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Abstract. 

Purpose: The prompt identification of breast cancer is crucial in preventing the considerable damage inflicted by this 

dangerous form of cancer, which is widely happened across the globe. This study seeks to refine the efficacy of a deep 

learning-driven approach for the precise diagnosis of breast cancer by employing diverse bespoke Rectified Linear 

Units (ReLU) to improve the model's performance and reduce inaccuracies within the system. 

Method: This study focuses on analyzing a deep learning approach utilizing the BreakHis dataset with 7,909 images, 

incorporating changes to the ReLU activation function across different pre-trained CNN models. It then evaluates 

performance through measurement such as accuracy, precision, recall, and F1-Score. 

Result: Based on our experiment results, it can be shown that the DenseNet201 models with a custom LeakyReLU 

excel beyond the typical ReLU, achieving the highest accuracy, recall, and F1-Score at 99.21%, 99.21%, and 99.11%, 

respectively. Simultaneously, ResNet152, utilizing LessNegativeReLU (α=0.05), achieved the highest precision at 

99.11%. The VGG11 model exhibited the most notable performance enhancement, with improvements ranging from 

1.39% to 1.59%. 

Novelty: The research is original in optimizing a model for accurate breast cancer diagnosis. The proposed model is 

superior to the model utilizing the default activation function. This finding indicates that the study significantly 

enhances performance while effectively minimizing errors, thereby necessitating further exploration into the 

effectiveness of the customized activation function when applied to other medical imaging modalities. 
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INTRODUCTION 
Breast cancer is classified as one of the most threatening kinds of cancer worldwide due to its high annual 

mortality rate [1]. This is evidenced by the fact that the incidence of female deaths caused by this cancer is 

25%, or approximately 4.4 million, based on the International Agency for Research on Cancer (IARC) in 

2020 [2]. However, not all types of breast cancer have the potential to be harmful. There are at least three 

common types of breast cancer, namely: benign, in situ, and invasive carcinoma. Breast cancer of the benign 

kind is classified as a benign type since it just alters the anatomy of the breast [3]. On the other hand, in situ 

carcinoma breast cancer will affect the lobular duct system and will not spread to other systems [4]. Both 

types of cancer can be considered relatively benign and can be promptly treated [5]. The most aggressive 

type of breast cancer that has the most severe impact is invasive carcinoma, or malignant [6]. This kind can 

rapidly spread to other organs if not detected early. Rapid screening and precise diagnosis of breast cancer 

have a crucial role in reducing mortality rates caused by cancer [7]. Typically, doctors diagnose cancer by 

identifying the features and characteristics of the cancer using various medical imaging techniques. One 

often-used procedure is histopathological imaging. Histopathology is a diagnostic procedure that involves 

the examination of intact tissue samples obtained through biopsy or surgery using a microscope [8]. 

However, the process requires a considerable amount of time, as doctors need to do more analysis to 

accurately detect the presence of cancer. In addition, doctors also have time constraints when it comes to 

diagnosing and treating patients, due to the increasing number of cases they handle [9]. To address this 

issue, a smart system is required that can automatically and accurately diagnose breast cancer, thereby 

assisting doctors in rapidly detecting cancer.  
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During the past decade, several technologies have rapidly developed, particularly artificial intelligence (AI) 

technology, which can revolutionize various aspects of life, such as humans, businesses, society, and the 

environment [10]. Supported by the availability of powerful hardware for computational processes, this 

technology may be employed as an effective approach for handling the analysis of thousands of medical 

images in a short amount of time. Computer vision is a field of artificial intelligence that is capable of 

imitating human visual perception [11]. The prevalent methodology in this domain is the application of 

deep learning. The deep learning method has an advantage as it can automatically extract important features 

from given data [12]. There are several deep learning models, including artificial neural networks (ANN), 

recurrent neural networks (RNN), and convolutional neural networks (CNN) [13]. However, the CNN 

model is the most commonly used deep learning model for image classification tasks [14]. In the following 

paragraphs, we present studies using CNN-based methods for breast cancer classification that demonstrate 

excellent performance with an average accuracy of over 90%. The CNN model is composed of many layers, 

including a convolutional layer, a pooling layer, and output layers or fully connected layers [15]. The 

utilization of convolutional and pooling layers makes it possible to extract important features from breast 

cancer images. 

 

Although deep learning methods, especially CNN, have many benefits and are commonly used for image 

classification, there is a continuous requirement to improve their performance in the processing of medical 

images. Multiple studies have been undertaken to improve the ability of the CNN model, particularly for 

breast cancer classification. Mahati et. al. in 2023 [16] introduced a method to improve the CNN model by 

using a hybrid CNN-LSTM approach using transfer learning. The objective was to accurately categorize 

the many kinds and subtypes of breast cancer disease into two distinct classes and eight categories in the 

BreakHis dataset. The results of the proposed model are contrasted with cutting-edge CNN models 

including Inception, ResNet50, and VGG16. The models are constructed leveraging three distinct 

optimizers, such as Adam optimizer, RMSProp optimizer, and SGD optimizer, with different variations of 

the number of epochs. The suggested model attained an overall accuracy of 99% and 92.5% for binary and 

multi-class classification, respectively, utilizing the Adam optimizer. Another study conducted by Vandana 

Kumari and Rajib Ghosh in 2023 [17] also proposed a breast cancer histopathology image classification 

approach based on transfer learning. Three CNN-based architectures, namely DenseNet201, VGG16, and 

Xception, are employed as baseline models in the transfer learning approach. The model was evaluated 

using two public datasets, namely the IDC dataset and BreakHis, achieving the best accuracy of 99.42% 

and 99.12% in the case of binary classification, respectively. In the same year, 2023, Emmanuel et. al. [18] 

also conducted a study to classify breast cancer using the CNN method. Instead of starting with a model 

with randomly assigned weights, this study employs transfer learning to construct four pre-trained models, 

namely DenseNet201, MobileNetV2, ResNet50, and ResNet101. The dataset is divided into a 70% and 

30% ratio for the training and testing datasets, respectively. Based on the experiment, the DenseNet201 

model achieved the highest accuracy of 91.37% and a sensitivity of 100% with an image magnification 

factor of 200x for binary classification. 

 

In 2024, Faisal et. al. [19] carried out a research study to enhance breast cancer image classification 

performance by employing self-supervised contrastive and transfer learning methods on the BreakHis 

dataset. The first approach is to expand the training data from a small subset to achieve a solid model with 

little data. The second method focuses on improving the  ResNet50 and Inception architectures to obtain a 

compact and efficient classification model. The model achieved the highest accuracy performance of 98% 

on images enlarged by 40x and 200x magnification factors for binary classification. In contrast to previous 

studies that consistently utilized transfer learning, several other studies focus on modifying the activation 

function used in the model's architecture [20]–[23]. An activation function is a crucial component in all 

models based on deep learning [24]. The models facilitate the creation of non-linear abstract representations 

by performing consecutive linear transformations [25]. As neural networks become more complex, the 

significance of activation functions becomes increasingly apparent, highlighting their essential role in 

enabling these networks to understand and represent intricate patterns in data. The Rectified Linear Unit 

(ReLU) is a default activation function and is commonly employed in the hidden layers of neural networks 

[26]. This activation function is more time-saving in terms of computational resources than Tanh and 

Sigmoid functions since it utilizes simple mathematical processes [27]. However, the ReLU has several 

limitations, referring to the issue of the gradient diminishing to zero and the dying ReLU problem [28]. The 

ReLU reliably eliminates negative values. Hence, the gradient of these units will be zero, indicating that 

there will be no weight update during backpropagation. 
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Based on previous research, several researchers have utilized the advantages of the transfer learning method 

in training CNN-based models for the classification of breast cancer. The transfer learning method has 

proven to be superior by achieving sufficiently high performance. However, this method has a drawback 

concerning the mismatch between the pre-trained model used and the target domain, which is breast cancer 

[29]. The pre-trained models are often trained using the ImageNet dataset, which consists of 1000 classes 

with data characteristics that are very different from the breast cancer dataset. Interestingly, several other 

studies have focused on modifying the activation function within the CNN architecture to enhance model 

performance and address issues with the default ReLU activation function. Therefore, this study primarily 

aims to optimize the CNN model's performance in classifying breast cancer histopathology images by fine-

tuning and modifying the ReLU activation function with a custom activation function called 

LessNegativeReLU. Furthermore, this research will compare the performance of models trained with 

default and custom activation functions to demonstrate the proposed method's improved performance of 

the models. 

 

METHODS 

This research comprises multiple stages to meet its goals, as illustrated in Figure 1. The preliminary phase 

involves gathering the dataset, which is central to the investigation. This dataset is subsequently divided 

into three distinct sections with defined ratios. The sets used for training and validation help in developing 

the model, whereas the testing set is designated for assessing how well the model performs. The research 

employs a CNN-based model due to its effectiveness in the automatic extraction of features from images, 

thereby eliminating the necessity for manual feature engineering that is characteristic of conventional 

techniques. Several pre-trained architectures, namely DenseNet, ResNet, and VGG, are set to be used. To 

achieve the research objectives, an innovative methodology for adapting the ReLU activation function for 

neurons responding to negative inputs is introduced. This model's categorization system will classify the 

data into two groups: benign and malignant, signifying non-cancerous and cancerous breast tumors, 

respectively. Finally, the performance of the model will be scrutinized through several evaluative metrics, 

such as accuracy, precision, recall, and F1-Score. 

 

 
Figure 1. The proposed method 

Data collection 

This study will employ a publicly available dataset, specifically the BreakHis2 dataset. This dataset 

comprises 7,909 microscopic images of breast carcinoma cells collected from 82 patients [30]. The images 

were taken at several degrees of magnification, including 40X, 100X, 200X, and 400X. The original dataset 

has 2,480 and 5,429 images for benign and malignant tumor classes, respectively. Benign classes refer to a 

lesion that does not exhibit any indications of malignancy, such as notable cellular abnormalities, mitosis, 

or disruption of basement membranes. Benign tumors are usually innocuous, characterized by gradual 

development, and limited to a single location. Meanwhile, a malignant tumor is a form of abnormal growth 

that possesses the capacity to invade and annihilate neighboring structures (locally invasive) and 

disseminate to remote sites, finally resulting in mortality. 

 

 
2 https://web.inf.ufpr.br/vri/databases/breast-cancer-histopathological-database-breakhis/ 
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The samples are depicted as pictures of 700 x 460 pixels. The PNG file format contains images with three 

color RGB channels, each having a depth of 8 bits per channel. This database was established through a 

collaborative effort with the P&D Laboratory for Pathological Anatomy and Cytopathology, located in 

Parana, Brazil. Previous studies have extensively utilized this dataset to construct an automated breast 

cancer diagnostic algorithm. Figure 1 illustrates the distribution of benign and malignant tumor classes after 

filtering. From the image, it can be deduced that this dataset is categorized as an unbalanced dataset. 

Meanwhile, Figure 2 displays five samples from each class. 

 

 
Figure 2. The BreakHIS dataset distribution 

 
Figure 3. Examples of breast cancer histopathology images (top: benign; bottom: malignant) 

Data filtering and splitting 

The next step entails the process of filtering and dividing the dataset. The study [31] shows that images 

related to patient ID:13412 have been duplicated in two malignant sub-categories, namely ductal (DC) and 

lobular (LC) carcinoma. This replication has the potential to mislead the classifier. Therefore, we have 

applied a filtering process to these images in the split file that was created. Table 1 displays the distribution 

of the dataset before and after filtering. The total dataset ready for dataset splitting is 7,663. Proper dataset 

partitioning is essential for developing a breast cancer classification model. The dataset will consist of three 

components: the training set, the validation set, and the testing set, with proportions of 70%, 20%, and 10%, 

respectively. The amount of each training, validation, and testing set used in this study is shown in Table 

2. To mitigate overfitting and improve the accuracy of the model, it is necessary to employ data 

augmentation, which is a technique that expands the diversity of the training data [32]. By only applying 

augmentation to the training set, the model has enhanced generalization skills, allowing it to make more 

successful predictions on unseen data. Table 3 below provides a concise overview of the augmentation 

techniques employed in this research. These techniques involve resizing images to dimensions of 256 x 256 

pixels, extracting the central portion of the image through a center crop, applying horizontal and vertical 

flips, and normalizing the dataset using mean and standard deviation (std) values adapted from the BreakHis 

dataset. 
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Table 1. Data distribution before and after filtering 

Tumor Class 
Number of Images 

Before (Original) After Filtering 

Benign 2,480 2,480 

Malignant 5,429 5,183 

Total Images 7,909 7,663 

 

Table 2. The amount of each type of data used in this study 

Tumor Class 
Data 

Number of Images 
Training Validation Testing 

Benign 1,730 500 250 2,480 

Malignant 3,631 1,034 518 5,183 

Total Images 5,361 1,534 768 7,663 

 

Table 3. The augmentation method and the value of its parameter 

Augmentation Value 

Resize 256 x 256 
CenterCrop 224 x 224 

RandomHorizontalFlip True, p=0.5 

RandomVerticalFlip True, p=0.5 

Normalize mean = [0.7862, 0.6261, 0.7654]; std = [0.1065, 0.1396, 0.0910]. 

 

CNN-based model 

The research utilized three main pre-trained CNN models, including densely convolutional networks 

(DenseNet), residual networks (ResNet), and visual geometry groups (VGG). DenseNet is a CNN-based 

model designed by researchers from Facebook AI Research (FAIR) in 2017 [33]. This architecture has 

several advantages in addressing the issues of weakened gradients and information loss that often occur in 

conventional neural networks. In DenseNet networks, each layer in the network is directly connected to all 

previous layers [34]. This means that the result produced by each layer will serve as the input for all 

subsequent layers, forming dense patterns of connections and integrating information from all previous 

layers. This results in a highly interconnected architecture and creates a "convergence" effect of information 

from the whole network. Figure 4 below shows the DenseNet architectures. 

 

 
Figure 4. DenseNet architectures [33] 

ResNet is a convolutional neural network (CNN) architecture that was released in 2015. It consists of many 

variants with different variations [35]. ResNet50 is a convolutional neural network (CNN) model that 

consists of 50 layers. These layers include 48 convolutional layers, 1 pooling layer, and 1 average pooling 

layer. The purpose of ResNet50 is to effectively handle various computer vision problems. On the other 

hand, ResNet152, a deeper variant of this architecture, features 152 layers organized into residual blocks, 

allowing the model to manage more complex tasks by learning deeper and more detailed features, though 

it requires greater computational resources and training time. The residual block concept across all ResNet 

variants enables the network to stack layers effectively without compromising performance, addressing the 

vanishing gradient issue often seen in deep neural networks, thus making ResNet a highly effective 

architecture for various computer vision applications. Figure 5 illustrates the architectural building blocks 

for ResNet50, ResNet101, and ResNet152. 

https://www.zotero.org/google-docs/?NCtA8G
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Figure 5. ResNet architectures [35] 

VGG is another CNN architecture created by the Visual Geometry Group at Oxford University [36]. It is 

well-known for its deep structure and straightforward design. The design utilizes a sequence of 3x3 

convolutional layers and 2x2 pooling layers, constructed successively to gradually decrease the spatial 

dimensions of the feature maps. VGG networks are distinguished by their use of compact convolutional 

filters, which augment their capacity to capture intricate information in pictures. Although VGG models 

are highly successful, they demand substantial computing resources, rendering them potent yet resource-

intensive for image recognition applications. Figure 6 illustrates the VGG architecture. 

 

 
Figure 6. VGG architectures [37] 

Custom ReLU Activation Functions 

Based on the previous discussion, ReLU has several limitations, including the vanishing gradient problem 

and the dying ReLU problem [28]. While ReLU effectively eliminates negative values, this leads to a 

gradient of 0 for these units, resulting in no weight updates during backpropagation. To address these issues, 

this study proposes a custom activation function to change the standard ReLU in the neural network's hidden 

layers. This modification is intended to assist the model in acquiring a deeper understanding of intricate 

patterns and improve its overall performance. Figure 7 illustrates the default ReLU activation function, 

while Figures 8 (a) and 8 (b) show custom ReLU, namely LeakyReLU and LessNegativeReLU, 

respectively. LeakyReLU assigns a small slope to negative inputs to prevent the dying ReLU problems, 

while LessNegativeReLU, proposed in this study, scales negative inputs by a smaller factor to retain more 

information from these values and enhance pattern recognition. The following equations present the 

equations for each activation function. 

 

 

(1) 

 

(2) 

 

(3) 
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Figure 7. The ReLU activation functions 

  

a) LeakyReLU b) LessNegativeReLU 

Figure 8. The custom ReLU activation function (left: LeakyReLU; right: LessNegativeReLU) 

Model training 

To develop the breast cancer classification model, a variety of hyperparameter configurations are 

necessitated, which encompass batch size, epochs, learning rate, optimizer, and scheduler, as delineated in 

Table 4 presented below. The batch size signifies the quantity of samples that will be processed before the 

modification of the model. The total number of epochs delineates the aggregate number of instances in 

which the entire dataset is traversed during the training procedure. The learning rate regulates the extent of 

the increment during the procedure of modifying the parameters of the model. The appropriate learning rate 

value impacts how quickly the model achieves satisfactory convergence. The most often used optimizer is 

adaptive moment estimation (Adam), known for its balance between speed and convergence accuracy. A 

scheduler is employed to dynamically adjust the learning rate throughout the training regimen, thereby 

facilitating the model's optimal performance. In this study, all experimental tasks, both model training and 

inference process (model making predictions), were performed on the Ubuntu 22.04.3 operating system, 

making use of Python 3.10.12 and PyTorch 2.0.1, on a powerful NVIDIA DGX A100 supercomputing 

setup featuring 20GB of GPU memory.  These advanced specifications are crucial for supporting the deep 

learning research conducted, particularly in training models that process thousands of digital images. Table 

5 below shows the experimental scenarios used in this study. 
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Table 4. Hyperparameters for model training 

Hyperparameters Value 

Batch Size 32 

Epochs 20 

Learning Rate 0.0001 (1e-4)  

Optimizer Adam 

Scheduler StepLR (with step size = 0.1 and gamma value = 0.8) 

 

Table 5. Experiment scenarios 

Scenarios Value 

Custom Activation Functions 

ReLU (default), 

LeakyReLU (𝛼 = 0.01), 

LessNegativeReLU (with 𝛼 = [0.03, 0.05, 0.07, 0.09]) 

CNN-based Model DenseNet121, Dense201, ResNet50, ResNet152, VGG11 

 

Model evaluation 

The investigation evaluated efficacy by quantifying significant parameters, encompassing accuracy, 

precision, recall, and the F1 score. The accuracy metric helps in evaluating a model's performance by 

analyzing the count of accurately recognized true positives (TP) alongside true negatives (TN). Precision 

appraises the model's capability to accurately predict positive outcomes by quantifying the ratio of authentic 

positives to all forecasted positives. Recall constitutes a quantitative assessment of a model's proficiency in 

accurately recognizing pertinent instances. It is computed by determining the percentage of actual positives 

that are suitably identified. The F1 score, calculated as the harmonic mean of accuracy and recall, affords 

a balanced evaluation of classification performance, which is particularly advantageous for addressing class 

imbalances. The metrics are elucidated in equations 4 to 7. 

 
(4) 

 
(5) 

 
(6) 

 
(7) 

RESULTS AND DISCUSSIONS 

This study follows a previously established methodology, beginning with the preparation and collection of 

a breast cancer dataset, which is subsequently divided into three sets. Data augmentation is applied 

exclusively to the training set to mitigate overfitting and improve the model's capacity for generalization. 

Various custom ReLU activation functions are implemented within a CNN-based model to explore multiple 

scenarios aimed at optimizing performance and minimizing future diagnostic errors. The model training 

process is then conducted on a supercomputer server to accelerate both training and evaluation. Fine-tuning 

is performed on the CNN model, adjusting all layers of the model without freezing the networks, allowing 

it to better adapt to the specific dataset used in this study. Upon completion of the training, the model’s 

performance in breast cancer classification is assessed using the testing set. The evaluation results are 

analyzed to determine the influence of the custom activation functions on the model’s performance, with 

the ultimate goal of reducing errors and improving accuracy in early breast cancer diagnosis. Table 6 

presents the performance outcomes of the custom ReLU activation functions across various pre-trained 

models. The results indicate that the suggested method for optimizing the breast cancer model with a custom 

ReLU activation function has yielded encouraging outcomes, exceeding the performance of the baseline 

model that used the default ReLU activation function. This demonstrates the efficacy of the proposed 

method in improving the model's performance. 
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Table 6. Performance of the custom ReLU on several pre-trained models  

CNN-based Model Activation Function 
Evaluation Metrics (%)  

Accuracy Precision Recall F1-Score 

DenseNet121 

ReLU (default) 97.62 97.62 97.62 97.62 

LeakyReLU (𝛼 = 0.01) 97.93 97.36 97.93 97.64 

LessNegativeReLU (𝛼 = 0.03) 98.62 98.42 98.62 98.52 

LessNegativeReLU (𝛼 = 0.05) 98.53 97.94 98.53 98.23 

LessNegativeReLU (𝛼 = 0.07) 98.51 98.81 98.51 98.66 

LessNegativeReLU (𝛼 = 0.09) 98.62 98.42 98.62 98.52 

DenseNet201 

ReLU (default) 99.11 99.00 99.21 99.11 

LeakyReLU (𝛼 = 0.01) 99.21 99.01 99.21 99.11 

LessNegativeReLU (𝛼 = 0.03) 98.52 98.22 98.52 98.37 

LessNegativeReLU (𝛼 = 0.05) 99.01 98.91 99.01 98.96 

LessNegativeReLU (𝛼 = 0.07) 98.62 98.13 98.62 98.37 

LessNegativeReLU (𝛼 = 0.09) 98.92 98.43 98.92 98.67 

ResNet50 

ReLU (default) 98.62 98.42 98.62 98.52 

LeakyReLU (𝛼 = 0.01) 98.04 97.02 98.04 97.50 

LessNegativeReLU (𝛼 = 0.03) 98.82 98.52 98.82 98.66 

LessNegativeReLU (𝛼 = 0.05) 99.02 98.62 99.02 98.81 

LessNegativeReLU (𝛼 = 0.07) 97.73 97.53 97.73 97.63 

LessNegativeReLU (𝛼 = 0.09) 98.51 98.51 98.51 98.51 

ResNet152 

ReLU (default) 98.11 98.31 98.11 98.21 

LeakyReLU (𝛼 = 0.01) 98.62 98.42 98.62 98.52 

LessNegativeReLU (𝛼 = 0.03) 98.23 97.65 98.23 97.93 

LessNegativeReLU (𝛼 = 0.05) 98.80 99.11 98.80 98.89 

LessNegativeReLU (𝛼 = 0.07) 98.02 97.83 98.02 97.92 

LessNegativeReLU (𝛼 = 0.09) 98.23 97.65 98.23 97.93 

VGG11 

ReLU (default) 96.83 96.93 96.83 96.88 

LeakyReLU (𝛼 = 0.01) 98.13 97.74 98.13 97.93 

LessNegativeReLU (𝛼 = 0.03) 98.42 98.32 98.42 98.37 

LessNegativeReLU (𝛼 = 0.05) 98.13 97.74 98.13 97.93 

LessNegativeReLU (𝛼 = 0.07) 97.82 98.02 97.82 97.92 

LessNegativeReLU (𝛼 = 0.09) 97.14 96.67 97.14 96.90 

 

Based on Table 6 above, it can be stated that the optimal model is DenseNet201 with a bespoke LeakyReLU 

activation function. This model outperforms other models with the highest accuracy of 99.21%, recall of 

99.21%, and F1-Score of 99.11%. The model with the highest precision is ResNet152, with a custom 

activation function called LessNegativeReLU (with α= 0.05), achieving 99.11%. Overall, all models trained 

using unique activation functions, including LeakyReLU and LessNegativeReLU with various alpha 

values, outperformed the model trained with the regular ReLU activation function. This demonstrates the 

effective improvement of the deep learning model's performance in classifying breast cancer images. In the 

DenseNet121 model, the performance improvement between the baseline model that utilizes ReLU as a 

default activation function and the model with its custom, which achieved the highest performance in all 

metrics, ranges from 1% to 1.04%. Meanwhile, in DenseNet201, the improvement in model performance 

is not very significant, ranging from 0% to 0.11%. The performance improvement with the ResNet50 model 

ranges from 0.1% to 0.4%. The performance improvement with the ResNet152 model ranges from 0.68% 

to 0.8%. The VGG11 model had the highest performance improvement, ranging from 1.39% to 1.59%.  

 

Figure 9 below displays the plotting of training and validation accuracy for the best model, namely 

DenseNet201 with LeakyReLU custom activation functions. The graph indicates that the model performs 

exceptionally well, with no signs of overfitting. It is good benefit of the effectiveness of the applied data 

augmentation. Furthermore, we provide a visual illustration of the confusion matrix to measure the 

reliability of the model in accurately categorizing data and detecting classification mistakes, as seen in 

Figure 10. The confusion matrix aids in analyzing the performance of a model in each class, allowing for 

clear identification of where the model makes errors and the accuracy of its predictions. Based on the 

confusion matrix results, the model correctly predicted 248 benign cases and 514 malignant cases. It 

misclassified 2 benign cases as malignant and 4 malignant cases as benign. These results show that the 

model is highly accurate in classifying breast cancer images, which is important for helping doctors provide 

the right treatment for benign or malignant cases. 
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Figure 9. The plotting of training and validation accuracy on the best models 

 
Figure 10. The plotting of the confusion matrix on the best models 

To create a breast cancer diagnostic system that is both precise and efficient, this study not only measures 

the performance of several models using various metrics but also examines the time it takes for training 

and inference, as shown in Table 7 below. Our objective is to analyze how model size, complexity, and the 

use of custom activation functions influence the time required for training. By measuring the duration of 

the training process, our objective is to comprehend the influence of these factors on training efficiency and 

identify the optimal configurations that balance performance with training time. This technique enables us 

to select models that not only deliver optimal performance but also demonstrate efficiency in both the 

training and inference steps. Knowing the training duration for each model enables us to assess their 

effectiveness, guaranteeing that we choose designs that are not only precise but also quick and resource-

efficient. This eventually improves the usability and scalability of the diagnostic system. 
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Table 7. Runtime performance on several pre-trained models 

CNN-based Model Activation Function 
Runtime in Seconds (s)  

Training Time Inference Time 

DenseNet121 

ReLU (default) 546.23 2.34 

LeakyReLU (𝛼 = 0.01) 762.63 2.43 

LessNegativeReLU (𝛼 = 0.03) 754.79 2.30 

LessNegativeReLU (𝛼 = 0.05) 752.70 2.28 

LessNegativeReLU (𝛼 = 0.07) 754.45 2.33 

LessNegativeReLU (𝛼 = 0.09) 754.92 2.33 

DenseNet201 

ReLU (default) 811.13 2.99 

LeakyReLU (𝛼 = 0.01) 1,159.97 3.07 

LessNegativeReLU (𝛼 = 0.03) 1,142.03 2.74 

LessNegativeReLU (𝛼 = 0.05) 1,134.26 2.93 

LessNegativeReLU (𝛼 = 0.07) 1,137.47 2.91 

LessNegativeReLU (𝛼 = 0.09) 1,138.10 2.96 

ResNet50 

ReLU (default) 436.17 2.09 

LeakyReLU (𝛼 = 0.01) 561.93 2.10 

LessNegativeReLU (𝛼 = 0.03) 566.25 2.11 

LessNegativeReLU (𝛼 = 0.05) 576.38 2.39 

LessNegativeReLU (𝛼 = 0.07) 564.81 2.07 

LessNegativeReLU (𝛼 = 0.09) 572.21 2.24 

ResNet152 

ReLU (default) 847.54 2.82 

LeakyReLU (𝛼 = 0.01) 1,140.92 3.26 

LessNegativeReLU (𝛼 = 0.03) 1,138.58 3.20 

LessNegativeReLU (𝛼 = 0.05) 1,133.73 3.06 

LessNegativeReLU (𝛼 = 0.07) 1,131.15 3.00 

LessNegativeReLU (𝛼 = 0.09) 1,131.43 2.98 

VGG11 

ReLU (default) 532.73 2.61 

LeakyReLU (𝛼 = 0.01) 636.90 2.85 

LessNegativeReLU (𝛼 = 0.03) 648.10 3.03 

LessNegativeReLU (𝛼 = 0.05) 642.44 2.78 

LessNegativeReLU (𝛼 = 0.07) 671.92 3.14 

LessNegativeReLU (𝛼 = 0.09) 706.06 3.61 

 

Based on Table 7 above, it can be generally argued that larger models require more training time compared 

to smaller ones. Additionally, models utilizing custom ReLU activation functions tend to have longer 

training durations than their baseline counterparts. This suggests that while the proposed methods deliver 

improved performance, they also incur increased training times, highlighting the need to balance 

performance gains with training efficiency. The model with the shortest training time is the baseline 

ResNet50, which requires 436.17 seconds, whereas DenseNet201 with Custom LeakyReLU has the longest 

training time at 1,159.97 seconds. Notably, ResNet50 not only excels in training speed but also achieves 

the fastest inference time, processing approximately 768 test images in just 2.07 seconds, or about 2.695 

milliseconds (ms) per image. This demonstrates that ResNet50 is highly suitable for real-time breast cancer 

diagnosis systems, providing both efficient performance and high accuracy. Even the model with the 

highest performance still maintains a rapid inference time, processing images in 3.07 seconds, or 

approximately 3.997 ms per image. These results make the model suitable for developing an accurate and 

efficient breast cancer diagnosis assistant system to help doctors make the initial diagnoses. 

 

Additionally, we also compared our approach with previous research that aligns with the goals of this study, 

which uses the same datasets. As shown in Table 8, our method outperforms earlier studies in all metrics 

like accuracy, precision, recall, and F1-Score. These improvements indicate that our model is more effective 

in diagnosing breast cancer. Higher accuracy means fewer misclassifications, while better precision and 

recall show the model can correctly identify both benign and malignant cases. The improved F1-Score 

reflects a satisfactory balance between precision and recall, making the model reliable. Overall, these results 

highlight the strength of our approach in addressing the limitations of previous methods and offer a more 

effective system for breast cancer classification. This success not only surpasses existing solutions but also 

has the potential to enhance intelligent diagnostic systems, leading to more accurate early diagnoses and 

better treatment decisions for patients. 
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Table 8. A comparative analysis of performance with previous research 

References Year Method 
Evaluation Metrics (%)  

Accuracy Precision Recall F1 Score 

[38] 2021 ResNet50 + Augmentation 99.01 - - - 

[39] 2021 Intrinsic Feature Learning and GCN 98.42 - - - 

[40] 2022 ResNet50 + Image Sharpening 95.00 - - - 

[41] 2022 Hybrid CNN 86.55 - - 79.19 

[42] 2023 ResNet101 + Augmentation 96.09 96.26 96.09 96.08 

[17] 2023 Transfer learning using DCNN 99.12 - - - 

[43] 2024 Convolutionally‑Enhanced ViT 89.43 - - - 

Ours 2024 DenseNet201 + Custom ReLU 99.21 99.01 99.21 99.11 

 

CONCLUSION 

This paper presents a comprehensive analysis of optimizing deep learning models through customized 

ReLU activation functions to improve breast cancer histopathology image classification. It involves a 

comparative evaluation of various CNN-based models, including DenseNet121, DenseNet201, ResNet50, 

ResNet152, and VGG11, utilizing the public BreakHis dataset, which consists of two classes: benign and 

malignant. The research addresses challenges associated with vanishing gradients and dying ReLU 

problems by implementing a custom ReLU approach across all models. The results show that DenseNet201 

with custom LeakyReLU achieved the highest accuracy, recall, and F1 score of 99.21%, 99.21%, and 

99.11%, respectively. Meanwhile, ResNet152 with custom LessNegativeReLU (α = 0.05) achieved the best 

precision of 99.11%. VGG11 exhibited the most significant performance improvement over the ReLU 

baseline, with the increase that ranging from 1.39% to 1.59%. These findings substantiate the effectiveness 

of the proposed method in enhancing the performance of deep learning models for breast cancer 

classification. However, despite these promising results, the proposed method leads to longer training times 

compared to the baseline models. Future research should focus on optimizing training efficiency through 

techniques such as adjustments to model architecture or more efficient optimization algorithms. 

Additionally, further investigations are necessary to evaluate the benefit of this custom activation function 

on various medical image analysis tasks. 
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