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Abstract

The human’s temperature is little known and important to the diagnosis of diseases, accord-
ing to most researchers and health workers.In ancient medicine, doctors may treat patients
with wet mud or slurry clay. The part that would dry up first was considered the diseased
part when either of these spread over the body. This can be done today with thermal cam-
eras generating pictures with electromagnetic frequencies. Inflammation and blockage areas
that predict cancer without radiation or touch may be detected by thermography. It can be
used before any visible symptoms occur as a great advantage in medical testing. Machine
learning (ML) is used in this paper as statistical techniques to give software programs the
capacity to learn from information without being directly coded. ML can help to do so
by learning these thermal scans and identifying suspected areas where a doctor needs to
research more. Thermal photography is a comparatively better alternative to other meth-
ods that need sophisticated equipment, enabling machines to provide an easier and more
effective approach to clinics and hospitals.

Keywords Breast cancer - Machine learning - Thermal infrared image - CNN

1 Introduction

Breast cancer is the most commonly diagnosed cancer in woman and its death rates are
among the highest of any cancer [35]. The irregular and accelerated development of breast
cells (tumor) is responsible for breast cancer. These tumors ultimately develop and form a
malignant, lumpy tumor. The World Health Organization (WHO) reported a minimum of
10 lakh breast cancer patients each year, in India. Five lakh patients died of all 10 lakh cases
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reported [60] and by the year 2025, this figure could be raised to five times with an increase
in women of 23 percent and men of 19 percent [24]. It Also detects that breast cancer at the
late stage for a significant proportion of women, reducing the rate of survival according to
World Health Organisation 2019 [6]. In both advanced and underdeveloped countries, the
occurrence of breast cancer is widely studied. Breast cancer survival rates vary widely from
80 percent to an approximate 60 percent in an average income countries and less than 40
percent in the developing and low-income countries worldwide. Within these low income
nations, the absence of pre-diagnostic services and appropriate diagnostics and treatment
services are attributed to the lower rate of survival. [32]. There is an estimate that more than
508,000 women all over the world died of breast cancer alone in 2011. Although breast can-
cer is thought to have occurred only in the developed world, it is alarming that around 50%
of cases in breast cancer and 58% in deaths come from low-income and developed coun-
tries [62]. Early diagnosis of the symptoms reduces treatment costs substantially. However,
most of the public will not exercise caution until more severe symptoms begin to show. Indi-
viduals refrain from exams for the cost and complexity of their examinations, the fear of
suffering and irritation and the long-term nature of most examinations. In contrast, relative
to developed cities, rural areas remain mostly oblivious [13]. In an article regarding Indian
villagers, the Medibulletin reports that “Villagers do not have access to information, but say
that there are 200-250 people with cancer in the village among the 1,700 families” [49].
With such large numbers, it is essential to save countless lives by a faster and less expensive
test. The key approaches for early breast cancer screening are generally imaging methods
such as mammography, magnetic resonance imaging(MRI) and ultrasound. Mammography
is a screening process for the use of low-dose x-rays to classify malignant tumors [22]. It
uses x-rays to detect high density regions in the breasts. Women aged 45 years should be
screened every one to two years for prevention of breast cancer. Sadly, every ten years in
mammograms, the number of misplaced positives is 49.1% [58]. The cost of treatment can
be significantly reduced if the tumor is discovered in the early stages [3]. Regardless of the
appropriate test incidence of breast cancer, the expense of such tests in poorer countries
prevents women from doing regular tests. In comparison, the invasive nature of these exam-
inations often leads to the belief that mammograms are rejected until a doctor prescribes
them. Although mammography is a common approach to early breast cancer diagnosis, its
main disadvantage is that it may yield a significant number of false-positive results. [65].
Also, Mammography is not recommended for young patients who have dense breasts, as
there is difficulty in detecting nodules in this type of breast, which are hidden in the breast
tissue. Radiation also is a factor that makes mammography an exam that must be applied
with caution. In effect, the MRI technology for women with genetic abnormalities is pre-
scribed in addition to mammography [5]. But the major drawback of MRI is that its spatial
resolution is limited, resulting in low sensitivity to the loss of the subcentimeter. Thus it is
necessary for the researches and organisations to study alternative methods like thermog-
raphy for diagnosis. Thermography can solve the weaknesses of these imaging techniques
of diagnosis because breast thermography is small in cost, has minimal harmful conse-
quences, free of radiations and is capable of identifying tumors even before they become
palpable [30]. With the development of computer technology and statistical machine learn-
ing algorithms, computer-aided diagnosis (CAD) has achieved rapid development in the
field of medical imaging. Clinical findings and CAD systems are often used for the differ-
ent diseases diagnosis [19]. Breast cancer screening based on thermal imaging is currently
the most widely used field of CAD. The research focus is also mainly on improving the
detection accuracy of tumors and classification.
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Doctors used slurry clay or muddy mud as a diagnostic tool during early days of
medicine [39]. A part that dried up the fastest was considered as the diseased part once the
clay was applied. Temperature as a proxy of identifying potential diseases is a lesser-known
but instrumental variable. Using current technology i.e., thermography that allows visualiz-
ing the rays of the infrared spectrum in order to map the temperature of an object. Infrared
breast thermography is a type of examination that detects infrared radiation emitted by the
breast surface, producing a temperature map known as a thermogram. These thermogram
can be obtained with the aid of a thermal scanner [31]. Such scanners generate images of
temperature pattern with a broad infrared range measured in the six electromagnetic spec-
trums. Certain cancer precursors can be identified much earlier than the standard indications
without the need for any contact or radiation, including lymph swelling and inflammatory
areas. The use of thermal components can be an excellent way in which possible causes
can be identified before harmful symptoms occur. Since it only requires an infrared cam-
era to capture thermal photographs, it costs significantly less than the necessary equipment
for a mammogram [48]. Therefore, from last twenty years many researcher started work-
ing on thermography for breast cancer screening using machine learning algorithms. Some
scientists concentrate their work on the position and size of vanishing tumors and simu-
lation models , while others focus on features such as breast segments, menstruation, and
protocols for acquisition.

In recent years, researcher moved to deep learning with regard to breast cancer diagnos-
tic. Deep learning is a subfield of machine learning with algorithms focused on the structure
of the human brain. Deep learning can abstract the high-dimensional expression of the
image through convolution, down-sampling, etc., so as to effectively classify the images. In
any case, the obvious features of the picture that can be distinguished by the naked eye are
the key to designing the model. Recently, several deep learning models have been developed
and implemented in medical image applications [7, 29, 54, 64]. Convolutional Neural Net-
work(CNN) is a popular deep learning model in image classification due to it’s quick and
easy implementation, it has capacity to extract small bit of information from large amount
of data, learned automatically significant features hierarchies from raw data given directly
to it, it can achieve better accuracy with large datasets and many more [26, 34, 63]. To detect
most important or noticeable part of the images i.e., their salient features detection, CNN’s
are very useful. Recently deep learning researchers have used CNN based salient feature
detection methods in images to achieve better performance than conventional techniques
that use manual crafting of salient features [11, 15, 16, 18]. In last decades CNNs are suc-
cessfully used by many researcher for breast cancer diagnosis based on different imaging
techniques [20, 27, 33, 54], unfortunately very few of them have used CNN for breast can-
cer screening using thermographic images in the pasts. The main reason for this might be
the CNN’s two major drawbacks in radiology i.e., unavailability of large dataset for ther-
mography and overfitting problem. Nevertheless, in the last two years or so the CNNs are
most used models in small datasets and image pattern recognition because they can greatly
improve the recognition rate, and at the same time reduce the requirements for the quality
of the original pictures, and at the same time reduce the requirements for the number of
training samples. Therefore, in this paper, we are developing the CNN based CAD model
for breast cancer diagnosis using thermal infrared images database [8]. We compare state-
of-the-art pre-trained CNN transfer learning models of VGG16 and InceptionV3 models for
performance measurement. Also, to improve the performance of our CNN model, an anal-
ysis of different factors like network complexity, data augmentation, fine-tuning of model
parameter in convolutional layers are performed for screening of breast cancer dataset [8].
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The remainder of this paper is structured as: The literature review in this direction is given
in Section 2. Section 3 explains about data and methods used in this paper. In Sections 4
and 5 the detailed results are discussed and the finally, Section 6 summarizes the conclusion
and suggests further improvements in this direction.

2 Literature review

Several early detection methods for breast cancer screening, such as mammography and
MRI, have been used over the last decades [4, 20, 50, 54, 61]. However, these methods are
having many drawbacks as discussed in Section 1. Hence, in this section our focus is only
on those researches that have used thermography technique for breast cancer diagnosis.

Digital infrared thermal imaging (thermography) was used for breast cancer diagnosis in
1960 and for pain management in 1980 [14]. The authors of [41] demonstrate a method
based on techniques of extraction and image segmentation to identify and to diagnose irreg-
ular patterns in breast thermograms. The authors of [25] proposed an automated region of interest
(ROI) for breast thermograms by considering both the lateral view and the front view of the
breasts. The ROIs obtained support medical professionals to discriminate between normal
and abnormal biomarkers. The authors of [1] performed texture feature extraction for every
infrared image and then used SVM algorithm to differentiate those images between nor-
mal and malignant cases. They achieved 85.71% mean sensitivity, 90.48% specificity, and
88.10% accuracy. In [53] statistical features from thermal images are extracted for breast
cancer detection using fuzzy classifier. The accuracy obtained in this research was 80%.
The authors of [23] used artificial neural network for diagnosis of breast cancer using ther-
mal images. In addition, The authors of [10] have shown that it is important to extract the
hottest/coldest regions from thermographic images, which they use to do so quickly and
easily with a detailed adjustment using the Lazy snapping process algorithm. The authors
of [47] have used computer system that uses processing of images and ML algorithms to
automatically analyze thermographic images generated by Br-aster devices. In [17] dynamic
thermographies are used to generate time series, where multifractal analysis is performed to
check for differences between tissue behavior to healthy and a malignant tumor.

Numerous traditional and modern machine learning techniques have been used by
researchers to diagnose breast cancer based on thermal images. Majority of them have
used images from online project database PROENG http://visual.ic.uff.br/ [8]. These
techniques include support vector machine(SVM)algorithm [1, 28, 38], K-nearest neigh-
bors(KNN)algorithm [28, 28, 56], hidden Markov models(HMM) [37], K-means and
clustering [55], BayesNet [56], Genetic Algorithm (GA) [56], Artificial Neural Networks
(ANN) [28, 38], Multilayer Perception [52], Deep and Recurrent ANN [38], Random
forest(RF)model [52, 56], Decision Tree(DT) [52]. There are many drawbacks in these
traditional methods used in literature, such as lack of standard preprocessing techniques,
image features are chosen beforehand and designed with help of experts and extracted using
complex problem-dependent techniques, low ceiling etc.

On the other hand, only few researchers have used modern machine learning CNN [12,
38] using thermography to detect breast cancer. The authors of [38]used statistical analysis
of thermal images for classification of breast cancer based on deep learning techniques and
achieved accuracy result more than 90%. While, authors of [12] analysed Resnet and VGG
architectures to measure predictive accuracy of their CNN model using thermography and
achieved more than 95% accuracy. The major drawback of these research is they consider
variable number of patients in their work from which we can conclude that the database
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they used is not consistent. Also, they have not discussed enough regarding separating the
database, i.e. how they split the patients data during training and testing of model. This can
affect the model complexity. It is therefore necessary to consider both the performance and
the complexity of the model throughout model development. Our work in this study is dif-
ferent from these literature studies using the same thermal image database [8] that they have
used in their work because, our main aim is to develop simple convolutional neural network
which can overcome all drawbacks of previously develop methodology as well as less compli-
cated, more comfortable to train and can be generalized for arrival of new patients. Another
goal of this model is to resolve repetitive and costly clinical test approaches in economically
disadvantaged nations and the rest of the world simply as we as quickly and autonomously.
Our major work in this paper is: first we demonstrate a novel CNN model to address some
of these issues from literature studies and have a higher performance. second we evaluate
performance comparison of two widely used pre-trained CNN model of VGG16 and Incep-
tionV3 and third perform an analysis of different factors like network complexity, data augmen-
tation, fine-tuning of model parameter in convolutional layers for optimization of model.

3 Materials and methods

This section is splits in to three subsections, consisting of introduction to software
and hardware required for the model development, introduction to Convolutional Neural
Network(CNN)and the model design.

3.1 Software and hardware requirement

Jupyter Notebooks: The experiment is a synthesis of a widely practiced medical diagnos-
tic procedure and machine learning system that helps the researcher to create a diagnostic
model that can distinguish among normal and ill people. An environment appropriate for
the specific nature of this assignment is essential for the execution of this project. For
machine learning projects, the most popular language is python. The programming lan-
guage Python and the experimental notebook named the Jupyter Notebook will be used for
this project [40]. Jupyter Notebooks may be deployed individually or together with a full
distribution specially designed for the science computing of open-source software known
as the distribution of Anaconda [36].

Python Libraries: For machine learning developments Python is the most popular lan-
guage. It can be difficult to work with the image dataset, but can also be implemented in
python with one single line of code. For this project, the main libraries are numpy, pan-
das, sklearn, itertools, matplotlib, OpenCV, and Keras. [46]. Numpy is one of the most
popular packages used for computational programming [43]. Pandas is an open-source
framework that is used for data structures and interpretation [45]. Matplotlib is a python
module that helps the user to create 2D diagrams and graphs like plots, histograms, power
curves, confusion matrix, bar charts and dispersion charts, etc. [21]. OpenCV means Open
Source Computer Vision is a library designed to get a popular technology in the field of
computer vision support. It includes over 2500 algorithms use both classical and modern
computer vision techniques. These algorithms can identify and are very efficient in a wide
range of objects [44]. Keras is tensorFlow’s(backend process) high-level network API for
building and training CNN models which is used in this project.

Hardware: In this project,for training CNN we have used virtual machine in Google cloud
GPU with 16 GB of RAM and NVIDIA Tesla K80.
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3.2 Convolutional neural network

Artificial Neural Networks (ANN) is a subset of machine learning that has grown and
improved over the years. Scientists found that these neural networks can predict outcomes
and recognize patterns with excellent accuracy, specificity, and high rate by exploiting the
abundance of big data. ANN of neurons, as shown in Fig. 1, is connected to each other.
Signals from one neuron to the other can be transferred and guided to these neurons. The
functionality of ANN is influenced by the architecture and functionality of the human brain
which enables it to predict accurately, just as it does for human beings [9]. In contrast,
Convolutional Neural Networks (CNN) (Fig. 2) are used for image classification and identi-
fication. D. H. Hubel and T. N. Wiesel proposed a method that separates animals from many
of their artifacts. They discussed using a cortical membrane in the cortex. This theory moti-
vated researchers to construct algorithms to mimic neuron contact for object detection. It
was believed that simple cells” remained within this simulated cortex. Such cells produced
simple reactions which in effect became complex functional reactions formed by “complex
cells”. It is reconstructed in the context of an algorithm of deep learning. This needs an
input picture and learning weights to distinguish between pictures It passes through a six-
important process which produces an outcome based on its training [2] A convolution layer
is the first layer in the image that is penetrated. A convolution is an organized process of
mathematics, in which two sources of information are related. The input value is combined
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Fig. 1 Aurtificial neural network [9]

@ Springer



Multimedia Tools and Applications (2022) 81:13139-13157 13145
Thermal
Image
HEALTHY
SICK
INPUT
FULLY SOFTMAX

CONV+RELU POOLING CONV+RELU POOLING FLATTEN

\ )
|

FEATURE LEARNING

CONNECTED

CLASSIFICATION

Fig.2 Convolutional Neural Network(CNN)

to create activation maps with a smaller matrix defined as a kernel. The purpose of these
maps is to define unique image features sthat are kernel-relevant. The dot product between
the input matrix and the kernel is determined to attain a combined value that defines an
independent input in the active matrix. The chosen pad will then be moved to the next patch
and the process will continue until the matrix is completely triggered. [2] (Fig. 3). Next is
poling layer. Each layer has the purpose of decreasing the spatial dimensions of the input
which is handled in the next network layer. It decreases the spatial component, but does not
change the volume’s depth dimension. The optimum value is achieved by considering the
values found. This technique is referred to as max pooling.

Negative figures are not suitable for this procedure and may break down the mathemat-
ics. The next layer named the normalization layer transforms all negative numbers in the
equation into zeroes to prevent this from happening. Beyond that the convolutional layer
and pooling layer are repeated several times until each iteration produces a smaller picture
with a different activation chart.

After the neural network learns the features since incremental deep learning loops, the
model may be too strong to match the training data and thus has no good prediction.
This is avoided by dropouts. Dropout produces situations where the ANN is pressured by
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arbitrarily switching off neurons during the learner’s stage to obtain many different rep-
resentations of the same results. Many layer values are assigned randomly to zero during
forward propagation.

Lastly, a SoftMax function is used when the classification phase ends, to transform
the outputs into binary values or likelihood values. A SoftMax function is a mathematical
function that incorporates real numbers into a matrix of probabilities.

3.2.1 Transfer learning and pre-trained CNN models

Until now, traditional machine learning and deep CNN models have been designed to work
in isolation. These models are trained to solve specific tasks. When the feature-space dis-
tribution shifts, the models must be rebuilt from scratch. Transfer learning is the idea to
overcome the method of isolated learning and to use the information obtained for one prob-
lem to solve similar ones. In many applications, previously learned model is used as a point
of departure for another model to fine-tuned the model and to improve the performance.
Several pre-trained models, trained by experts in the area, are available. Such previously
learned models can be imported and fine-tuned in order to produce the appropriate classifi-
cation. Two pre-trained models to study which one yields the best results will be tested in
this project. These models can work efficiently with small as well as large database.

The VGG16 model The VGGI16 is a pre-trained CNN model used to identify of large
images. Tests show 92.7% precision on ImageNet, which represents a dataset of more than
14 million images. The suggestion was made by A. K. and Zisserman ,University of Oxford
Simonyan [59]. This is one of the most famous convolutional neural network models that
was sent to the ILSVRC-2014(ImageNet Large Scale Visual Recognition Challenge) com-
petition. It is an improved version of the neural network AlexNet, which was the first
convolutional neural network to win ILSVRC [57]. In VGG16 (Fig. 4) compared to the
AlexNet network, large filters (sizes 11 and 5 in the first and second convolutional layers,
respectively) were replaced by several 3x3 filters, one after the other. The VGG16 network
for the competition was trained for several weeks using NVIDIA TITAN BLACK video
cards.

InceptionV3 model InceptionV3 is further development idea of effective CNN from
Google. This neural network achieves an accuracy of 92.8%, top 5 at ILSVRC-2015 [51].
The structure of the neural network InceptionV3 is shown in the Fig. 5. When designing
InceptionV3, the basic principles of building the architecture were formulated:
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Fig.4 VGGI16 Model [59]
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— A large number of signals are located in close proximity to each other. This can be
used to make smaller convolutions. Neighboring signals are often correlated, which
means that it is possible to reduce the dimension before convolution without loss of
information;

—  When increasing the free amount of resources for their effective use, it is necessary to
increase the depth and width of the network at the same time;

— It is inefficient to use layers that sharply reduce the number of parameters, especially
at the beginning of a neural network;

—  “Wide” layers learn faster, which is especially important at high levels (but locally, that
is, we can reduce the dimension after them).

3.3 Model design
3.3.1 Dataset

Work utilizing thermal imaging to identify breast cancer as a screening method is not new. In
comparison to its mainstream replacement, mammography, several researchers in literature
have used thermal images to show it’s effectiveness. By contrast with a sick breast, differ-
ences between a healthy breast are very small but can be identified by a professional model.
Thermal images used for this research are collected from online project database PROENG.
A professional machine vision organization and data analysis have produced such images
with a Support Vector Machine (SVM)algorithm for a computer-aided diagnostic device.
CNN is much more advanced compared to SVM. SVM is based on a linear classification,
while a CNN is a non-linear classification.

Thermal images that are stored in this database have been collected at 15 seconds inter-
vals, and a total of 20 images have been recorded for each patient. The dimension of every
infrared image has 640x480 pixels, i.e.307200 temperature points are given by one image.
The detection method is greatly enhanced due to the number of layers introduced by the inte-
gration of the CNN. This database consists of total 67 patients aged between 29 to 85 years
with a combination of 43 healthy and 24 breast cancer diagnosed patients [8].
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Table 1 Classification of data

Training Testing Validation
Healthy 479 119 20
Sick 371 89 20

3.3.2 Dataset structure

The data file was structured for each patient as healthy and ill patients with directories.
Twenty thermal images were contained in the patient files. Most of these images appeared
the same and might cause a problem for the neural network later.

The image data has to be structured before preparing the classification model. There are
total 1140 images present in the model, However, due to the resemblance in thermal images
few of them must be reduced to avoid model training issues. The images were eventually
categorized within three folders with , training, testing and validation. Table 1 shows the
how data is organize for the classification.

3.3.3 Preprocessing and data augmentation of thermal images

We preprocess thermal images by using contrast-enhancement, resizing, normalization and
cropping in the same way that has been used in the literature study [52]. After preprocessing
each thermal image get reduced to 224 x 224 dimesion from 640 x 480 dimension which
help us to deals with least computations(reduction in computational cost by 75%).

For augmenting and preprocessing of images function of Keras ImageDataGenerator()
is used. In the augmentation , we rotate, shear, shift zoom our image to increase our training
data. This transformations are common when training CNN with small data sets. In princi-
ple, the test set should not be augmented as it is a proxy for real data. We evaluated three
augmentation algorithms as shown in following Table 2. The augment0) model means there
is no augmentation is applied i.e. original images are used for model. augment] means ther-
mal image will transform geometrically i.e., it will be flipped horizontally, rotated randomly
within degrees of 0.05, shear horizontally by 0.03 times of original image and zoom 0.03
times than ordinal image. On the other hand the augment? is quite complex transformation
model. To avoid data exploration due to combination of different augmentation techniques
and algorithms, in this work we evaluate the effects of these techniques only on InceptionV3
model. InceptionV3 is best model in this work.

Table2 Augmentation design

Model Parameters of Augmentation
augmentQ No augmentation
augment1 rotation_range =5, shear_range=0.03,

zoom_range=0.03, horizontal flip=True

augment2 rotation_range=40, width_shift_range=0.2, rotation_range=40,
width_shift_range=0.2,height_shift range=0.2, rescale=1./255,
shear_range=0.2, zoom_range=0.2, horizontal_flip=True,

vericle_flip= true, fill_mode="nearest
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3.3.4 Baseline CNN model design

Initially we build the baseline sequential CNN model by using Jupiter notebook in keras.
This model consist of a convolutional layer( with 32 neurons and 3 x 3 kernel size). Next,
the flatten layer which serves as a connection between the convolution and dense layers.
The dense layer acts as output layer which will produce 2 outputs (healthy or sick patients).
At the end of the dense layer, we use SoftMax activation function for converting the output
in to binary values(0 or 1).

Next, we compile our model using three parameters: optimizer, loss and metrics. We use
‘adam’ optimizer for controlling learning rate. We use 10~* learning rate for this model.
To measure the loss of model we use ‘categorical_crossentropy’, A lower score of cate-
gorical_crossentropy indicates that the model is performing better. And, we use ‘accuracy’
matric to see the accuracy score on the validation set when we train the model. Finally we
train our model using ’fit()’ function. As expected the accuracy produced by this model to
be very low. Since, this model is not an ideal CNN model, the best CNN model has large
numbers of previously pre-trained layers in it. Hence, to solve this problem we use trans-
fer learning. As we discussed earlier transfer learning is a related trend where we train a
CNN on data from a specific domain and later reuse this pre-trained model to extract image
features in a different domain or as an initial network to fine-tune with new data. Several
pre-trained models, trained by experts in the area, are available. Such pre-trained models
can be imported and fine-tuned in order to produce the appropriate classification results.
Therefor in this work, two pre-trained models, VGG16 and InceptionV3 are tested to find
which one yields the best results.

3.3.5 Pretrained model design

We are using small number of thermal images for training our CNN model. To use this small
dataset on pre-trained network might lead to problem of overfiitting of model, since these
models are trained by using very large dataset from ImageNet. Hence to avoid this problem,
we are going to use fine-tuning techniques on pre-trained models. We use three ways of
fine-tuning on pre-trained models to improve accuracy :

i. Evaluate effect of size of classification layer on final classification accuracy: To
experiment this, we use 5 different models on two pre-trained models, VGG16 and
InceptionV3. The configuration of these models is shown in Table 3. The table consists

Table 3 Configuration of classification model

Configuration # Parameter # Parameter
VGG16 InceptionV3

Modell GAP — Softmax 8,194 1,152
Model2 GAP—FC(2048)— FC(2048)— Softmax 102,764,544 22,031,138
Model3 GAP — FC(512)— Dropout(0.5)— FC(256) —

Dropout(0.5)— FC(128) — Dropout(0.5)— Softmax 2,359,808 655,360
Model4 GAP — FC(512) — Dropout(0.5) — Softmax 1,678,131 473,440
Model5 GAP — FC(512)— Dropout(0.5)— FC(512) —

Dropout(0.5)— FC(256) — Dropout(0.5) — Softmax 1,180,160 262,272
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of four columns representing the model type, configuration of classification layer,
required number of parameter for VGG model and for InceptionV3 model respec-
tively. For example the model4 in the 4th row has the four layers after convolutional
layer which are, GAP means global average pooling layer, FC means fully connected
layer with 512 neurons, dropout layer with 0.5 drop rate and finally softmax activation
function.

ii. Freeze the weight of the first few layers in pre-trained Network: In the pre-trained net-
work, the initial few layers take universal features like curves and edges, which are also
relevant to our new problem. We want to keep these weights intact. Instead, we will
get the network to focus on learning dataset-specific features in the subsequent layers.
Therefore, to fine-tune our model in this way, we evaluate the number of convolution
layer to be unfroze and untrained. We perform three different experiments shown in
Table 4. In the first experiment, we unfreeze the last convolution layer(convolayer)
of best model resulted in classification model experiments. In the next experiment
to avoid overfitting due to the large amount of parameters of convolayer, we select
the smaller model from the classification model experiments to unfreeze the last con-
volayer. And in the last experiment, the best model is chosen from the previous two
experiments to unfreeze one more convolayer to measure the number of convolayers
to be kept unfrozen.

iii. Fine-tunes hyperparameters: To make learning more stable and quicker, we select the
best model from the previous two techniques of fine-tuning(i & ii), and then fine-tunes
its other hyperameters like the learning rate, drop rate of dropout layer, the extension
of the batch normalization layer, etc.

4 Result

A confusion matrix is used to check how well the model works for new data. It is a table
that is used to define a classification model’s efficiency and accuracy. A table is drawn
from true positive(TP) means sick patients predicted to be sick, true negative(TN) means
healthy patients predicted to be healthy, the false positive(FP) means sick patients predicted
to be healthy and the false negative(FN) means healthy patients predicted to be sick. In
addition to the confusion matrix, some metrics can be calculated to indicate how well a
model classifies the information supplied. Accuracy, precision, recall and f1 score are the
measures to be used. The f1 score might be the better metric to measure the success of the
model’s prediction. It is considered as the balance between precision and recall. Precision

Table 4 Configurations of CNN ] ]
model after fine-tuning Model Configuration
convolayer

convolayer Modell ~ Best CNN model with last
convoLayer unfrozen

convolayer Model2 ~ Smaller CNN model with
last convoLayer unfrozen

convolayer Model3 ~ Best CNN model in previous

two models with one more unfrozen convolayer

@ Springer



Multimedia Tools and Applications (2022) 81:13139-13157 13151

Table 5 Results of Data

Augmentation on InceptionV3 Augmentation Training Images Accuracy

Model algorithms InceptionV3
augmentQ 630 92.2
augment] 630 93.8
augment2 630 91.7
augment] 12,000 96.3
augment2 12,000 93.9

and recall are very simple and yet effective ways to measure prediction efficiency given as
follows.

TP+TN
Accuracy = - 100 (1)
TP+ FP+TN+ FN
. TP
Precision = —— 2)
TP+ FP
TP
Recall = ———— 3
TP+ FN

Precision - Recall
flscore =2 — 4
Precision + Recall

4.1 Results of data augmentation algorithm

Results of data augmentation algorithms are given in Table 5. We can see that the aug-
mentl algorithm gives better accuracy results for the InceptionV3 model as compare to the
augment2; hence we use augmentl as the default model in the next experiments.

4.2 Results of classification model accuracy

The results of classification model accuracy of VGG16 and InceptionV3 are shown in
Table 6, we can see that InceptionV3 with model3 is showing better accuracy results than
VGG16. Therefore we fine-tuned model4 and InceptionV3 in the next experiments.

4.3 Results of fine-tuned model accuracy

From Table 7, it is found that the modell with last unfrozen layer gives the best accuracy
result.

Table 6 Classification Model

Accuracy VGG16 Inception V3
Modell 69.7 72.9
Model2 73.1 717.8
Model3 84.8 914
Model4 89.7 95.9
Model5 85.5 92.1
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Table 7 Results of Fine-tuned

Model Accuracy with Unfrozen Model InceptionV3
convolayer
Model4 by keeping last convolayer unfrozen 89.3
Modell by keeping last convolayer unfrozen 95.4
Modell by keeping last two convolayer unfrozen 91.1

4.4 Fine-tuned hyperparameters experimental results

Table 8 shows the results of the data exploration experiments. The best models resulted in
last experiments (in Table 7) modell and model4 with their last convolayer unfrozen are
used for fine-tuning its hyperparameters. It can be seen that effect of adjustments in learning
rate, dropout layers and many training images improve the accuracy of modell and model4
with last unfrozen layer.

5 Discussion
5.1 Performance comparison

We have used different models in this paper for breast cancer screening using thermogra-
phy. The performance of comparison of these models is summarize in Table 9 on the same
dataset. The result obtained for InceptionV3 model are very high i.e 98.5% accuracy, 100%
precision , 97.5% recall and 98.7% F1-score (Which is shown in the bold font in Table 9).
The precision score of our model suggests that it can predict every breast cancer patient
100% correctly. VGG16 model is also performing well compare to our baseline CNN model
developed initially. Earlier we have discussed that traditional machine learning algorithm

Table 8 Result of Fine-tuning hyperparameter on two best models: modell and model4 by keeping their last
convolayer unfrozen

Ex. Model Learning  Decay  #augment Drop Drop Batch InceptionV3
No. rate Training rate 1 ratel  Norma-  Accuracy
Images lization

1 modell 0.001 0.8 630 0.7 NA NO 89.3

2 by keeping 0.001 0.5 15000 0.6 NA NO 90.5

3 last convolayer  0.0009 0.7 9000 0.6 NA NO 91.3

4 unfrozen 0.0005 0.5 630 0.8 0.6 YES 93.4

5 0.0005 0.8 20000 0.6 NA YES 94.3

6 0.005 0.8 8000 0.5 0.6 NO 97.4

1 model4 0.001 0.7 630 0.7 0.5 NO 87.9

2 by keeping 0.001 0.5 630 0.6 0.7 NO 89.3

3 last convlayer 0.0009 0.7 9000 0.6 0.5 YES 92.4

4 unfrozen 0.0005 0.7 20000 0.7 NA YES 94.3

5 0.0005 0.8 15000 0.8 0.6 NO 95.4

6 0.005 0.8 8000 0.6 0.6 YES 95.7
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Table 9 Impact of augmentation experiments on model

Model Performance without augmentation Performance with augmentation

Accuracy Precision Recall FI1-Score  Accuracy Precision Recall F1-Score

Baseline Model  59.4 0.590 0.667  0.626 62.9 0.661 0.677  0.669
VGG16 87.3 0.834 0.935 0.882 93.4 0.925 0.957 0941
InceptionV3 93.1 0.933 0.949 0941 98.5 1 0.975  0.987

have many disadvantages over modern machine learning techniques such as convolutional
neural network because it is best feature learner, simple structure, low complexity.

5.2 Impact of data augmentation

The summary of all experiment testing results are shown in Table 9 with and without aug-
mentation. We can see that the performance of the model improves with augmentation.
That’s because augmentation converts the image geometrically, which makes it easy for the
CNN model to understand the underground feature without the influence of rotation and
scale. Nonetheless, it can be shown from Table 5 that complex transformations aren’t nec-
essarily easier than basic ones. Large and complex transformations add a certain amount of
noise to the feature that influences the learning process.

5.3 Analysis of model complexity

We analyse model complexity of our fine-tuned models using Tables 3 and 5. In left part
of Fig. 6, first two columns of table represents the models from Table 3 which arranged in
ascending order of their model parameters and their respective accuracy results are given
in last two columns using Table 5. while from the right part of Fig. 6 we can see that very
large number of parameters or very small number of parameters yields poor accuracies,
where the best result of VGG16 and Inception V3 are of model4 that has the right number
of parameters to train our database.

5.4 Analysis of techniques preventing overfitting

Table 8 shows the data exploration result of best modell and model4 with keeping their
last convolayer unfrozen using hyperparameters.The overall training tends to overfitting,

Analysis of Model Complexity

Model1l 8,194 1,152
ModelS 1,180,160 262,272 85.5
Model4 1,678,131 473,440 89.7
Model3 2,359,808 655,360 84.8
Model2 |102,764,544| 22,031,138 731

Modeil Model5 Model4 Model3 Model2

Fig.6 Analysis of model Complexities
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because there is no specific aspect that has a consistent and substantial effect on the overall
accuracy. In contrast, model4 outcomes with particular conditions shown in Table 8, the
drop rate and the number of changes in each learning iterations, consistently improve the
accuracy. This is expected since there are so many parameters in the last convolayer.Hence
training of model tends to overfitting.

6 Conclusion and future scope

In this article, the usefulness of thermal infrared imaging for the diagnosis of breast cancer
is discussed over the existing mammograms source substitute. Invasive and costly testing
has been reported for mammograms. Every 2 years, women in low-income countries tend
to avoid breast cancer tests, and this lowers the rate of survival due to lack of awareness
and early inspections. Mammograms were also still correct. A large number of false nega-
tives and false positives regarding mammograms have been reported in the American cancer
society. The alternative to mammograms is a non-invasive approach that can spot tumor
growth well before mammograms are available. Numerous researchers are actively explor-
ing the issue of using thermography as a diagnostic tool. In addition to research, in the
United States, the method is even used as an alternative to mammograms in several health
centers, including the O2 Wellness Centre. The thermography may be used for cardiovas-
cular disease detection, cardiac diseases at the periphery, monitoring of human symptoms,
early breast cancer markers, and many more, according to this article and institutes. This is
considerable evidence that thermography is an important and underestimated method.

With the development of computer technology and statistical machine learning algo-
rithms, CAD has achieved rapid development in the field of medical imaging. CAD
technology can theoretically be applied to a variety of imaging techniques. In this work
we have used modern machine learning approach CNN over traditional machine learning
techniques to classify breast cancer using thermal images. We have used two pre-trained
transfer learning model; VGG16 and InceptionV3 to improve performance of our baseline
CNN model. The best result comes from the InceptionV3 model using data augmentation
and fine-tuning of different several parameter. A collection of only 650 images is considered
to be a very small data set for a convolutional neural network created through millions of
picture training and testing. We discarded many thermal images of database due to resem-
blance which can cause an issue to CNN while training. Hence, in future it will be helpful
to apply feature aggregation technique like multi-context ultra aggregation (MCUA) [42] to
overcome the problem of resemblance and use more images of database for learning CNN
model.
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