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Abstract

Breast cancer is one of the most prevalent and life-threatening forms of cancer due to its
aggressive nature and high mortality rates. Early detection significantly improves a pa-
tient's chances of survival. Currently, mammography is the preferred diagnostic method,
but it has drawbacks such as radiation exposure and high costs. In response to these chal-
lenges, thermography has become a less invasive and cost-effective alternative, gaining
popularity. We aim to develop a cutting-edge model for breast cancer detection based on
thermal imaging. The initial phase involves creating a customized machine-learning (ML)
model built on convolutional neural networks (CNN). Subsequently, this model under-
goes training using a diverse dataset of thermal images depicting breast abnormalities,
enabling it to identify breast cancer effectively. This innovative approach promises to
revolutionize breast cancer diagnosis and offers a safer and more accessible alternative
to traditional methods. In our recent study, we leveraged thermal image processing tech-
niques to forecast breast cancer precisely based on its external manifestations, particu-
larly in cases where multiple factors are interconnected. This research employed various
image classification methods to categorize breast cancer effectively. Our comprehensive
approach encompassed segmentation, texture-based feature extraction from thermal
images, and subsequent image classification, leading to the successful detection of ma-
lignant images. Our study harnessed the power of machine learning to create a tailored
classifier, merging key components from GoogleNet, including the utilization of 2D CNNs
and activation functions, with the ResNet architecture. This hybrid approach incorpo-
rated batch normalization layers following each convolutional layer and employed max-
pooling to enhance classification accuracy. Next, we used a sample dataset of carefully
selected images from DMR-IR to train our proposed model. The outcomes of this train-
ing demonstrated significant improvement over existing methods, with our suggested
2D CNN classifiers achieving an impressive classification rate of 95%, surpassing both
the SVM and current CNN models, which achieved rates of 91% and 71%, respectively.
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1 Introduction

Cancer originates [1] within the cells that make up our
body's tissues. While the human body comprises vari-
ous types of tissues, breast tissue is notably suscepti-
ble to this condition. For a person to thrive, the body
must continually generate and divide new cells. This
process is essential to replace aging cells that naturally
die off over time. However, there are instances when
this cellular renewal process goes awry. In these situ-
ations, old cells may proliferate and inhibit the growth
of new ones, accumulating unnecessary excess cells.
This abnormal cell growth ultimately leads to a lump,
tumor, or change. Breast tissue inflammation is often
an early sign of breast cancer, a hazardous form of ma-
lignancy.

Breast cancer has tragically been the leading cause
of mortality among women for several decades. Given
its profound impact, governments worldwide, particu-
larly in developed nations, have dedicated significant
resources to detecting and treating this disease. In the
context of breast cancer, a sentinel lymph node is one
directly linked to the cancer through lymphatic tissue,
presenting a potential site for cancer metastasis. Ex-
tensive research has been undertaken in breast can-
cer diagnosis and classification. research indicate that
channel our efforts toward developing an adaptive sys-
tem capable of accurately identifying and classifying
breast cancer [2].

According to reports, breast cancer accounts for
22.9 percent of all invasive malignancies in women.
Various techniques are employed for early identifica-
tion and diagnosis. Early detection of breast cancer is
vital and can be achieved through screening, wherein
a healthcare professional conducts a physical exam-
ination to detect any tumors. Additionally, there are
alternative screening methods, such as thermal imag-
ing and other imaging techniques. Early detection
is crucial in managing the disease. Mammography
stands out as the most widely used method for detect-
ing breast cancer in its early stages, owing to its ease
of use, affordability, and effectiveness. However, it's
essential to consider its limitations before undergoing
the procedure. These drawbacks include exposure
to radiation and the potential for discomfort during

the process. Furthermore, mammography is reported
to have a sensitivity ranging from 70% to 90% and
a false-negative rate of 10% to 30% [3]. It is worth
noting that mammography may miss more than 25%
of all malignancies [4-10], particularly in cases where
the breasts are too large and complex to distinguish
from one another. Therefore, while mammography
is a valuable tool, it may only be infallible in some
situations.

According to a recent study conducted by a team
of researchers [4], thermal imaging can serve as a
valuable primary diagnostic tool in certain situations
and complement traditional mammography. The
study [11] investigated the potential of ML algorithms
for early breast cancer detection. Interestingly, none
of the studies included in our research considered
the incorporation of specific clinical and personal risk
factors for breast cancer, even though these factors
are well-established in the field.

The Internet of Things (IoT) has rapidly gained
prominence across various commercial and educa-
tional sectors, profoundly impacting healthcare. The
loT revolution reshapes current healthcare practices
by converging technological, economic, and social
perspectives. An example of this transformation is
monitoring body temperature, a vital health indicator.
Infrared thermography (IRT), in contrast to conven-
tional medical thermometers, offers a non-invasive,
contactless, and passive approach to measuring and
monitoring body temperature. Furthermore, IRT can
remotely assess surface body heat.

Beyond temperature monitoring, IRT has demon-
strated its efficacy in diagnosing a range of medical
conditions, including cardiovascular issues, diabetic
neuropathy, and breast cancer, among others. Over
the past few decades [12-18], it has found applications
in diverse domains such as gynecology, dermatology,
cardiology, maternal physiology, and neuroimaging.
The recent advancements in infrared camera technol-
ogy, data collection, and processing methods have
enabled the production of real-time, high-resolution
thermographic images. However, in recent years, the
Internet of Things (IoT) has emerged as a ground-
breaking technological paradigm, driving researchers,
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healthcare professionals, and doctors to introduce
innovative solutions across various environments,
particularly in medical and healthcare services. This
progress has been facilitated by intelligent sensors,
interconnected computer networks, and remote
servers, among other vital components [19-22].

This paper introduces an innovative loT-enabled
medical system that integrates IoT technology with
advanced infrared thermography techniques. This
integration empowers the system to offer real-time,
remote diagnosis and detection capabilities for vari-
ous medical issues. This system can swiftly identify,
diagnose, and promptly notify users of irregularities
or health concerns. Main contribution of this study as
follow:

+ Developed a customized machine learning
model based on 2D CNN for breast cancer
detection using thermal imaging. Created a
fusion model inspired by GoogleNet and ResNet
structures, enhancing classification accuracy.

+ Utilized a sample dataset of thermal images from
the DMR-IR database for training and evaluation.
Achieved a classification rate of 95%, outperform-
ing existing SVM and CNN methods.

* Highlighted the potential of thermography as
a cost-effective and less invasive breast cancer
detection technique. Promoted further research
and attention to thermography in breast cancer
diagnosis.

2 Related Work
One of the leading causes of death for women globally
is breast cancer; for the classification of breast ther-
mograms, cutting-edge engineering and artificial intel-
ligence technologies have been employed. For profes-
sionals, thermal imaging categorization saves time. Al-
though there are many studies on the classification of
breast images, few review papers offer a thorough run-
down of methods, feature extraction, classification pa-
rameters, and results. In addition to alternative classi-
fiers, the research emphasizes the CNN approach for
breast image categorization [23].

The integration of many ML techniques has con-
tributed to the success of ML approaches and tools

for treating patients with breast cancer. One central
area for improvement with the existing deep learning
model-based ML classifiers is their computational
complexity. The goal of this work is to create a DNN
model that is lightweight for faster building. Fur-
thermore, a DNN-based model that uses a cancer
image classifier needs much training data. In addition
to breast thermogram datasets, generalized image
classification approaches, feature extraction, noise
reduction strategies, performance measurement
criteria, and the most recent research, this study
offers a thorough overview of breast cancer image
classification methodologies. Patients may have to
wait longer than expected since there are insufficient
specialists. Immediate disease feedback from an
ML-based diagnostic system can improve patient
treatment outcomes [19].

In study [27], they implemented four distinct neural
network models: Back Propagation Algorithm (BPA),
Radial Basis Function Networks (RBFN), Learning
vector Quantization (LVQ), and Competitive Learning
Network (CL). They found that the LVQ is the most
effective classifier for detecting breast cancer after
doing research [19]. Three modules are used in this
paper's hybrid system for identifying breast cancer
tumors: fuzzy features for feature extraction, hybrid
bees algorithm for back-propagation training, and a
multi-layer perceptron neural network for classifier.
High accuracy was attained by this model [20]. Af-
ter testing it on four datasets, they also presented
a partially connected neural network technique
comparable to fully secured neural networks.

The most advanced technique available for accom-
plishing this goal is mammography-based breast can-
cer screening. It cannot, however, be used to treat pa-
tients with tumors smaller than 2 mm or dense breasts.
Four steps make up the thermographic breast cancer
detection method: image pre-processing using versa-
tile histogram equalization and beaver hat transform,
K-mean clustering and binary masking for ROl segmen-
tation, signature boundary feature extraction, and clas-
sification using the ELM and MLP. When the suggested
approach was tested using the DMR-IR public dataset,
the ELM-based model outperformed the MLP-based
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model regarding outcomes [24]. With a small dataset,
they used a hybrid approach [25] that included a feed-
forward neural network and a gradient descent train-
ing algorithm to achieve excellent classification accu-
racy and a low false-positive ratio.

Author [26] suggested utilizing a Fast Fuzzy C-mean
technique enhanced with Neutrosophic submodules
for the automatic segmentation and categorization of
normal and abnormal breasts. An SVM classifier was
used to determine if an image was normal or aberrant.
Nevertheless, generalizing the findings is hindered by
the study’s small sample size, which consisted of 29
healthy participants and 34 cancer patients.

The authors [27] looked at seven deep CNN mod-
els to classify breast thermograms. The learning rate
was set at 1e-4, and 141 thermal images of healthy
individuals and 32 thermal images of breast cancer
patients were used, with 70% of the dataset used for
training and 30% for verification. A total of 5 epochs
were employed. Sensitivity, specificity, accuracy, and
area under the ROC curve were used to gauge perfor-
mance. To show how valuable an SVM classifier is for
early-stage breast cancer diagnosis, the authors [28]
merged it with Inception V3. They adjusted the model
using a particular learning rate of 1e-4 utilizing a
database that included normal and aberrant thermal
images. Throughout 15 epochs, training and testing
used 80% and 20% of the data, respectively. The study
demonstrated Inception V3's aptitude for handling a
variety of input formats and its capacity for precise
classification.

The study [30] concentrated on building an exten-
sive database and analyzing 180 people with breast
cancer. For point-wise classification and segmentation
modeling techniques, the authors used a variety of
CNN architectures and improved their models using
the Adam optimization technique with varying learn-
ing rates. Of all the networks examined, V-net showed
itself to be the most accurate.

In this series of papers, the authors explored the
use of advanced deep-learning [31-34] techniques for
breast cancer detection and thermal image analysis.
They employed deep CNNs, ML classifiers , ensembles
techniques and U-net to address different aspects of

the problem.

3 Method and Materials

This section introduces a modified 2D-CNN model
designed to improve breast cancer detection sig-
nificantly. This advanced technology enables swift
differentiation between malignant and benign tumors,
offering several key advantages. One notable benefit
is its ability to automatically extract essential features
without extensive preprocessing through a sophisti-
cated classifier, such as the 2D-CNN. This streamlines
the detection process, making it more efficient by
effectively filtering out irrelevant information while
remaining adaptable to various image data sources.
The utilization of the CNN architecture is a strategic
choice in breast cancer classification, as it excels at
extracting critical elements that enhance the visibility
of malignancies within breast lumps. Early detection
of breast cancer is paramount, allowing for timely
intervention and treatment before the disease can
progress further.

3.1 Dataset Details

In this research, we employ thermal imagery to de-
velop a 2D CNN model for the binary classification
of breast cancer. The dataset used for this study is
sourced from the freely available DMR-IR database.
Access to this database is conveniently provided
through a user-friendly online interface, found at
[34]. The thermal images used in this study were
captured using an FLIR SC-60 camera with a 640 x
480 pixels resolution. The choice of this camera was
motivated by its compatibility with MATLAB, making
it a practical option for implementation. To enhance
the classification accuracy of the collected thermal
images, we apply a series of preprocessing steps,
including segmentation and convolutional neural
network classification techniques. These steps are
essential for effectively categorizing breast cancer
cases in the dataset.

3.2 Proposed Methodology

The CNN approach has emerged as the most effective
method for diagnosing breast cancer because it can
extract global features using kernels. These global
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features, encompassing accuracy, efficiency, and sen-
sitivity, have proven invaluable for image classification.
In our work, we have devised a custom classifier that
leverages ML techniques for feature extraction and
binary classification. Our classifier is a fusion of two
robust architectures: the ResNet structure, which
incorporates batch normalization layers after each
convolution layer and employs Maxpooling with a
layered approach for analyzing benign and malignant
tumors. GoogleNet features include the 2D Convolu-
tion Layer (2D-CNN) and the RelLU activation function.
Through extensive simulations and evaluations, it
becomes evident that the 2D-CNN stands out as the
optimal classifier. It excels in leveraging filtration and
the ReLU activation function, resulting in a transparent
and interpretable categorization of thermograms. As
such, it emerges as the most proficient choice for
breast cancer diagnosis.

Figure 1. Samples thermograms images from DMR Dataset

* 1*1 Convolution 2D layer The primary objec-
tive of this layer is to minimize the volume of
data transmitted across the network, thereby
enhancing its depth and breadth. This concept
is often called "Network Inside Network," where
we employ a 1x1 convolution to analyze the
element-wise combination of neighboring pixels
in an image. This convolutional operation in-
volves processing the input data alongside a 1x1
filter, resulting in an output with dimensions of 1

x 1. Despite not identifying linear patterns within
the image, a 1x1 filter is proficient at capturing
commonalities across the image's channels.
Consequently, 1x1 convolution filters bring
several advantages to the network, aiding in the
learning process and serving as a dimensionality
reduction technique.

1*1 Batch Normalization layer — Batch nor-
malization is a crucial technique within neural
networks, allowing for enhanced independent
learning at each layer. It achieves this by normal-
izing the preceding layers. These normalization
processes encompass various aspects, such
as scaling the activations of the input layer.
Importantly, batch normalization serves a dual
purpose: it acts as a potent learning acceler-
ator and a regularization method to prevent
overfitting. This layer standardizes the input
and outputs, bridging the gap between the con-
volutional layer and the subsequent activation
function (ReLU layer) in the proposed 2D-CNN
model.

Xnormalized =X =M [ Xmax = Xmin

Here 'X’' represents several crucial aspects: the
maximum value, the minimum value, the mean
of the dataset, and the specific data point that is
to undergo normalization.

1*1 ReLU layer — A rectifier function, such as
Rectified Linear Unit (ReLU), Leaky RelLU, TanH,
or Sigmoid, plays a crucial role in refining the
output of each kernel operation. Among these
options, RelLU stands out as the most efficient
choice. The ReLU method transforms values less
than or equal to zero to zero, allowing the posi-
tive values to pass through, thereby enhancing
the overall outcome.

o(x) = max(0 x)

Max Pooling 2D Layer — A new layer, referred
to as a pooling layer, has been introduced in the
network architecture. This pooling layer follows
a ReLU layer in the sequence. It employs a spe-
cific pooling technique called max pooling, which
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Figure 2. Layered Architecture of Proposed 2D-CNN model

selects the maximum value within a defined re-
gion of the feature map covered by a filter. As
a result, this operation generates a feature map
highlighting the most prominent elements from
the previous feature map. During computation,
the max-pooling layer considers only the highest
values within a specified kernel size. In this case,
a 2-by-2 kernel is used to process the entire in-
putimage, resulting in an output image that is re-
duced to a size of four by four. For each block of
four values in the output, the max-pooling oper-
ation selects the highest value, effectively captur-
ing the most significant features from the input
data.

1*1 Fully connected layer — The information
collected from the preceding layers is synthe-
sized to categorize a specific image. The initial
max pooling layer's output is flattened before its
transmission to the Fully Connected layer.
Softmax Layer — The SoftMax function plays
a crucial role in deep learning by transforming
the output of a fully connected layer into a
probability distribution ranging from 0 to 1. This
probability distribution is essential for classify-
ing data. It's important to note that this layer
incorporates normalized exponential functions.
In a fully connected layer's topmost tier, every
neuron establishes full connectivity with the
preceding fully connected layer, resembling
the connectivity pattern found in conventional
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The layer before the Soft-Max Layer is identified
as follows:
hend — wend * hend—1 +bend
p p
The normalized outcome using the Soft-Max re-
gression is as follows:

2
Vp = —exp(he"g)\Zexp(he”;’)
p=1

Classification Output Layer — The design
phase has been successfully concluded. During
this phase, every input is categorized into one of
the exclusive classes within this layer based on
the probabilities calculated by the softmax layer
for each information. After training completion,
the trained network is applied to categorize the
validation set. Our 2D-CNN model achieved a
remarkable 95% success rate in this endeavor.

Hidden Layer — To build a deep neural network,
it is possible to incorporate multiple hidden
layers into the network architecture. In our pro-
posed 2D-CNN model, we have introduced three
hidden layers. Notably, each subsequent layer
in one batch connects with the last layer in the
previous batch. The proposed model is designed
with a structural configuration consisting of 27
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layers. It operates on images of 32 x 32 pixels
and includes five convolution layers, crucial for
feature extraction in image data. Additionally,
five pooling layers are used to downsample
the feature maps, and five normalization layers
are used to ensure stable training. The model
incorporates the ReLU activation function in all 5
of its layers. Furthermore, there are three fully
connected layers towards the end, followed by
layers dedicated to rearranging the data and
conducting classification using the softmax func-
tion. This architecture is well-suited for image
processing tasks, with its thoughtful combination
of convolutional, pooling, and fully connected
layers to effectively learn and represent features
in the input data for accurate classification.

4 Experiments and Results

A comprehensive evaluation of the model's perfor-
mance involves the calculation of various key metrics,
including accuracy, specificity, sensitivity, recall, pre-
cision, and F-score. These metrics are crucial for
conducting a thorough performance analysis. To de-
rive these metrics, we employ a confusion matrix that
provides essential information about true positives
(TP), false negatives (FN), false positives (FP), and true
negatives (TN). True Positives (TP) occur when the 2D-
CNN accurately identifies patients as unhealthy. True
Negatives (TN) represent cases where the 2D-CNN
correctly identifies patients as healthy. False Positives
(FP) are instances where the model mistakenly labels a
healthy patient as unwell. Conversely, False Negatives
(FN) occur when the 2D-CNN incorrectly categorizes a
patient as healthy when they are, in fact, unhealthy.
This comprehensive evaluation approach ensures a
robust assessment of the model's performance across
various dimensions.

TP+ TN
Accuracy = (M
TP+ FP+TN+FN
TP
Precision = (2)
TP+ FP
TP
Recall = (3)
TP+FN
Precision x Recall
F1Score = 4)

Precision + Recall

4.1 Dataset Distribution

This study utilizes thermal imagery to introduce a 2D
CNN model for binary breast cancer classification. The
dataset used in this research is from the renowned
open-access DMR-IR database [34]. Table presents the
dataset distribution.
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Figure 3. Database Description

Table 1. Dataset Distribution

Dataset Dimensions Training Testing Total
Batch 1 640 x 480 80% 20% 100
Batch 2 640 x 480 80% 20% 500
Batch 3 640 x 480 80% 20% 4000

In Batch 1, we allocate twenty percent of the
dataset for testing. Table 3 presents a comparison
of accuracy scores. This table illustrates the results
achieved through our proposed approach, 2D-CNN,
alongside traditional techniques such as CNN and SVM.
Our suggested model capitalizes on enhanced image
detection and efficient layering to boost accuracy
significantly.
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Sample segmented Grey-scale images from

Table 2. Proposed 2D-CNN, CNN, and SVM accuracy with
batch 1

Samples 2D-CNN CNN SVM
1 82 11 46.5
2 90 96 93
3 13 1 7
4 89 76 82.5
5 61 79 70
6 10 83 46.5
7 27 8 17.5
8 51 38 44.5
9 97 24 60.5
10 88 73 80.5
11 15 39 27
12 87 82 84.5
13 85 17 51
14 43 23 33
15 69 13 41
16 98 12 55
17 36 74 55
18 77 49 63
19 65 46 55.5
20 78 85 81.5
Accuracy 95% 77%  91%

In Batch 2, twenty percent of the dataset is allo-
cated for testing. The comparison of accuracy results

is presented in Table 3. This table showcases the
outcomes achieved through the suggested 2D-CNN
approach, in contrast to conventional techniques
such as CNN and SVM. Essentially, our recommended
model leverages enhanced image detection capa-
bilities and optimized layering to boost accuracy
significantly. Certainly! To ensure that the table fits
within the available width while adjusting the width of
each column, you can use the pwidth column specifier,
where width is the desired width for that column.
Here's an example:

Table 3. Proposed 2D-CNN, CNN, and SVM accuracy with
batch 2

Samples 2D- CNN SVM Samples 2D- CNN SVM
CNN CNN
1 408 426 417 51 125 66 95.5
2 452 280 366 52 306 85 195.5
3 64 463  263.5 53 294 20 157
4 454 347 400.5 54 73 284 1785
5 314 290 302 55 54 126 90
6 49 404 226.5 56 222 240 231
7 138 435 286.5 57 427 309 368
8 270 483 379 58 151 222 186.5
9 472 1 236.5 59 259 237 248
10 474 425 4495 60 99 197 148
1 78 301  189.5 61 331 55 193
12 475 485 480 62 112 216 164
13 468 258 363 63 445 374 409.5
14 237 234 2355 64 449 382 4155
15 389 390 389.5 65 486 478 482
16 69 111 90 66 418 91 254.5
17 205 242 2235 67 238 246 242
18 443 436 439.5 68 61 278 169.5
19 382 277 3295 69 65 181 123
20 462 407 4345 70 111 89 100
21 315 355 335 71 362 408 385
22 18 281 1495 72 110 36 73
23 406 118 262 73 349 46 197.5
24 446 318 382 74 104 61 82.5
25 324 40 182 75 396 71 2335
26 360 298 329 76 149 264  206.5
27 353 314 3335 77 84 244 164
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28 186 346 266 78 107 455 281
29 310 421 3655 79 260 393  326.5
30 81 498 289.5 80 200 307 2535
31 332 362 347 81 148 310 229
32 15 273 144 82 428 27 2275
33 130 494 312 83 245 360 302.5
34 22 271 1465 84 230 486 358
35 46 8 27 85 482 410 446
36 383 57 220 86 119 357 238
37 323 401 362 87 496 326 411
38 147 225 186 88 312 213 2625
39 440 391 4155 89 157 74 115.5
40 16 97 56.5 90 234 164 199
41 202 255 2285 91 32 440 236
42 176 49 336 92 23 13 18
43 351 15 183 93 217 384 300.5
44 364 479 4215 94 318 123 2205
45 86 166 126 95 380 120 250
46 223 23 123 96 53 135 94
47 203 223 213 97 417 189 303
48 293 88 190.5 98 190 262 226
49 321 56 188.5 99 5 11 8

50 341 93 217 100 136 338 237

Table 4 presents a comparison of F-scores. This
table illustrates the proportion of results achieved
through our recommended approach, 2D-CNN, and
traditional techniques such as CNN and SVM. Our
proposed model capitalizes on enhanced image de-
tection and optimized layering to significantly boost
accuracy.

The accuracy results for the 20% dataset are
presented in Figure 5. The graph lines exhibit some
roughness due to the limited number of images and
the maximum number of training samples. As the
number of images increases, the graph naturally
becomes smoother.

Table 4. Proposed 2D-CNN, CNN, and SVM accuracy with
batch 1

Samples 2D-CNN CNN SVM
1 0.18 0.1  0.87
2 0.89 0.04 0.99
3 0.53 0.07 093
4 0.18 0.1 087
5 0.89 0.04 099
6 0.53 0.07 093
7 0.18 0.1 0.87
8 0.89 0.04 0.99
9 0.53 0.07 093
10 0.18 0.1  0.87
" 0.89 0.04 099
12 0.53 0.07 0.93
13 0.18 0.1  0.87
14 0.89 0.04 0.99
15 0.53 0.07 093
16 0.18 0.1  0.87
17 0.89 0.04 0.99
18 0.53 0.07 093
19 0.18 0.1  0.87
20 0.89 0.04 0.99
Accuracy 95% 77%  91%

Accuracy

CNNZD mCNN ESVM
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@
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Figure 5. Accuracy results with batch 1

In Figure 6, we display the accuracy results for batch
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2. Here, the graph lines also show some roughness,
attributed to the high number of training samples and
the limited number of images. Like the previous case,
the graph becomes smoother as the number of images
increases.

Figure 7 illustrates the most favorable accuracy re-
sults achieved at epoch 10 using batch size 3. This
outcome hints at the underlying factors responsible
for the unevenness in the graph lines, specifically, the
combination of a limited number of training samples
and a small image dataset. We observed a noticeable
enhancement in the graph’s smoothness as images in-
creased. A similar pattern emerges in Figure 8, show-
casing the best accuracy results for batch 3 at epoch
5. However, when examining Figures 9 and 10, we en-
counter erroneous outcomes for batch 3 at epochs 5
and 10. These results raise concerns about an escalat-
ing false rate, seemingly associated with an expanded
dataset of images. Interestingly, despite these anoma-
lies, we still observe a natural improvement in graph
smoothness as the number of images in the dataset
grows.

Accuracy with batch 2

CNN2D ®CNN

Number of Samples

Figure 6. Accuracy results with batch 2

In Figure 11, we present the F-score measurements
for 20 separate epochs. The CNN model exhibits a 46%
increase in false negatives, which is less desirable for F-
score performance. This increase can be attributed to
the model's need for more time to detect an image, es-
pecially when compared to other models, given a large
training dataset. Consequently, this factor significantly
impacts the overall detection time.

Similarly, the SVM model demonstrates a 33%

False Rate with 10 Epoch

§E. 88888

1

W CuN B DO

Figure 7. Accuracy results of epoch 10 with batch 3
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Figure 8. Accuracy results of epoch 5 with batch 3

increase in the false-negative rate, indicating subop-
timal F-score performance. However, the proposed
technique stands out by yielding more effective results
in terms of F-score performance.

Table 5 shows various methods and their respec-
tive accuracies in a specific domain. Mammoottil et
al.'s method, based on Deep Learning (DL), achieved
an accuracy of 93.80%. Zuluaga-Gomez et al. utilized
CNNs to attain an accuracy of 92.00%. Karthiga et
al. employed Support Vector Machines (SVM) and
achieved an accuracy of 93.30%. Hakim et al. com-
bined Principal Component Analysis (PCA) with SVM,
resulting in an accuracy of 94.40%. However, the pro-
posed model, a customized 2D CNN, outperformed all
other methods with an impressive accuracy of 95.01%,
demonstrating its superiority in the task.
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Table 5. Performance Comparison with existing studies

Reference Method Accuracy
Mammoottil et al [32] DL 93.80%
Zuluaga-Gomez et al [33] CNNs 92.00%
Karthiga et al [31] SVM 93.30%
Hakim et al [30] PCA-SVM 94.40%

5 Conclusion

There are various methods for cancer detection,
including mammography, ultrasound, and biopsy.
However, these methods have drawbacks, such as
radiation exposure and uncomfortable procedures.
Thermal imaging is a promising alternative for more
accurate and less invasive cancer prediction with-
out direct body exposure. In contrast to traditional
CNN models, our proposed method demonstrates
enhanced results by leveraging a 2D CNN layering

CNN m CNNZD mSVM

9 10 11 12 13 14 15 1

Samples

Figure 11. F-score results

technique with three optimized hidden layers. This
approach significantly improves classification out-
comes on a thermal image dataset. Our method has
been fully implemented using MATLAB. It utilizes a
segmented dataset comprising thousands of images
representing various breast cancer states, although
we have focused on a subset of 600 images. Remark-
ably, our model achieves outstanding results even
with a smaller dataset than existing methodologies.
For instance, our model achieves a remarkable 95%
accuracy rate and an impressive f-score of 0.94 in
binary classification between benign and cancerous
images. In contrast, traditional models like SVYM and
standard CNNs achieve lower accuracy rates of 91%
and 71%, respectively, on the same dataset. The
f-scores for CNN and SVM are also 0.68 and 0.89,
respectively. Combining our methodology with other
approaches can lead to the creation of a superior
model, resulting in improved outcomes in the field
of medical image categorization. As layering plays a
crucial role in feature detection, our method empha-
sizes precision and reliability by incorporating precise
ranking intensity values into the layering process. This
innovative layering combination enhances the overall
reliability of our CNN model.
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