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ABSTRACT 

TUMOR DETECTION IN BREAST CANCER 

HISTOPATHOLOGICAL IMAGES USING 

CONVOLUTIONAL NEURAL NETWORKS 

 

Zeki ŞAHBAZ 

MSc. in Electrical and Computer Engineering 

Advisor: Assist. Prof. Bekir Hakan AKSEBZECİ 

May 2024 

 

 

Breast cancer is one of the most common cancer types among women worldwide. Early 

detection significantly increases the chances of survival and effective treatment, making 

advancements in diagnostic methodologies crucial. This study aims to improve the 

detection of tumor cells in breast cancer histopathology images using deep learning and 

image processing techniques. Significant modifications have been made to the 

hyperparameters, including the tumor bounding box size, batch size, optimization 

algorithms, learning rate, and weight decay. These changes focus on determining the best 

parameters of the Faster R-CNN model. A comprehensive analysis of different 

parameters was conducted using the Breast Cancer Histopathological Annotation and 

Diagnosis (BreCaHAD) dataset. The analysis identified the best settings for model 

performance, shows by improvements in precision, recall, and F-score. Our research 

contributes to the field of medical image analysis by identifying critical factors that affect 

the accuracy of tumor detection, contributing to the development of more accurate 

diagnostic tools. 

 

Keywords: Breast Cancer, Histopathological Images, Deep Learning, Convolutional 

Neural Networks, Tumor Detection 
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ÖZET 

MEME KANSERİ HİSTOPATOLOJİ GÖRÜNTÜLERİNDE 

EVRİŞİMSEL SİNİR AĞLARI KULLANARAK TÜMÖR 

TESPİTİ 

 
Zeki ŞAHBAZ 

 Elektrik ve Bilgisayar Mühendisliği Anabilim Dalı Yüksek Lisans 

Tez Danışmanı: Dr. Öğr. Üyesi Bekir Hakan AKSEBZECİ 

Mayıs 2024 

 

Meme kanseri, dünya genelinde kadınlar arasında görülen en yaygın kanser türlerinden 

biridir. Erken teşhis konulduğu zaman, hayatta kalma ve tedavi ihtimali arttığı için tanı 

metodolojilerindeki gelişmeler önemlidir. Bu çalışma, derin öğrenme ve görüntü işleme 

tekniklerini kullanarak meme kanseri histopatoloji görüntülerindeki tümör hücrelerinin 

tespitinde iyileştirme yapmayı hedeflemektedir. Özellikle tümör çevresini kapsayan 

kutuların boyutu, aynı andaki toplu iş sayısı, optimizasyon algoritmaları ve öğrenme hızı 

ile ağırlık azaltma dahil olmak üzere hiperparametrelerde farklı değerler sınanmaktadır. 

Bu değişkenler ile Faster R-CNN modelinin iyileştirilmesine odaklanılmaktadır. Meme 

Kanseri Histopatoloji Anotasyon ve Tanı (BreCaHAD) veri setini kullanarak çeşitli 

parametrelerde geniş bir analiz yapılmıştır. Analiz sonucunda, model performansını 

artıran en iyi parametreler belirlenerek; hassasiyet, geri çağırma ve F-skoru gibi önemli 

metriklerde iyileşme sağlanmıştır. Meme kanseri histopatoloji görüntülerinde tümör 

tespiti doğruluğunu etkileyen kritik faktörleri kapsamlı bir şekilde inceleyen bu çalışma, 

tıbbi görüntü analizi alanına önemli katkılar sunmaktadır. Elde edilen sonuçlar, daha 

güvenilir ve doğru tanıya katkıda bulunabilecek yeni araştırma alanları ve geliştirme 

yolları için sağlam bir temel oluşturmaktadır. 

 

Anahtar kelimeler: Meme Kanseri, Histopatolojik Görüntüler, Derin Öğrenme, 

Evrişimsel Sinir Ağları, Tümör Tespiti 
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Chapter 1 

Introduction 

Breast cancer is the most prevalent cancer affecting women worldwide, accounting 

for 30% of all female cancers [1]. Annually, it is estimated that millions of cases are 

newly diagnosed, emphasizing the critical importance of early identification and 

subsequent intervention. The broad occurrence of this condition underscores the necessity 

to highlights the need to develop new methods of diagnosing and treating the disease [2]. 

Histopathological imaging, combined with mammography and MRI represent the 

crucial set of approaches for early detection of breast cancer. Mammography, which uses 

low-dose X-rays to find abnormalities in breast tissue, is widely recognized for its role in 

routine breast cancer screening. MRI, utilizing magnetic fields and radio waves, offers a 

complementary approach particularly useful in determining the magnitude of cancer and 

examining dense breast tissue. The approach involves the microscopic examination of 

tissue samples, enabling pathologists to pinpoint the presence of tumor cells with 

accuracy. Research indicates that histopathological analysis achieves higher degree of 

sensitivity in identifying early-stage cancers and differentiating between benign and 

malignant tumors than mammography and MRI, significantly affecting treatment the 

determination and outcomes [3], [4]. 

The integration of deep learning (DL) in medical imaging has induced a significant 

transformation, especially in the field of breast cancer detection. These sophisticated 

technologies reveal extraordinary precision when analyzing histopathological images, 

outperforming the analysis by humans. This is especially important due to the extensive 

amount of imaging data generated during breast cancer screenings, which presents a 

considerable challenge for manual analysis [5]. DL not only improves the diagnostic 

procedure but also minimizes the likelihood of human error, guaranteeing more reliable 

patient outcomes. 

The differentiation between classification, segmentation, and detection within 

medical image analysis is fundamental. Classification categorizes images by the presence 
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of disease, segmentation accurately maps out tumor boundaries, and detection involves 

pinpointing the tumors’ position in the images [6]. Precise tumor identification is critical 

in real-time applications, enabling precise tumor cell localization that leads to prompt and 

targeted treatment actions. 

Numerous studies have focused on the classification of breast cancer in 

histopathological images, yet there’s a significant gap in research focused on tumor cells 

detection, particularly regarding the Breast Cancer Histopathological Annotation and 

Diagnosis (BreCaHAD) dataset [7]. Numerous studies have utilized BreCaHAD dataset 

to improve classification efforts. In one study, Macedo et al. made us of deep learning 

techniques to classify the presence of tumor in histopathological images [8]. Likewise, 

Hlavcheva and colleagues investigated the application of Convolutional Neural Networks 

(CNNs) for distinguishing benign from malignant tumors, achieving improved 

classification performance [9]. Even with these progressions, challenges still persist, 

primarily because of the dataset's diversity in tumor morphology and staining practice, 

which can considerably alter the accuracy of classification. Deshmukh and their team also 

contribute to the field with their studies on classification [10]. Conversely, because object 

detection task is a more complex procedure compared to classification, leading to 

comparatively lower scores in terms of evaluation metrics. For example, Harrison et al. 

improved upon the performance of prior object detection models on the ICPR 2014 

dataset, yet their results that were lower result than classification methods [11].  

The efficacy of object detection models is greatly dependent on adjusting 

parameters such as the learning rate, weight decay, batch size, and feature pyramid, which 

can play a critical role in the model's capability to precisely identify key features in 

histopathological images [12]. Given the crucial significance of parameter optimization 

in augmenting the effectiveness of object detection models, this study aims to apply and 

determine the optimal parameters for tumor cell detection utilizing the BreCaHAD 

dataset. By conducting thorough experimentation and analysis, our goal is to overcome 

the shortcomings of current methods and contribute towards establishing more precise 

and trustworthy parameters for Faster R-CNN. 

In conclusion, this research offers multiple contributions: 

A thorough comparison has been conducted between fixed and adaptive box sizes 

for each cell within histopathological images, to establish the best box size for the 

BreCaHAD dataset. The study identifies the optimal box size that significantly improves 

the precision of tumor detection. 
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The investigation implements and assesses eight different image processing 

approaches to better the quality and efficacy of histopathological image analysis. Through 

careful assessment, we determine which techniques notably improve image sharpness and 

diagnostic accuracy, enhancing the effectiveness of tumor detection algorithms. 

Through experimentation with different Fast R-CNN backbones, such as ResNet50, 

ResNet101, and MobileNetV3, we determine the optimal model architecture for 

processing the smaller datasets associated with histopathological images. This research 

helps in the selection efficient model architectures for medical image analysis, especially 

for datasets with limited in size. 

Our research involved comparing four advanced optimization algorithms Adam, 

AdamW, RMSProp, and SGD, to find out which optimizer enhances our model detection 

in terms of F-score. 

With the optimal model architecture established, we proceed to adjust 

hyperparameters like learning rate and weight decay to improve model performance 

further. Our organized method of hyperparameter optimization guarantees the model's 

effectiveness and accuracy in tumor cell detection within the BreCaHAD dataset. 
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Chapter 2 

Literature Review  

The integration of DL and image processing, particularly through the use of 

Convolutional Neural Networks (CNNs) such as Faster R-CNN, has substantially 

improved breast cancer detection and diagnosis processes. This part of the study 

synthesizes findings from new studies to explore the effectiveness, new developments, 

and particular results of different detection models and methods, aiming to increase the 

accuracy and efficiency of tumor cell detection.  

Sophisticated image processing methods are vital for improving histopathological 

images' quality, thus improving the visibility and identification tumor cell. However, the 

restricted color variation within the BreCaHAD dataset has a minimal impact on F-score 

improvements, and some methods may even worsen the score. It is critical to note that 

images, have not done any processing process, showed a decline in F-score when certain 

image processing techniques were utilized [11]. Thus, the identification of suitable image 

processing techniques is essential. Their result in terms of F-score is given in the below 

Table the columns stand for L: Large size images, LN: Large size and color Normalized 

images, S: Small size images, and SN: Small size and color Normalized images.  

Table 2.1 F-score comparisons of images by using normalization technique 

Image L LN S SN 

1-06 0.02 0.02 0.60 0.61 

1-07 0.02 0 0.5 0.44 

1-08 0 0 0.56 0.48 

2-06 0.05 0 0.44 0.36 

3-08 0 0.04 0.43 0.34 

4-08 0 0 0.56 0.55 

9-07 0.3 0.03 0.54 0.43 

13-11 0 0 0.43 0.39 
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The significance of neural networks is well-established, leading to extensive 

research and discussions about them compared to other methods. A comparative analysis 

conducted by Daiel and team on different DNN architectures, including MobileNetV2, 

DenseNet201, EfficientNetB0, and Vision Transformer (ViT), highlights the distinct 

capabilities of these models in the domain of image classification [13]. Furthermore, Zhou 

et al. have embarked on a benchmarking study to distinguish classical techniques from 

deep neural networks [14]. Concurrently, Jawad et al. executed detailed examination of 

DenseNet, with a specific focus on DenseNet121, for the purpose of classification [15]. 

Due to the limited number of samples in specific datasets like BreCaHAD, 

frequently requires the integration of datasets, like the Breast Cancer Histopathological 

Database (BreakHis), with the aim of enlarging sample sizes and training more effective 

models [16]. Architectures including VGG16, VGG19, ResNet50, and ResNet101 have 

been applied to achieve this goal [17]. CNN model success in medical imaging is 

evidenced by their application to the TUPAC16 dataset [18]. The research by Ilyas, 

concentrates on detection tumor cells by using a ResNet50 architecture has yielded higher 

accuracies in this domain [19]. Moreover, the use of CNNs, including Faster R-CNN and 

the SMDetector, has played a key role in identifying breast cancer. With its modified 

ResNet101 backbone, the SMDetector has achieved good performance, exceeding the 

capabilities of existing models in aspects of precision, recall, and F-score [20]. Below 

table show the results of proposed models in terms of F-score in ICPR 2014 dataset. 

Table 2.2 Comparison object detection models 

Detection Model Precision Recall F-score 

DeepMitosis  43.10 44.30 43.70 

SmallMitosis  51.20 47.90 49.50 

PartMitosis  66.40 50.70 57.50 

SMDetector 68.49 59.86 63.88 

 

Optimizers play an important role for the overall performance of deep learning 

models. The optimizers Adam, AdamW, and SGD are among the commonly used 

optimizers for their unique strategies in adjusting learning rates and applying other hyper 

parameters. Recent research has evaluated the effectiveness of Adam, AdamW, and SGD 

across a range of deep learning models and tasks. For instance, a detailed analysis by 

Wilson et al. has pointed out the pros and cons of adaptive optimizers like Adam and 
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RMSprop versus to SGD, indicating that adaptive techniques may not always guarantee 

improved generalization [21]. Additionally, a study conducted by Chen et al. has 

investigated the performance of Adam and SGD in training deep neural networks, 

showing that although Adam facilitates quicker initial convergence, SGD may offer better 

long-term performance [22]. 

Hyperparameter optimization consists of adjusting parameters including learning 

rate, weight decay, and various other factors to optimize a model's effectiveness. The 

study performed by Smith et al. on the implementation cyclic learning rates demonstrates 

the considerable advantages of employing dynamic learning rate strategies, which in 

dramatically reducing training times and improving the result in terms of F-score [23]. 

Furthermore, the implementation of Bayesian optimization strategies for optimizing 

hyperparameter in deep learning frameworks has shown good results, especially in 

sophisticated models used for histopathological image analysis [24]. In addition, Esteva 

et al.'s study showing the importance of hyperparameter optimization in accomplishing 

dermatologist-level accuracy in the classification of skin cancer by using CNNs [25]. 
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Chapter 3 

Materials and Methods 

Through this study, we investigating five crucial factors in order to accurately detect 

tumor cells by using the BreCaHAD dataset. Our primary focus is to determine the most 

efficient methods for analyzing histopathological images. The main goal of this research, 

not only seek to identify the most optimal techniques for these types of applications but 

also aims to find any potential shortcomings or redundancies that may occur when 

utilizing certain approaches in this specific tasks. By performing iterative testing using 

diverse configurations enable us to identify the optimal setup. Then, we methodically 

adjusted one parameter to evaluate its effect on the model’s performance metrics in terms 

of precision, recall and F-score. Our assessment covers a wide range of factors like box 

size, batch size, image processing approaches, optimization techniques, the architecture 

employed in the Faster R-CNN model, and hyperparameter optimization. The entire 

structure of our method is outlined in Figure 3.1. 

 

Figure 3.1 General structure of our proposed method 
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3.1 Dataset 

The BreCaHAD dataset serves as the foundation for this research, offering publicly 

accessible archive created to contribute studies in automated tumor cell detection in breast 

cancer detection by using histopathological annotated image analysis. This dataset 

contains 162 whole slide images of breast tissue, all annotated by professional 

pathologists for detailed study [7]. 

In image-based studies, resolution is crucial factor. In BreCaHad dataset, every 

image is captured at a resolution of 1360 x 1024 pixels. These images, stained with H&E 

to identify six different cell types. Each image in the dataset comes with annotations in 

JavaScript Object Notation (JSON) format, detailing the class types of cells and their 

locations within each image. As indicated in Table 3.1, a significant portion of the dataset 

is comprised of tumor nuclei cells.  

Table 3.1 Distribution of cell types by annotation colors 

Cell Type Color # of Annotations 

Mitosis Orange 115 

Apoptosis Green 271 

Tumor Nuclei Blue 20,155 

Non-tumor Nuclei Pink 1,905 

Tubule Light Blue 493 

Non-tubule Yellow 610 

Total 23,549 

 

The BreCaHAD dataset is an important resource for examining tumor detection in 

breast cancer tissues through histopathological images, but there are some obstacles due 

to the small number of instance and the unbalanced cell types. Amont the 23,549 cells 

featured the dataset, 20,155 are classified as tumor cells, with only 3,394 samples 

categorized into five other classes. This significant imbalance highlights that most of the 

data is focused on tumor cells, complicating the detection of other cell types within the 

entire image. Ground truth images assign a unique color to each cell type, as shown in 

Figure 3.2. 
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Figure 3.2 Original images and annotated images 

3.2 Algorithm 

Our algorithm is configured to be adoptable, focusing on comprehensively testing 

different parameter setups to decide the best configuration setup for object detection task.  
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Algorithm 1: Tumor Cell Detection Algorithm by Using Faster R-CNN 

1: Establish a Connection with Google Drive: 

2:  Connect to Google Drive 

3:  Retrieve dataset 

4: Load Configuration Settings: 

5:  Load ‘configurations.json’ 

6:  Extract initial setup and run-specific parameters 

7: Image Processing: Process images according to the specified 

configuration. 

8: Partition the Dataset: 

9:  Split dataset into training and testing subsets by using defined ratio for 

partitioning in config file 

10: Designate Computing Device: 

11:  Set device = "cuda" to leverage GPU acceleration 

12: Execute Training Procedure: 

13:  Get ‘k‘ value from config file for k-Fold Cross Validation 

14: for each fold do 

15:     Model Initialization: 

16:   Select pre-trained architecture and optimizer 

17:  Shuffle and Partition Dataset: 

18:   Shuffle the dataset randomly 

19:   Partition for k-fold methodology 

20:   Implement on datasets 

21:  Load Datasets: 

22:   Extract labels and calculate exact box locations 

23:  Define Early Stopping Criterion: 

24:   Set patience value 

25:  Training Epochs: 

26:  Model Training: 

27:   Utilize zero-gradient loss function 

28:  Epoch Termination: 

29:   Terminate if hit early stopping condition or reach max epoch number 

30:  Store Model 
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31:  end for 

32: Testing Procedure: 

33:  Retrieve Trained Model 

34:  Predict Bounding Boxes 

35:  Evaluate Metrics 

36:  Save results 

3.3 Image Processing 

Identifying tumor cells in histopathological images, particularly those stained with 

Hematoxylin and Eosin (H&E), presents considerable obstacles. Image processing 

techniques are implemented to increase the diversity and size of training dataset. 

However, due to the distinct nature of histopathological images, not all techniques prove 

to be effective. 

In our research, we analyzed eight unique image preprocessing techniques to 

determine their effects on the F-score. These techniques are color normalization by using 

Contrast Limited Adaptive Histogram Equalization (CLAHE), denoising, sharpening, 

brightness adjustment, Gaussian pyramid, HSV color normalization, and finally Sobel 

filtering. 

• Color Normalization (CLAHE): Applying CLAHE for color 

normalization makes pictures clearer by boosting contrast, beneficial for 

examining tissue images in detail without adding noise [26]. 

• Denoising: Noise reduction in images ensures the preservation of 

significant details while getting rid of irrelevant pixels. The Non-Local 

Means techniques is particularly effective for this, as it analyzes the whole 

image to preserve clear edges, which is crucial for accurate examination of 

tissue images [27].  

• Sharpening: Sharpening images emphasizes textures and edges, essential 

for detecting and separation of tumor cells in histopathological images [28].  

• Brightness Adjustment: Altering an image's brightness can improve the 

detection details in images which is essential for diagnosing [29]. 

• Gaussian Pyramid: The Gaussian Pyramid method allows for the 

examination of images at various scales, which is helpful for detailed 

exploration of histopathological images [30].  
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• Color Normalization (HSV): Modifying colors in the HSV spectrum 

corrects for differences in lighting and staining in these images, aiding 

models to identify patterns and anomalies [31].  

• Sobel Filtering: By calculating the intensity gradient of the image, Sobel 

Filtering identifies edges, that helps emphasizing significant components in 

tissue images [29]. 

3.4 Faster R-CNN 

The progression from R-CNN to Faster R-CNN marks significant milestones in 

object detection, each version improving on the last in terms of speed, accuracy and 

functionality. This section examines these technological advances, the critical role CNNs 

play in object detection, and the specific advantages presented by Faster R-CNN. Further, 

we introduce the concept of backbones, concentrating on particular architectures like 

ResNet50 and MobileNetV3, and their importance in improving object detection. 

Region-based Convolutional Neural Networks (R-CNNs) employ CNNs to identify 

and classify specific image areas as object proposals. This approach extends the 

capabilities of standard CNNs by adding a targeted object detection mechanism, which 

significantly refines the model's ability to extract features. Although R-CNNs have 

marked a significant advancement in object detection, their computational efficiency is 

compromised by the need to process numerous region proposals independently. This 

limitation significantly challenges their practical application, necessitating further 

innovations in object detection techniques to enhance speed and efficiency [32]. 

Fast R-CNN enhanced R-CNN’s approach by implementing shared computation 

across the entire image, markedly increasing efficiency and performance. Nonetheless, 

Fast R-CNN continued to depend on external mechanism for proposal generation still 

served as a bottleneck [33]. 

Faster R-CNN eliminated the bottleneck in proposal generation by integrating the 

Region Proposal Network (RPN) directly into the network, allowing for the generation of 

proposals to be part of the network's workflow. This advancement enabled real-time 

performance without sacrificing accuracy [34]. The model was utilized with a pre-trained 

version on the Common Objects in Context (COCO) dataset [35]. The entire process of 

transfer learning involved initializing the network with pre-trained weights and 

systematically fine-tuning the parameters to better suit our breast cancer histopathological 
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images. Throughout this process, various hyperparameters, such as learning rates, batch 

sizes, and epochs, were meticulously adjusted.  

The integrated architecture of Faster R-CNN facilitates end-to-end training, 

significantly diminishing processing durations and establishing it as an optimal method 

for real-time object detection tasks. The use of advanced backbone architectures also 

enhances its capability to extract complex features effectively [34]. The Faster R-CNN 

architecture is given in Figure 3.3. 

 

Figure 3.3 Faster R-CNN architecture 

 

The backbone of an object detection network is the set of CNNs designated for 

feature extraction tasks. By using pretrained weights, commonly sourced from models 

trained on comprehensive datasets like ImageNet, serve as a good starting point for 

training, facilitating quicker convergence and elevated detection efficiency, especially 

when training dataset is limited [36]. ResNet, characterized by its residual connections, 

enables training of much deeper neural networks. The versions ResNet50 and ResNet101 

correspond to ResNet configurations with 50 and 101 layers, accordingly [37]. 

MobileNetV3 is designed for mobile and limited resource environments. It achieves a 

balance between performance and accuracy. MobileNetV3 (fpn) models differ in terms 

of scale and capacity, making them adaptable to different computational constraints [38].  
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3.5 Optimizer  

Choosing the most suitable optimizer technique is crucial for improving the result 

precision and sensitivity. Assessing the efficiency of ddifferent optimization algorithms, 

such as SGD, Adam, AdamW, and RMSProp, is examined in relation to these pre-trained 

models. 

• SGD: Stochastic Gradient Descent (SGD) adjust parameters based on the 

gradient of the loss function concerning the parameter. Due to its simplicity 

and efficiency in a variety of machine learning applications, SGD is often 

used as a benchmark optimizer in a academic and practical of studies [39]. 

• Adam: Adam, or Adaptive Moment Estimation, calculates adaptive 

learning rates for individual parameters by integrating the benefits of 

AdaGrad and RMSProp. Adam is preferred for its rapid convergence and 

efficiency with sparse gradients [40]. 

• AdamW: ADAMW presents a new approach by deploying a decoupled 

weight decay regularization strategy, addressing the shortcomings of 

Adam's L2 regularization. This advanced technique ensures that weight 

decay is independent of gradient updates, thus optimizing the overall 

performance of the optimization process [41]. 

• RMSProp: RMSProp modifies the learning rate for each parameter by 

dividing the learning rate by a moving average of the gradients' magnitudes, 

addressing the challenge of reducing learning rates seen in AdaGrad. This 

technique is highly effective in online and non-stationary conditions [42]. 

For optimizer methods, learning rate and weight decay are very important. The 

learning rate plays pivotal role in deciding the step size at each iteration to minimizing 

the loss function. Selecting the right learning rate is critical for ensuring the model quickly 

converges to the minimum loss, preventing the model from overshooting or getting stuck 

in local minima. Meanwhile, weight decay is utilized for regularization, penalizing large 

weights to prevent overfitting. Optimizing these hyperparameters is vital for enhancing 

the model's performance, maintaining its stability, and improving generalization 

capability [43].  
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3.6 Parameter Optimization 

In object detection models, especially within medical imaging where the accurate 

identification of cellular formations is critical, the optimization of bounding box sizes 

plays a key role. Our analysis covers the application of both adaptive and fixed bounding 

box sizes. While fixed bounding boxes provide constant size, which simplifies the model 

training process, adaptive bounding boxes from the "BreCa_v5 Dataset" annotations that 

are changing size of box according to each cell morphological structure [44]. 

Modifying batch sizes during training process is crucial for determining best 

precision and recall, and also it is crucial for evaluating the model's effectiveness. The 

selection of batch size affects the learning dynamics within deep learning models. It 

involves balancing computational resources with accuracy of the model. Optimal batch 

size selection increasing the learning process, making it as a crucial factor in maximizing 

the performance of deep learning implementations [45]. 
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Chapter 4 

Experimental Results 

The finding of our comprehensive experimental analysis is presented in this section, 

focusing on the effects of different model configurations and optimization strategies on 

the performance of algorithm. The outcomes of our study provide important perspectives 

on optimizing deep learning models for histopathological image analysis to detect tumor 

cell, key considerations for improving accuracy and efficiency. 

The configuration parameters were meticulously chosen in order to optimize the 

algorithm's performance while maintaining standards for speed and efficiency: 

• IoU Threshold: Set at 0.5, this parameter is a key to assess the precision of 

bounding box predictions in comparison to ground truth images. 

• Splitting Ratio: A partition of 90% for training and 10% for testing was 

implemented to guarantee a thorough training dataset while preserving a 

representative test set for evaluation. 

• Patience Value: To prevent overfitting, we implemented an early stopping 

mechanism. In this algorithm to stop epoch there is a patience value which 

is set 7. So that, we guarantee a balance between sufficient model training 

and the prevention of overtraining on the dataset. 

• Maximum Epochs: If early stopping mechanism is not triggered, we set 

the maximum epoch number is 100. 

• Tested Parameters: Initially, we ran all combinations of box size, batch 

size, optimizing algorithm, and learning rate on the original image and 

determined the best four parameters. Then, these parameters were held 

constant, and the model was retrained on the original image for three other 

backbones, finding the best backbone. With these four parameters and the 

backbone fixed, the model was run for seven different image processing 

techniques, and the best image processing technique was identified. Finally, 
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keeping the best image processing technique constant, the effects of three 

different weight decays were analyzed by altering them. 

4.1 Environmental Setup 

Our study's algorithms were implemented with Python version 3.7, known for its 

abundant libraries and strong support within the scientific computing and machine 

learning communities. For our experiments, we used the advanced functionalities offered 

such as torch.vision by PyTorch. Execution was facilitated on Google Colab 

(colab.research.google.com). The environment we utilized featured a Tesla V100 GPU, 

augmented by a high memory capacity of around 51 GB RAM, 16 GB dedicated to GPU 

memory, and 200 GB of available disk space that is enough for our demanding 

computational needs. Additionally, our dataset was hosted on Google Drive, offering 

direct and easy access from withing the Colab environment. 

4.2 Performance Evaluation Metrics 

To evaluate the performance of our implemented algorithm in breast cancer 

detection using Faster R-CNN, we depend on key metrics such as IoU, Precision, Recall, 

and F-score. These metrics help us a comprehensive understanding of the model's 

accuracy and its success in spotting and categorizing tumor cells in histopathological 

images. 

4.2.1 Intersection over Union (IoU) 

IoU is the most popular metric in object detection tasks that measures the overlap 

between the predicted and the actual bounding boxes [46].  

 

𝐼𝑜𝑈 =  𝐴𝑟𝑒𝑎 𝑜𝑓 𝑂𝑣𝑒𝑟𝑙𝑎𝑝 / 𝐴𝑟𝑒𝑎 𝑜𝑓 𝑈𝑛𝑖𝑜𝑛                                 (4.1) 

 

higher IoU score means the object detection model is more accurate. In our 

research, we set an IoU threshold to classify detections as either true positives or false 

positives. 

 



18 

 

4.2.2 Precision and Recall 

Precision and Recall are essential for assessing the performance of trained model, 

especially in the context of histopathological imaging where both false positives and false 

negatives have significant consequences. 

Precision (Positive Predictive Value) measures the proportion of correctly 

identified positive cases out of all cases that were identified as positive. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  𝑇𝑃 / (𝑇𝑃 +  𝐹𝑃)                                          (4.2)  

Recall (Sensitivity) measures the proportion of actual positives that were correctly 

identified.  

𝑅𝑒𝑐𝑎𝑙𝑙 =  𝑇𝑃 / (𝑇𝑃 +  𝐹𝑁)                                               (4.3) 

where TP represents true positives, FP represents false positives, and FN represents 

false negatives [47].  

4.2.3 F-score 

The F-score is a metric that combines Precision and Recall by calculating their 

harmonic mean. It is valuable for achieving a balance between Precision and Recall.  

𝐹 − 𝑠𝑐𝑜𝑟𝑒 =  2 ×  (𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ·  𝑅𝑒𝑐𝑎𝑙𝑙) / (𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 +  𝑅𝑒𝑐𝑎𝑙𝑙)      (4.4) 

Taking into consideration the precision and recall of all relevant instances, the F-score 

provides a singular metric to analyze the overall performance of the model [48]. 

4.3 Proposed Method 

Our findings are visually presented in Figure 4.1, Image (a) is the original 

histopathological breast cancer image, and image (b) showcases the tumor detection 

accomplished by our model. The ground truth boxes are denoted by blue in image (b), 

and the detected tumors are represented by green boxes. Image (c) specifically highlights 

the accurate detections (IoU >= 0.5), demonstrating the precision of our model. Image (d) 

specifically highlights the missed detections, indicating areas for improvement. Images 

(e) and (f) illustrate false positives, with image (e) displaying incorrect detections and 

image (f) exhibiting cases with an IoU value below 0.5. These images emphasize the 

challenge of distinguishing similar cellular structures. 
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Figure 4.1 Original image vs predicted boxes image 

 

The algorithm was optimized by analyzing the values tested in Table 4.1. 

Table 4.1 Parameters and tested values 

Parameters Values 

Box Size 32, 64, Adaptive 

Batch Size 4, 8 

Image Processing brightness adjustment,color normalization (CLAHE),denoising, 

gauss pyramid, gauss pyramid with sharpening, color 

normalization (HSV), sharpening, sharpening with denoising, 

sharpening with gauss pyramid, sobel filtering 

Backbone MobileNetV3, ResNet101, ResNet50,ResNet50 (fpn v2) 

Optimizer Adam, AdamW, RMSProp, SGD 

Learning Rate 0.001, 0.003, 0.01, 0.03, 0.1 

Weight Decay 0.01, 0.05, 0.1 

4.3.1 Configuration Parameters of Proposed Method 

A key element of our implementation is a configuration file, carefully designed to 

distinguish between constant and variable parameters during the training process. This 

file is divided into two sections: 
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• Constant Parameters: During the different training cycle, some values are 

kept constant to serve as a stable basis for evaluating the performance of the 

algorithms. 

• Variable Parameters: The dynamic configurations consist of parameters 

such as box size, batch size, learning rate, weight decay, the method of 

optimization, and image processing strategies, support a detailed 

investigation into the various parameter spaces. 

4.3.2 Data Splitting 

After deciding our configuration framework, we split the dataset into training and 

testing segments based on a pre-determined ratio, ensuring evaluation consistency. To 

enhance the model trustworthiness, we integrated k-fold cross-validation and an early 

stopping algorithm. These enhancements not only amplify the model's ability to 

generalize but also prevent against overfitting. 

4.3.3 Image Processing 

Image processing techniques selected beforehand were implemented on both the 

training and testing datasets. The process of training involved iterative adjustments to 

determine the optimal epoch value at which peak performance was observed. This model 

then saved on Google Drive for future use and examination. 

 

4.3.4 Model Training 

Our implementation fundamentally involved exploring different backbone 

architectures, as the feature extractor component in the Faster R-CNN framework. We 

particularly focused on the effects of employing ResNet50 and ResNet101, known for 

their powerful residual learning capacities and their ability to significantly improve tumor 

cell detection by offering rich feature representations. 

An important component of our training strategy was the exploration of various 

optimizer methods. The goal was to discover the optimizer that best effective one with 

the Faster R-CNN model and specific backbone architectures utilized. We looked at 

optimizers like SGD, Adam, AdamW, and RMSProp. Each one has its own distinct 

advantages, such as faster learning speeds and better handling of sparse gradients. Then, 
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we adjusted key settings like the learning rate and weight decay to improve our model's 

accuracy and efficiency. We carefully adjusted the learning rate to find a balance between 

how fast the model trained and the achieving the lowest loss value. Likewise, we used 

weight decay to keep model from overfitting, ensuring the model can generalize to test 

and validation dataset [49]. 

4.3.5 Test Model 

 After reaching the best training, we shifted to testing procedure. The trained model 

was applied to previously unseen images in the test set. This phase was crucial for testing 

how well our model works in real-life. We focused on how accurate and efficient. We 

concentrated on evaluating its precision, recall, and F-score, which were influenced by 

the Intersection over Union (IoU) threshold. 

To provide a detailed assessment of the model's effectiveness, we check three 

important benchmarks: mean Average Precision (mAP), mean Average Sensitivity 

(mAS), and mean Average F-score (mA F-score). Here, "mean" refers to the arithmetic 

mean calculated from the results of various cross-validation folds, ensuring the 

consistency and reliability of our findings. 

• mAP: This measure evaluates the precision of the model's bounding box 

predictions against the ground truth data, considering k-fold cross 

validation. A best mAP value indicates more precise localization of detected 

areas within images. 

• mAS: Indicating the model's average sensitivity or recall across multiple 

folds, the metric show that the model’s effectiveness in accurately 

identifying all true positive instances. Higher mAS scores shows that a 

better capability in determining tumor cell. 

• mA F-score: Acting as the harmonic mean of precision and sensitivity, the 

F-score provides a comprehensive assessment of the model's performance. 

The mean Average F-score aggregates this balance over different folds. 

4.4 Optimizing Parameters 

We ran all combinations of four basic parameters: box size, batch size, optimizer, 

and learning rate. For these four different parameters, a total of 120 different 

combinations were executed, each with 5 folds, totaling 600 model trainings, takes around 
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fifteen days. The best 20 results are provided in the table below. As can be seen from this 

table, the best results were achieved with a box size of 64, a batch size of 4, an optimizer 

of AdamW, and a learning rate of 0.001.  

Table 4.2 Results of combinations: Box Size, optimizer, batch size, learning rate 

Box Size Optimizer Batch Size Learning  

Rate 

mAP mAS mA  

F-score 

64 AdamW 4 0.001 0.7812 0.5894 0.6718 

64 SGD 4 0.001 0.7878 0.5817 0.6691 

64 AdamW 8 0.001 0.7798 0.5833 0.6672 

Adaptive AdamW 4 0.001 0.7268 0.5969 0.6554 

64 AdamW 4 0.003 0.7662 0.5692 0.6527 

64 SGD 8 0.003 0.7796 0.5597 0.6516 

Adaptive AdamW 8 0.001 0.7234 0.5899 0.6497 

64 AdamW 8 0.003 0.7512 0.5701 0.6482 

64 SGD 8 0.01 0.7932 0.5461 0.6462 

Adaptive SGD 8 0.01 0.7205 0.5850 0.6456 

Adaptive SGD 4 0.01 0.7267 0.5802 0.6451 

Adaptive SGD 4 0.003 0.7190 0.5809 0.6426 

64 SGD 8 0.001 0.7774 0.5437 0.6398 

Adaptive SGD 8 0.003 0.7116 0.5785 0.6381 

Adaptive AdamW 4 0.003 0.7074 0.5784 0.6363 

Adaptive SGD 4 0.001 0.7080 0.5774 0.6360 

64 AdamW 8 0.01 0.7656 0.5443 0.6355 

Adaptive SGD 4 0.03 0.7118 0.5685 0.6320 

Adaptive SGD 8 0.001 0.7052 0.5698 0.6303 

64 SGD 8 0.03 0.7721 0.5294 0.6270 

 

Testing different sizes of bounding boxes revealed significant insights into their 

effect on model accuracy. Fixed-dimension bounding boxes demonstrated better 

performance than those with variable box size of cell. This observation emphasizes the 

significance of uniform object detection, particularly in the context of tumor cell 

detection, where mA F-score is key metric.  
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The study explored fixed bounding box sizes of 32x32, and 64x64 pixels, alongside 

a contrasting approach using a separate annotation file that prescribed a unique bounding 

box size for each cell. The outcomes presented in Table 4.2 detail the performance 

differentials across adaptive bounding box sizes utilized within our model, including an 

evaluation of adaptive box sizes. 

Table 4.2 reveals that the bounding box size of 64 delivers the most optimal and 

balanced results, as evidenced by the highest mA F-score.  

The results propose an ideal batch size that balances computational efficiency with 

the skill to effectively generalize across the training data. Table 4.2's results provide an 

in-depth view of the effects various batch sizes have on the model's detection capabilities. 

It finds that a batch size of 4 yields the best performance, achieving a peak mean Average 

F-score of 0.6718. As a result, this discovery highlights the pivotal role batch size plays 

in deep learning models for complex detection tasks. 

Optimizers play an important role for achieving best model performance. Detailed 

analysis of SGD, Adam, AdamW, and RMSProp optimizers, we explore on their distinct 

impacts on the training behaviors and final scores by the model. 

The detailed comparison in Table 4.2 highlights the effects of various optimizers 

on our model's detection capabilities. Among the optimizers tested, AdamW distinguishes 

itself as the best optimizer. 

The performance of Adam and SGD is closely matched in terms mAP and mAS 

demonstrating their potential applicability in similar jobs. Nonetheless, the significantly 

lower performance of RMSProp, especially in its mA F-score, indicates its limited scope 

in this specific context.  

The learning rate stands as a crucial impacts the training process's velocity and 

quality. Through methodical testing, we pinpointed the ideal learning rate configuration 

that ensure rapid convergence alongside the model’s ability to recognize complex patterns 

in the dataset. 

Table 4.2 offers a comprehensive examination of the effects of different learning 

rate setups on the tumor cell detection capabilities of our algorithm. The finding reveals 

a distinct optimization stand outs with a learning rate of 0.001, showcasing the highest 

values in every performance measure. 
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Figure 4.2 Epoch vs learning rate 

 

Figure 4.2 offers a visual demonstration between learning rates and the total number 

of epochs required for model training. The graphic demonstrates how the model's 

convergence speed varies with different learning rate settings. A reduced learning rate, 

such as 0.001, leads to the model necessitating fewer epochs. Conversely, an increase in 

the learning rate results in an elevated need for epochs, peaking at a learning rate of 0.01 

with 25 epochs required. Remarkably, when the learning rate assign to 0.03, there's a 

slight reduction in epoch numbers. 

4.5 Backbone Benchmarks 
 

The decision on backbone architecture is important the feature extraction efficiency 

of the Faster R-CNN model. Through our analysis of ResNet50, ResNet101, and 

MobileNetV3 architectures sheds light on how each impacts the model's detection 

capabilities and accuracy comprehensively. 

Table 4.3 Backbone comparisons 

Backbone mAP mAS mA F-score 

MobileNetV3  0.6617 0.4144 0.5096 

ResNet101  0.7646 0.5632 0.6486 

ResNet50 (fpn)  0.7630 0.5582 0.6447 

ResNet50 (fpn v2)  0.7812 0.5894 0.6718 
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Summarized in Table 4.3, the comparative study showcases the performance of 

various Faster R-CNN backbones in our breast cancer detection model. Among the 

evaluated backbones, ResNet50 (fpn v2) proved to be the most efficient, achieving the 

top mA F-score of 0.6718.  

Additionally, the findings reveal a significant performance variation across the 

backbones. Among the legacy ResNet architectures like ResNet101 and the ResNet50 

(fpn) delivering potent results, but ResNet50 (fpn v2) is achieved the best score.  In 

contrast, models based on MobileNetV3 backbones showed lower performance metrics. 

4.6 Finding the Optimal Image Processing 

Preparing images through preprocessing is essential for accurate and efficient data 

analysis. The findings in Table 4.4 outline a thorough analysis of the distinct effects that 

different preprocessing methods over the performance of our tumor detection model.  Out 

of the various preprocessing techniques applied, the best one is sharpening technique 

stood out, achieving the best mA F-score of 0.6737. 

Table 4.4 Image processing comparisons 

Image Processing Technique mAP  mAS mA F-score 

Original 0.7812 0.5894 0.6718 

Brightness Adjustment  0.7812  0.5874  0.6706  

Color Normalization (CLAHE) 0.7699  0.5856  0.6652  

Denoising  0.7742  0.5829  0.6651  

Gauss Pyramid  0.7822  0.5857  0.6698  

Gauss Pyramid with Sharpening  0.7850  0.5867  0.6715  

Color Normalization (HSV) 0.7621  0.5816  0.6597  

Sharpening 0.7938  0.5851  0.6737 

Sharpening with Denoising  0.7777  0.5854  0.6680  

Sharpening with Gauss Pyramid  0.7825  0.5820  0.6675  

Sobel Filtering  0.7545  0.5587  0.6420  

 

Figure 4.3 showcases the advancements histopathological images following the 

implementation of image processing techniques. Especially, merging the Gauss Pyramid 

with Sharpening has led to good improvements, highlighting that the combination of 
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various preprocessing techniques can improve the performance of the model. However, 

despite its benefits in edge detection, Sobel Filtering was found to be less efficient in this 

context, as indicated by its reduced mean Average F-score. 

 

Figure 4.3 Applied image processing techniques 

 

According to Figure 4.3, the applied image preprocessing techniques are 

represented in the following order: (a) original image, (b) brightness adjustment, (c) color 

normalization (CLAHE), (d) denoising, (e) Gaussian pyramid, (f) Gaussian pyramid with 

sharpening, (g) color normalization (HSV), (h) sharpening, (i) sharpening with denoising, 

(j) sharpening with Gaussian pyramid, and (k) Sobel filtering. 
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4.7 Weight Decay Optimization  
 

Finally, we explored the role of weight decay in model regularization and its 

preventive role against overfitting. By fine-tuning the weight decay parameter, we found 

a balance that enhances the model's generalization capabilities, improving performance 

on test data. 

Table 4.5 Weigh decay comparisons 

Weight Decay (WD)  mAP mAS mA F-score 

0.01  0.7938  0.5851  0.6737 

0.05  0.7878  0.5784  0.6671  

0.1  0.7894  0.5856  0.6724  

 

The data presented in Table 4.5 shows that the influence of different weight decay 

parameters on the efficacy of our detection model. The configuration with a weight decay 

of 0.01 stands out for delivering the top mean Average F-score of 0.6737, signifying the 

optimal balance between model accuracy and its ability to detect relevant instances. 

While a weight decay of 0.1 leads to a minor improvement in mAS. That is potential 

in improving the model’s sensitivity, the overall best performance in terms of mA F-score 

is attained with the lowest weight decay value assessed. This finding demonstrating the 

effect that weight decay has on model training, implying that a reduced weight decay 

offers better results. 
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Chapter 5  

Conclusions and Future Prospects  

5.1 Conclusions 
 

This research has conducted on a detailed examination at enhancing the 

identification of tumor cells within breast cancer histopathological images, by adapting 

an integrated method that combines deep learning along with image processing 

techniques. 

The findings of this study are significant, and diverse. The analysis of the most 

effective bounding box sizes demonstrated that fixed-size boxes, especially those 

measuring 64 pixels. This is show that traditional favoring of variable-size annotations is 

not a state-of-art. The result highlights the critical importance of uniform feature 

representation, an essential component for the effectiveness of deep learning models in 

analyzing histopathological images. 

Additionally, a detailed comparison of various image preprocessing methods 

revelated that sharpening technique as the most useful method to improve model 

performance. This finding highlights the crucial impact of preprocessing on the 

preparation of histopathological images for analysis, boosting the model’s ability to 

precisely detect tumor cells. 

Our analysis of various backbone architectures for Faster R-CNN has improved our 

understanding of feature extraction in deep learning models. The exceptional 

performance of the ResNet50 (fpn v2) architecture underscores the critical need for 

selecting an appropriate backbone that meets the model's objectives, and diagnostic 

sensitivity. Additionally, our evaluation of different optimizers has revealed AdamW as 

the most effective, particularly distinguished by contribution to achieving the highest mA 

F-score. 

As a conclusion, the careful adjustment of learning rates and weight decay 

parameters has been crucial for enhancing the model’s performance. The selection of a 
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learning rate as a 0.001 and a weight decay of 0.01 has been identified as the best strategy, 

allowing the models to accurately identify the patterns without overfitting, guaranteeing 

its relevance and reliability in histopathological images. 

5.2 Societal Impact and Contribution to Global 

Sustainability 

Our thesis research focused on the classification of histopathological images 

pertinent to breast cancer aspires to make a meaningful impact in the biotechnology 

domain, thereby enhancing the quality of life. The deployment of specific algorithms on 

histopathological images has been central to our efforts in categorizing cells as a cancer. 

Our ambition is to be at the forefront of breast cancer diagnosis advancements. The 

outcomes of our detection and classification endeavors suggest the future feasibility of 

preliminary reports to medical professionals. The variability in image interpretation, a 

consequence of human factors, can lead to divergent evaluations, and potentially, 

erroneous decisions based on the same set of images. 

Furthermore, the rising quantity of imaging data is intensifying the already critical 

shortage of medical resources, underline the urgency of this dilemma. It is anticipated 

that the outcomes of this research, along with future investigations, will foster the ability 

to conduct detections with the precision akin to that of a pathologist, thereby allowing 

these algorithms to be deployed with considerable confidence. This, expectedly, might 

lighten the load on healthcare providers to a degree. Furthermore, our exploration has 

been aimed at refining image enhancement methods and fine-tuning algorithmic 

parameters to discover their most effective setups. The quest for the ideal parameter 

values is directed not solely at boosting the accuracy in identifying cancer cells but also 

at improving the clarity of histopathological images. This is important to ensure that the 

advancements in diagnostic capabilities can be efficiently translated into everyday 

clinical practice, thereby offering the possibility to greatly enhance patient health 

outcomes. 

The impact of this research stretches beyond mere technical realms, reaching into 

societal benefits and contributions to global sustainability. An early and precise diagnosis 

of breast cancer holds a key role in lowering the death rates linked to this disease. By 

making the diagnostic process more efficient with enhanced algorithms, our investigation 
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aids in detecting breast cancer earlier, which in turn enables timely and more effective 

treatments.  

Additionally, embracing advanced diagnostic tools matches up with the wider 

objectives of sustainable healthcare by pushing for resource efficiency and easier access. 

Better diagnostic tools might lead to a more thoughtful use of medical resources, making 

sure patients get the most fitting care without the needless overutilization of medical 

services. This method backs the sustainability of healthcare systems by bettering the 

distribution of resources and might reduce the environmental impact that comes with 

providing healthcare.  

5.3 Future Prospects 

Some suggestions for future work are as follows. Firstly, it should be examined 

whether better results can be achieved by playing with the parameters of the best 

algorithms identified in the improvement techniques. Instead of using the entire image as 

input for enhancement, it might be possible to take coordinates around the cell and apply 

sharpening to the cell and its surroundings, so each cell could be improved individually. 

In addition to this, the accuracy of the algorithm could be tested by expanding the dataset 

through combining it with other histopathological datasets. Besides, by extracting the 

edge features of the cells in the image and combining them with CNN features, training 

could be conducted with a more comprehensive feature set. 
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