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ABSTRACT 
 

Breast cancer is one of the most common cancers worldwide and remains a major cause of mortality among 
women. Accurate diagnosis from histopathological images is often challenging due to subtle visual 
differences between benign and malignant tissues. Manual diagnosis is time-consuming and prone to 
subjectivity, which highlights the need for automated approaches. This study compares a standard 
Convolutional Neural Network (CNN) with a ResNet-34 model using transfer learning to improve 
classification performance. We hypothesize that ResNet, with its deeper architecture and pre-trained features, 
will achieve higher accuracy than CNN. Experiments were conducted on BreakHis dataset consisting of 7,909 
images, where data augmentation and balancing techniques were applied to address class imbalance. The 
results confirmed our hypothesis, with ResNet achieving 95.49% accuracy compared to CNN’s 81.58%. 
These findings indicate that transfer learning offers a more reliable solution for breast cancer image 
classification. This work contributes by showing the effectiveness of ResNet for histopathology images, 
demonstrating how preprocessing strategies improve classification, and suggesting a potential pathway for 
supporting early diagnosis in clinical practice. 
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1. INTRODUCTION  
 

The escalating global incidence of cancer, 
reaching an estimated 18.1 million cases in 2018 and 
projected to surge to 25 million by 2040, poses a 
substantial challenge, particularly in regions with 
disparate access to cancer care resources [1]. The 
intricacies inherent in cancer demand specialized 
clinical management, predominantly available in 
advanced medical facilities. Early detection stands as 
a pivotal determinant for improved survival rates. In 
this context, recent advancements in deep learning 
methodologies, specifically employing PyTorch and 
the ResNet architecture, present promising avenues 
for elevating the precision and efficiency of cancer 
detection [2]. 

Deep learning most notably convolutional neural 
networks (CNNs) has demonstrably advanced 
medical image classification, including applications 
to breast histopathology [3]. CNNs learn hierarchical 
feature representations directly from pixel data; 
however, when trained from random initialization 
they typically require substantial annotated cohorts 

and often generalize poorly on small medical 
datasets [4,6]. Transfer learning has been proposed 
as a solution, where models pre-trained on large-
scale image datasets are fine-tuned for medical 
imaging tasks [7]. ResNet, a widely used 
architecture, has demonstrated strong performance 
in extracting meaningful features and addressing the 
vanishing gradient problem in deep networks [8]. 
Despite these advances, breast cancer histopathology 
classification remains a real challenge due to issues 
such as dataset imbalance, limited annotated data, 
and subtle variations in tissue structures that 
complicate diagnosis. While many studies have 
explored deep learning for breast cancer 
classification, challenges remain. First, the issue of 
dataset imbalance can affect model training, as 
cancerous and non-cancerous images are often 
unequally represented [9]. Second, there is a need for 
systematic comparisons between traditional CNN 
models and advanced architectures such as ResNet 
under controlled experimental conditions. 
Addressing these gaps will provide meaningful 
insights for both researchers and practitioners in 
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computational pathology. This study addresses these 
challenges by optimizing CNN performance and 
evaluating its effectiveness against ResNet-34, with 
the goal of improving classification accuracy and 
robustness in histopathological image analysis. 
 
1.1. Problem Statement and Research 
Questions 
Despite progress in CNN-based histopathology 
classification, conventional CNNs often 
underperform when dealing with subtle structural 
variations and imbalanced datasets. This motivates 
the need to explore whether advanced architectures, 
such as ResNet-34, can significantly improve 
diagnostic accuracy. Thus, our study is guided by the 
following hypothesis: 

ResNet-34, through transfer learning and residual 
connections, will outperform a standard CNN in 
classifying benign and malignant breast cancer 
histopathological images from the BreakHis dataset. 
 

1.2. Research Design and Rationale 
   To test this hypothesis, we adopt a comparative 
research design. We evaluate two models—a 
standard CNN with image augmentation and a 
ResNet-34 transfer learning model—on the 
BreakHis dataset [6]. This design allows us to 
examine whether ResNet’s architectural innovations 
directly translate to superior performance compared 
to conventional CNNs. Our methodology draws 
upon earlier studies in medical image analysis 
[6][8][9], while also integrating practical strategies 
such as data augmentation to mitigate class 
imbalance and improve robustness. 

In summary, this study not only evaluates model 
performance but also seeks to address why breast 
cancer classification remains challenging, how 
transfer learning can improve diagnostic accuracy, 
and what contributions ResNet can make toward 
reliable computational pathology. 
 

2. LITERATURE REVIEW 

Previous studies have laid the groundwork for 
leveraging deep learning methodologies, 
particularly Convolutional Neural Networks 
(CNNs), in the realm of medical image analysis. In 
the context of breast cancer detection, various 
research efforts have utilized advanced algorithms 
and datasets to enhance diagnostic accuracy. 

One of the notable features of CNNs is their ability 
to identify patterns within images. They start by 

detecting simple shapes like lines and corners in the 
early layers and gradually progress to recognizing 
more complex features as the depth of the network 
increases [5]. This property makes CNNs highly 
effective in detecting objects in images. 

Previous works, such as [6] have highlighted the 
significance of BreakHis in advancing research on 
breast cancer classification using histopathological 
images. The dataset's diversity and size contribute to 
its efficacy as a benchmark for evaluating the 
performance of deep learning models. 

Pioneering research by [7] introduced neural 
network as a powerful tool for document 
recognition. Subsequently, with advancements in 
technology and the availability of significant 
medical image datasets, many researchers began 
employing neural networks for tasks such as image 
classification, object detection, and segmentation. 

 Transfer Learning: The concept of transfer 
learning, where a model pre-trained on one task is 
adapted for a related task, has proven to be 
invaluable in medical image analysis. [8] 
demonstrated the effectiveness of transfer learning 
techniques, specifically using the ResNet-34 model, 
for classifying breast cancer on histopathological 
images. Leveraging pre-trained models allows for 
significant time and resource savings compared to 
training models from scratch. 

Image Augmentation Strategies: Image 
augmentation techniques, a critical aspect of training 
robust models, have been explored in various 
medical imaging studies. [9] emphasized the 
importance of image augmentation in mammogram 
analysis, employing methods such as flips, rotations, 
translations, scaling, and the addition of noise. These 
strategies aim to diversify the training dataset, 
enhancing the model's ability to handle real-world 
variations in histopathological images. 

ResNet architecture, introduced by [10] has 
become a cornerstone in deep learning for image 
recognition. With its ability to address challenges 
like vanishing gradients in deep neural networks, 
ResNet models have been widely adopted in medical 
image analysis. [10] specifically proposed Deep 
Residual Learning for Image Recognition, 
showcasing the effectiveness of ResNet 
architectures. 
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2.1. Convolutional Neural Network (CNN) 

A Convolutional Neural Network (CNN) is a deep 
learning model primarily designed for tasks such as 
image classification and object detection.  

CNNs rely on two key components: convolutional 
layers and pooling layers. Convolutional layers 
analyze images to detect various patterns and 
features, while pooling layers reduce the complexity 
of the extracted features, making the model more 
resilient to slight changes and deformations in the 
images. 

The extracted features are subsequently fed into 
fully connected layers to produce the ultimate 
output, which might entail classifying an image or 
identifying objects within it. CNN training entails 
fine-tuning the weights of its layers using a labeled 
dataset, allowing the model to make precise 
predictions on unfamiliar data. 

In our research, we leverage CNNs to detect breast 
cancer from breast tissue images. Additionally, we 
employ transfer learning, a technique in machine 
learning where a pre-trained model is adapted for a 
related task. This approach saves significant time 
and resources compared to training a model from 
scratch. Specifically, we utilize the ResNet-34 
model for transfer learning purposes. Common 
augmentations (flips, rotations, translations, scaling) 
are used; full settings and class-balancing details 

2.1.1. flips  

This technique, also called mirroring, involves 
flipping the image either horizontally or vertically, 
which assists in making the model more adaptable to 
variations in image orientation [11]. During this 
augmentation, the original training image is flipped 
along one axis, either horizontally or vertically. 
Consequently, the features within the image undergo 
consistent directional changes. 

2.1.2. rotation 

Image rotation augmentation is a method used to 
expand the dataset artificially by rotating images at 
specific angles. This process aims to enhance 
machine learning model performance by introducing 
a broader range of training data. When rotating 
images, it is customary to establish a constant 
background color to guarantee seamless blending 
throughout the rotation process. This practice aids in 

preventing the model from interpreting alterations in 
the background as unique features, especially 
beneficial when the background remains uniform 
across all rotated images. 

2.1.3. translation 

Translation involves shifting images 
horizontally (left or right) or vertically (up or down) 
can be a valuable transformation to mitigate any 
inherent bias in the positional distribution of the data 
[12]. This transformation, known as translation, 
helps ensure that objects within images are 
recognized across various positions rather than just 
at the center or edges. Augmenting training data with 
a range of translations enables neural networks to 
effectively identify objects in different positions 
within images. 

2.1.4. scaling 

Scaling transformations involve adjusting the size 
of an image along its various axes using scaling 
factors, which may vary independently. These 
scaling factors determine whether the image is 
zoomed out (when the factor is less than 1) or 
zoomed in (when the factor is greater than 1) [13]. 
This approach is employed to expand both the 
quantity and diversity of training data. Occasionally, 
the object may be magnified within the image and 
may even be partially cropped. 

2.2. ResNet-34  

ResNet-34 is a type of computer vision system 
made up of 34 layers. It's organized into five groups 
of convolutional networks and a fully connected 
network with 1000 neurons. What makes ResNet 
special is its clever use of shortcuts, especially when 
the input and output have the same size [14]. 

Compared to the original ResNet, ResNet-34 is 
simpler because it has fewer layers. This means it's 
not as demanding to train and run faster. 

    ResNet's popularity stems from its effectiveness 
in addressing a prevalent issue in deep learning 
known as vanishing gradients. This is achieved 
through the incorporation of "residual connections" 
within architecture, which facilitates the smoother 
flow of gradients throughout the network during 
training, enabling faster training progress[15]. 
ResNet-34 begins with an initial convolutional layer 
followed by multiple ResNet blocks, often referred 
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to as basic residual blocks, and pooling layers. 
Ultimately, the model concludes with fully 
connected layers, which are responsible for 
producing the final outcomes. ResNet-34 is widely 
used in different computer vision tasks like 
recognizing objects in images, detecting objects, and 
dividing images into meaningful parts, which is 
called semantic segmentation [10]. It's a popular 
choice because it's reliable and effective. 
 
   Despite these advances, challenges remain. Many 
CNN models still struggle with capturing subtle 
variations in histopathological images, and studies 
often report lower accuracy when trained on 
imbalanced datasets. Furthermore, most prior works 
have emphasized performance without always 
addressing the generalizability of models across 
diverse data conditions. This gap motivates our 
study: to systematically compare a standard CNN 
with ResNet-34 on the BreakHis dataset, using data 
augmentation and balancing strategies, and to 
evaluate their effectiveness in breast cancer 
classification. 
 
   In summary, existing research demonstrates the 
potential of CNNs, transfer learning, and 
augmentation for breast cancer detection, but there is 
still a need to clearly identify which architectures 
provide the most reliable performance under realistic 
conditions. Our study builds on these foundations 
and directly addresses this gap. 
 

3. METHODOLOGY 

The methodology covers four components: data 
preprocessing, model architecture design, training 
procedures, and evaluation metrics. We describe 
how the dataset is prepared (exploration, 
augmentation, validation), specify the baseline CNN 
and the ResNet-34 configuration, outline the training 
procedure and regularization, and define the metrics 
used to compare models. 
 
   As shown in Figure 1, the pipeline comprises data 
collection and exploration, augmentation and 
validation to ensure data quality and balance; model 
design for the CNN baseline and ResNet-34; training 
with augmentation and early stopping; and 

evaluation using predefined metrics. 

 
 
 
Figure 1. Proposed Breast Cancer Detection Framework. 

 
 

3.1. Dataset 

The dataset used in this study was obtained from 
BreakHis (Breakpoint Histology) and contained 
7,909 images of breast histopathology tumor tissue, 
including both benign and malignant cases. The 
images are categorized based on various 
characteristics and types of breast tumors. 

Table 1. Dataset attributes description. 

No  Attribute Description 
1 Benign Tumors non-cancerous 
2 Malignant Tumors cancerous 

 

3.2. Data Pre-processing 

Data preprocessing is a crucial step in the 
methodology as it ensures that the dataset is clean, 
structured, and suitable for further analysis. Raw 
data often contains inconsistencies which can 
negatively impact model performance. Proper 
preprocessing enhances the accuracy, efficiency, and 
reliability of the subsequent computational 
processes. 

3.2.1. data understanding 

Prior to preprocessing, a comprehensive 
examination of the dataset was conducted to gain 
insights into its composition and distribution. The 
dataset consists of histological images stored in the 
directory. Each image is associated with a specific 
label, indicating its pathological classification as 
either benign or malignant. Through initial 
exploration, we confirmed the presence of two 
distinct classes: 'benign' and 'malignant' which are 
shown in (Figure 2). 
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Figure 2. Random Sample Image From The Data 
 

3.2.2. data augmentation and upsampling 

To address class imbalance and augment the 
dataset, we employed data augmentation techniques 
such as random horizontal and vertical flips. These 
techniques introduce variations in the dataset, 
thereby enhancing model generalization and 
performance. Additionally, to mitigate the effects of 
class imbalance, we performed upsampling of the 
minority class ('benign' with 2,480 images) to match 
the sample count of the majority class ('malignant' 
with 5,429 images). This resulted in a balanced 
dataset comprising 5,429 samples per class.

 

Figure 3. Class Distribution Before Upsampling. 

 

Figure 4. Class Distribution After Upsampling 
 

As shown in Figure 3, the dataset initially 
exhibited class imbalance, with 2,480 benign 
samples and 5,429 malignant samples. To address 

this, we applied upsampling, resulting in a balanced 
dataset with 5,429 samples per class, as depicted in 
(Figure 4). 

3.2.3. data splitting 

The preprocessed dataset was divided into 
training, validation, and test sets to facilitate model 
training, validation, and evaluation. We adopted a 
standard split, allocating 90% of the data for training 
and 10% for testing. Furthermore, to assess model 
performance and prevent overfitting, a subset of the 
training data (10%) was reserved for validation 
purposes. 

3.2.4. handling overlapping identifiers 

During the data splitting process, it is essential to 
ensure that the identifiers assigned to samples are 
unique across the training, validation, and test sets. 
Overlapping identifiers can lead to data leakage and 
compromise the integrity of model evaluation. 

Upon detecting overlapping identifiers between 
the training and validation sets, corrective actions 
were undertaken to resolve the issue. The following 
steps were implemented to ensure unique identifiers: 

3.2.4.1. identification of overlapping identifiers  

Overlapping identifiers between the training and 
validation sets were identified through systematic 
comparison.  

3.2.4.2. assigning unique identifiers  

To rectify the issue, unique identifiers were 
assigned to samples in the training and validation 
sets. Overlapping identifiers were appended with 
suffixes to differentiate them from their 
counterparts. 

3.2.4.3. validation of identifier uniqueness 

 Following the assignment of unique identifiers, 
the dataset was thoroughly examined to verify the 
absence of overlapping identifiers across the training 
and validation sets. 

3.2.4.4. iterative validation  

The validation process was repeated iteratively 
until no overlapping identifiers were detected, 
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ensuring the integrity of the dataset splitting 
procedure. 

By ensuring the uniqueness of identifiers across 
datasets, the integrity of the data splitting process 
was preserved, thereby mitigating the risk of data 
leakage and facilitating robust model evaluation. 

3.2.5. data transformation 

Image transformation techniques were applied to 
standardize pixel values and resize images to a 
uniform format suitable for model input. This 
involved normalization of pixel intensities to a 
standard scale and resizing images to a consistent 
resolution (e.g., 324x324 pixels). Normalization 
ensures that pixel values lie within a predefined 
range, typically [0, 1], enabling more stable model 
convergence and improved performance during 
training and inference. 

3.2.6. hyperparameters 

The model is trained with our set hyperparameters 
as follows BATCH_SIZE = 10, epochs = 50, 
Learning Rate = 1e-3, Gradient Clipping= 0.1, 
Weight Decay = 1e-5, Optimization Function = 
torch.optim.Adam, patience = 2 

 
 

4. RESULT AND DISCUSSION 

To evaluate the two models used in this study, we 
compared training and validation performance by 
plotting loss and accuracy curves. (Figures 5 and 6) 
show the progression of training for the CNN with 
image augmentation and the ResNet-34 transfer 
learning model. Both models exhibited stable 
convergence, indicating that the training procedures 
were effective. 

 
Figure 5. Training vs Validation Loss & Accuracy on 

the first model (CNN with Image Augmentation) 

 
Figure 6. Training vs Validation Loss & Accuracy 

(Transfer Learning via ResNet) 

 
 

 
Our objective was to determine whether ResNet-

34 could outperform a standard CNN in classifying 
breast histopathological images. The results 
confirmed this hypothesis: the CNN achieved 
81.58% accuracy on the test set, while ResNet-34 
reached an impressive 95.49%. This aligns with our 
expectation that residual connections and pre-trained 
feature extraction would better capture the subtle 
differences between benign and malignant tissue 
samples. 

  

 
 

 Figure 7. Accuracy Comparison: ResNet vs 
CNN Image Augmentation 

 
Figure 7. It shows that the ResNet model 

performed well because it learned from large 
datasets and adapted to the unique features of 
histological images. Its structured approach helped it 
understand subtle differences better, leading to 
higher accuracy. However, its success may depend 
on factors like dataset size and how we set its 
parameters. 

 Our findings emphasize the importance of 
choosing suitable models and optimization 
techniques for histology image analysis. While both 
models showed promise, the ResNet model's use of 
transfer learning was particularly effective. By 
building on existing knowledge, it achieved high 
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accuracy and adaptability. 
 
 However, it is important to remember that 
our results may change depending on different 
datasets and settings. Further research is needed to 
explore advanced techniques that can improve deep 
learning models for histological image analysis. 
 
4.1. Comparison with Objectives and State of 
the Art 

The initial goal of this study was to improve 
diagnostic accuracy by leveraging deep learning 
models with augmentation and transfer learning. The 
results show that while CNNs can capture basic 
image features, their performance is limited when 
facing complex histopathological patterns. ResNet-
34, by contrast, demonstrated strong adaptability and 
robustness.  

 
4.2  Contribution and Differences from Prior 
Work 

 
Unlike previous works that mainly reported 

accuracy of a single architecture, this study 
highlights the comparative advantage of ResNet-34 
over a baseline CNN on the same dataset. 
Furthermore, by applying systematic data 
augmentation and addressing class imbalance, we 
ensured a fair and robust evaluation framework. This 
approach distinguishes our work from earlier studies 
that often did not account for dataset imbalance or 
relied solely on one model. 

 
4.3  Limitations and Open Issues 

 
Despite the strong performance of ResNet-34, 

several limitations remain. First, our experiments are 
restricted to the BreakHis dataset [6], which may not 
fully capture the diversity of real-world clinical data. 
Second, although augmentation strategies improved 
generalization, more advanced techniques such as 
generative models could further enhance data 
diversity. Finally, computational cost may be a 
barrier for deployment in low-resource clinical 
settings, suggesting the need for exploring 
lightweight ResNet variants. These open issues 
highlight opportunities for future research in 
developing efficient, generalizable, and clinically 
applicable diagnostic tools. 

 
In summary, the results clearly support our 

hypothesis and demonstrate that transfer learning 
with ResNet-34 significantly improves classification 
accuracy compared to a standard CNN. The study 
not only meets its original objectives but also 

contributes to ongoing discussions in computational 
pathology by emphasizing the importance of 
architectural choice, dataset balancing, and robust 
evaluation. 
 
5. CONCLUSION 

 
In conclusion, our study underscores the critical 

role of model selection and optimization in histology 
image analysis. The comparative evaluation of a 
CNN model with image augmentation against a 
ResNet model yielded insightful results. The main 
contribution of this work is demonstrating that 
ResNet-34, when combined with balanced 
preprocessing and augmentation, outperforms 
baseline CNNs on BreakHis. Unlike prior studies, 
this research provides a controlled comparison under 
identical conditions, emphasizing the importance of 
architectural choice and preprocessing in 
computational pathology. While the CNN model 
demonstrated respectable performance with an 
accuracy of 81.58% on the test dataset, its efficacy 
in handling intricate histological features was 
limited. In contrast, the ResNet model exhibited 
remarkable proficiency, achieving an impressive 
accuracy of 95.49% on the same dataset. 

 
The success of the ResNet model can be attributed 

to its utilization of transfer learning mechanisms, 
which enabled it to leverage pre-existing knowledge 
and adapt to the intricacies of histological images. 
By employing structured feature extraction methods 
and hierarchical representations, the ResNet model 
demonstrated superior discernment of subtle 
variations within images. 

 
These findings underscore the potential of 

advanced deep learning architectures, such as 
ResNet, in enhancing the accuracy and applicability 
of histology image analysis. Moreover, they 
highlight the significance of leveraging transfer 
learning techniques to capitalize on existing 
knowledge and improve model performance. 

 
Looking ahead, further research is warranted to 

explore novel architectures and optimization 
strategies that can further enhance the efficacy and 
robustness of deep learning models in histological 
image analysis. By continuing to refine and innovate 
in this field, we can unlock new possibilities for 
precise medical diagnostics and pathology. 
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