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Abstract

Breast ultrasound image segmentation and classification are the two crucial steps for early diagnosis
of cancer. In this work we developed a breast cancer segmentation and multiclass classification
artificial intelligence tools based on pretrained models. The proposed workflow includes both the
development of a segmentation model architecture and second the development of a series of
classification models to classify the ultrasound greyscale images into normal, benign or malignant.
The training and testing of the pretrained models were performed using the Breast Ultrasound
Images (BUSI dataset). For the image segmentation task, the models were trained on the images while
using masks as target variable. In the multiclass classification, each image was provided with accurate
label “benign”, “normal” or “malignant” and used to train a multiclass classifier. Optuna was used
for hyperparameter optimization and for the testing of various pretrained models to determine the
best encoder (ResNet18, EfficientNet-BO & MobileNetV2)-decoder (U-Net, U-Net++, DeepLabV3)
image segmentation architecture. For multiclass classification, five different pretrained models
(ResNet18, DenseNet121, InceptionV3, MobielNetV3, GoogleNet) were optimized and tested for their
ability to classify breast cancer images. The developed Image segmentation models performed well
in terms of delineating the lesion in the breast ultrasound images. DeepLabV3 outperformed other
segmentation architectures with consistent performance across train, validation and test images with
Dice Coefficients of 0.87, 0.80 and 0.83 respectively. ResNet18:DeepLabV3 achieved an Intersection
over Union score of 0.78 during training. ResNet18: U-net++ achieved best Dice coefficient (0.83) and
IoU (0.71) and AUC score of 0.91 on the test (unseen) dataset when compared to other models. For
classification of breast cancer images, ResNet18 achieved an F1 score of 0.95 and an accuracy of 0.90
on the train dataset, while InceptionV3 outperformed other models on the test dataset with an F1
score of 0.75 and accuracy of 0.83. We demonstrate a comprehensive approach to automate the image
segmentation and multiclass classification of breast cancer ultrasound images into benign, malignant
or normal using transfer learning models on an imbalanced ultrasound image dataset.
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1. Introduction

The goal of this study is to develop automated breast cancer detection tools that can both
segment and classify breast ultrasound images using transfer learning with pretrained model
weights. Breast cancer is the leading cause of cancer-related deaths among women. A 2024 study
shown that around 1 in 8 women (13%) will be detected with breast cancer, and 1 in 43 (2.3%) will
die from the breast cancer [1]. This type of cancer develops in the breast tissue and can form tumors
that are detectable using various imaging techniques. Ultrasound imaging is extensively used to
evaluate breast tissue for potential malignant masses due to its non-invasive nature [3]. Unlike X-ray-
based imaging procedures, ultrasound techniques do not use ionizing radiations, making them safer
for repeated use and more cost-effective compared to other imaging modalities [2].

Breast ultrasound images can be categorized into three types, normal images, images with
benign tumors and images with malignant tumors. An important step in breast cancer diagnosis is
classification of the ultrasound images into benign, malignant, or normal. In traditional assessment
of breast ultrasound images, it is difficult to distinguish subtle indicators of malignancy from benign
features, specifically with lesions that do not show clear boundaries on the ultrasound scans [10].
Thus, leading to false negatives where radiologists consider a malignant tumor as benign and
potentially missing out the on early detection of the malignant tumor. Similarly, there is risk for false
positives, where benign or normal tissue is mistakenly evaluated as malignant. Medical image
segmentation is a challenging task, and field of image processing is crucial for radiologists in
delineating lesions to obtain measurements such as tumor size, shape and volume.

Image segmentation techniques can enable better monitoring of tumor growth and treatment
response by allowing radiologists to concentrate on the region of interest without being distracted by
the surrounding tissues, [5]. However, process of manual image segmentation and classification can
also result in misdiagnosis. Further those processes are time-consuming and prone to human error
due to variations in interpretation style and experience among radiologists [4]. Thus, developing
automated tools is critical to enhance the reliability and efficiency of the breast cancer diagnosis
process, particularly image segmentation and classification of tumors as normal, benign or
malignant. By training deep learning models on extensive and diverse image datasets, they can learn
to detect subtle edges and intricate patterns that may not be visible to human eye.

Recent developments in Convolutional Neural Networks (CNNs) have provided outstanding
solutions for medical image analysis [6-9]. Fully convolutional networks (FCNs), U-Net are cutting-
edge deep learning models designed to handle complex input data. These models use deep neural
nets to process data by hierarchically extracting features via hidden layers and iteratively training
the networks [12]. Soulami et al., developed U-net model with mammogram datasets to delineate the
lesions and classify outcomes of the diagnosis as benign or cancerous. They reported an intersection
over union of 90.50% and an AUC of 99% [24]. Additionally, a Fuzy logic Network in combination
with eight CNN-based pretrained models was trained to perform semantic segmentation on the BUSI
dataset [38].

In another study, a hybrid CNN- transformer network was developed for breast cancer
ultrasound image segmentation by using transformer encoder blocks in the encoder part of the CNN-
transformer net to learn the global contextual information then combined with a CNNs to extract
features. Whereas in the decoder part they used spatial-wise cross attention module to reduce the
semantic discrepancy with the encoder [25]. Guo et al developed U-shaped convolutional neural
networks (U-Net) for semantic segmentation of the breast cancer ultrasound images. They reported
the average Dice coefficient and average intersection of Union (IoU) coefficient of 90.5% and 82.7%
respectively [27]. In 2024, Nastase et al developed and tested two segmentation architectures for
delineating the lesion in the breast cancer ultrasound images. They reported that DeepLabV3
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outperformed the U-net in terms of binary classification with average dice score 0.93 and 0.9 on
malignant and benign classes [28]. Yap et al [45] developed LeNet, Unet and FCN-AlexNet and
compared against four traditional methods that relied on manually designed features and rules.
Among the developed models, FCN-AlexNet demonstrated the highest performance with F1 score
of 0.92.

In another study comparison of the performance of FCN, U-net, DenseNet121 and PSPNet
models in terms of IoU, accuracy, precision, F1 score, they reported that their model achieved a 95%
prediction accuracy in terms of image segmentation of the histology dataset of breast cancer [29].
Similarly, transfer learning techniques were used to perform binary and multiclass classification of
the breast cancer ultrasound images. For example, [30] leveraged transfer learning techniques using
pretrained models. They developed ResNet50, ResNeXt50 and VGG16 models to classify breast
cancer ultrasound images into benign, malignant and normal images. They reported ResNetXt50 had
an accuracy of 85.83%, ResNet50 accuracy of 85.4% and VGG16 has lowest accuracy of 81.11% [30].
In another study a GoogleNet and residual blocks inspired model with learnable activation functions
was developed to conduct image classification [31]. They reported their models showed an accuracy
of 93% on breast cancer ultrasound images and the F1 score of their model variants range between
0.88 and 0.93 with Loss value ranging between 0.21 and 0.3 [31].

Various approaches have been proposed in the literature to address the problem of breast cancer
segmentation and classification using the BUSI dataset, but there are fewer comprehensive reports
that include both development of segmentation and classification models based on transfer learning
for breast cancer image segmentation and multiclass classification. UNETR network [33] was
optimized and trained to conduct image segmentation and classification on the lung cancer image
dataset by Said et al in 2023. They reported that their first task of image segmentation achieved an
accuracy of 97.83% and in the second task of classification they achieved a 98.77% accuracy [39].

This work aims to evaluate and compare the performance of U-Net, U-Net++ and DeepLabV3
segmentation models by integrating encoder-decoder architecture with a shared feature extraction
backbone. For the encoder part of the segmentation model, the pretrained models: ResNetlS§,
EfficientNet-B0O and MobileNetV2, were tested. The second part of this work is to develop a multiclass
classification model for classifying BUSI into malignant, benign or normal. To this end, we have
developed and optimized pretrained models including ResNetl18, InceptionV3, DenseNet121,
MobileNetV3 and GoogleNet. The main contribution of this work includes proposal of an automatic
breast cancer segmentation and classification systems. Testing various pretrained models as encoder
in the encoder: decoder architectures of the U-Net, U-Net++ and DeepLabV3 segmentation models.
Optimization of the hyperparameters of the segmentation models and classification models using
Optuna and validation of the proposed segmentation and classification models was conducted on
the BUSI dataset.

2. Materials and Methods

2.1. Dataset

BUSI dataset [34] was utilized for both segmentation and classification tasks in this study. Image
segmentation and classification of the BUSI dataset remained a challenging task due to its poor image
quality [26]. This dataset contains 780 images, categorized into three classes normal (132), benign
(436), and malignant (210). Figure 2b) depicts the workflow of the breast cancer classifier
development methodology. The first step of the development process is data preparation, in this step
the dataset was divided into training, validation and test sets using an 80:10:10 split, and proportional
representation of each class across the sets was ensured. In this study train and validation datasets
were used in the training phase of the models and the test dataset was only used in the inference
phase to evaluate the model performance and generalization on the unseen data. Table 2 shows the
distribution of the images specific to each label. From the table 2 it is evident that the dataset is an
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imbalanced dataset containing a greater number of instances with the “benign” label compared to
“normal” or “malignant” samples.

Table 1. Data distribution of image-mask pairs for binary segmentation task.

Train Dataset Validation dataset Test dataset
Images Masks Images Masks Images Masks
624 624 77 77 77 77

Table 2. Dataset distribution of the images for multiclass classification task.

Ultrasound Breast images Train dataset Validation dataset Test dataset
Benign 350 43 43
Malignant 168 21 21
Normal 106 13 13
Total 624 77 77

Mask

Figure 1. Sample image and mask pair data for image segmentation task.
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Figure 2. a) Breast Cancer segmentation using encoder: decoder architecture b) Multi class Classification of

breast cancer images.

2.2. Segmentation Models

The segmentation models U-Net, U-Net++ and DeepLabV3 were trained and tested to predict
the masks of the BUSI to segment the lesions of the images.

2.2.1. U-Net
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U-Net is a CNN model architecture originally designed for working well on the smaller medical
imaging datasets predominant in field of biomedical engineering.[11]. Based on the fully
convolutional network (FCN), the U-Net architecture is expanded to include other encoder: decoder
paths that are designed for contracting and expanding the features of the input images. The encoder
captures the context by reducing the spatial dimensions while increasing the feature depth through
a series of convolutional (1) and pooling (2) operations, mathematically represented by equations (1)
& (2) respectively.

Y=0X*W+b) =max (0,X xW + b) (1)

Y, j = max {Xp,n: (m,n) €R; ;} (2)

Where 0 is rectified linear Unit (ReLU) activation function, X is the input, W is the learnable
filter with bias b to generate feature map Y, and R is the receptive field over which the max pooling
operation is applied. The max pooling operations are applied at each encoder level gradually
capturing the high-level features.

The decoder architecture reconstructs the segmentation map by up sampling the feature maps
to match the original input resolution using transposed convolutions. Further the U-Net architecture

O]

makes use of skip connections between encoder and decoder layers. Feature map X,

®

dec’

are

concatenated with corresponding feature map of the decoder X improving spatial accuracy in

segmentation as shown in the equation (3)

XD = FXGe @ X0 )

Where € represents concatenation along the feature dimension, and f is subsequent
convolutional layers applied at each decoder stage. In the final layer, 1x1 segmentation is applied to
map the output to the desired number of classes producing segmentation map by classifying each
pixel as shown in the equation (4).

Z = softmax(X.Wsinaq + b) (4)

Where Wripng; is a filter that maps to channels, with each channel representing one class
probability, normalized by SoftMax function. An in-depth mathematical explanation of U-net
architecture can be obtained in recently published research work [13].

2.2.2. U-Net++

The U-Net++ model is built upon U-Net architecture by introducing two structural
improvements: nested skip pathways and deep supervision [14], [15]. Unlike U-Net, encoder:
decoder architectures of the U-Net++ are connected using nested, dense convolutional blocks [46].
The feature map X;; connecting encoder level [ to decoder level j. The mathematical

representation of the convolutional blocks is given by equation 5
x® — f(X(l) o) x® o) x® o) @X(l_k) 5
A i-1j O A 1j41 O - D Ay ®)
Where X l(? is the feature map at encoder level i and decoder level j after | convolutional

layers, @ is the concatenation across the feature dimensions and f represents convolutional layers
applied on concatenated feature map. Deep supervision [15] enables the model to operate in
“accurate” mode or “fast” mode. In the accurate mode the outputs from all segmentation branches
are averaged, whereas in the “fast” mode, final segmentation map is selected from only one of the
segmentation branches. The selection between the two modes results in model pruning and speed
gain.

2.2.3. DeepLabV3

DeepLabV3 was proposed by Google Brain team [36]. It uses the concept of atrous spatial
pyramid pooling convolutions (ASPP) [35] to control the receptive fields thereby capturing wider
context of the images without reducing the image resolution. Deep convolutional neural networks
(DCNN’s) suffer from reduced spatial resolution due the pooling and striding techniques used in
DCNN'’s. DeepLabV3 addresses this issue by using cascading atrous convolutions with varying rates
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to capture multiscale contextual information. ASPP convolutions in DeepLabV3 contains image-level
features that provide global context via global pooling, followed by a 1x1 convolution, batch
normalization and up sampling. A detailed mathematical explanation and research methodology of
DeepLabV3 is explained in detail in [36].

2.3. Classification Models

2.3.1. ResNet18

He et al, in 2015, introduced deep residual networks (ResNet) for image recognition [16].
ResNetl8 consists of 18 convolutional layers with an input layer with image size of 3x244x244.
ResNet18 contains four blocks of neural networks, each block containing two basic locks of two
convolutional layers with last layer being a fully connected layer thus total 18 layers. This network
solves the vanishing gradient problem through skip connections that adds the input of the block to
its output. ResNet learns identity mapping using skip connections and is suitable for various image
segmentation and classification tasks.

2.3.2. GoogleNet

GoogleNet also known as InceptionV1 is a CNN architecture proposed by [17]. Inception
architecture is based on the Network in Network structure proposed by [18]. The inception
architecture increases the network width by using multi-input layers and multiple convolution
kernels of different sizes to capture wide range and details from input images. GoogleNet has 22
layers of network but only 1/36th of the parameters of the VGG [19].

2.3.3. InceptionV3

InceptionV3, developed by the Google Brain team, achieved a top-5 error rate of 3.46% on the
ImageNet dataset. In 2016, Google released the latest version of the inception model containing 48
layers and introduces factorized convolutions, which replace 5x5 kernels with two 3x3 kernels to
maintain the performance while reducing computational load. The input layer of the inceptionV3
receives 3x299x299. InceptionV3 consists of three components: the convolutional block, multiple
inception modules and final classifier [21]. The initial convolutional block contains alternative
convolutional and max pooling layers to extract features from the input image. The inception
modules perform multiscale convolutions in parallel using kernels of different sizes (1x1, 3x3 and
5x5) followed by concatenation to capture diverse features [20]. The final classifier includes fully
connected layers with a SoftMax layer at the end to output class probabilities for the target classes.

2.3.4. MobileNetV3

MobileNetV3 [22] is designed for efficient image classification, specifically to run on the mobile
and edge devices. This model was released in 2019 by the Google Brain team, the input layer of the
MobileNetV3 accepts images of size 3x244x244. It consists of convolutional block, multiple
MobileNetV3 modules and a final classifier. The primary features are extracted using the initial
convolutional block with batch normalization and a ReLU activation function. The core of the
architecture includes squeeze-and-excitation (SE) modules embedded in the bottleneck and inverted
residual blocks with depth wise separable convolutions.

2.3.5. DenseNett121

DenseNet121 introduces dense connectivity between layers, where each layer is directly
connected to every subsequent layer within a dense block, creating a densely connected network
structure. Unlike CNNs where the information passes subsequently from one layer to the next,
DenseNet121 contains direct pathways from each layer to all subsequent layers through feature map
concatenation [23]. It contains three main components: a convolutional block multiple dense blocks
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connected by transition layers and final classifier. In the dense block of L layers, each layer I receives
the feature maps of all preceding layers [0,..,1-1] as input, leading to L(L + 1)/2 connections. Each
layer adds its own k feature maps to the network’s collective knowledge, where Kk is the growth
rate hyperparameter. This means the Lth layer has Ky + K(I — 1) input features, where Kj, is the
initial number of features. These dense connections allow feature reuse and strengthens gradient flow
and solves the vanishing gradient problem by providing multiple paths for information propagation.

2.4. Evaluation Metrics

The performance of the proposed models was tested using several standard evaluation metrics
that are widely used in image segmentation and classification tasks. These metrics provide
comprehensive account on the model’s effectiveness in terms of accuracy and precision and
reliability.

2.4.1. Intersection over Union (IoU)

Intersection over Union is also known as Jaccard Index, is used for evaluating the segmentation
quality. It measures the overlap between the predicted segmentation mask and ground truth mask.
IoU penalizes both over-segmentation and under segmentation, providing balanced assessment of
the segmentation accuracy. The IoU is mathematically expressed as below

__lanB|
IoU = aus| ©

Where A represents the predicted segmentation mask and B is the ground truth mask.

2.4.2. Confusion Matrix

Confusion matrix provides a detailed breakdown of the model’s performance across different
classes. It provides a tabular summary of the predicted class labels with the true class labels, offering
a detailed insights into the model’s performance across all classes. For a classification task with n
class labels, the confusion matrix is an n X n table where rows represent the actual classes and
columns represents the predicted classes. The table contains True Positives (TP); Cases correctly
predicted as positive cases, False Positives (FP); Classes where the model incorrectly predicted the
positive classes. False Negatives (FN); Classes where the model incorrectly predicted the negative
class. True Negatives (TN); Cases correctly predicted as the negative class.

2.4.3. Pixel Accuracy

Pixel accuracy represents the proportion of correctly classified pixels across all classes. It is
calculated as shown in equation 7.

_ (TP+TN)
PA = (TP+TN+FP+FN)

(7

24.4. AUC

The area under the receiver operating characteristic (ROC) curve, commonly known as AUC,
evaluates the model’s ability to distinguish between classes across various classification thresholds.
The AUC score ranges from 0 to 1 where, AUC =1 represents perfect classification, AUC = 0.5 indicates
random classification and AUC<0.5 suggests worse than random classification.
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2.4.5. Dice and Focal Loss

Dice Loss (DL) is a loss function that measures the overlap between predicted segmentation
masks and the ground truth masks. DL is derived from Dice Similarity Coefficient (DSC) which is
used to find the similarity between two sets. DL is particularly useful when dealing with imbalanced
datasets because it emphasizes regions of interest to improve the accuracy of the segmentation

models by prioritizing overlap. DSC is defined as shown in equation 8.
2|XnY|

DSC = —— 8

|X[+]Y] ®)

Where X is the set of predicted pixels and Y is the set of actual pixels. |X N Y| is the number
of pixels common for both X and Y. DSC can also be mathematically represented in terms of
individual pixels and ground truth pixels as shown in the equation 9

2 Z{V=1 Digi
oo — O
S, prs,g; )
Where p; is the predicted probability for the i~th pixel, g; is the ground truth label for the

i~t" and N is the total number of pixels. The Dice loss is then calculated using the Dice coefficient as

Dice Coefficient =

shown in the equation 10.

DL =1-DSC (10)

Similarly for the classification task, focal loss was used to optimize the models during the
training process. Focal loss was introduced in 2017 and is designed to address class imbalance by
focusing on the hard to classify instances [37]. It is a modification of the cross-entropy loss by adding
a modulating term (1 — p.)Y, reducing the loss contribution of well-classified instances allowing the
model to focus on the hard cases. For correctly classified samples, p. is close to 1 and (1- p.)
approaches 0 reducing the contribution of such samples to the loss. When ¥ =0, the term (1 — p.)"
is equal to 1 which is simplifies to standard cross-entropy. For a three-class classification task the focal
loss that is minimized during the training process is mathematically defined as shown in equation
11.

FL= — 22:1 ac. (1 —=p)¥.ye - log (pc) (11)

Where c is the classes 1,2 and 3. &, is the class specific weight factor for class c. The value of c
lies between 0 and 1 giving more weight to underrepresented classes in the imbalanced dataset. Y,
is a variable which ensures that FL is focused on the true class during the training. Y, =1 if class cis
true class for the sample and 0 otherwise. To evaluate the performance of the models on the train,
test and validation datasets, Precision, Recall and F1 score and their macro average were calculated
from the confusion matrix results. Macro averaging is a technique used to address dataset contain
imbalanced classes, macro averaging treats each class equally and does not weight larger classes more
than the smaller classes. l0g(p,) is the penalty term that penalizes incorrect predictions based on
the model’s confidence level. While p, is model’s predicted probability for class c for a given sample.
For the true class p. is high; the further p. is from 1, the higher the penalty imposed by the loss
function.

2.4.6. Precision & Recall

Precision measures the total number of actual positives out of predicted positives. It is a ratio of
true positives to the total number of positive predictions. Precision is mathematically defined by
equation 12. Recall also known as sensitivity, measures the ability of the model to correctly identify
all relative instances. It is mathematically represented by equation 13.

TP
TP+FP (12)

Precision =

Recall = (13)

TP+FN

2.4.7. F1 Score
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F1 score is a harmonic mean of precision and recall. It is commonly used on the imbalanced
datasets since, the harmonic mean emphasizes the lower value between precision and recall. Thus,
F1 score will be lower if either precision or recall is low, reflecting the performance of the model more
accurately in cases where there is an imbalance between the two metrics. F1 score is mathematically

represented by the equation 14.
Fl= 2x Precision XRecall (14)

Precision+Recall

3. Methodology

In this study, image segmentation architectures were trained on the images with the
corresponding segmentation masks as ground truth labels. In the classification task, the models were
trained solely on the images, with the target labels being normal, benign and malignant. Since deep
learning models require large amount of data to attain ideal performance and BUSI dataset is
relatively small, data augmentation techniques were applied to increase the effective size of training
set. The data augmentations implemented including random horizontal and vertical flips, random
rotations and color jitter. The images were resized according to the requirements of the specific models
used for classification. For example, during augmentation, images were resized to 224x224 for
ResNet18 and to 299x299 for InceptionV3 to match the input dimensions expected by each model
during breast cancer classification task. Both segmentation and multiclass classification tasks were
performed using the PyTorch deep learning framework on an NVIDIA RTX 4060 Ti 16 GB external
GPU housed in a Node Titan enclosure, connected via Thunderbolt USB-C cable to a Dell Precision
7760 laptop with an 11th Gen Intel Core i7 processor, 32 GB RAM, running 64-bit Windows 11.

Figure 2a) shows the workflow for the image segmentation task. In the breast cancer image
segmentation, the decoders U-Net, U-Net++ and DeepLabV3 were chosen due to their high
performance on the image segmentation tasks. The decoder architecture was tested with various
encoder backbones to assess the impact of different encoder: decoder architecture for the breast
cancer image segmentation quality and accuracy. The encoders tested include ResNet18, EfficientNet-
B0, MobileNetV2, and VGG16. These encoders were selected for the study due to the GPU resource
constraints. Larger models such as ResNet50, DenseNet161 etc. were unable to run on the utilized
GPU. Moreover, our attempt to train VGG16:DeepLabV3 was failed plausibly due to total memory
(VGG16:DeepLabV3) exceeding the 16 GB limit of the GPU used in this study. Hyperparameter
optimization is conducted to identify optimal encoder: decoder architecture. For each decoder, hyper
parameters such as encoders (ResNet18, EfficinetNet-B0O, MobileNetV2, VGG16), learning rate and
weight decay within a range from 0.00001 to 0.001, batch size equal to 4,8, and 16 were optimized to
determine the optimal configuration for 16 GB memory of the GPU setup. Additionally, a batch size
of 32 was also attempted but failed due to an out of memory error. The optimizers (Adam, AdamW,
RMSprop, SGD, Adagrad), image sizes (288,320 and 256) were investigated using the OPTUNA
optimization framework. Number of epochs is set within an integer range of 10 to 100. The objective
of Optuna study was set to minimize the loss function, a total 50 Optuna trials were conducted with
trial pruning mechanism to cease dubious trials. This approach optimizes computational resource
allocation by stopping trials that fail to meet predefined improvement criteria in validation loss,
accelerating convergence toward the most capable hyperparameter settings. After optimizing the
encoder and hyperparameters of each of the decoder architecture, the encoder: decoder models were
trained for 2000 epochs with early stopping set with patience = 25 and best performing model was
saved based on the lowest validation loss. Using the best performing segmentation model, the
segmentation masks were predicted using train, validation and test datasets. The evaluation metrics
Jaccard score, area under the curve (AUC) score, IoU, Dice Coefficient and pixel accuracy were used
to evaluate the segmentation model’s performance on the train, validation and test datasets.

For the multiclass classification of breast ultrasound images, we tested and developed five
pretrained models including ResNet18, InceptionV3, DenseNet121, GoogleNet and MobileNetV3. In
the second step of the multiclass classification model development, the class imbalance is identified
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and addressed. Class weights were calculated based on the frequency of each class. These weights
were used in weightedRandomSampler, function of PyTorch to draw samples more frequently from
the underrepresented classes than those overrepresented classes. This approach helps to balance the
dataset by increasing the representation of minority classes during training process. The next step of
the model development process is to initialize the pretrained classifier with their respective
pretrained weights of the image dataset. For example, DenseNetl121 is initialized using the
IMAGENET1K_V1 weights pretrained on the ImageNet dataset. The initialized model was tailored
for our specific task, by replacing the final fully connected layer of the original classifier with a new
linear layer to match the number of classes in our dataset. The hyperparameters of each model were
optimized using OPTUNA optimization framework [41]. The search space of hyperparameters
learning rate (1e-5 to 1le-1), batch size (8,16,32), weight decay (1e-5 to 1e-1) a of Focal loss (0.3 to 0.75), y of
Focal loss (3 to 5), optimizers (SGD, Adam, RMSprop, AdamW) were explored to identify the best
combination of the hyperparameter values for each model. The objective function of the Optuna
study was set to run for 50 trials to minimize the loss function. Each trial of the study was set to run
for 100 epochs with early stopping with a patience value of 10. Based on the setup, the early stopping
is set to prune the trail if there is no further improvement in the validation loss for 10 consecutive
epochs.

After the hyperparameters are optimized using OPTUNA framework, the optimized model was
initialized using the best combination of parameters. In the training phase, the focus is given to
maximizing the model’s generalization performance and preventing overfitting through the use of
adaptive learning rate scheduling and early stopping mechanisms. We utilized ReduceLROnPlateau
learning rate scheduler to reduce the learning rate when the validation loss plateaus. The scheduler
is configured with a patience parameter value set to 25. Therefore, the scheduler decreases the
learning rate gradually if there is no improvement in the validation loss for 25 epochs. This controlled
reduction of learning rate allows the model to fine-tune the weights with greater precision and avoid
reducing oscillations around the local minima and converge. The training loop is set to run for 1000
epochs with an EarlyStopping mechanism to halt the training when further epochs no longer yield
improvement in the validation loss. EarlyStopping is configured with a patience parameter set to 25,
meaning that, the training loop breaks if there is further decrease in the validation loss for 25 epochs,
thus preventing overfitting. The EarlyStopping criteria is based on the validation loss (multiclass Focal
Loss) and the best model state is saved at checkpoints ensuring that best-performing model
configuration is retained for inference or testing phase. In the concluding step of the classification
task each model’s performance was analyzed using precision, recall, F1score and accuracy metrics on
the training, testing and validation datasets to understand classification effectiveness and
generalizability.

4. Results and Discussion

4.1. Image Segmentation

We tested the encoders ResNetl8, EfficientNet-b0, MobileNetV2 and VGG16 in combination
with decoders U-net, U-net++ and DeepLabV3. Table 3 provides the optimized encoder and decoder
combinations and the optimized hyperparameters for the combinations. Table 3 shows the optimized
parameters for each segmentation model. During Optuna hyperparameter optimization for the U-
Net decoder we can determine that the objective value of the study was minimized when the encoder
was ResNet18, by observing figure Al. MobileNetV2 showed the lowest performance during the
optimization of the U-net architecture, with high objective value of 0.65. For the U-Net++ architecture
the best encoder was ResNet18 with lowest objective value of the Optuna study (Figure A2). The
highest objective value for U-Net++ was recorded with the EfficientNet-Bo encoder indicating the
worst performance. Similarly, with DeepLabV3, MobileNetV2 and EfficientNetBO showed high
objective value throughout the optimization study (Figure A3).
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Table 3. Optuna Hyperparameter Optimization of segmentation models.
Encoder | Decoder Learning rate | Weight Decay | Batch Size | Optimizer | Image
size
Resnet18 | Unet 0.000081 0.000079 8 Adam 288
Resnetl8 | Unet++ 0.000155 1.09011 8 RMSprop 288
Resnet18 | DeepLabV3 0.00019 0.00019 8 AdamW 256

Table 4 shows the performance of the optimized image segmentation models on the train,
validation and test datasets. The ResNet18:U-Net achieved a high pixel accuracy of 0.97 on the
training set with a Dice Coefficient of 0.86 and IoU of 0.76 indicating that this model is performing
well in terms of capturing the relevant pixels and achieved good performance on the training images
and masks. Yet Resenet18: U-Net model showed an overfitting to the training dataset with decreased
performance on the validation and test datasets. The Dice Coefficient dropped to 0.76 and 0.74 and
the IoU to 0.62 and 0.59 respectively on the test datasets. This poor performance on the validation
and test data indicates the model is struggling to generalize on the unseen dataset. This trend is
reflected in the AUC score decreasing from 0.91 in training data to 0.85 and 082 on the validation and
test datasets. By observing the sample segmentation results (figure3) of the ResNet18:U-net, it can be
determined that the model has produced reasonably accurate in segmenting both large and small
structures, however, it shows edge irregularities and slight over segmentation visible in larger
structures in the test data image sample (Figure 3c). Compared to ResNet18:U-Net, Resnet18:U-Net++
achieved a better generalization on the test and validation datasets with improved Dice Coefficient
and IoU scores. On the training dataset, ResNet18: U-net++ achieved better performance with high
pixel accuracy of 0.98, Dice Coefficient of 0.87 and IoU of 0.77 similar to ResNet18:U-net performance.
However, ResNet18:U-Net++ showed relatively higher Dice coefficient of 0.83, IoU of 0.71 and AUC
score of 0.91 suggesting Resnet18:U-net++ architecture mitigates overfitting better than ResNet18:U-
net especially when applied to unseen dataset. In comparison with results reported Almajalid et al
[42], who achieved an average Dice score of 82.5% using U-Net based segmentation framework on
the BUSI dataset of 221 images, our ResNet18: UNet++ model achieved a Dice Coefficient of 83%.
They highlighted U-Net's robustness and adaptability to ultrasound image segmentation, which
supports our findings well. Similarly, our results obtained with U-Net are similar with results
reported by Byra et al., They reported a Dice score of 0.77 on the validation dataset [44] while our U-
Net architecture achieved a Dice score of 0.76 on the validation dataset. However, our results report
the importance of the advanced architectural variations and advanced models such as ReseNet18:
DeepLabV3

Table 4. Performance of Segmentation models on Training, validation and Test datasets.

Encoder: Pixel Accuracy Dice IoU AUC score
Decoder Dataset Coefficient

Resnet18-Unet Train 0.97 0.86 0.76 0.91
Validation 0.96 0.76 0.62 0.85
Test 0.96 0.74 0.59 0.82
Resnet18- Train 0.98 0.87 0.77 0.92
Unet++ Validation 0.96 0.76 0.60 0.84
Test 0.97 0.83 0.71 0.91
Resnet18- Train 0.98 0.87 0.78 0.93
DeepLabV3 Validation 0.97 0.80 0.67 0.87
Test 0.98 0.83 0.70 0.90
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Figure 3. Example predictions of the ground truth mask by Resent 18: Unet model on a) Train dataset, b)
Validation dataset and c) Test dataset.

Figure 4 provides the sample results of the ResNet18:U-Net++ architecture on the train (a),
validation (b) and test datasets (c); and Figure 4, illustrates that the ResNet18:U-Net++ model
accurately segments across different sizes and shapes. ResNet18: DeepLabV3 model yielded the
highest performance overall, with pixel accuracy of 0.98 on both training and test data sets. The Dice
coefficient on the train, validation and test datasets are 0.87, 0.80 and 0.83 respectively. The
ResNet18:DeepLabV3 outperformed ResNetl8: U-Net++ in terms of Dice coefficients and IoU on
training dataset. Also, the ResNet18: DeepLabV3 maintained high accuracy on test data, and it
achieved highest Dice coefficient and IoU indicating that ResNet18: DeepLabV3 generalizes better on
validation data than other developed models. Our ResNet18:DeepLabV3 results align with results
reported in the literature, Badawy et al., reported a mean IoU value of 0.49 before applying fuzzy
logic preprocessing (Badawy et al., 2021), our best segmentation model (ReseNet18:DeepLabV3)
showed a mean IoU of 0.7. Similarly, they reported the developed U-net model has a mean IoU of
0.49 while the U-net model we developed has a mean IoU of 0.65. From figure 5, it is evident that the
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DeepLabV3 has striking balance between the robustness and precision in segmenting large irregular
shaped lesions, medium and small lesions with high accuracy and detailed delineation of the edges.

Input Image Predicted Mask Ground Truth Mask

Predicted Mask Ground Truth Mask

mage Predicted Mask Ground Truth Mask

-

Input |

Figure 4. Example predictions of the ground truth mask by Resent 18: Unet++ model on a) Train dataset, b)
Validation dataset and c) Test dataset.
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Figure 5. Example predictions of the ground truth mask by Resent 18: DeepLabV3 model on a) Train dataset, b)
Validation dataset and c) Test dataset.

Input Image

Ground Truth Mask

4.2. Image Classification

From Table 5, you can see the results of OPTUNA optimization framework obtained for models
ResNet18, InceptionV3, DenseNet121, GoogleNet and MobilenetV3 models for multiclass
classification task. In the optimization process, the F1 macro score have been used to assess the
models during optimization process.

Table 5. Optuna hyperparameter optimization of multiclass breast cancer classification models.

Model Optimize | Learning | Weight | FL(a) | FL(y) | Batch | {1 [B2 F1

r rate Decay : ! size score
Resnet18 RMSprop | 0.0000491 | 0.00027 | 0.57 |4.03 |32 N/A | N/A | 0.77
InceptionV3 | Adam 0.0000163 | 0.00009 | 0.33 | 4.41 16 084 |098 |0.83
Densenet121 | RMSprop | 0.0000246 | 0.00060 | 0.65 |3.55 |32 N/A | N/A | 0.87
MobilenetV | AdamW | 0.0001120 | 0.00626 | 0.44 |4.86 |8 0.81 | 096 |0.88
3
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GoogleNet Adam 0.0008705 | 0.00015 | 0.73 4.24 32 091 | 093 |0.82
*FL(«x) is the weighting factor that balances different classes, when the dataset is imbalanced dataset, FL(y) is the

focusing parameter that focuses on the instances that are hard to classify.

The ResNet18 has lowest F1 score of 0.77 during optimization process, while utilizing RMSprop
optimizer in combination with a learning rate of 0.0000491 and weight decay 0.00027 on a training
batch size of 32. GoogleNet, optimized with a adam optimizer, a, learning rate of 0.000163, weight
decay of 0.00009, and a focal loss parameters a and y equal to 0.73 and 4.24, $1 = 0.91 and 2= 0.93
achieved a slightly better Fl-score of 0.82. On the other hand, InceptionV3 achieved a similar
performance as GoogleNet with only one point increase in the F1 score. During optimization process,
MobileNetV3 showed best F1 score 0.88 and outperformed other models. The MobileNetV3 is
optimized with RMSProp and learning rate 0.0000246, weight decay 0.00060, FL(a) = 0.44 and FL(y)
= 4.86 and P1 and {32 values equal to 0.81 and 0.96 respectively. The effective performance of the
AdamW for MobileNetV3 highlights the model compatibility with robust weight decay, contributing
to generalization while minimizing the overfitting. Optuna optimization results revealed that optimal
hyperparameters vary significantly by model architecture and MobileNetV3 achieved highest
accuracy with the lowest batch size of 8 on both training and validation datasets. ResNet18 achieved
a better performance on the training dataset with Flscore of 0.95, accuracy of 0.90 and well-balanced
precision and recall across all classes for the training dataset. ResNet18 validation performance was
also high with an F1 score of 0.89 and accuracy of 0.82. However, the model’s performance on the test
dataset is dropped with F1 score = 0.81 and accuracy = 0.77. Moreover, the recall on the benign class
is 0.63 indicating that while ResNet18 is generalized well, it had difficulty recognizing benign classes
in the test dataset. By observing the confusion matrix results (figure 6) of the ResNet18, you can see
that the model correctly identified 208 benign, 120 normal and 268 malignant samples with fewer
misclassifications during training phase. ResNet18 misclassified only two malignant cases in the
training and validation dataset. However, during inference phase, resenet18 misclassified 10 benign
cases as malignant even though it showed better performance for normal and malignant classes.
Badawy et al.,, developed ResNetl01, when compared to the light weight ResNet18 model we
developed in this study, we chose the ReseNet18 due to memory constraints of the GPU we used in
this study. Badawy et al., reported that ResNet101 has better performance on the BUSI dataset than
that of the other ResNet variants they tested (ResNet18, ResNet50) [41].
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Figure 6. Confusion matrix of Resent18 Breast Cancer classifier on a) Train dataset, b) Validation dataset and c)
Test dataset.

The InceptionV3 model achieved an F1 score of 0.91 and an accuracy of 0.91 on the training data
with a high recall in the normal class (0.99), see table 6. On the validation dataset, InceptionV3 showed
a F1 score of 0.86 with a validation accuracy of 0.74, indicating a moderate overfitting problem.
During inference phase, InceptionV3 showed lower performance with a F1 score and accuracy of 0.75
and 0.83 respectively. InceptionV3 performed well on the class label normal with a precision = 1.0 but
the recall for the benign class is equal to 0.63, indicating that InceptionV3 struggles to differentiate
the benign class during inference phase. By observing the confusion matrix in Figure 7 the
InceptionV3 model correctly identified 182 benign, 117 normal and 272 malignant cases with minimal
misclassification on training dataset. From the validation data confusion matrix for the InceptionV3
model, illustrates that the model has correctly classified 36 out of 38 malignant cases. Yet during the
inference phase, it faced challenges in classifying benign class with only 14 of the benign cases
classified correctly and processed 7 cases where it misclassified benign samples as malignant
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samples. DenseNet121 performed reasonably well on the training and test (unseen) datasets. On the
training dataset DenseNet121 model achieved a F1 score and accuracy of 0.86 and 0.85 respectively.
On the validation dataset it achieved a F1 score of 0.73 and accuracy of 0.71 respectively. However,
the model demonstrated strong performance on the test data when compared to validation data
indicating that model generalizes well when applied to the unseen dataset. Examining the confusion
matrix (Figure 8a) of DenseNet121 model on the training dataset, it is evident that DenseNet121
correctly identified 283 benign, 100 normal and 153 malignant samples. Although, DenseNet121
misclassified 27 benign images as normal and 40 benign samples as malignant. In the validation
dataset (figure 8b), DenseNet121 showed a mixed performance with 25 benign images correctly
classified, and the model misclassified 5 benign samples as normal and 6 malignant samples as
normal. During the inference phase, the DenseNet121 model achieved better performance with only
few misclassified samples. It correctly classified 19 benign, 17 normal and 33 malignant samples,
implying high level of generalization.

Table 6. Performance of the Breast Cancer classifiers on Train, Validation and Test datasets.

Model Dataset | Flsco | Accura | Metric | Benig | Norm | Maligna | Macr
re cy n al nt 0
AVG
Resnetl8 Train 0.90 0.90 Precisio | 0.98 | 0.96 0.94 0.96
n
Recall |0.92 [0.94 |0.99 0.95
F1 095 1095 |0.95 0.95
score
Test 0.77 0.81 Precisio | 0.86 | 0.92 |0.74 0.84
n
Recall | 0.63 |0.80 |[0.97 0.80
F1 0.73 086 |0.84 0.81
score
Validati | 0.81 0.82 Precisio | 0.89 | 0.89 0.91 0.89
on n
Recall |0.89 [0.84 |0.94 0.89
F1 0.89 [0.86 |0.92 0.89
score
InceptionV Precisio | 0.92 | 0.85 |0.94 0.90
3 Train 0.91 0.91 n
Recall | 0.85 |0.99 |0.93 0.92
F1 0.88 |091 |0.94 0.91
score
Test 0.86 0.83 Precisio | 0.61 | 1.0 0.72 0.78
n
Recall | 0.67 |0.78 |[0.76 0.74
F1 0.64 |0.88 |0.74 0.75
score
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Validati | 0.77 0.74 Precisio | 0.83 | 0.94 | 0.86 0.88
on n
Recall |0.83 |0.76 |0.95 0.85
F1 0.83 10.84 |0.90 0.86
score
Densenetl2 | Train 0.86 0.85 Precisio | 0.96 | 0.76 | 0.78 0.83
1 n
Recall | 0.81 |0.94 |091 0.89
F1 0.88 [0.84 |0.84 0.85
score
Test 0.82 0.82 Precisio | 0.79 | 0.94 |0.94 0.89
n
Recall | 0.86 |0.94 |0.89 0.90
F1 0.83 1094 |0.92 0.90
score
Validati 0.73 10.71 Precisio | 0.71 | 0.57 0.84 0.71
on n
Recall |0.78 |0.72 |0.59 0.70
F1 0.75 10.63 |0.70 0.69
score
MobileNet | Train 0.93 0.94 Precisio | 0.94 | 0.93 |0.94 0.94
V3 n
Recall | 0.89 [0.93 |[0.97 0.93
F1 0.92 1093 |0.95 0.93
score
Test 0.71 0.71 Precisio | 0.45 | 0.93 0.90 0.76
n
Recall |0.79 [0.65 |0.71 0.72
F1 0.58 [0.76 |0.79 0.71
score
Validati | 0.81 0.80 Precisio | 0.66 | 1.00 | 0.90 0.85
on n
Recall | 1.00 [0.67 |0.75 0.81
F1 0.79 10.80 |0.82 0.80
score
GoogleNet | Train 0.91 0.91 Precisio | 0.95 | 0.93 |0.86 0.92
n
Recall | 0.80 [0.93 |[0.97 0.90
F1 0.87 1093 |091 0.91
score
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Test 0.78 0.77 Precisio | 0.77 | 0.83 0.77 0.79
n
Recall | 0.74 | 0.67 0.86 0.75
F1 0.75 10.74 | 0.81 0.77
Score
Validati | 0.73 0.73 Precisio | 0.64 | 0.81 0.75 0.73
on n
Recall | 0.86 |0.71 0.66 0.74
F1 0.73 |0.76 0.70 0.73
score
Confusion Matrix, model:InceptionV3 Confusion Matrix, model:InceptionV3
Accuracy 0.92, & F1 Score (Macro) 0.91 on Train data Accuracy 0.87, & F1 Score (Macro) 0.87 on Validation data
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Figure 7. Confusion matrix of InceptionV3 Breast Cancer classifier on a) Train dataset, b) Validation dataset and
¢) Test dataset.
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Accuracy 0.86, & F1 Score (Macro) 0.85 on Train data Accuracy 0.7, & F1 Score (Macro) 0.69 on Validation data
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Figure 8. Confusion matrix of Densenet121 Breast Cancer classifier on a) Train dataset, b) Validation dataset and
¢) Test dataset.

The MobileNetV3 model presented consistent performance across all classes with precision and
recall being above 0.9 for the training dataset. The accuracy and F1 score on the training dataset are
0.93 and 0.94 respectively. However, the MobileNetV3 model showed poor performance on the test
dataset with a lower F1 score and accuracy, due to the impact of lower precision for benign class. This
indicates that the MobilenetV3 model struggled to classify the benign class on the unseen dataset.
The results of the developed MobileNetV3 model align with other reports in the literature. Yan et al
reported that MobileNetV1 has better classification performance than that of the MobileNetV2 [40].
From Figure 9a, it is evident that the developed MobileNetV3 model correctly identified 168 benign,
129 normal and 292 malignant cases correctly. It showed strong performance on validation data
(figure 9b) for benign and malignant classes. However, in the inference phase, the MobileNetV3
model misclassified 1 benign case as normal, 7 normal cases as benign, and 11 normal cases as
malignant, showing confusion primarily in distinguishing the normal class.
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Figure 9. Confusion matrix of MobileNetV3 Breast Cancer classifier on a) Train dataset, b) Validation dataset
and c) Test dataset.

The GoogleNet model aka InceptionV1model showed high training Fl-score and accuracy
scores of 0.91 and 0.91, respectively. Yet, the recall for benign cases was relatively low at 0.8 implying
that model struggles to detect benign features during the training phase. The F1-score and accuracy
of the GoogleNet model on the validation dataset is 0.73 and 0.73 respectively. During inference
phase, GoogleNet achieved a F1 score of 0.77 and accuracy of 0.77 with a balanced precision across
all the classes but lower recall for normal and malignant classes. Thus, the GoogleNet model was
unable to differentiate the classes during the inference. Similarly, by observing the confusion matrix
results of the GoogleNet model on train dataset, it is evident that, model showed a balanced
performance across all the classes in the training phase (Figure 10a), it correctly classified 168 benign.
129 normal and 268 malignant cases with a minimal misclassification. On the validation dataset,
GoogleNet correctly classified 18 benign, 17 normal and 21 malignant samples, however some of the
malignant samples are misclassified as normal (Figure 10b). During inference phase, the GoogleNet
model’s performance has slightly reduced, with 20 benign, 10 normal and 30 malignant cases
correctly identified. However, it misclassified 7 benign cases as malignant, 3 normal cases as benign
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and 2 malignant classes as normal. Figure 11 shows the comparison of all developed models’
performance on train data, validation and test datasets.

Confusion Matrix, model:Googlenet Confusion Matrix, model:Goeglenet
Accuracy 0.73, & F1 Score (Macro) 0.73 on Validation data

Accuracy 0.91, & F1 Score (Macro) 0.91 on Train data
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Figure 10. Confusion matrix of GoogleNetV3 Breast Cancer classifier on a) Train dataset, b) Validation dataset
and c) Test dataset.
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Comparison of F1 Scores and Accuracy for Different Models
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Figure 11. Comparison of models’ performance on train, validation and test datasets based on F1 score and

Accuracy.

Figure 11 illustrates that the ResNet18 and GoogleNetV3 models achieved the highest F1 scores
on training data with GoogleNetV3 having a slightly higher F1-score of 0.93 and an accuracy of 0.91.
However, the ResNet18 model demonstrated better generalization on the unseen dataset attaining
validation and test accuracies of 0.82 and 0.81 respectively. InceptionV3 also performed well while
DenseNet121 displayed moderate scores on validation and test F1 score of 0.73 and 0.82, respectively.
Similarly, the MobileNetV3 model, despite a better training accuracy of 0.94 did not show robust
performance on the test data with lower accuracy of 0.71. Considering the accuracies and F1 scores,
the ResNet18 model can be selected as the most balanced model with stable performance across
training, validation and test datasets. The model’s consistency of the accuracy and F1-scores across
three datasets supports its reliability for the multiclass classification of breast cancer ultrasound
imagery data. Sample predictions of the developed classification models is provided in the Figure 12.
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Figure 12. Example predictions of the ground truth label (Malignant, benign and Normal) by optimized
classification models developed in this study.

5. Conclusions

With an aim of assisting the healthcare practitioners and radiologist in early detection of breast
cancer, we conducted an extensive study on the application of transfer learning techniques based on
the pretrained models to accurately conduct breast cancer segmentation and classification of breast
cancer ultrasound images. We focused on the data augmentation, hyperparameter optimization with
Optuna, and the construction of a robust training process to address challenges presented by the
limited size and class imbalance of BUSI dataset. For the image segmentation task, the DeepLabV3
model outperformed U-Net and U-Net++ models by achieving high pixel accuracy and good
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generalization on training, validation and test datasets. U-Net predictions showed edge irregularities
and over segmentation while the ResNet18: DeepLabV3 model showed strong performance in terms
of delineating both large and small lesions with minimal edge irregularities. Thus, indicating the
model’s suitability for breast cancer image segmentation. The DeepLabV3 ResNet18 model possessed
a Dice Coefficient of 0.83, IoU of 0.71 and pixel accuracy of 0.98 on the test dataset, demonstrating its
ability to generalize well on the unseen dataset. For the image classification of breast cancer images,
ResNet18 model achieved an F1-score of 0.81 and an overall pixel accuracy of 0.77 on the test dataset
and ResNet18 showed better generalization on the unseen dataset when compared to MobileNetV3
and GoogleNet. The MobileNetV3 model achieved highest F1-score of 0.94 on the training data but
showed low accuracy (0.71) on the test data.
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