be obtained and saved again for future evaluation

and comparison. The model will be trained again using a different pre-trained model, ResNet50.
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The evaluation parameter value is saved here, and an accuracy value is obtained. As a result, the
accuracy metrics values for the various models are obtained and can be compared to the model's
performance. Then a decision can be made about which model is superior to the others.
Applying the three pre-trained models is an excellent example of transfer learning in action. A
model built for one task is utilized as the foundation for another using the machine learning (ML)
method known as transfer learning (TL). Transfer learning is gaining popularity in artificial
intelligence because it can reduce training times, improve model accuracy, and reduce the
likelihood of overfitting. For example, neural networks use one input node for each entry to
transform an input image or feature vector through several hidden layers, frequently utilizing non-
linear activation functions. Each neuron in the buried layer is wholly linked to every other neuron
in the layer below it. The final layer of a neural network, known as the "output layer" (Machine
Learning Glossary, 2023), displays the network's final output classifications and is fully
connected. However, as the image size grows, neural networks that operate solely on raw pixel
intensities:
e It needs to be scaled better.

e |t needs to be more accurate.

Compared to traditional image processing approaches like Support Vector Machine (SVM),
logistic regression, and similar ML algorithms, a CNN or neural network can occasionally
outperform humans. CNN is used to extract visual properties when a neural network is taught to
differentiate visual attributes rather than the overall pattern of an image. Python was used to create
a model that can distinguish between partial and complete shoeprints. Deep-learning libraries in
Python include Tensorflow, Keras, NumPy, OS, Scikit-Learn, and pandas. PIL and OpenCV were
used to perform image processing.

The disadvantage of using CNN is that it can only provide significantly high accuracy when fed

large amounts of data. Furthermore, gathering the data is a significant undertaking. Transfer
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learning on premade for feature extraction and tested deep learning networks with CNN were
used to address this issue. Discriminative layers are included in the premade networks. To make
the model more efficient, the models only used a feature extractor and defined specific dense
layers to classify different classes. The Inception V3 network model was used for transfer
learning. The Inception V3 deep-learning neural network was trained using the image-net dataset
(Deng et al., 2009). Its trained model is easily accessible. Inception was created in 2014 to
compete in the ImageNet Large Scale Visual Recognition Competition. It defeated last year's
winner ZFNet, by decreasing its error rate from 11.2% to 6.67%. Before 2014, the winner of
ILSVRC was less accurate than Inception, and the winner after 2014 was either deep and heavy
like ResNet50 or light, but their accuracy needed to be higher (GoogleNet). With only 23 million
features to calculate, accuracy and efficiency are balanced. Overfitting is a risk with profound
networks.

Furthermore, it is computationally expensive. Inception V2 and Inception V3 were introduced to
address this issue. Several enhancements were proposed that increased accuracy while decreasing
computational complexity. As illustrated in Figure 4 with Inception V2, several changes were
made to factorize more extensive convolutions into smaller ones. For example, two 3x3

convolutions replaced a 5x5 convolution.
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Module 1

‘ Convolution Layer ' Average Pooling Layer
‘ Concat Layer ' Previous Layer Output
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Figure 4. Factorization into a smaller convolution in Inception V2

The factorization of more extensive convolutions into smaller ones resulted in a 28% relative

gain. By incorporating spatial factorization into asymmetric convolution, they could reduce
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computing costs. For example, when a 3x3 convolution layer was transformed into a 3x1 and a

1x3 convolution layer, the computation cost was reduced by 33%.

Module 5

' Convolution Layer ' Average Pooling Layer ‘ Concat Layer ' Previous Layer Output

Figure 5. Factorization into an asymmetric convolution module 5 of Inception V3

An auxiliary classifier is used to combat the vanishing gradient problem. Furthermore, finally,
the grid size was reduced from x*x with y filter to x/2* x/2 with 2y filters. A comparison of the
factorization difference can be found in Figures 5 and 6. All the changes from V2 were
implemented in Inception V3 by changing the optimizer function to RMSprop. As shown in

Figure 6, it also factorized the 7x7 convolution layer.
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Figure 6. 7x7 Convolution layer factorized in Inception V3

In addition, Inception V3 introduced batch normalization in the auxiliary classifier and label

smoothing, preventing the network from becoming overly confident about the class. As a result,
68



it outperforms its predecessor in terms of accuracy and computational power. As illustrated in
Figure 7, Inception V3 serves as a well-balanced network for running on a computer without a
massive GPU; it can also run on some moderately powerful CPUs of a mobile computer. It is
effective enough to be used by a laptop without a GPU, as opposed to another network that
competed in the ILSVRC competition that can achieve this level of precision without sacrificing
efficiency for running on handheld mobile devices. With only 23 million parameters, it offered a
95% accuracy on the ImageNet dataset. It is more efficient than a typical CNN network due to its
more complicated and optimized architecture. It can learn and detect more patterns while
maintaining efficiency. However, Inception has to be trained on an extensive dataset for better

accuracy.

Inception V3

,,,15 Ne) "5':5 "5':5 s‘i} '513 315

Module 1 Module 2 Module 3 Module 4 Module 5
T R T R S S ——

Global Pooling Layer

Convolution Layer Average Pooling Layer Max Pooling Layer

Figure 7. The architecture of Inception V3
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Figure 8. The own-defined discriminative network architecture of the Inception V3 model used

With large datasets, transfer learning has been used to address issues of varying information
locations and sizes. However, because of the wide variation in information location, selecting the
appropriate kernel size for the convolution operation becomes difficult. A larger kernel is
preferred for globally distributed information, whereas a smaller kernel is preferred for locally
distributed information. Because experiments require a dataset with different parts and varying
information to train the model on variation in the location of the information, a transfer learning
technique is preferred for image classification. As a result, a significant amount of data is
required. To address this issue, a transfer learning technique is utilized in which the model is
trained to recognize varied locations and amounts of information on an extensive dataset that does
not have to be equivalent to the ILSVRC dataset and may be used to train the model against. The
model's weight can then be fine-tuned and trained on smaller datasets to improve accuracy. A
model pre-trained on a large dataset can produce better and more accurate results when defining
features than one trained on a small dataset. This is due to its ability to recognize information of

varying sizes and locations in an image. The pre-trained model weights are loaded and updated
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to the model dataset to increase accuracy while analyzing the dataset. A pre-trained model was

employed because it was trained and evaluated using the ILSVRC dataset.

Transfer learning employs a pre-trained model created on a massive dataset with varying sizes
and locations of the information to be identified. It was trained using ImageNet's million
photographs (1000 classes and 1000 images of each class). The Keras module in Python was used
to load the pre-trained model. The model needed to be tweaked to recognize the traits in the
dataset. On the ImageNet dataset, the pre-trained model was 95% accurate in classifying 1000
classes of generic things. A model that has been pre-trained on a large dataset is significantly
more accurate than one that has been trained on a small dataset in defining features. The pre-
trained model weights are loaded and adjusted to the small dataset to improve the model's
accuracy. The data pre-processing for the transfer learning strategy was similar to the first
experiment. The model required a few adjustments in Inception to make it more efficient; the
premade networks include Discriminative layers. The models only used a feature extractor and
defined dense layers to classify different classes in this experiment. By training only, the last 17
layers, the trainable parameters were set to around 38.5 million out of 47.5 million. The ImageNet

model's weights were also modified because they were trained on a large dataset.

A flatten layer was added to the model, which can feed the Inception V3 Feature extractor's
generated features to the Dense layer with 1024 neurons and ReLU activation. In addition, a 2-
neuron layer with a SoftMax function was defined for the output. As a result, when using Transfer
learning techniques during backpropagation, the model did not require a significant change in
weight values. Backpropagation is a method for modifying the weights of a neural network based
on the difference between expected and actual values. An RMSprop optimizer with a learning
rate of 0.00005 was used to minimize the eight corrections during backpropagation. The loss

function was categorical cross-entropy, and the model's accuracy levels could be used to assess
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it. The model was trained for 200 epochs with a batch size of 32 and a training: testing ratio of

80:20. The dataset used to test the model had an accuracy of 89%.

At this point, the model was tested by adjusting various parameters, such as the learning rate and
the number of nodes in the fully connected layer. However, it needed to exceed 90% accuracy.
Further examination of the dataset revealed that the problem involved some full-shoeprint images
mixed with half-shoeprint images. This error was confirmed through accuracy and previous test
results. The dataset needed to be cleaned before being re-run against the model. Its accuracy fell
from 91.43% to 89% as the transfer learning models' accuracy increased from 89% to 92%. After
evaluating the dataset and correcting it, the results gathered were of increased accuracy. A transfer
learning method is superior to training a new network from scratch with a small dataset. An
improvement of 3% accuracy was found. The increased accuracy was due to two factors: the
depth of the Inception V3 network is greater than that of a custom-made network. The second
reason was transfer learning with Inception V3, which eliminated the need for a large dataset
while also training the model. It made it recognize the variable size and location feature. Transfer
learning alleviates the dataset problem by allowing the model to be trained on similar data and

used for different use cases with improved accuracy.

Table I1. Kernel and input size in each layer of Inception V3

Type Kernal Size Stride Input
Convolutional 3x3 2 150x150x3
Convolutional 3x3 1 74X74x32
Convolutional 3x3 1 72X72Xx32
Max Pooling 3x3 2 72X72x64
Convolutional 3x3 1 35x35x64
Convolutional 3x3 2 35x35x80
Max Pooling 3x3 1 33x33x192
Inception 1 (Module 1) x3 + Module

2 - 16x16x192
Inception 2 (Module 1) x3 + Module

2 - 16x16x288
Inception 3 (Module 1) x3 + Module

2 - TXTX768
Flatten 1x1 - 37632
Fully Connected 1x1x1024 - 1x1x37632
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SoftMax 1x1x2 - 1x1x1024
Total Params (approx.) 74,235,000
Trainable Params (approx.) 53,483,000
Non-Trainable Params (approx.) 20,752,000

Table I11. Kernel and input size in each layer of the custom-made network

Type Kernal Size Stride Input
Convolutional 3x3 2 150x150%3
Max Pooling 2x2 2 148x148x128
Dropout - - 14x14x128
Convolutional 3x3 2 74X74x128
Max Pooling 2x2 2 72X72x64
Dropout - - 36x36x64
Flatten - - 82944

Fully Connected  1x1x32 - 1x1x82944
SoftMax 1x1x2 - 1x1x32

Table IV. Description of the table with different parameters and corresponding model name

Filte # Of
Lay # of Stri  Paddi Input Output Paramete
Type )
er Filters Sj de ng Shape Shape rs
1ze
(approx.)
1 E;I”VO'““O 64 33 1 1 224x224%3 224"224"6 2000
5 E;Involutlo 64 33 1 1 £2124x224x6 224x224x6 37,000
3 Max_ i o2 2 0 224x224x6 112x112x6 0
Pooling 4 4
4 Convolutio 128 33 1 1 112x112x6 112x112x1 74000
nal 4 28
5 Convolutio 128 33 1 1 112x112x1 112x112x1 148,000
nal 28 28
6 Max ; %2 2 0 112x112x1 - g o6x128 0
Pooling 28
7 anln"o'“t'o 256 3x3 1 1 56X56x128 56X56Xx256 295,000
8 ﬁaolm’o'”t'o 256 3x3 1 1 56X56x256 56X56X256 590,000
9 ﬁ;“"o'”t'o 256 3x3 1 1 56X56x256 56X56X256 590,000
Max
10 . %2 2 0 56X56x256 28x28x256 0
Pooling
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11

12

13

14

15

16

17

18

19

20

21

Convolutio
nal
Convolutio
nal

Convolutio
nal

Max
Pooling

Convolutio
nal

Convolutio
nal
Convolutio
nal

Max
Pooling
Fully
Connected
Fully
Connected

Fully
Connected

512

512

512

512

512

512

4096

4096

1000

3x3

3x3

3x3

2X2

3x3

3x3

3x3

2X2

28x28x256

28x28x512

28x28x512

28x28x512

14x14x512

14x14x512

14x14x512

14x14x512

25088

4096

4096

28x28x512

28x28x512

28x28x512

14x14x512

14x14x512

14x14x512

14x14x512

TX7x512

4096

4096

1000

1,180,000
2,360,000
2,360,000
0

2,360,000

2,360,000

2,360,000

0

102,765,0
00
16,781,00
0

4,097,000
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3.5.4 Shoeprint Classification using CNN-TL (VGG16)

VGG16
i ‘b‘l?’l 1'13'| 313| 313| i i ‘b‘*:bl 31?’I 1:0:"| gi?-’l
Ie"? le“? I‘?{? l@ I‘?Jia |4.'Q |34-3 |3.r3

’ Convolution Layer ' Max Pooling Layer

Figure 9. Architecture for the proposed model using VGG16 as a pre-trained model

The University of Oxford's Visual Geometry Group (Muraki et al., 2022) created the VGG16
convolutional neural network architecture. Karen Simonyan and Andrew Zisserman published
their first paper in 2014, "Very Deep Convolutional Networks for Large-Scale Picture
Recognition.”" As visualized in Figure 9, the VGG16 architecture comprises 16 layers, three fully
linked levels, and 13 convolutional layers. It is distinguished using small, 3x3 convolutional
filters stacked in convolutional layers to extract increasingly complex features from the input
data. The architecture also includes max-pooling layers, which are used to downsample the data
and reduce the dimensionality of the feature maps, and ReL.U activation layers, which are used
to introduce nonlinearity into the network by applying the ReLU (Rectified Linear Unit) function
elementwise to the output of the convolutional layers. Intense convolutional layers, some of
which contain up to 512 filters, are a crucial feature of the VGG16 architecture. As a result, the

network can learn various features from the input data, making it a popular choice for image
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classification and object detection tasks. VGG16 has 138 million parameters, which is relatively

large compared to other deep neural network architectures. However, this large number of

parameters enables VGG16 to learn a rich representation of the input data and achieve high

accuracy on various tasks.

Table V. Lists the parameters of the VGG16 network

Filte # of
Number of r Output Parameters
Layer Type Filters Size  Stride Padding Shape (approx.)
1 Convolutional 64 3x3 1 1 224x224x64 2,000
2 Convolutional 64 3x3 1 1 224x224x64 37,000
3 Max Pooling - 2x2 2 0 112x112x64 0
112x112x12
4 Convolutional 128 3x3 1 1 8 74,000
112x112x12

5 Convolutional 128 3x3 1 1 8 148,000
6 Max Pooling - 2x2 2 0 56x56x128 0
7 Convolutional 256 3x3 1 1 56x56x256 295,000
8 Convolutional 256 3x3 1 1 56x56x256 590,000
9 Convolutional 256 3x3 1 1 56x56x256 590,000
10 Max Pooling - 2x2 2 0 28x28x256 0
11 Convolutional 512 3x3 1 1 28x28x512 1,180,000
12 Convolutional 512 3x3 1 1 28x28x512 2,360,000
13 Convolutional 512 3x3 1 1 28x28x512 2,360,000
14 Max Pooling - 2x2 2 0 14x14x512 -
15 Convolutional 512 3x3 1 1 14x14x512 2,360,000
16 Convolutional 512 3x3 1 1 14x14x512 2,360,000
17 Convolutional 512 3x3 1 1 14x14x512 2,360,000
18 Max Pooling - 2x2 2 0 7X7x512 -

Total params

(approx..) 73,293,000

Trainable

params

(approx..) 57,181,000

Non-trainable

params

(approx..)

16,113,000
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In general, the VGG16 design is known for its simplicity and efficiency. As a result, it is
frequently used as a benchmark for evaluating how well different CNN architectures perform on
image recognition tasks. The first convolutional layer's input shape is (224x224x3), representing
the image size and the number of color channels (3 for RGB). Table V shows the number of

parameters calculated for each layer.

3.5.5 Shoeprint Classification using CNN-TL (ResNet50)

Residual Networks (ResNets), a deep neural network design type, have recently received much
attention because they can train profound networks without encountering the vanishing gradient
problem. ResNet50 is one of the most popular ResNet architectures, and it consists of several

residual blocks, as shown in Figure 10, each with many convolutional layers and a residual link.

Residual Layer

Figure 10. lllustration for residual layer

ResNets rely heavily on residual connections, which are critical to their success. The residual
connection allows the network to learn a more straightforward mapping by adding the residual of
previous layers' activations to the activations of later layers. In other words, rather than learning
the entire mapping from input to output, the network only needs to learn the difference between

the input and the desired output, which is much simpler.

The following equation (7) represents the residual connection implemented by adding

activations from the previous layers, which is adopted from (Shuzhanfan, n.d.)
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y =H) +x (7)

Where x represents the input, H(x) represents the residual function, and y represents the output.
H(x) is implemented as a series of convolutional layers and non-linear activation functions, such
as rectified linear units (ReLU). The residual connection allows information to pass through one
or more layers, making it easier for the network to learn identity mapping, which is critical for

deep learning training.

ResNet 50

A

INPUT

END

Convolution r P J
Laye Max Pooling Layer Residual Layer

Figure 11. Architecture for the proposed model using ResNet50 as a pre-trained model

As shown in Figure 11, the ResNet50 architecture comprises several residual blocks, each
containing convolutional layers and a residual connection. 3x3 filters are used in the
convolutional layers, followed by batch normalization and ReLU activation functions. In
addition, several pooling layers are used to reduce the spatial dimensions of the feature
representation, and several fully connected layers are used to generate the final prediction.

ResNet50 has approximately 25 million parameters, which is relatively modest compared to other
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deep neural network architectures. ResNet50 is thus computationally efficient and critical for

real-time applications. The architecture for the pre-trained model ResNet50 is depicted in Table

VI.

Table VI. Representation of the ResNet50 architecture, including the layer type, number of filters, filter size, stride,
padding, input shape, output shape, and number of parameters for each layer.

# of
Number Filter Output Parameters

Layer Type of Filters  Size  Stride Padding Shape (approx.)
1 Convolutional 64 X7 2 Same 112x112x64 4,000
2 Max Pooling - 3x3 2 Same 56x56x64 0
3 Convolutional 256 3x3 1 Same 56x56x256 195,000
4 Convolutional 256 33 1 Same 56x56X256 466,000
5 Convolutional 256 33 1 Same 56x56x256 466,000
6 Max Pooling - 3x3 2 Same 28x28x256 -
7 Convolutional 512 3x3 1 Same 28x28x512 931,000
8 Convolutional 512 33 1 Same 28x28x512 2,360,000
9 Convolutional 512 33 1 Same 28x28x512 2,360,000
10 Max Pooling - 3x3 2 Same 14x14x512 0
11 Convolutional 1024 33 1 Same 14x14x512 18,620,000
12 Convolutional 1024 33 1 Same 14x14x1024 36,863,000
13 Convolutional 1024 33 1 Same 14x14x1024 36,863,000

Average
14 Pooling - 7 1 Valid 1x1x1024 0

Total Params

(approx.) 76,020,000

Trainable

Params

(approx.) 52,432,000

Non-trainable

Params

(approx.) 23,588,000

And so on, until the final fully connected layers produce the predictions, repeating the convolution

pattern and max pooling layers. The number of filters, size, and shape of the input determines the

number of parameters in each layer. The first convolutional layer's input shape is (224x224x3),

representing the image size and the number of color channels (3 for RGB). Each layer's number
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of parameters is computed. Figure 12 can supplement the discussion below to comprehend how

-

fine-tuning works and the challenges involved.

3se| 80Jn0g

Pre-trained parameters being
transferred to new task

Training
example

Which
layer to
freeze

fine-tune  fine-tune  fine-tune fine-tune fine-tune fine-tune fine-tune

yse| jobie]

A

Training
example
freeze  freeze freeze  freeze freeze freeze freeze

Figure 12. lllustration of how fine-tuning works and is considered crucial in improving the accuracy of TL

g

Deep Transfer Learning (DTL) transfers data from a previously trained source task model to a
new target job model. It works well in situations where more training data is required. One of the
most popular DTL approaches is fine-tuning, which involves slightly adjusting the parameters of
the pre-trained model to ensure successful knowledge transfer. Recent research suggests that DTL
outperforms random feature selection, even when the source and target tasks differ. DTL has been
used in various real-world applications, including medical imaging, biological sequence analysis,
transportation, recommender systems, communication, and recognition tasks such as hand
gestures and face recognition. Fine-tuning strategies entail modifying the pre-trained parameters

or the final few layers.

Furthermore, fine-tuning is advantageous when there is limited data for training because it
necessitates a small dataset. Rahali and Akhloufi (2023) investigated the behavior of fine-tuning
a portion of the network when the amount of data in the target domain is negligible. They

improved their model's decoder and tested it on the target dataset.
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According to Figure 12, an essential task in a model is determining which layers to freeze and
which not to freeze. One of the most challenging aspects of fine-tuning a pre-trained model is
determining which layer to adjust. To solve this, regularization terms were introduced to the loss
function to ensure that the parameters of the fine-tuned model are similar to those of the original
pre-trained model. The adaptive filter (AdaFilter) approach is an adaptive fine-tuning technique
that chooses only certain convolutional filters in the pre-trained model and optimizes them based
on per-example criteria. This approach considers the similarity between the source and target
tasks when deciding which filters to fine-tune. VGGNet, GoogleNet (Inception), and ResNet are
popular pre-trained models frequently used as baselines for DTL. For example, land use
classification in building and construction has been done with VGGNet, GoogLeNet, and ResNet
using street-view images and CNN models using aerial view images. To that end, fine-tuning can

improve accuracy to a greater extent.

3.6 Limitations of the Study

Due to dataset availability constraints, the models cannot be more robust and must discard some
shoeprints. In addition, the dataset only includes shoeprints with a flat outer sole. As a result,
shoes with uneven outer soles may need to be more predictable. Another limitation is that the
images are greyscaled; thus, new images must be pre-processed before they can be utilized in the
model. In addition, the CNN-TL models were pre-trained on the ILSVRC dataset, which lacked

shoeprint data and was small in size.
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CHAPTER 4: Experimental Results and Discussion

This section presents the experimental results, accuracy values, the confusion matrix, and the
models' supporting Python code. Furthermore, the implementations and details extensively
discussed in Chapter 3 (Methodology) have been revised here for clarity and reference. Finally,
Appendix 1 contains selected portions of the programming codes. To distinguish between half
and full-shoeprints, two different models were tested. In the first experiment, a custom-made deep
learning model was used to define its parameters. This was the only dataset used to train the
model. Various metrics have been calculated using the confusion matrix in Figure 17 using
Equations 8, 9, 10, and 11. In addition, Tables VII, VIII, IX, and X show the results of running

the models.

Precision is also known as positive predictive value (Igbal et al., 2018). Precision and recall trade

false positives (FP) and false negatives (FN).

The following equation (8) represents the precision or the percentage of correctly predicted

labels, which is adopted from (Sadman, 2020)

Precision =TP /(TP + FP) (8)

A high recall score indicates that the model can recognize positive instances (Siddiqui et al.,
2023). This is distinct from precision, which measures how many of the total number of optimistic

predictions generated by the models are positive. The recall is also known as sensitivity.

The following equation (9) represents the model's accuracy in predicting positives instead of

actual positives or the true positive (TP) rate, which is adopted from (Sadman, 2020)

Recall = TP /(TP +FN) 9)
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As an alternative to accuracy measurements, the F1-score is a machine learning model
performance metric that equally weights precision and recall when analyzing the model's

accuracy (Siddiqui et al., 2023).

The following equation (10) represents the model score as a function of recall and accuracy,

which is adopted from (Sadman, 2020)

F1 Score = (2 X Precision X Recall)/(Precision + Recall) (10)

Accuracy—one of the most widely used performance metrics for machine learning classification
models, model accuracy is mathematically defined as the ratio of and to all positive and negative

observations.

The following equation (11) represents how often our machine learning model correctly

predicted a result from all its predictions, which is adopted from (Sadman, 2020)

Accuracy = (TP +TN)/(TP + TN + FP + FN) x 100 (11)

During the initial convolutional neural network model run, it was discovered that the
accuracy and performance could have been better. Following a thorough investigation
(reviewing the model parameters and viewing the dataset images), cleaning the dataset
could aid in resolving the problem. Figure 13 depicts the training and validation loss of the
convolutional neural networks model after cleaning the data. The accuracy dropped from
91.43% to 89% after running the model on a second time cleaned dataset. However, there
was a higher accuracy in classifying full-shoeprint images from the half-shoeprint category.
A pre-trained model was chosen and tested on the ILSVRC dataset in the second experiment.
The ILSVRC dataset has 1000 classes. Again, the model was fine-tuned, and the accuracy

increased to 93%, exceeding the previous accuracy of 89%.
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Figure 13. Training & Validation Loss after cleaning data of CNN model
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Figure 14. Accuracy after cleaning data of CNN model

Figure 13 shows that the highest validation loss in 20 epochs occurred at epoch 9 with a loss of
2.5, while the lowest validation loss occurred at the start of the graph at epoch 1 with a loss of
nearly 0.7. Similarly, Figure 14 depicts the training and validation accuracy after the dataset was

cleaned and applied to the convolutional neural networks model. At epoch 10, the model achieves
84



the highest validation accuracy of 0.93%. Figures 13 and 14 have fewer spikes than Figures 15

and 16 and thus appear to have a smoother graph.
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Figure 15. Training & Validation Accuracy graph after cleaning data of Inception V3 Model
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Figure 16. Training & Validation Loss Graph after cleaning data of Inception V3 Model
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Compared to Figures 13 and 14, the graphs produced by running the CNN-TL pre-trained
Inception V3 model has higher spikes and a closer frequency. Figures 15 and 16 show a brief
period during which the model's loss and accuracy stabilize. This graph line is smoother than the
previous graph lines. Figures 15 and 16 show a few unexpected spikes, indicating the possibility

that there are still a few images of half-shoeprint in full-shoeprint in the training dataset.

Figure 17 of the confusion matrix shows that the proposed CNN-TL-based Inception V3 model
correctly detected 231 full shoeprints out of 241 shoeprints from the validation data. Furthermore,
based on half-shoeprint validation data, it correctly predicted 18 out of 125 half-shoeprints.
Equations 8, 9, 10, and 11 were applied to the values in Figure 17 to compute the precision, recall
(sensitivity), accuracy, and F1 score. Precision = 0.96%, recall = 0.93%, accuracy = 0.93%, and
F1 score = 0.94% for the Inception V3 model. This data can be cleaned and increased in volume

to improve the results.
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Figure 17. Confusion matrix summarizing TP, FP, FN, and TN values for Inception V3 Model
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While a custom model (CNN) may perform better on a much larger dataset, the transfer learning
approach with the fine-tuned model, as discussed earlier in the thesis, is preferred for a much
smaller dataset. With 200 epochs, a batch size of 32, and an 80:20 training test split, an accuracy
of 89% was obtained with the dataset under consideration by adjusting model parameters such as
the learning rate and the number of nodes in the fully connected layer. To be considered, the
model would need to achieve a minimum of 90% accuracy, which it did not achieve at this point—
from exploring the dataset and identifying errors in the shoeprint image classes to
cleaning/evaluating the dataset a second time. However, after running the transfer learning
models, it was discovered that their accuracy increased from 89% to 92%. Table XI shows a
comparison of the results with current state-of-the-art methods. Once again, transfer learning

outperformed other currently used methods.

Table VII. Accuracy of CNN model for classification of shoeprint images into class 1(half-shoeprint) and class 2 (full-
shoeprint)

Runtime  Runtime  Runtime

#1 #2 #3
Accuracy 0.9409 0.9617 0.9652
Sensitivity  0.9284 0.9602 0.9653
Specificity 0.9674 0.9646 0.965

Table VIII. Accuracy of CNN-TL model (Inception V3) for classification of shoeprint images into class 1(half-
shoeprint) and class 2 (full-shoeprint)

Runtime  Runtime  Runtime

#1 #2 #3
Accuracy 0.9167 0.9219 0.9036
Sensitivity  0.9265 0.9414 0.908
Specificity  0.8993 0.8897 0.8955

Table IX. Accuracy of CNN-TL Model (VGG16) for classification of shoeprint images into class 1(half-shoeprint) and
class 2 (full-shoeprint)

Runtime Runtime

Runtime #1 # #3
Accuracy  0.9583 0.9688 0.9557
Sensitivity  0.9707 0.9914 0.9746
Specificity 0.9379 0.9338 0.9257
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Table X. Accuracy of CNN-TL Model (ResNet50) for classification of shoeprint images into class 1(half-shoeprint) and
class 2 (full-shoeprint)

Runtime Runtime Runtime

#1 #2 #3
Accuracy 0.9714 0.9661 0.9714
Sensitivity  0.9873 0.979 0.9832
Specificity 0.9459 0.9452 0.9512

Tables VII, VIII, IX, and X. (Inception V3, VGG16, and ResNet50) show the results obtained
using the CNN model and various TL models. According to the tables, the pre-trained Inception
V3 model had the lowest accuracy of 0.8955% (runtime 3) compared to the performance of
VGG16 and ResNet50. These findings are also mentioned and discussed in Table X1, which
includes a comprehensive comparison that clearly shows that the proposed model outperformed
other existing approaches, such as SVM (95% accuracy) and ANN (90% accuracy), as described
in (Li, 2019). Furthermore, transfer learning with ResNet50 as a pre-trained model produced the

most accurate model in this thesis, with an accuracy of 97.14%. (runtime one and runtime 3).

Table XI. Comparison of the Proposed Approach and State-of-the-Art Techniques

Reference Model Accuracy

Li, C. (2019). Shoe Print Identification from
Images with Convolutional Neural Network.

SVM 95%
[Li, C. (2019). ] ANN 90%

CNN 96.17%.

Inception V3 92.19%
Proposed Approach VGG16 96.88%

ResNet50 97.14%

Initially, this work aims to investigate two primary research questions: How to accurately classify
shoeprints from available datasets? Furthermore, how well could transfer learning improve the

accuracy of classifying digital shoeprint images? Some have used CNN, as discussed earlier in
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this thesis (Chapter 2 Literature Review), which focuses on different approaches. However, one
of the most significant issues the researchers have dealt with is the dataset's unavailability. For

the related problem, only a small amount of data is available.

In addition, generating or creating sufficient samples in a dataset is critical for a successful deep-
learning algorithm. However, even creating a dataset and its data takes time and money, which
many researchers and academicians can only afford occasionally. Furthermore, generating a new
dataset can raise additional issues that must be addressed, such as whether this particular data is
well suited for different and adverse types of problems or whether they are an excellent fit to

resolve 'underfitting' and 'overfitting' issues.
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CHAPTER 5: Conclusion

Shoeprints are the most commonly left clues at a crime scene, which significantly aids in the
investigation. As a result, automatic shoeprint identification has been extensively researched as a
cutting-edge research topic in forensic science. In addition, machine learning, and more recently,
deep learning, has piqued the interest of investigators in many criminal cases, particularly forensic
science, by utilizing digital images of shoeprints and identifying criminals with it—the current
work attempts to investigate cutting-edge deep learning mechanisms for the scenario mentioned

above.

The integration of Artificial Intelligence (Al) in forensic science has emerged as a compelling
motivation due to its potential to revolutionize investigative processes and enhance the accuracy
and efficiency of forensic analyses (Costantini et al., 2019). Machine learning and computer
vision are two examples of Al technologies that can automatically analyze massive amounts of
forensic data, such as fingerprints, DNA profiles, shoeprints, and surveillance footage, allowing
for rapid and accurate identification of suspects and crime scene reconstruction. By leveraging
Al algorithms, forensic scientists can uncover correlations in evidence, assist in interpreting
ambiguous or incomplete data, and support decision-making in criminal investigations
(Costantini et al., 2019). The utilization of Al in forensic science holds immense promise for
improving forensic analyses' speed, reliability, and objectivity, ultimately aiding law enforcement
agencies, legal professionals, and justice systems in ensuring a fair and robust criminal justice

process.

In Chapter 1 (Introduction), the background and foundation of shoeprint images, aspects of
classification and retrieval of these images, and existing approaches are discussed in brief. The
contents of the thesis are summarized, and the contributions are highlighted. The second chapter

(Literature Review) details deep learning and traditional machine learning approaches for image
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classification problems. The chapter reveals that the literature needs to investigate classification
problems thoroughly. The researchers are more concerned with the retrieval of a shoeprint. The
chapter also discusses the specifics of these two types of problems. The basic formula, its
application in the literature, and the gap in the literature have all been thoroughly discussed in

this chapter.

Chapter 3 (Methodology) used and illustrated the standard benchmark for shoeprint images. The
steps for pre-processing and feature extraction are well illustrated. Finally, chapter 3 covers all of
the methodology's explanations and illustrations. Previously trained models such as Inception V3,
VGG16, and ResNet50 were used. Furthermore, the standard FID-300 and 2D Footwear Outsole
Impressions datasets were used. The dataset includes images of half-shoeprints and full-
shoeprints. Classifying these two classes is critical in many real-life scenarios, such as forensic
investigations and criminal identification at crime scenes. Chapter 4 (Experimental Results and
Discussions) presents the results obtained with the different models. The primary challenge in
this problem was to improve accuracy. However, the available dataset is designed in such a way

that it contains both half and full-shoeprints, making classification difficult.

The CNN model achieves an accuracy of 96.17%, after which TL was considered. The Inception
V3 model, on the other hand, does not deliver higher accuracy and is less than 93% accurate.
Regarding accuracy, the VGG 16 pre-trained model exceeds CNN by 96.88%. Furthermore,
ResNet50 gives the most remarkable and accurate findings, with 97.14% accuracy. These
findings outperform previously reported literature values. On the same dataset, Li et al. (2022)
discovered that accuracy with ANN and SVM models was approximately 90% and 95%,
respectively. On the one hand, the proposed methodology allows forensic experts to use deep
learning to uncover the individuals behind crimes. However, it also exposes researchers to how

TL can be used to classify shoeprints for better classification with improved accuracy.
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RQ1 aimed to improve the classification accuracy for a publicly available dataset using CNN
performance. Because traditional ML technigues have yet to be proven to achieve state-of-the-art
performance, the models investigated the deep learning CNN method. As previously stated, the
classification experiment outperformed ANN and SVM in accuracy (97.14%). RQ2 was
addressed by investigating various transfer learning mechanisms for classifying shoeprint images.
Using the proposed TL mechanism, these images can be classified efficiently and accurately on
mobile devices since the authors (Hassan et al., 2021) used deep learning methods previously,
but with a very low accuracy achieved of around 65%. However, different TL models yielded
different accuracies in this thesis. Inception V3, for example, achieved around 92% accuracy.
With some fine-tuning and different combinations, as discussed in Chapter 4, the results obtained
even better results when using VGG16, and it has a higher accuracy value than CNN. Even though

the accuracy rate is low, an improved result is encouraging.

A third pre-trained model, ResNet50, was used to improve the model even further. The results
show that the ResNet50 architecture is well suited for the shoeprint dataset, outperforming all
state-of-the-art approaches with more than 97% accuracy. However, the primary reason for the
improvement differs from this thesis's topic. Nonetheless, there is an opportunity to investigate
differences in performance for future directions. Furthermore, it should be studied whether other

applications areas where these types of datasets can affect and affect the research community.

5.1 Limitations of Thesis

While the motivation for using Al in forensic science, specifically in the area of shoeprint
classifications, is compelling, it is essential to acknowledge and address the limitations of this
work. One significant limitation is the potential dependence on limited and biased datasets for
training the classification algorithms. Suppose the dataset used for training primarily consists of
shoeprints from specific populations, demographics, or regions. In that case, it may introduce

biases and constraints in the algorithm's ability to accurately classify shoeprints from different
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sources. This could compromise the generalizability and reliability of the classification model,
limiting its practical applicability in real forensic scenarios that involve shoeprints from diverse
sources. Therefore, future research must focus on gathering more extensive and representative
datasets encompassing a wide range of shoeprints, ensuring the algorithm's effectiveness and

fairness across various populations and regions.

The shoeprint datasets used for transfer learning classification are frequently limited regarding
the number of shoe types and the range of shoeprint variations. For example, half-shoeprint and
full-shoeprint images could be better paced in a single dataset. Future research could focus on
creating more significant and diverse datasets to improve the accuracy of the classification
models. Another issue worthy of consideration is the exploration of other existing transfer
learning techniques. While we have used a few transfer learning models in this thesis, other
models would be interesting to investigate and observe their performance. Future research could
look into the efficacy of transfer learning techniques like fine-tuning, feature extraction, and

domain adaption.

Furthermore, investigating the efficacy of multi-modal data integration may be a potential issue.
Since transfer learning typically relies on image data, shoeprint classification can be improved by
incorporating other modalities, such as depth data or 3D imaging. Therefore, it would be
worthwhile to investigate integrating multi-modal data to improve classification accuracy.
Furthermore, given the success of attention mechanisms in many computer vision problems, such
as image classification and retrieval, using attention mechanisms for shoeprint image
classification would be critical. Therefore, the researchers will take up further investigation on its

performance for shoeprint classification soon.

Transfer learning algorithms for shoeprint categorization can be complex, and understanding how
they create predictions can be difficult. An approach to explainable artificial intelligence (Al)
approach can aid in developing explainable Al techniques to aid in interpreting the models'
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decision-making process and to expand the application of shoeprint image classification in
forensic research. Soon, applications such as tire impressions or tool mark analysis could be
investigated. Additionally, ensuring the transparency and interpretability of the Al models used
for shoeprint classification is paramount, as black-box algorithms may face challenges in
presenting the evidence in court and justifying the outcomes, requiring further exploration and
refinement in terms of explain ability and accountability. Addressing these limitations will be
critical to advancing the field of shoeprint classifications and facilitating their reliable application

in forensic investigations at a broader scale.
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Appendix

Appendix 1: Programming Code for Models
The following is the code using Python for implementing all the models used, including CNN,
and CNN-TL. These are referenced in the paragraph where appropriate citations are required.

Different sections of the programming codes are tabulated.

# import visualkeras

# from collections import defaultdict

# color_map = defaultdict(dict)

# color_map[Conv2D]['fill"] = 'orange’

# color_map[Dropout]['fill'] = 'pink’

from PIL import Image

import numpy as np

import pandas as pd

The above code initiates the import of necessary python libraries.
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root = "./sorted_shoeprints/"

full_shoe =]

# r=root, d=directories, f = files

for r, d, f in os.walk(root + "Full shoe prints"):

for file in f;

full_shoe.append(file)

full_shoe.sort(key=lambda f: int(".join(filter(str.isdigit, f))))

partial_shoe =[]

# r=root, d=directories, f = files

forr, d, fin os.walk(root + "Partial shoe prints™):

for file in f:

partial_shoe.append(file)

partial_shoe.sort(key=lambda f: int(".join(filter(str.isdigit, f))))
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root = "./sorted_shoeprints/"

full_shoe =]

# r=root, d=directories, f = files

for r, d, f in os.walk(root + "Full shoe prints"):

for file in f;

full_shoe.append(file)

full_shoe.sort(key=lambda f: int(".join(filter(str.isdigit, f))))

partial_shoe =[]

# r=root, d=directories, f = files

for image in full_shoe[:]:

img = Image.open(root + 'Full shoe prints/' + image)

img.load()

P R Y £ TP §
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for image in partial_shoe[:]:

# print(image)

img = Image.open(root + 'Partial shoe prints/* + image)

img.load()

data = np.asarray(img)

data = cv2.cvtColor(data, cv2.COLOR_BGRA2BGR)

data = cv2.resize(data, (150, 150))

X.append(data)

Y.append(1)
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X = np.array(X)

Y = np.array(Y)

print(X.shape, Y.shape)

print(pd.Series(Y).value_counts())

from tensorflow.keras.utils import to_categorical

from keras.utils import np_utils

Y = np_utils.to_categorical(Y)

from sklearn.model_selection import train_test_split

X_train, X _test, Y_train, Y_test = train_test_split(X,Y, test_size = 0.20,

,—random_state=2)

print(X_train.shape, Y_train.shape, X_test.shape, Y_test.shape)




import seaborn as sns

import matplotlib.pyplot as plt

df_train=pd.DataFrame()

df_test=pd.DataFrame()

# df_val=pd.DataFrame()

df_train['Train']=pd.Series(np.argmax(Y_train, axis = 1))

df_test['Test']=pd.Series(np.argmax(Y_test, axis = 1))

# df_test['Test]=pd.Series(test_label)

# df_val['Val']=pd.Series(val_label)

# df['Val']=pd.Series(y_val)

fig, ax =plt.subplots(1,2,figsize=(15,7))

sns.countplot(df_train['Train'], ax=ax[0])

ax[0].set(ylim=(0, 1100))

sns.countplot(df_test['Test'], ax=ax[1])

# sns.distplot(test_label, kde=True, rug=False)

ax[1].set(ylim=(0, 1400))

# sns.countplot(df_val['Val'], ax=ax[2])

# ax[2].set(ylim=(0, 200))

# plt.savefig('D.png', dpi=100)




from skimage.io import imshow

import matplotlib.pyplot as plt

idx = int(np.random.rand(1,1)*600)

imshow(np.squeeze(X_train[idx,:,:,:]))

plt.show()

print("Index is:", idx)

labels = ['Full Shoe Print','Partial Shoe Print']

print (‘'This is:",labels[int(np.argmax(Y_train[idx], axis=0))])
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from tensorflow.keras.models import Sequential

from tensorflow.keras.layers import Conv2D, Activation, MaxPooling2D, Conv2D,

,—Flatten, Dense

from keras.layers import Dense, Dropout, Flatten, Conv2D, MaxPool2D, , ,

,—BatchNormalization

import keras

from tensorflow.keras.optimizers import Adam

import tensorflow as tf

model = Sequential()

model.add(Conv2D(128, (3, 3), activation="relu", input_shape=(150, 150, 3)))

model.add(BatchNormalization())

model.add(MaxPool2D(pool_size=(2, 2)))

model.add(Dropout(0.3))

# model.add(Conv2D(128, (3, 3),activation="relu"))

# model.add(BatchNormalization())

# model.add(MaxPool2D(pool_size=(2, 2)))

# model.add(Dropout(0.3))




model.add(Conv2D(64, (3, 3),activation="relu"))

model.add(BatchNormalization())

model.add(MaxPool2D(pool_size=(2, 2)))

model.add(Dropout(0.3))

model.add(Flatten())

model.add(Dense(32))

model.add(Dense(2, activation="softmax"))

# model = Sequential()

# model.add(Conv2D(input_shape=(150,150,3), filters=6, kernel_size=5,
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,—strides=1, padding="same"))

# model.add(Activation('relu’))

# model.add(MaxPooling2D(pool_size=(4)))

# model.add(Conv2D(16, kernel_size=5, strides=1, padding="same"))

# model.add(Activation('relu’))

# model.add(MaxPooling2D(pool_size=(4)))

# model.add(Flatten())

# model.add(Dense(2))

# model.add(Activation('softmax"))
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model.compile(loss="categorical_crossentropy",

optimizer=Adam(lr=0.001),

metrics=['accuracy'])

verbose = 1

cnnhistory=model.fit(X_train, Y_train, batch_size=16, epochs=20, _,

,—verbose=verbose, validation_data=(X test, Y test))

#\_, accuracy = model.evaluate(X_test, Y_test, verbose=verbose)

score = model.evaluate(X_test, Y_test)

print(‘Test accuracy:', score[1])model.summary()
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# To plot the accuracy and loss image/graph for the training & validation process.

loss = cnnhistory.history['loss']

val_loss = cnnhistory.history['val_loss']

epochs = range(1, len(loss) + 1)

plt.plot(epochs, loss, 'y', label="Training loss’)

plt.plot(epochs, val_loss, 'r', label="Validation loss")

plt.title('Training and validation loss")

plt.xlabel('Epochs’)

plt.ylabel('Loss")

plt.legend()

# plt.savefig('Loss.png', dpi=100)

plt.show()

acc = cnnhistory.history['accuracy']

val_acc = cnnhistory.history['val_accuracy']

plt.plot(epochs, acc, 'y', label="Training acc')

plt.plot(epochs, val_acc, 'r', label="Validation acc')

plt.title('Training and validation accuracy")

plt.xlabel('Epochs’)

plt.ylabel(’Accuracy’)

plt.legend()

# plt.savefig('Accuracy.png', dpi=100)
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from sklearn.metrics import confusion_matrix, classification_report

# Prediction on test data

y_pred = model.predict(X_test)

# Convert predictions classes to one hot vectors

y_pred_classes = np.argmax(y_pred, axis = 1)

# Convert test data to one hot vectors

y_true = np.argmax(Y_test, axis = 1)

print("Classification Report : \n" classification_report(y_true,y_pred_classes))

#Print confusion matrix

cm = confusion_matrix(y_true, y_pred_classes)
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import seaborn as sns

fig, ax = plt.subplots(figsize=(6,6))

sns.set(font_scale=1.6)

sns.heatmap(cm, annot=True,fmt="d")

# linewidths=.5, ax=ax)

# plt.savefig("CM.png', dpi=100)
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from sklearn.metrics import roc_curve,roc_auc_score

from sklearn.metrics import auc

fpr , tpr, thresholds = roc_curve (y_true , y_pred_classes)

auc_keras = auc(fpr, tpr)

print("AUC Score:",auc_keras)

plt.figure()

lw=2

plt.plot(fpr, tpr, color="darkorange’,

lw=Iw, label="ROC curve (area = %0.2f)' % auc_keras)

plt.plot([0, 1], [O, 1], color="navy', Iw=Iw, linestyle="--")

plt.xlim([0.0, 1.0])

plt.ylim([0.0, 1.05])

plt.xlabel('False Positive Rate")

plt.ylabel('True Positive Rate’)

plt.title('Receiver operating characteristic example')

plt.legend(loc="lower right™)

plt.show()




import matplotlib.pyplot as plt

import numpy as np

import pandas as pd

import 0s

from glob import glob

import seaborn as sns

from PIL import Image

import cv2

np.random.seed(42)

from sklearn.metrics import confusion_matrix

import keras

from keras.utils.np_utils import to_categorical # used for converting labels to,_,

,—one-hot-encoding

from keras.models import Sequential

from keras.layers import Dense, Dropout, Flatten, Conv2D, MaxPool2D,  ,

,—BatchNormalization

from sklearn.model_selection import train_test_split

from scipy import stats

from sklearn.preprocessing import LabelEncoder




pre_trained_model.load_weights(weights_file)

# freeze the layers

for r in range(len(pre_trained_model.layers)-17):

pre_trained_model.layers[r].trainable = False

print(pre_trained_model.layers[r])

# pre_trained_model.summary()

last_layer = pre_trained_model.get_layer('mixed7’)

print(‘last layer output shape: ', last_layer.output_shape)

last_output = last_layer.output

# Flatten the output layer to 1 dimension

x = layers.Flatten()(last_output)

# Add a fully connected layer with 1,024 hidden units and ReLU activation

x = layers.Dense(1024, activation="relu")(x)

# Add a final sigmoid layer for classification

x = layers.Dense(2, activation="softmax")(x)

model = Model(pre_trained_model.input, x)
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model.compile(optimizer=RMSprop(Ir=0.00005),

loss='categorical_crossentropy"',

# compile the model

checkpoint_filepath ="./check’

model_checkpoint_callback = tf.keras.callbacks.ModelCheckpoint(

filepath=checkpoint_filepath+'/weights’,

save_weights_only=True,

monitor="val_acc',

mode="max’,

save_best_only=True)

model_checkpoint = tf.keras.callbacks.ModelCheckpoint(

filepath=checkpoint_filepath,

save_weights_only=False,

monitor="val_acc’,

mode="max’,
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#plot the training and validation accuracy and loss at each epoch

loss = history.history['loss']

val_loss = history.history['val_loss']

epochs = range(1, len(loss) + 1)

plt.plot(epochs, loss, 'y', label="Training loss")

plt.plot(epochs, val_loss, 'r', label="Validation loss")

plt.title("Training and validation loss Inception V3')

plt.xlabel('Epochs’)

plt.ylabel('Loss")

plt.legend()

plt.savefig('Loss.png',bbox_inches="tight")

plt.show()
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from sklearn.metrics import confusion_matrix, classification_report

#y true = np.argmax(y_val, axis = 1)

# print("Classification Report : \n",classification_report(y_true,np.

,—argmax(model.predict(X val), axis = 1))

print("Classification Report : \n" classification_report(Y_test,model.

from sklearn.metrics import confusion_matrix, classification_report

# Prediction on test data

y_pred = model.predict(X_test)

# Convert predictions classes to one hot vector

y_pred_classes = np.argmax(y_pred, axis = 1)

128



