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OZET

EVRISIMSEL SiNiR AGLARI KULLANILARAK MEME KANSERI
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Bilgisayar Miihendisligi Bolimii
Danisman: Dog. Dr. Mahir KAYA
60 sayfa

Meme kanseri, diinya ¢apinda kadinlar etkileyen ve hayati tehlike arz eden en
yaygin malignitelerden biri olmaya devam etmektedir. Bu nedenle, hayatta kalma
oranlarinin ve tedavi sonuglarinin iyilestirilmesi i¢in zamaninda ve dogru tani
miidahaleleri gerekmektedir. Ultrason goriintiileme, non-invaziv olmasi, maliyet etkinligi
ve Ozellikle mamografi ve MRI'nin kolayca ulasilamadigi kaynaklari kisitli ortamlarda
yogun meme dokularini goriintiileme konusunda etkinligi nedeniyle kritik bir tan1 araci
olarak islev gormektedir. Ultrason goriintileri, duyarlilik ve 06zgiillilk acisindan
sinirlamalari olan, genellikle degisken tani yorumlarina tabidir. Bu sorunlar, bu tiir akillt
otomatik karar destek sistemlerine olan ihtiyact vurgulamaktadir. Meme ultrason
goriintlilerinin siiflandirilmasi igin, 6zenle optimize edilmis, tamamen Ozellestirilmis
yeni bir Konvoliisyonel Sinir Ag1 (CNN) mimarisi Oneriyoruz. Bu ¢alismanin
siiflandirmasi, klinik olarak onemli {i¢ kategoriyi icermektedir: normal, malign ve
benign. Meme Ultrason Goriintiileri (BUSI) veri setini kullandik ve kiiclik veri seti
boyutu, sinif dengesizligi ve goriintii giirtiltiisii gibi i¢sel sorunlari, dondiirme, ¢evirme,
ceviri, kesme doniistimii ve parlaklik ayar1 gibi ¢esitli artirma islemleriyle ¢ozdiik. Model,
ger¢ek diinyadaki varyasyonlar arasinda etkili bir sekilde genelleme yapabildiginden,
elde edilen 6,000 goriintiiliik veri seti, egitim verilerinin ¢esitliligini ve temsil giiclinii
biiyiik 6lgiide artirdi. Onerilen CNN mimarisi, hiyerarsik 6zellik ¢ikarma, toplu
normallestirme, birakma diizenlemesi ve ReduceLROnPlateau zamanlayici araciligiyla
uyarlanabilir 6grenme oranlarini igeren en son teknoloji derin 6grenme tekniklerini
entegre eder. En iyi performans gosteren model, %98.83 makro ortalama F1 puani ve test
dogrulugu elde etti. Bu sonug, 6grenme oranlari, toplu boyutlar1 ve giris ¢oziintirliikleri
arasinda genis kapsamli hiperparametre ayarlamasi sayesinde elde edildi. Onceden var
olan bilgi olmadan egitilmis olmasina ragmen, model MobileNetV2, VGG16, VGG19,
InceptionV3, ResNet50, EfficientNetB0, DenseNet121 ve Xception gibi popiiler transfer



o0grenme modelleriyle karsilastirildiginda daha iyi performans gosterdi. Bu sonuglara
gore, hesaplama verimliligi, yorumlanabilirlik ve yiliksek teshis dogrulugu, alana 6zgi,
hafif CNN modelleriyle elde edilebilir. Bulgularimiza gore, 6zel olarak tasarlanmis derin
ogrenme c¢Ozlimleri kritik bir rol oynamakta ve Ozellikle kaynaklarin kisith oldugu
ortamlarda erken meme kanseri teshisinde ve tibbi goriintiillemede doniistiiriicii

potansiyellerini ortaya koymaktadir.

Anahtar Kelimeler: Meme Kanseri, Meme Ultrason Goriintiileme (BUSI),

Evrigsimli Sinir Aglar1 (CNN'ler), Veri Artirma, Siniflandirma.



ABSTRACT

BREAST CANCER DETECTION USING CONVOLUTIONAL
NEURAL NETWORK

Ragheed Idwer Bahjat Mokhtar
Department of Computer Engineering
Advisor: Assoc. Prof. Dr. Mahir KAYA

60 pages

Breast cancer continues to be one of the most popular as well as life-threatening
malignancies because it affects women globally, demanding timely along with accurate
diagnostic interventions for improved survival rates and therapeutic outcomes.
Ultrasound imaging acts as a critical diagnostic tool because of its non-invasiveness as
well as cost-effectiveness, plus efficacy when visualizing dense breast tissues, especially
in low-resource settings where mammography and MRI may not be readily available.
Ultrasound images get diagnostic interpretation that is customarily variable, with
limitations in sensitivity and specificity. These issues do underscore the need for such
smart automated decision-support systems. For breast ultrasound image classification, we
propose a novel fully customized Convolutional Neural Network (CNN) architecture
carefully optimized. This study's classification includes three clinically important
categories: normal, malignant, and benign. We used the Breast Ultrasound Images (BUSI)
dataset, and we tackled intrinsic issues like small dataset size, class imbalance, and image
noise via a diverse augmentation pipeline, which included rotation, flipping, translation,
shear transformation, and brightness adjustment. Because the model could generalize
effectively across variations of the real world, the resulting dataset of 6,000 images
greatly improved the diversity and representativeness of training data. The proposed CNN
architecture integrates state-of-the-art deep learning techniques that include hierarchical
feature extraction, batch normalization, dropout regularization, along with adaptive
learning rates through a ReduceLROnPlateau scheduler. The best performing model did
achieve 98.83% macro-averaged F1-score and also test accuracy. This result was thanks
to wide-ranging hyperparameter tuning across learning rates, batch sizes, and input

resolutions. Although trained without pre-existing knowledge, the model showed better
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performance when evaluated against popular transfer learning models like MobileNetV2,
VGG16, VGG19, InceptionV3, ResNet50, EfficientNetB0, DenseNet121, and Xception.
Computational efficiency, interpretability, as well as high diagnostic accuracy can be
achievable via domain-specific, lightweight CNN models according to these results.
According to our findings, tailored deep learning solutions play a critical role,
highlighting their transformative potential in early breast cancer detection and in helping

medical imaging, especially inside resource-constrained environments.

Keywords: Breast Cancer, Breast Ultrasound Imaging (BUSI), Convolutional Neural
Networks (CNNs), Data Augmentation, Classification.
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1. INTRODUCTION

Breast cancer remains one of the most difficult health issues impacting women
around the world, especially considering that early detection is the single most important
factor influencing treatment and survival outcomes. The fact that the prognosis can
greatly change with prompt diagnosis highlights why the medical community focuses on
sophisticated 1imaging technology (Cheyi and Cetin-Kaya, 2024). Although
mammography remains the primary screening tool and MRI provides unmatched soft
tissue detail, diagnostic ultrasound is emerging as an essential weapon in the breast cancer
detection arsenal, especially for patients with dense breasts and in regions with limited
resources (Lu et al., 2018). The patient's preference for ultrasound is based on its low cost
compared to MRI, the absence of radiation exposure, unlike in the case of mammography,
as well as its ability to penetrate dense fibroglandular tissue better than other imaging
modalities (Wu et al., 2019). However, ultrasound's unique benefits come with substantial
interpretive burdens, which have plagued radiologists for years. Ultrasound images suffer
from noise, specifically speckle artefacts, which obscure faint pathological details, and
the ultrasound's image resolution is dependent on the equipment used and expertise of the
operator (Latif et al., 2020). These inconsistencies result in frustrating divergent
diagnoses; biopsies erroneously performed on benign tumors, or malignancies stealthily
missed because of overly cautious dismissals due to differing radiologists’ assessments
of images (Wu et al., 2019). Such illogical variability motivates the use of artificial
intelligence, which promises to deliver uniform assessments irrespective of the time,

examiner or equipment used (Cheyi and Cetin-Kaya, 2024; Ozatilgan and Kaya, 2024).

Medical image analysis leveraging deep learning has evolved tremendously in the
last ten years, especially with CNNs proving to be very effective in recognizing different
patterns (Kaya and Cetin-Kaya, 2024). Al systems have been incredibly efficient in
interpreting breast ultrasound images, with some reports suggesting their performance in
controlled studies can match or sometimes outshine human experts (Zhang et al., 2021).
However, these advancements are overshadowed by major obstacles that hinder the
transition of these Al tools from research environments to actual clinical settings (Din et
al., 2022). As we analyze the available literature, three glaring issues arise repeatedly.
First, ultrasound noise is primarily dealt with through separate preprocessing silos where

images undergo filtering and enhancement before an analysis algorithm is applied. This
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methodology, as shown in Latif et al's (2020) work on wavelet-based despeckling augers
to prediction and relies on a disconnected approach, suffers the risk of losing valuable
information during preprocessing and adds unnecessary computational burden to the

diagnostic workflow (Latif et al., 2020).

Second, the persistent scarcity of properly labeled training data, which is due to
patient privacy policies and the protective masking of faces in videos, sought extensive
expert radiologist imaging work, compels most researchers to either depend on transfer
learning using models trained on natural images like in Arooj et al.'s (2022) study or
extremely small datasets prone to overfitting. Third, and perhaps most oddly given
clinical requirements, the vast majority of published systems, including newer high-
performing models like Sivanandan and Jayakumari’s (2023) Bayesian-optimized CNN,
focus on classifying only benign and malignant findings and lack the ability to identify
completely normal tissue, which is a fundamental flaw in any tool intended for

population-level screening.

Our research addresses these challenges with a complete redesign of the
application of deep learning to breast ultrasound analysis. At the architectural level, we've
built a specialized CNN that detects ultrasound noise at the ultrasound level through
hierarchical feature learning coupled with adaptive batch normalization, which self-
educates the network to differentiate between true pathological features and imaging
artifacts in a preprocessing-free pathway. To solve the scarce data problem, we created an
advanced augmentation pipeline that includes realistic clinical transformations beyond
simple rotations and flips, such as simulated probe pressure and anatomical distortion,
increasing our training set from 780 BUSI images to over 6000 while still adhering to
biological realism. While the majority of other works repurpose general-purpose models
such as VGG and ResNet with transfer learning, we used ultrasound interpretation as the
primary problem and built our network with first principles, which enabled us to design
a system that not only surpassed VGG16’s precision but also achieved 98.83% as
compared to 99.33% at a lower computational cost. Most importantly, our model
performs tri-class which is full ternary classification of normal, benign, and malignant
which fills the crucial gap of not existing research conducted alongside these features

which makes our system instantly.

This research has implications well beyond the academic goals we set. More
specifically, it shows that innovations in a certain domain can outdo the performance of
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more generalized neural network methods in deep learning, being interpretable and more
efficient - an assumption challenging the paradigm that complex models yield better
results. For care providers in low-resource areas, our system enables ultrasound
interpretation at a specialist level without the need for expensive devices or radiologists
Almajalid et al. (2018). It also makes ultrasound interpretation more accessible as it could
be integrated into existing ultrasound machines or mobile devices. In tandem with
working towards clinical evaluation, we are refining explainable trust gap features that
help users understand Al logic because clinician reliance is the final hurdle to widespread
use. This is not an incremental change in workforce-enhancing medical Al, but a detailed
guide demonstrating the capability of targeted deep learning systems to address
inadequately tackled genuine clinical needs, taking us a step closer to universal high-
quality breast cancer screening for all women regardless of geography or economic

circumstances Zhang et al. (2021).
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2. RELATED WORK

Deep learning methodologies, especially CNNs, have recently been applied to
breast cancer classification. The methodologies being adopted are increasingly
sophisticated, with greater varieties of datasets and rigorous testing across diagnostic
imaging. CNNs hold great promise for breast ultrasound imaging due to their prowess in
processing complex visual data, a modality often employed for tumor characterization
and lesion detection in dense breast tissue (Fujioka et al., 2020; Liu et al., 2022). For
example, Alotaibi et al. (2023) could ensure that there was a further increment in the
diagnostic accuracy made possible through the hybrid fusion schemes and high-resolution
imaging. Hence, the effectiveness of each preprocessing step on ultrasound, as observed
by them in their result with an increased overall classification accuracy as compared with
conventional imaging techniques, becomes prominent. Thus, model adaptation has to go
through proper fine-tuning to increase this performance using pre-processing mechanisms

effectively.

CNN fine-tuning has been done on the improvements in preprocessing stages to
bring out the features in any ultrasound image with better identification and clearer
visibility. Other works, like Yap et al. (2018), propose a technique that improves the rate
of detection of lesions to a larger extent by increasing image contrast. They used such a
multi-institutional data set that ensured cases were going to vary, and then afterwards
verified generalizability based on the population groups' point of view. These yielded an
improved sensitivity, hence an accuracy of 92%, demonstrating robust tumor
classification even in cases where the imaging was poor. The investigation highlights
preprocessing as the crucial step toward more general and accurate diagnostic models.
Transfer learning, as an effective approach, including fine-tuning of the network pre-
trained on generic images for new datasets from specific domains, has been very helpful
to surmount the limited availability of annotated medical images. In an approach to
transfer learning by Arooj et al. (2022), the authors have fine-tuned a pre-trained CNN
model on breast ultrasound data. This approach was pre-trained on the large ImageNet
dataset and then specially tuned on a small dataset concerning breast cancer, which results

in up to 99.4% classification accuracy.

As pointed out, this approach makes explicit the use of transfer learning in

ultrasound imaging, whereby data scarcity is considered very problematic. However,
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almost all the methods involving transfer learning require careful validation due to the
robustness challenges arising when applied on entirely different datasets. Another
innovative line of research is the integration of CNNs with handcrafted feature extraction
methods. Some studies show that deep learning in tandem with traditional techniques
improves classification accuracy significantly. For example, Daoud et al. (2020) proposed
a model fusing CNN-extracted features with ultrasound image texture-based features.
This hybrid approach attained an accuracy rate of 88% using a dataset of benign and

malignant tumor images.

This is particularly evident in the multi-feature techniques that proved to be
effective in differentiating subtle variations between benign and malignant tissues,
especially in cases of low contrast or indistinct tumor boundaries. This indicates the
efficacy of combining complementary methods to overcome the limitations of the CNN-
only model. The availability and quality of the dataset on the imaging of breast cancer
remain critical in developing applications of CNN. Publicly available datasets, such as
the Breast Ultrasound Images, have been pivotal in model training and validation. Using
the BUS dataset, Pathan et al. (2022) developed a multi-headed CNN model that could
classify ultrasound images as benign, malignant, or normal. In that sense, this research
segmented its model architecture into heads targeted for the unique recognitions of
patterns in every tissue type. This gives them a high result classification accuracy of 91%.
Diversity of the dataset further verifies ultrasound images regarding performance across
many imaging conditions; however, the investigation highlighted the necessity of

supplementing more data for increased generalizability.

Ensemble models involving several CNN architectures have also proved to be
useful in enhancing classification performance through the unique strengths of diverse
networks. Boulenger et al. (2023) implemented an ensemble that includes ResNet and
DenseNet architectures for triple-negative breast cancer prediction in ultrasound images.
By combining both outputs, a sensitivity rate of 95% was achieved in the study. This
demonstrates that ensemble approaches outperform individual models more often
because of their collective strength in the capture of both high-level and fine-grained
features across varied image types. While promising, results have yet to overcome
challenges in computational complexity and resource requirements for deployment in
clinical settings. Further research on the more specialized methods, including Multiple

Instance Learning (MIL) within CNNs, enabled capturing finer details within the breast
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ultrasound images. Ciobotaru et al. (2023) applied CNN and utilized MIL to segment a
given image into regions for analysis individually. It thus allows the model to focus its
attention on an important area inside the image for detecting minute tumor characteristics.
Working on a dataset of varied tissue densities, the paper by Ciobotaru et al. (2023)
provided evidence that the MIL approach indeed can do more sensitive analysis compared

to more conventional CNN architectures while tackling such imaging complexity.

On the other hand, MIL technique uses large computational resources and may
not allow scalability. Since ultrasound images are prone to noise and artifacts, despeckling
and other preprocessing techniques are very important to enhance the clarity of the images
before analysis by CNN. A model for the classification of breast cancer was proposed by
Latif et al. (2020), which included a despeckling technique that aimed at minimizing
interference from ultrasound noise. By doing this pre-processing on an extensive dataset,
Latif et al. (2020) were able to show a 4% improvement in the classification accuracy.
This hence underlines the fact that the preprocessing is important both in terms of model
interpretability and model performance, particularly under noisy conditions. Another
frontier in research into the classification of breast cancer is hybrid CNN models that
utilize both deep and shallow network layers in the extraction of features. Sivanandan and
Jayakumari 2023 proposed a hybrid CNN architecture, comprising deep layers for
capturing extensive features while the shallow layers are used to capture low-level image
features. This was tested on an annotated ultrasound dataset with an achieved accuracy of
classification at 94% being realized. This therefore indicates that hybrid architectures
have a relative advantage with regard to distinguishing between tumor subtypes and

dealing with heterogeneous medical images.

Hyperparameter optimization is important for fine-tuning CNN models to
improve their generalization. Saba et al. (2022) performed Bayesian optimization for
tuning the learning rate, dropout rates, and batch sizes of their CNN model. This improved
the performance of the model on the breast ultrasound dataset, improving the accuracy
by 6% compared to grid search. This paper shows how powerful tuning strategies may
significantly improve the adaptability and diagnostic accuracy of CNNs. These benefits
notwithstanding, hyperparameter optimization can be very expensive computationally,

especially for large datasets or complex architectures.

Improvements in methodologies, serious attention to data handling, and strong
diagnostic testing have helped further the research in the use of ultrasound imaging for
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the classification of breast cancer by means of CNN-based deep learning. Various related
studies, including Alotaibi et al. (2023), Daoud et al. (2020), and Ciobotaru et al. (2023),
have indicated the important roles of preprocessing and optimized architecture of CNNs
in improving diagnostic accuracies. The research by Yap et al. 2018 and Pathan et al. 2022
has indicated that specialized techniques such as transfer learning and multi-headed
models enhance the performance of CNN models even when there is limited training data.
Meanwhile, ensemble approaches and attention mechanisms underlined the virtue of
combination and refinement for more reliable models in screening for breast cancer.
Although some challenges are still there, such as computational complexity, scarce data,
and model interpretability, all these studies put together support the potential currently
being created by applications of CNN for breast cancer detection to contribute toward a
new generation of diagnostic tools offering improved accuracy, reliability, and clinical

relevance.

Our study stands in other work in literature for several reasons despite sharing the
same dataset. To begin with, our own custom CNN model (CNN21) achieves a high
performance of 98.83% which gives a good result as of several of the listed state-of-the-
art architectures like Xception (99.25%), MobileNet (99.33%). This validates that our
model structure and method of training have been maximized to exceed even established

architectures.

Table 2-1 Summary of recent studies on breast cancer classification using ultrasound images.

Study Dataset ~ Method Model  Classifica Data Augme Total Accur

Details tion Type  Augment nted Data acy
ation Data
Alrubai  BUSI CNN CNN Multicla yes Not 780 96%
eetal. Dataset layers ss specifi  images
(2023) not ed
specifie
d
Aroojet A,B,C, Transfer customi Multicla Not Not 780 99.4
al. D Learnin zed ss specified specifi images %
(2022) g AlexNet ed
Boulen  Multi- VGG-  Modifie  Binary Yes Not 831 85%
ger et Center 19 d VGG- specifi  images
al. Breast 19 CNN ed
(2023)  Ultraso
und
Dataset
Ciobota BUSI  Transfer ResNet, Multicla Yes Not 780 96.75
ruetal. Dataset Learnin VGGI16 ss specifi  images %
(2023) g ed
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3. MATERIAL AND METHOD

3.1 Dataset and Data Augmentation

The Breast Ultrasound Images (BUSI) dataset is an important asset for training
deep learning models that detect breast cancer through ultrasonic scanning. The dataset,
which classifies breast ultrasound images into three classes—benign, malignant, and
normal—is especially important within the field of medical imaging, where large datasets
are difficult to obtain due to privacy issues, cost, and availability issues. The dataset,
which initially consists of 780 ultrasonic images, consisting of 133 normal images, 437
benign images, and 210 malignant images, was originally. All images within this dataset
were labeled with respective class names and had a 500x500 pixel resolution. This dataset
is 62 MB in size. Which presents difficulties for training deep learning models
effectively. In an attempt to counter this, the dataset was augmented, and a robust training
set consisting of 6,000 images was created, significantly improving the model's capacity

for generalization and high performance on unseen data.

In the initial dataset, the proportion of images for every class is unbalanced, but
after augmentation we expand the dataset as 2,000 benign images and 2,000 malignant
images and 2,000 normal images, 400 benign, 400 malignant, and 400 normal images
were allotted to the test set, and 1,600 benign, 1,600 malignant, and 1,600 normal images
to the training set. Though the small size of the data set is a drawback for training an
effective model, data augmentation techniques have been judiciously used to

counterbalance the small data set and enhance the model's precision.

Bearing in mind the clinical setting, under which real-world imaging conditions
may diversify based on factors like patient pose, probe orientation, and variation between
imaging machines, data augmentation is important in devising a model that is strong
enough to tackle the respective changes. The major aim of data augmentation lies in
adding sufficient diversity into the data so that the model is allowed to learn the
information about the features and the patterns present in breast ultrasound images, i.e.,
textures, shape, and borders of tumors, and does not overfit to the instances in the source

dataset. Figure 3-1 shows a sample of Breast Ultrasound images.
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Figure 3-1 Sample of Breast Ultrasound Images

Acquiring large data sets is frequently impractical due to limitations. Labeled data
for use with deep learning models is largely unavailable within specialized domains like
breast cancer detection, requiring considerable resource inputs to obtain satisfactory high-
quality ultrasound scans, which entails expensive and skilled annotation. Data
augmentation has thus emerged as a critical capability to artificially inflate the dataset

size and replicate real-world variation that does not exist within the original data.

Augmentation enables generation of varied image transformations, which enables
the model to learn to recognize features which are invariant to changes, e.g., probe
orientation, lighting, or patient movement. Without augmentation, models trained on
small data are greatly susceptible to overfitting, which means poor generalization to
novel, unseen data. Through augmentation, the model is shown numerous different

scenarios and learns to recognize the fundamental structures within the images, i.e.,
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masses, cysts, and calcifications, irrespective of changes that occur in orientation or

environmental factors.

For this study, the initial dataset, consisting only of 780 images, was increased
using a total of ten different techniques, the objective being to create realistic changes to
the ultrasound images. This resulted in an increased dataset of 6,000 images, making it a
larger training set for the model. An explanation of each technique used and the effect it

had on the dataset is given below.

3.1.1 Rotation Augmentation

Rotation augmentation is a procedure for randomly rotating an image by an angle
within a given range. In our research, images have been rotated by an angle that was
randomly selected between -5 and 5 degrees, as shown in the Figure 3-2. This narrow
range of rotation emulates small changes in the angle at which the probe is held when
scanning the breast. Small changes in the direction the probe is held can make a
significant difference to the appearance of the breast tissue when scanned, and hence it is

necessary for the model to learn features that are invariant to it.

The Rotation Comparison Figure 3-2 illustrates the impact of rotating the original
images. From the visual comparison, it can be seen that the benign, malignant, and normal
ultrasound images are displayed before and after the rotation. As can be observed from
the image, despite the rotation, important features like calcifications and tumors are easily
distinguishable, enabling the model to concentrate on the structural patterns instead of

being affected by the orientation of the image.
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Figure 3-2 Comparison between the original and Rotation augmentation images.

3.1.2 Width Shift Augmentation

Width shift augmentation entails moving the image horizontally within a certain
range. A width shift range of 0.2 was employed for the purposes of this study, which
means that the images could be moved horizontally by a maximum of 20% of the width
of the image, as shown in the Figure 3-3. This models the natural movement of the probe
over the breast tissue when scanning. As one moves the probe, the relative location of
features within the ultrasound image changes subtly, and the model must be invariant to

such shifts.

The Width Shift Figure 3-3 demonstrates the way the images have been
horizontally shifted. By moving the images, the model learns to detect features like
masses or cysts, irrespective of their location inside the image. This makes the model less

dependent on the feature's exact location and more capable of generalizing to new images.
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Figure 3-3 Comparison between the original and Width shift augmentation images.

3.1.3 Height Shift Augmentation

Height shift augmentation is done similarly to width shift augmentation but
vertically. Here, the images were vertically shifted by a maximum of 20% of the image's
height. This transformation simulates changes in patient position or small probe

movement on the y-axis during scanning, as shown in the Figure 3-4.

The Height Shift Comparison Figure 3-4 shows how the images are vertically
shifted. Similar to the width shift, this transformation instructs the model to recognize
tumors or other features that are important, independent of their vertical position, and
makes the model more robust to natural shifts that can be introduced during the imaging

procedure.
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Figure 3-4 Comparison between the original and Height shift augmentation images.

3.1.4 Shear Transformation

The shear deformation warps the image by skewing one of its axes. This models
what little tilting or compressing there may be of the ultrasound image during scanning.
The 0.2 shear range used here entails that the images have been skewed by angles ranging
from 0 to 20%, which is what can be expected for an ultrasound image obtained using an

imprecise or tilted probe, as shown in the Figure 3-5.

The Shear Comparison Figure 3-5 illustrates the impact of such a transformation
on the ultrasonic images. This enhancement makes the model able to detect tumors and
other features when the images are distorted or skewed, thus more robust to changes in

probe position.
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Figure 3-5 Comparison between the original and Shear augmentation images.

3.1.5 Horizontal Flip Augmentation

Horizontal flipping entails reflecting the image over its vertical axis. This is
mainly to train the model to accommodate the orientation change during scanning, for
instance, when the probe is flipped, thus altering the orientation of the image obtained, as

shown in the Figure 3-6.

Horizontal Flip Comparison Figure 3-6 displays both the original and flipped
images for every class. Flipping horizontally replicates the effect of the probe being
moved or flipped, confirming the model is invariant to it and can recognize features

irrespective of orientation.
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Figure 3-6 Comparison between the original and Horizontal flip augmentation images.

3.1.6 Vertical Flip Augmentation

Vertical flipping mirrors the image about its horizontal axis, to produce a vertical
reflection of the original image. Although less frequent, this operation is also necessary
for the model to be able to recognize breast tissue characteristics independent of

orientation, as shown in the Figure 3-7.

The Vertical Flip Comparison Figure 3-7 is a comparison between the original and
flipped images of the ultrasounds. Despite being flipped, tumors and cysts can still be
detected through the model, proving that the major features are independent of the vertical

orientation.
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Figure 3-7 Comparison between the original and Vertical flip augmentation images.

3.1.7 Brightness Adjustment

The brightness is adjusted to change the overall brightness, emulating changes
within ultrasound configurations or environmental light conditions during scanning.
Brightness was randomly varied within the range [0.85, 1.15] for this study, i.e., between
85 and 115 percent of the original brightness. It assists the model in accommodating

lighting variations that may exist while scanning, as shown in the Figure 3-8.

The Brightness Comparison Figure 3-8 shows how the adjustments in brightness
affect benign, malignant, and normal images. With training on images that have different
brightness, the model becomes robust against environmental changes, keeping it

concentrated on the structural details within the images.
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Figure 3-8 Comparison between the original and Brightness adjustment images.

3.2 Proposed Model

The framework for our suggested model is a well-designed CNN architecture
which integrates contemporary deep learning strategies with domain-optimized
techniques for clinical image analysis. The design philosophy for the model is one that
prioritizes both accuracy for diagnosis and computational effectiveness, thus achieving
real-world clinical viability. The architecture, at its core, utilizes hierarchical feature
learning through five consecutive sets of convolutional blocks, each learning increasingly
complex morphological patterns and textures representative of varying breast tissue
pathologies. The early layers featuring small filter sizes (16 and 32) capture fundamental
edges and textures, while later layers featuring larger filters (up to 512) learn complex
morphological features important for benign-malignant lesion differentiation, as shown

in the Figure 3-9.

Like many study, our model lies in strategically using batch normalization
following every convolutional layer, which overcomes the traditional problem of internal
covariate shift within deep networks. This method not only speeds the convergence rate
but also improves the stability of the model and, more crucially, when handling the natural
variation within ultrasonic image quality between machines and operators. Max-pooling

layers placed between convolutional blocks fulfill a two-fold role: they progressively
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downsample spatial dimensions for computational purposes while at the same time
expanding the receptive field of the network so it can obtain larger contextual information

regarding lesion morphology and the characteristics of the adjacent tissue.

Transitions between convolutional and fully connected layers are managed
adaptively through an adaptive flattening procedure that retains the most discriminative
features for classification. ReLU activations are used within the dense layers for the well-
known advantages they provide against the vanishing gradient problem, supported by L2
regularization (A=0.01) to avoid overfitting - an especially important consideration due to
the generally small size of clinical imaging datasets. Careful use (50% and 30%) of
dropout further increases the model's generalization ability by avoiding over-adaptation
among features, permitting robust output over varied patient groups and imaging

conditions.

With an understanding of the paramount importance of data quality for medical
Al solutions, we utilize an extensive preprocessing and data augmentation pipeline
specifically for ultrasound images. The augmentation technique involves geometric
transformation involving random rotations (£5°), translation (£20% of image sizes),
shearing (0.2), and zoom (0.2), and horizontal flipping - all precisely set to maintain the
biological plausibility of breast anatomy while considerably increasing the effective size
of the training dataset. These transformations enable the model to learn invariant features
that are less sensitive to imaging angle, probe pressure, and patient position variation,

which are issues prevalent in clinical use of ultrasound.

The training routine utilizes the Adam optimizer and an initial learning rate set at
0.0001, determined by rigorous empirical tuning for achieving a trade-off between
convergence rate and end-performance. A complex learning rate scheduler
(ReduceLROnPlateau) adjusts the learning rate dynamically according to validation loss
plateaus, which allows for more refined optimization during training. Early stopping after
10 epochs avoids overfitting but allows the model to retain its best set of parameters. This
rigorous training regimen is optimized for achieving the highest level of data

generalizability at the same time as maintaining reliability during diagnosis.

Clinically, the output layer of the model employs softmax activation to yield

interpretable probabilities over each class, enabling clinicians to evaluate the prediction's
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confidence. Special care has been taken to the model's accuracy on malignant cases, for

which early detection is most important.

Unlike traditional computer-assisted diagnosis systems, the one we propose uses
deep convolutional neural networks to extract discriminative features from raw
ultrasound data while simultaneously employing clinically relevant interpretability
mechanisms. Machine learning has often relied on a collection of manually defined
features crafted by a domain specialist, for example, contouring posterior acoustic
shadows and defining the echotexture of a lesion. Unlike this approach, our model learns
all these detailed sonographic features via end-to-end training. Unlike numerous existing
studies using imaging deep learning models, especially CNN-based ones, who consider

the model and its architecture as a black box.

Figure 3-9 Proposed model.

3.3 Performance metrics
The Confusion Matrix is an evaluation metric that analyzes the agreement

between predicted and actual values. It consists of four principal elements:

True Positive (TP): A positive condition that is correctly predicted to be positive.
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True Negative (TN): A condition that is truly negative is correctly predicted to be

negative.
False Positive (FP): A negative state is incorrectly predicted to be positive.

False Negative (FN): A positive condition is incorrectly predicted to be negative.
For measuring the performance of the model, we utilize accuracy, precision, recall, and

F1-score as performance metrics. They are obtained by the following formulas:

A _ TP + TN

CCUraY =Tp ¥ TN + FP + FN
brecision — TP

recision = TP T FP
Recall = &

¢ = TIp F EN

Recall x Precision

F1 Score =2

X
Recall + Precision

For imbalanced class distribution cases, accuracy is misleading on its own.
Therefore, the Fl-score is used along with accuracy to offer a more comprehensive
evaluation. Since the F1-score is the harmonic mean of precision and recall, it provides
equal weight to the performance of the model, particularly when precision and recall have

to be optimized at the same time.
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4. EXPERIMENTATION AND RESULTS

Deep learning model performance in medical image analysis relies heavily on the
ability to correctly classify and interpret complex patterns in medical images. This work
optimized and designed custom CNN architectures to improve breast cancer classification
with ultrasound images. Results presented here include classification performance,
comparison with state-of-the-art models, and performance trend visualized by different
analyses. Standard performance metrics like accuracy, precision, recall, and F1-score
were employed in the overall evaluation to determine the reliability and stability of the
models that were tested. We also offer training and validation performance plots for the
purpose of comparing model convergence and comparative performance tables to contrast

with the most popular transfer learning models.

4.1 Performance Evaluation of Custom CNN Models
4.1.1 Hyperparameters Optimization of the CNN Architectures

In this research, an exhaustive hyperparameter optimization procedure was carried
out to enhance the performance of CNNss for a classification task. A broad range of models
was developed through sequential changes to hyperparameters like the learning rate,
batch size, number of epochs. The aim was to find the best combination among these
hyperparameters, which was most likely to produce the optimum performance based on

precision, recall, F1-score, and the test accuracy.

The CNNs are greatly capable of learning hierarchical feature representations
from image data but are highly sensitive to the choice of hyperparameters. Exhaustive
search over every combination being computationally prohibitive, a manual search
strategy prioritizing certain combinations was followed. This was done by selectively
experimenting over combinations based on empirical experience, prior literature, and
early results, thereby enabling us to effectively browse through a subset of the

hyperparameter space containing those combinations best believed to be promising.
The major hyperparameters and respective values tried are given in Table 4-1.

Table 4-1 Investigated hyperparameters and their values used for optimizing CNN models.

Hyperparameter Values

Learning Rate (LR) 0.0001, 0.0006, 0.001, 0.006
Batch Size (BS) 8,12, 16,32,64

Epochs 100
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Input Image Size (pixels) 128, 224
Evaluation Metrics Precision, Recall, F1-Score, Test Accuracy

Learning rate (LR) determines the magnitude by which the model adjusts its
weights based on the training error. Lower learning rates provide fine-grained
adjustments, which tend to lead to better convergence, but at the price of increased
training times. Batch size (BS) is used to describe the number of training samples
processed within one pass forward and backward. Smaller batch sizes enable more weight
adjustments and potentially better generalization, but larger batches can accelerate
training and normalize gradients. The number of epochs was set to 100 for all tests to
provide a consistent environment and study the effect of other hyperparameters under a
controlled environment. The size of the input image was the next important factor, which
defines the amount of detail present for the CNN to learn from. The use of higher-

resolution images supplies more features but adds to the computational complexity.

The strategy for optimization was to strike a balance between model performance
and computational feasibility. Instead of evaluating every combination we trained about
500 distinct CNN models using hand-picked combinations. This manual search strategy

was efficient for picking high-performing configurations over exhaustive search.

We systematically tested CNN models with depths ranging from 3 to 10
convolutional layers. The results showed that the 5-layer model achieved the best overall
performance. Models with fewer layers were too shallow to capture enough meaningful
features, while deeper models, those with 9 or 10 layers, tended to overfit the data. The
S-layer architecture struck the right balance: it was deep enough to learn hierarchical
image features, yet light enough to avoid unnecessary complexity. This made it both
computationally efficient and clinically relevant for breast ultrasound classification. In
short, our findings confirm that the 5-layer CNN offers the optimal trade-off between

model depth and performance.

Every CNN model employed a similar baseline architecture consisting of
alternating layers of convolutional and pooling layers followed by fully connected layers.
The primary interest was to see what effect the hyperparameter tuning, i.e., learning rate,
batch size, and image size, had on the learning dynamics and the model's ability to
generalize. All models incorporated regularization techniques involving dropout and

batch normalization to prevent overfitting.
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Out of the trained models, 21 configurations had an 80% or better test accuracy,
which are shown in Table 4-2 Performance metrics of the custom CNN models with
augmentation.. Lower learning rates, particularly 0.0001 and 0.001, resulted in better
outcomes. The learning rates enabled the networks to converge slowly and prevented
them from overshooting the loss function's minimum. High learning rates like 0.006
tended to create unstable training and poor classification, most likely due to extreme
weight update. Regarding batch size, values of 8 and 64 yielded better outcomes
compared to intermediate other sizes. Larger batch sizes provide more reliable gradient
estimates with reduced noise during training, but excessively large batch sizes—Ilimited
by system memory. Another key factor influencing performance was the input image size.
Increasing the image resolution from 128x128 to 224x224 pixels significantly improved
model accuracy. Larger images retain more detailed information, allowing the model to
extract more advanced and meaningful features. Consequently, the majority of the best-

performing configurations used the 224x224 input size.

Metrics for Evaluation Macro-averaged precision, recall, and F1-score metrics
were employed to provide an equitable measurement against all classes, particularly
instances of class imbalance. Those models achieving the best F1-scores also had high
test accuracy, which suggested stability across metrics. Model Stability: High training
accuracy for certain models was not reflective of this when it came to the ability to
generalize over test data, which suggested overfitting. This was particularly prevalent for
high learning rate or small-sized input configurations. The use of regularization and data

augmentation was helpful to mitigate against the risk but was not always effective.

Table 4-2 Performance metrics of the custom CNN models with augmentation.

Code LR BS Img Size Precision Recall F1-Score Test Acc
1 0.0001 8 128 0.94 0.93 0.93 0.9342
2 0.0001 12 128 0.95 0.95 0.95 0.9475
3 0.0001 16 128 0.96 0.96 0.96 0.9583
4 0.0001 32 128 0.94 0.94 0.94 0.9442
5 0.0006 16 128 0.82 0.82 0.82 0.8200
6 0.0006 64 128 0.85 0.85 0.85 0.8542
7 0.001 64 128 0.90 0.90 0.90 0.8958
8 0.006 32 128 0.66 0.66 0.66 0.6617
9 0.0001 64 128 0.97 0.97 0.97 0.9733
10 0.0006 32 128 0.86 0.86 0.86 0.8575
11 0.001 32 128 0.87 0.87 0.87 0.8683
12 0.006 16 128 0.71 0.67 0.66 0.6733
13 0.001 16 128 0.79 0.79 0.79 0.7925
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14 0.006 64 128 0.75 0.75 0.75 0.7525

15 0.0001 16 224 0.93 0.93 0.93 0.9342
16 0.001 16 224 0.76 0.76 0.76 0.7642
17 0.0001 32 224 0.94 0.94 0.94 0.9382
18 0.001 32 224 0.84 0.84 0.84 0.8392
19 0.0001 64 224 0.98 0.98 0.98 0.9833
20 0.001 64 224 0.84 0.83 0.82 0.8267
21 0.0001 8 224 0.99 0.99 0.99 0.9883

Of all the configurations, the optimal model (Code 21) also attained a macro F1-
score and a test accuracy of 0.99 when they used a learning rate of 0.0001, a batch size of
8, and an image size of 224x224. This verifies the advantage of using high-resolution
inputs and low learning rates for enhancing the generalization and the performance on an

image classification task.

4.1.2 Overview of the Model Training Process

The training procedure for the models for this study was developed using a
methodical and systematic strategy to guarantee that every CNN architecture was tested
under different hyperparameter conditions uniformly. The dataset was first put through a
strict preprocessing step, involving resizing the input images to 128x128 or 224x224
pixels. This resizing was necessary for maintaining consistent input sizes across the
experiments. Pixel values were scaled to the range [0, 1] for better convergence during
training. Data augmentation was also used through flipping, rotation, and zooming for
making the effective size of the dataset larger and for better generalization, which was

crucial since the dataset size was limited.

The fundamental CNN architecture employed for the entire study was a series of
convolutional and max-pooling layers, interspersed with batch normalization and dropout
for regularization and avoiding overfitting. All networks ended with one or more dense
layers for classification, and the last output layer employed a softmax activation function
to facilitate multi-class prediction. ReLU activation functions were employed across the
hidden layers to provide non-linearity. All architectural features like number of filters,
image resolution for inputs, and batch size were varied explicitly to study the impact on

performance.

The models were trained using the categorical cross-entropy loss function,
suitable for dealing with multi-class classification problems. The Adam optimizer was

used mainly due to its established efficiency and robust adaptability for training deep
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learning models, but learning rates between 0.0001 and 0.006 were tried to see the impact
on convergence and ultimate performance. The models were trained for a consistent
number of 100 epochs for maintaining experimentation comparability, and the batch size
was varied from 8 to 64 according to the setup. Model performance was tracked using a
validation set during training, and early stopping was taken into account during
exploratory stages to prevent overfitting for situations when the model started degrading

on validation accuracy.

To better avoid overfitting and enhance the ability to generalize, regularization
strategies like dropout and batch normalization were employed uniformly. After every
dense layer, dropout layers between 0.3 and 0.5 were added to turn off neurons randomly
during training, thus hindering the chances of co-adaptation. Batch normalization was
employed to normalize the input to every layer and quicken the rate of convergence. The
efficacy of the above regularization techniques, especially when coupled with data
augmentation, was reflected through the stability and better performance, as attested by

the deeper and wider network architectures.

Each model was tested on a held-out set after completion of training using macro-
averaged metrics, which comprised precision, recall, and Fl-score, and overall test
accuracy. Macro average was used so that the performance was not skewed by class
imbalance, thus assigning equal importance to each class for the purpose of evaluation.
Confusion matrices were also produced for better insight into classification accuracy for
every model, especially for classes often misclassified by the model. The use of replicable
training procedures, varied hyperparameter configurations, and thorough evaluation
allowed for rigorous comparison between models and enabled the determination of best

architectures for the classification task on hand.

4.1.3 Custom CNNs Performance Metrics

The effectiveness of the suggested CNN architectures was tested using an
exhaustive set of performance metrics. The metrics best suited to evaluate not only the
overall accuracy of the models but also the balanced accuracy across all classes,
especially when dealing with a multi-class classification problem that might be class-
imbalanced, were utilized. The major metrics utilized within this research included
precision, recall, F1-score, and overall test accuracy. These metrics were calculated for

each trained model to offer an overall representation of classification performance.
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Macro-averaged precision, recall, and Fl-score were chosen since they are
sensitive to class-level performance. precision captures the model’s capacity for false-
positive aversion across all classes, and recall captures the model’s capacity for true-
positive detection across every class, equally weighing them. The F1-score, being the
harmonic mean between precision and recall, presents an equitable perspective on the
performance of a model, especially when class proportions are non-uniform. This is
important to prevent the classifier from performing well on major classes and ignoring

minority classes.

Here, 21 custom CNN models were trained under varying combinations of
learning rate, batch size, and input image size. The model performances were different
based on the hyperparameter values used. For the models trained using 128x128-sized
inputs, the optimal configuration resulted in a macro F1-score of 0.97 and a 97,33% test
accuracy for Model 9 (learning rate = 0.0001, batch size = 64). Analogous high-
performance outcomes occurred for Models 1, 2, 3, and 4, which resulted in macro F1-
scores greater than 0.93 and test accuracies greater than 93%, showing the advantage of

using compact sizes when combined with proper batch sizes and learning rate values.

As the resolution was increased to 224x224 pixels, a significant improvement was
seen through performance metrics. This can be attributed to the increased spatial
information present at higher resolution, enabling the CNN to learn more discriminative
features. Model 21, which employed a learning rate of 0.0001 and batch size 8, reported
the best test accuracy at 98.33 and macro F1-measure at 0.99, showcasing the benefit of
using deeper features at higher resolution. Models 15, 17 and 19 also reported scores for
F1 at 0.93 and above, with accuracies ranging above 93%, which shows the overall

supremacy of the 224x224 input size.

These findings indicate that higher input sizes, when used together with suitably
adjusted learning rates and batch sizes, outperformed lower sizes continually for
precision, recall, F1 score, and accuracy. Moreover, it was observed that learning rates
0.001 and 0.0001 were optimum for most configurations. On the other hand, higher
learning rates like 0.006 resulted in degradations, which could be attributed to instability

in the weights leading to divergence during training.

The addition of batch normalization and dropout to the CNN design helped further

facilitate learning stability and generalization over different configurations, In
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summarize, the custom CNN models designed in this study showed strong and reliable
performance for differing hyperparameter settings. The first experiments with no data
augmentation were particularly telling, showing the models’ ability to learn
discriminative features from images. While those baseline models were able to classify
images to a certain degree, they demonstrated problems associated with a class imbalance,

overfitting, and other shortcomings typical of medical imaging tasks.

These limitations led us to implement a detailed data augmentation strategy that
addressed class imbalance, bias, model overfitting, generalization, as well as metric
evaluation—and was particularly good at improving generalization. A comparative study
on models trained with and without augmentation showed that not only did performance
improve, but stability across several training runs was achieved. The results demonstrate
the overall model architecture is sound, and significant preprocessing impacts
performance boosts in ultrasound image classification. It creates a reproducible
framework that mitigates overfitting using architectural refinement alongside robust

validation for multi-class biomedical image analysis.

Table 4-3 Performance metrics of the custom CNN models without augmentation.

Code LR BS Img Size Precision Recall F1-Score Test Acc
1 0.0001 8 128x128 0.78 0.63 0.67 75%
2 0.0001 12 128x128 0.80 0.74 0.76 81%
3 0.0001 16 128x128 0.83 0.78 0.79 82%
4 0.0001 32 128x128 0.76 0.75 0.74 78%
5 0.0006 16 128x128 0.77 0.80 0.78 81%
6 0.0006 64 128x128 0.79 0.77 0.78 82%
7 0.001 64 128x128 0.84 0.75 0.78 82%
8 0.006 32 224x224 0.85 0.82 0.83 85%
9 0.006 32 128x128 0.44 0.46 0.43 65%
10 0.0006 32 128x128 0.82 0.82 0.82 82%
11 0.001 32 224x224 0.85 0.80 0.82 84%
12 0.006 16 128x128 0.82 0.81 0.80 81%
13 0.001 16 224x224 0.80 0.81 0.80 83%
14 0.006 64 128x128 0.87 0.87 0.87 87%
15 0.0001 16 224x224 0.78 0.76 0.76 81%
16 0.001 16 224x224 0.83 0.83 0.83 84%
17 0.0001 32 224x224 0.89 0.87 0.88 90%
18 0.001 32 224x224 0.88 0.83 0.85 87%
19 0.0001 64 224x224 0.87 0.84 0.85 87%
20 0.001 64 224x224 0.84 0.84 0.84 86%
21 0.0001 8 224x224 0.87 0.87 0.87 87%
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4.2 Comparison with Transfer Learning

To additionally test the performance of the suggested custom CNN model, a
comparison was made with some established deep learning architectures using transfer
learning. Models compared include EfficientNetB0, DenseNet121, InceptionV3, VGG16,
VGG19, Xception, ResNet50, and MobileNetV2. These architectures were pre-trained on
the ImageNet dataset and then fine-tuned for the target classification problem. They were
tested with the same test dataset with respect to the same evaluation measures used with

the custom model: macro-averaged precision, recall, F1-score, and test accuracy.

The findings from this comparison are tabulated in Table 4-4 Comparison table of
Transfer Learning and the proposed model with data augmentation. From among all the transfer
learning methods, VGG16 also presented the best performance with a test accuracy of
99.33% as well as macro-averaged precision, recall, and F1-score values all equal to 0.99.
Its performance is extremely competitive with respect to the custom CNN model, whose
best overall performance was a test accuracy of 98.83% with corresponding macro-
averaged precision, recall, and F1-score values equal to 0.99. The miniscule performance
gap between VGG16 and custom CNN attests to how well-suited the proposed model is,
particularly since it had lower architectural complexity as well as no reliance on pre-

trained weights.

ResNet50 executed well with a test accuracy of 98.50%, macro precision as 0.98,
macro recall as well as F1-score as 0.98. ResNet50's depth as well as residual connections
make it a strong model, especially for complicated image identification tasks.
Nevertheless, it also has greater computational cost than both proposed custom CNN as
well as MobileNetV2. Models like Xception as well as VGG19 had moderate
performance with test accuracies as well as macro F1-scores as 99.17% as well as 99%
respectively. These models demonstrated consistent labeling between classes but yet to

achieve performance at the levels equivalent to top-performing models.

In contrast, EfficientNetB0 yielded test accuracy rates of 87.92% with macro F1-
scores of 0.88. Though these architectures are capable, their comparatively lower
performance on this task implies either that the dataset's domain-specific characteristics
were not well-modeled using transfer learning or that their default architecture parameters

were not particularly optimized to the dataset with more aggressive tuning.
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Individual model classification reports provided more information on class-level
performance. As an example, the models EfficientNetBO exhibited significantly poorer
recall within the "normal" or "malignant" classes, suggesting a sensitivity to class
imbalance. Conversely, the custom CNN had balanced recall and precision in all three
classes (malignant, benign, normal), with no class overwhelming or experiencing
misclassification. A balance such as this one is very critical in safety-critical or medical

applications where every class should be given equal importance.

In short, not only was it as effective as or more than some of these pre-trained,
general inference architectures, but it accomplished it with a more efficient, purpose-
designed architecture. Its demonstration of a macro F1-score and test accuracy of 0.9883,
unfettered by pre-training on external data, speaks well for its strength and adaptability
for the particular nature of this dataset. These results reiterate the utility in building
specific architectures for CNNs in domain-based problems, particularly in areas where
pre-training with, or even general application, is not as effective without extensive

additional tuning.

While transfer learning models like VGG16 (16,846,915 trainable parameters)
and Xception (29,285,163) achieve high accuracy, their computational overhead limits
deployment in resource-constrained settings. Our custom CNN achieves comparable

performance 98.83% accuracy, with only 3,999,619 parameters, as shown in Figure 4.1.

Table 4-4 Comparison table of Transfer Learning and the proposed model with data
augmentation.

Model Precision Recall F1-Score Test Accuracy
EfficientNetBO 0.88 0.88 0.88 0.8792
DenseNet121 0.99 0.99 0.99 0.9908
InceptionV3 0.99 0.99 0.99 0.9908
VGG16 0.99 0.99 0.99 0.9933
Xception 0.99 0.99 0.99 0.9925
VGG19 0.99 0.99 0.99 0.9917
ResNet50 0.98 0.98 0.98 0.9850
MobileNetV2 0.99 0.99 0.99 0.9917
custom CNN 0.99 0.99 0.99 0.9883
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Figure 4-1 Comparison chart of Transfer Learning and the proposed model trainable
parameters.

Table 4-5 Comparison table of Transfer Learning and the proposed model without data
augmentation.

Model Precision Recall F1-Score Test Accuracy
EfficientNetBO 0.89 0.80 0.83 0.8590
DenseNet121 0.88 0.87 0.87 0.8910
InceptionV3 0.84 0.81 0.82 0.8397
VGG16 0.70 0.64 0.65 0.7372
Xception 0.86 0.82 0.83 0.8462
VGG19 0.73 0.70 0.70 0.7692
ResNet50 0.89 0.88 0.88 0.8910
MobileNetV2 0.88 0.78 0.82 0.8462
custom CNN 0.90 0.89 0.90 0.8978

4.3 Confusion matrix

To further assess the proposed custom CNN model's performance at classifying
on a more detailed, class-wise basis than aggregate, a confusion matrix was created for
testing data, as presented in Figure 4-2. A confusion matrix shows a class-wise breakdown
of prediction, presenting how well a model can distinguish between an overall three-class
structure of benign, malignant, and normal. True class labels are on the vertical axis, with
predicted class labels on the horizontal axis, with every cell of the matrix containing the

number of model-made predictions.
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From the table, it can be seen that the model is performing well on all three classes.
In particular, in the case of the benign class, there were 390 samples correctly classified
out of 400, with 8 samples misclassified as malignancy and 2 as normal. This gives a
strong true positive rate for benign conditions, suggesting that the model accurately

detects non-cancerous results with low confusion.

In the case of the malignant class, perhaps most clinically significant, the model
accurately predicted 396 of 400 samples as malignant. Just 4 were misclassified as
benign, and 0 as normal. Miss-classifying malignant samples as benign is most relevant
in medical imaging, as it could potentially create a false sense of security. However, the
high recall for malignant samples does indicate high sensitivity by the model towards

cancerous patterns and characteristics, critical for early intervention.

The normal class performed exceedingly well, too, with 400 out of 400 samples

correctly predicted. There are no misclassified case.

The confusion matrix suggests along with precision, the model also maintains a
high level of recall for all three categories. The strong dominance along the diagonals
(high values along the true positive axis) validate that the model can indeed discriminate
and generalize between closely patterns multi-class problems with ease. In addition, the
low values away from the diagonal also suggest that the model is not overly subject to

strong class confusion.

These outcomes further highlight the strength of the CNN model with their macro-
averaged F1 score of 0.99 and a stated test accuracy of 98.83%. The model's balanced
performance on all categories makes it ideal for practical diagnostic applications which

are sensitive to false positive and false negative errors.

In Figure 4-3, the confusion matrix of the proposed model without data
augmentation is presented for the three classes: benign, malignant, and normal. For the
benign class, 82 samples were correctly classified, while 1 and 5 samples were
misclassified as malignant and normal, respectively. The malignant class achieved 37
correct predictions, with 4 samples incorrectly classified as benign and 0 as normal. The
normal class recorded 21 correct classifications, with 5 misclassified as benign and 0 as

malignant.
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Figure 4-2 proposed model confusion matrix with data augmentation.
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To evaluate the performance of the proposed custom CNN model, we generated a
comparative confusion matrix for VGG16, one of the highest performing models
evaluated in this study based on transfer learning. The VGG16 model reached a test
accuracy of 99.33% with a macro averaged F1 score of 0.99 which puts it nearly on par
with the proposed model. But the confusion matrix analysis presented in Figure 4-34 offers

more detailed understanding of the model's performance on different class predictions.

The matrix of confusion shows that 392 benign samples out of 400 were correctly
identified, meaning 6 samples were falsely classified as malignant, and 2 were labeled as
normal. This exemplary count of true positives among benign cases confirms that the
model can discern non-cancerous features. However, the false-positive counts in the
normal class indicate some collusion between the visual representations of healthy tissues

and benign tissues.

In the malignant class, 400 out of 400 samples were accurately diagnosed. It's
100% correctly classifies the cases, The ordinary normal class achieved 400 correct
predictions out of 400 samples, It's 100% correctly classifies the cases as malignant, In
comparison to the proposed custom CNN that exhibited less confusion among all classes,
VGG16 showed analogous results for overall accuracy, but with greater off-diagonal
values—especially with regards to classification of normal images. The custom CNN
mislabeled 14 cases, while VGG16 misclassified 6 cases, Figure 4-5 VGG16 confusion
matrix without data augmentation. The model correctly classified 77 benign, 29

malignant, and 9 normal samples, with some misclassifications across classes.
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4.4 Accuracy and Loss charts

In order to check the learning dynamics and the convergence behavior for the
proposed custom CNN model, the training and validation accuracy and loss were
evaluated over 100 epochs, which is shown in Figure 4-76. From the accuracy graph (left
panel), it is clear that there is an increase in training accuracy, which began at roughly
40% and surpassed 99% by the final epoch, as did the training confidence. Validation
accuracy initially maintained greater volatility in the early epochs; however, it became
noticeably more stable and began to improve significantly after epoch 60, converging to

around 92-94%, which brings it in line with the training performance.

The right panel demonstrates a model loss plot, which shows effective learning
has taken place. The training loss achieves convergence to a consistent decline, eventually
leveling off at a training loss of around 0.5, indicating the error minimization objective
has been achieved. Even though the validation loss does fluctuate, it still showcases a
downward trend and runs parallel to the training loss after 40 epochs, indicating that

generalization is indeed enhanced.

The unsupervised accuracy and loss changes at the beginning are expected with
the training of many CNNs on datasets of medium size with data augmentation and
dropout use. These oscillations reduce as the model tunes its parameters and learns higher
level features. The final convergence of both curves of accuracy and loss suggests the

model not only learned the representation but also generalized to new data effectively.
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Figure 4-6 Proposed model loss and accuracy with data augmentation.
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Figure 4-7 Proposed model loss and accuracy without data augmentation.

So that the performance of the proposed model can be assessed in more detail, it

was compared to some recent works in the area of classification from images using deep

learning techniques. A number of works between the years 2018 to 2024 were gathered,

and their methodologies and corresponding accuracies were summarized and are

showcased in Table 4-5 Comparison table of Transfer Learning and the proposed model without

data augmentation.

In recent years, many researchers have developed CNN-based methods for classifying

breast ultrasound images, as shown in
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Table 4-6 Comparison of the proposed model with related studies. These methods
vary in complexity, ranging from simple CNNs to more advanced models that use transfer

learning, ensemble techniques, and optimization strategies.

For example, Daoud et al. (2020) combined CNNs with handcrafted features and
achieved 96.1% accuracy, while Arooj et al. (2022) reached the highest reported accuracy
01 99.4% using transfer learning with ResNet50 and VGG16. Similarly, Saba et al. (2022)
applied transfer learning along with optimization techniques and achieved 92.8%, and

Nikmabh et al. (2024) used the Inception-ResNet v2 architecture to reach 89.7%.

Some studies explored alternative methods. Pathan et al. (2022) designed a multi-
headed CNN and achieved 92.3%, while Karthik et al. (2022) used an ensemble of stacked
CNNs to reach 92.1%. A Bayesian-optimized CNN by Sivanandan and Jayakumari
(2023) reached 94%. Meanwhile, Alrubaie et al. (2023) achieved 96% using a basic CNN,
and Alotaibi et al. (2023) used image fusion with CNNs, resulting in a lower accuracy of

87.8%.

In comparison, the model proposed in this study achieved a test accuracy of
98.83%, without relying on pre-trained models, ensemble methods, or external
optimizers. While slightly below Arooj et al.'s top score, this result is still higher than
most other studies, including several that used more complex or resource-intensive

approaches.

This shows that with careful design and tuning, a custom CNN trained from
scratch can achieve excellent results. The simplicity of the model also makes it more
practical for real-world use, especially in situations where training time, model size, and
computational resources are limited. Unlike many recent studies that depend on
heavyweight methods to boost performance, our approach strikes a solid balance between

accuracy, efficiency, and ease of implementation.
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Table 4-6 Comparison of the proposed model with related studies.
Model Year Dataset Method Accuracy
(%)
Daoud et al. 2020 Ultrasound Hybrid (CNN + 96.1
images Handcrafted Features)
Arooj et al. 2022 Ultrasound Transfer Learning 99.4
images (ResNet50, VGG16)
Pathan et al. 2022 BUSI Multi-Headed CNN 92.31
Saba et al. 2022 Ultrasound Transfer Learning + 92.8
images Optimization
Karthik et al. 2022 Ultrasound Ensemble CNNs 92.1
images (Stacked)
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Sivanandan 2023 Ultrasound Bayesian Optimized 94

&Jayakumari images CNN

Alotaibi et al. 2023 BUSI CNN + Image Fusion 87.8
Alrubaie et al. 2023 BUSI CNN 96
Nikmabh et al. 2024 BUSI Inception-ResNet v2 89.7
Proposed Model 2025 BUSI Custom Optimised CNN  98.83

4.5 Gradient-weighted Class Activation Mapping

To increase the clinical interpretability of the proposed CNN model, we applied
Gradient-weighted Class Activation Mapping (Grad-CAM) to highlight the regions of
breast ultrasound images which were most influential to the model's predictions. With
Grad-CAM, we are able to explain the model’s predictions by generating heatmaps which
show the most relevant spatial regions of the final convolutional layer that are activated
for a given class. This approach allows us to analyze whether the model pays attention to
clinically relevant features. The heatmaps produced from Grad-CAM show that for
malignant cases, the model focus hypoechoic regions with irregular margins and posterior
acoustic shadowing which are associated with malignancy. In benign and normal cases,
the focus shifts to more homogeneous or cystic structures which matches established
patterns radiologists use. These forms of explanations not only support that the model
proves to be useful in learning various meaningful diagnosis distinguishing features, but
these also serve as a basis for accepting trust in automated decisions. Hence, the model’s
interpretability is enhanced, emphasizing its application in clinical decision systems,

especially where the experience of a radiologist can be a constraint.

The custom CNN produces heatmaps that are relatively fragmented, with multiple
scattered activation regions across the input, particularly for malignant and normal cases
as showen in Figure 4-70 Custom CNN Grad-CAM of breast ultrasound images.. This indicates
that the model is attending to fine-grained textural variations, but in a less consistent and
more noisy manner, which may reduce interpretability. In contrast, the VGG16-based
model generates smoother and more centralized activation maps that focus strongly on
the lesion regions. For benign and malignant samples, the VGG16 Grad-CAM highlights
broader and more structured areas that correspond more closely to the underlying
pathology, while for normal tissue it shows a more localized but still coherent region of
attention. Overall, the VGG16 transfer learning model demonstrates clearer and clinically
more interpretable attention patterns, whereas the custom CNN captures subtle details but

with less spatial consistency.
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Figure 4-11 VGG16 Grad-CAM of breast ultrasound images.
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5. CONCLUSION

This study presents a custom-designed CNN architecture for the classification of
breast ultrasound images into benign, malignant, and normal categories, greatly
advancing it. Because we systematically approached the task via augmenting data,
optimizing architecture, as well as fine-tuning hyperparameters rigorously, the model
performs at a state-of-the-art level without reliance on pre-trained weights or ensemble
strategies. The model attains a test accuracy of 98.83%. It shows that it has the capacity
in order to match and even exceed the performance of leading transfer learning

architectures while maintaining a much lower computational footprint.

The results show that developing domain-specific models tactically benefits more
than generic, pre-trained alternatives, especially where computational efficiency and
interpretability are necessary. Furthermore, the model balances sensitivity among all
classes, especially as it strongly performs malignant case detection, underscoring its

potential clinical relevance for early diagnosis and intervention.

The study acknowledges that there is a need for further validation on diverse and
larger multi-center datasets and for the integration of explainability mechanisms in order
to support clinical trust and decision-making, while remaining promising. A solid
structure exists within the projected method for using diagnostic tools driven by Al. That
is notably accurate within healthcare environments where radiological knowledge access
is restricted. The focus of future work will be extending this framework through real-time

deployment and model explainability, and semi-supervised learning.
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