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 Given the importance of breast cancer detection and the increasing 

prevalence of this disease, along with its high annual mortality rate, 

extensive research has been conducted in recent years on medical 

image analysis for this purpose. In this paper, a multi-stage method is 

presented based on image segmentation of healthy and unhealthy 

(cancerous) tissues and a hybrid classification approach for 

determining the type of cancer (benign or malignant). In the proposed 

method, after noise reduction, an improved U-Net model is employed 

for image segmentation and detection of tumor candidate regions. For 

images identified as unhealthy, contour-based feature extraction is 

applied, followed by a hybrid ensemble classification method using 

majority voting among base classifiers to determine the cancer type. 

The proposed approach has been evaluated on a standard ultrasound 

image dataset consisting of healthy, benign, and malignant samples. 

The proposed method achieved a segmentation accuracy of 97.43% 

using the enhanced U-Net and an overall system accuracy of 94% for 

breast cancer diagnosis, outperforming other recent state-of-the-art 

techniques on the same dataset. 
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1. Introduction 

Breast cancer is one of the most common cancers worldwide. According to statistics from the U.S. 

National Cancer Institute, one out of every eight women will develop this disease during her 

lifetime. When detected early, breast cancer is highly treatable [1]. This disease results from the 

abnormal and uncontrolled growth of cells, forming a mass within the breast tissue. According to 

the World Health Organization, about 2.1 million women are diagnosed with breast cancer each 

year, making it the leading cause of cancer-related deaths among women. In 2018, over 620,000 
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women died from breast cancer, accounting for approximately 15% of all cancer deaths in women 

[2, 3]. 

Gynecology specialists emphasize that early detection of breast cancer significantly increases the 

chances of recovery and reduces treatment costs. The disease is caused by the uncontrolled 

proliferation of abnormal cells within breast tissue, forming benign or malignant tumors. 

Normally, old or damaged cells are destroyed and replaced with new ones; however, in breast 

cancer, unnecessary cells are produced, or damaged cells fail to die, resulting in tumor formation. 

With technological advances, non-invasive diagnostic methods such as medical imaging have 

replaced surgical approaches, aiming to achieve accurate diagnosis without the need for invasive 

procedures [4]. 

Breast cancer is classified into benign and malignant types. Benign tumors are usually caused by 

hormonal changes, whereas malignant tumors are harder to treat due to delayed diagnosis. 

Cancerous tissue first spreads to surrounding regions and then to the lymph nodes; if not detected 

and treated early, it can metastasize to other organs, becoming untreatable. Since various types of 

breast cancer require precise and early diagnosis, human error in interpretation poses a major 

challenge. Therefore, the development of automated methods using image processing and 

advanced algorithms is crucial for reducing diagnostic errors, improving early detection, and 

enhancing the overall treatment process. 

Traditional feature extraction techniques often lead to a slight loss in diagnostic accuracy due to 

dimensionality reduction. The general process of breast cancer detection and classification 

consists of four main stages, extracting texture-based features from images, reducing image 

dimensionality, classifying images into healthy and cancerous categories and distinguishing 

between benign and malignant cancerous images. 

In this paper, a four-stage method is proposed. First, image quality is improved using noise 

reduction techniques. In the second and most crucial stage, a system is developed to distinguish 

healthy from unhealthy images using an enhanced deep architecture based on U-Net for image 

segmentation. Images in which no tumor region is detected are considered healthy; otherwise, they 

are classified as cancerous. In the third stage, simple contour-based features are extracted from the 

candidate tumor regions to assist in tumor type classification. Finally, a hybrid classification 

method based on majority voting is applied to determine the tumor type. The main novel 

contributions of this study are summarized as follows: 

Architectural Innovation in Segmentation: We introduce a modified U-Net architecture 

specifically designed for medical image segmentation. A key enhancement is implemented in the 

expansive path, where upsampling blocks are designed to receive and integrate feature maps from 

multiple layers of the contracting path. This design leads to improved segmentation accuracy, 

particularly on small datasets, making it highly suitable for medical imaging applications where 

data is often limited. 

A Novel Hybrid Diagnostic Pipeline: We propose a hierarchical, multi-stage framework that 

strategically separates the tumor detection process (distinguishing healthy from unhealthy images) 

from the tumor typing task (classifying benign vs. malignant cases). This separation enhances the 

overall reliability and accuracy of the diagnostic system. 
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An Efficient and Interpretable Classification Strategy: For the critical task of tumor 

classification, we demonstrate that a set of simple, interpretable, contour-based features, when 

processed by a robust hybrid ensemble classifier, can achieve high accuracy. This approach 

eliminates the need for a secondary, data-intensive deep learning model, resulting in a method that 

is both practical to implement and effective in performance. 

Comprehensive Empirical Validation: We provide a thorough evaluation of the proposed multi-

stage method on a public dataset. The results demonstrate that our approach outperforms several 

recent state-of-the-art techniques, validating its effectiveness and competitiveness in the field of 

breast cancer diagnosis from ultrasound images. 

While U-Net has become a benchmark for medical image segmentation, its standard architecture 

may suffer from the loss of fine-grained spatial details during the upsampling process, which is 

critical for precise tumor boundary delineation. Furthermore, many existing deep learning 

approaches for breast cancer diagnosis rely on end-to-end models that require large, annotated 

datasets and complex training procedures. Our work addresses these gaps by proposing an 

enhanced U-Net that better preserves spatial information and a multi-stage pipeline that combines 

the strengths of deep learning for segmentation with efficient handcrafted features for 

classification, making it particularly suitable for scenarios with limited data. 

This paper is organized as follows: Section 2 reviews related works on breast cancer detection 

using medical images. Section 3 explains the proposed method in detail. Section 4 evaluates the 

system performance on breast cancer images, and Section 5 presents the conclusions. 

2. Related Works 

In recent years, numerous studies have been conducted on the early detection of breast cancer. 

Existing approaches can be broadly categorized into classical machine learning methods relying 

on handcrafted features and modern deep learning-based approaches. 

2.1. Classical Machine Learning and Handcrafted Feature-based Methods 

Traditional methods typically depend on handcrafted feature extraction followed by classical 

classifiers. For instance, Nikrouvan et al. proposed a novel three-stage method consisting of 

preprocessing, feature extraction (including texture features from the co-occurrence matrix, 

histogram, and geometric features), and classification for detecting cancerous masses [5]. 

Abbaspour et al. presented an intelligent approach for separating mammography images based on 

tissue density and masses [6]. Naseri et al. introduced a model for determining the clinical stage of 

breast cancer using the TNM system and the Ant Colony Optimization algorithm, achieving 

improved performance [7]. Jabbari et al. proposed a hybrid approach for tumor segmentation and 

detection using histogram analysis, wavelet transform, genetic algorithms, and morphological 

operations, which demonstrated higher accuracy compared to Ant Colony and Particle Swarm 

Optimization algorithms [8]. Sheikhpour et al. developed a highly accurate classification model 

using Gaussian Kernel Density Estimation based on Euclidean distance [9]. Pezeshki et al. 

extracted tumor features by calculating pixel differences and adding needle-shaped regions to the 

segmented image, then classified tumors as benign or malignant [10]. Mugal et al. proposed a 

system that combines top-hat transform, co-occurrence matrix, and a back-propagation neural 
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network to classify breast masses into normal, abnormal, benign, and malignant categories [11]. 

Torres et al. reduced false positives by using texture descriptors [12]. Mohamm et al. proposed an 

automated method involving three types of feature extraction, feature selection using the t-test 

algorithm, and classification using Artificial Neural Networks (ANN), Support Vector Machines 

(SVM), and k-Nearest Neighbors (k-NN), with ANN achieving the best results [13]. Accurate 

classification of breast abnormalities is challenging due to image ambiguity and the similarity 

between benign and malignant lesion features. Tariq et al. conducted a comprehensive review that 

categorized breast cancer detection methods into statistical machine learning and deep learning 

approaches [14]. Machine learning techniques play a significant role in early detection; for 

example, in a study using the Wisconsin dataset, SVM achieved the highest performance [15]. 

2.2. Deep Learning-based Methods 

With advances in deep learning, newer approaches have focused on end-to-end models with 

automated feature learning capabilities. For example, one study [16] utilized a deep learning 

model based on Inception-v3 with transfer learning to improve detection accuracy. Furthermore, 

in a separate study, a median filter was used for noise removal, SqueezeNet for feature extraction, 

and a Deep Belief Network (DBN) classifier with the Adamax optimizer for classification [17]. 

In [18] reviews explainable artificial intelligence (XAI) methods for breast cancer diagnosis using 

mammography and ultrasound images, analyzing the relationship between model accuracy, 

interpretability and ethical challenges. The findings reveal that despite the growth of XAI, 

systematic evaluation of its trustworthiness and clinical applicability remains insufficient. In [19] 

presents an AI-based framework combining deep transfer learning for classification and U-Net for 

segmentation to enhance breast cancer diagnosis using ultrasound images. The proposed approach 

improves tumour localization and diagnostic accuracy, contributing to reliable and efficient 

clinical decision-making while addressing current challenges in data diversity and model 

generalization. 

Recent research results demonstrate the strong performance of machine learning techniques in 

identifying breast cancer types. Accordingly, the proposed method in this study has also been 

developed based on these advanced approaches. 

3. Proposed Method 

In this section, the proposed method for detecting and classifying breast tumors is introduced. the 

proposed algorithm consists of four main stages as follows: 

(1) Stage 1: Since ultrasound-acquired data contain noise and interference that can negatively 

affect the accuracy of the proposed classification system, noise reduction techniques are applied to 

the patient’s ultrasound images to minimize the existing noise. 

(2) Stage 2: Separation of normal and abnormal data based on masks generated using the 

improved U-Net method. 

(3) Stage 3: Feature extraction from the masks corresponding to abnormal data based on contour 

analysis. 

(4) Stage 4: Classification of data using machine learning through a voting-based approach. 
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The details of each stage are described in the following sections. 

3.1. Noise Removal 

In biomedical engineering, images obtained from imaging devices, like other signals, often 

contain noise — unwanted disturbances that make image processing challenging. Such noise 

typically arises due to factors like hardware imperfections during imaging, environmental 

conditions, or patient motion and vibration. In this paper, the Gaussian Blur filter is employed to 

remove noise. This filter operates by applying a Gaussian kernel over the image, where each pixel 

is replaced by the weighted sum of the pixels within the kernel window. The central pixel carries 

the highest weight, and the weight of surrounding pixels gradually decreases with distance from 

the center. 

3.2. Separation of Normal and Abnormal Images 

In this stage, the data are divided into two main categories. As mentioned earlier, breast ultrasound 

images include three classes: normal (healthy), benign, and malignant. In the proposed method, 

the data are initially grouped into two main categories: normal data (without tumors) and 

abnormal data (including benign and malignant tumors). The main goal of this step is to identify 

healthy images. To achieve this, an improved U-Net–based segmentation approach is used to 

detect regions associated with tumors. Images with no detected tumor regions are classified as 

normal, whereas those containing tumor regions are labeled as abnormal (cancerous). 

In recent years, deep neural networks have attracted considerable attention due to their strong 

performance. However, effective training of these networks requires large amounts of labeled 

data, which is a significant challenge in biomedical engineering due to limited data availability. To 

overcome this problem, the U-Net architecture was designed to enable effective deep network 

training with limited data by leveraging image redundancy. High accuracy, fast training speed, no 

need for large datasets, and minimal dependence on complex and expensive hardware are among 

the key reasons for U-Net’s popularity in image segmentation — particularly in medical image 

processing. 

The U-Net network was proposed in 2015 by Olaf Ronneberger et al. at the University of 

Freiburg, Germany, with the goal of improving the accuracy and speed of learning using 

convolutional networks [20]. A key characteristic of this architecture is the removal of fully 

connected layers, which reduces network complexity. The main idea behind U-Net is based on a 

sequential contracting path, where pooling layers are replaced with downsampling layers. After 

feature extraction, a sequential expansive path is used to reconstruct the original image and 

transfer background information. In summary, U-Net consists of two symmetric paths — 

contracting and expansive — where everything reduced in the contracting path is recovered in the 

expansive one. As shown in Figure 1(a), the contracting path operates like a convolutional neural 

network: convolutional layers with various kernel sizes are applied to the input image, followed 

by the ReLU activation function, and then a MaxPooling layer with a stride and size of 2. The 

repeated combination of these three layers results in downsampling, where each downsampling 

step doubles the number of feature channels. In the expansive path, each upsampling step includes 

a convolutional layer that reduces the number of feature channels and receives data from the 

corresponding layer in the contracting path. Another convolutional layer with a ReLU activation 
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follows. Finally, a convolutional layer maps each 64-dimensional feature vector to a target class. 

The U-Net architecture consists of 23 convolutional layers in total. 

In the expansive path of the base U-Net, there is an upsampling layer in which a convolutional 

layer reduces the number of feature channels and receives data from its corresponding layer in the 

contracting path to be added to the image. In the proposed enhanced version, however, it receives 

data not only from its corresponding layer but also from the previous layer in the contracting path. 

A schematic of the modified architecture is shown in Figure 1(b). The reason for this modification 

is to leverage features from earlier layers and combine them in subsequent layers. This approach 

effectively allows the use of different combinations of features from various layers throughout the 

network. 

 

Figure. 1. illustrates the architectures used for tumor region segmentation (a) Base U-Net (b) Proposed Enhanced 

U-Net 

The hypothesized technical advantage of this architectural change is twofold. First, it enables 

multi-scale feature fusion. While the original U-Net uses skip connections to recover spatial 

information from the same hierarchical level, our modification provides the decoder with features 

from an additional, earlier layer. These earlier-layer features typically contain higher-resolution, 

more localized information. Second, this addresses a key limitation of the original U-Net: the 

potential 'semantic gap' between the encoder and decoder features at the same level. By fusing 

features from a previous layer, we provide a smoother gradient of information flow, allowing the 

network to better reconstruct fine details and improve boundary precision in the segmented masks, 

which is critical for accurate tumor analysis. 

3.3. Feature Extraction 

In the previous stage, healthy images were identified. In this step, the abnormal images are used to 

determine the tumor type. For this purpose, the regions selected by the proposed U-Net are 

utilized. As evident, each image may contain multiple regions; if even a single region is labeled as 

malignant, the entire image is considered malignant. To evaluate the regions obtained from the U-

Net output, a contour-based feature extraction method is employed. 
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Object detection in images is a key issue in computer vision and a fundamental step in image 

understanding. Contour extraction or boundary detection can play an important role in object 

recognition. However, contour detection methods often face challenges such as noise, translation, 

scaling, and rotation in images, which hinder accurate and optimal contour extraction. To 

overcome these problems, a method independent of these factors is required. In this study, Zernike 

moments are used to extract contour features, as this approach is robust against noise, translation, 

scaling, and rotation [21, 22]. Contours can be simply defined as curves that connect continuous 

points along boundaries with the same color or intensity. These lines are effective tools for shape 

analysis and object recognition. To achieve higher accuracy, binary images are used; therefore, 

processes such as thresholding or edge detection are applied before extracting the contours. In this 

study, various features are utilized to extract information from tumor images. Eq (1). defines 

Extent, Eq. (2) defines Solidity, and Eq. (3) defines Equivalent Diameter. In addition, basic 

geometric features such as area, perimeter, width, and height are also employed for feature 

extraction. 

The use of these features was selected due to their simplicity in implementation and the impact of 

region size and shape on identifying candidate tumor areas. In the previous stage, the identified 

regions are certainly tumors, and in this stage, these features are used solely to determine the 

tumor type (benign or malignant). 

The rationale for using handcrafted, contour-based features for the second-stage classification is 

based on three key factors: (1) Data Efficiency: Training a second-deep learning model for 

classification would require a large volume of labeled tumor patches, which are scarce and 

expensive to obtain. Our handcrafted features are robust and effective even with limited data. (2) 

Clinical Interpretability: Features like Extent, Solidity, and Equivalent Diameter have direct 

clinical correlations with tumor morphology (e.g., malignant tumors often have irregular shapes 

and spiculated margins, leading to lower Solidity and Extent values). This aligns with how 

radiologists assess tumors and makes the model's decisions more interpretable. (3) Computational 

Simplicity: This approach is less computationally intensive than training another deep network, 

making the overall pipeline more efficient and practical for potential clinical deployment. 

3.4. Tumor Type Classification Based on Voting 

In this stage, abnormal images are classified based on the extracted features. For each extracted 

contour feature, feature vectors are computed. Then, a voting-based approach combining three 

𝐸𝑥𝑡𝑒𝑛𝑡 =
𝑂𝑏𝑗𝑒𝑐𝑡 𝐴𝑟𝑒𝑎

𝐵𝑜𝑢𝑛𝑑𝑖𝑛𝑔 𝑅𝑒𝑐𝑡𝑎𝑛𝑔𝑙𝑒 𝐴𝑟𝑒𝑎
 (1) 

𝑆𝑜𝑙𝑖𝑑𝑖𝑡𝑦 =
𝐶𝑜𝑢𝑛𝑡𝑜𝑢𝑟 𝐴𝑟𝑒𝑎

𝐶𝑜𝑛𝑣𝑒𝑥 𝐻𝑎𝑙𝑙 𝐴𝑟𝑒𝑎
 (2) 

𝐸𝑞𝑢𝑖𝑣𝑎𝑙𝑒𝑛𝑡𝐷𝑎𝑖𝑚𝑒𝑡𝑒𝑟 = √
4 × 𝐶𝑜𝑛𝑡𝑜𝑢𝑟 𝐴𝑒𝑎

𝜋
 (3) 
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classifiers — Decision Tree (DT), Random Forest (RF), and Extra Trees (ET) — is used to 

determine the tumor type. The ensemble classifier works by combining multiple individual 

classifiers. Each classifier trains its own model on the data and stores it. For the final 

classification, a voting process is conducted among these classifiers, and the class receiving the 

majority of votes is assigned as the final label. 

Although RF and ET are both ensemble methods, they employ different philosophies for building 

individual trees. RF uses bootstrap aggregating and selects the optimal split from a random subset 

of features, which reduces variance but can lead to correlation between trees. ET, on the other 

hand, uses the whole dataset and chooses split points at random for features, further increasing 

randomness to reduce variance and combat overfitting. By combining DT, RF, and ET through a 

higher-level majority vote, we create a 'meta-ensemble' that leverages diversity. This diversity is 

key: while a single DT might be prone to overfitting, and RF/ET might have correlated errors on 

certain data points, their combination ensures that the final decision is based on a more robust 

consensus. This voting scheme mitigates individual model weaknesses—such as the high variance 

of a single DT or the potential over-smoothing of RF/ET—leading to a more stable and accurate 

final prediction. 

4. Analysis and Evaluation of Results 

In this section, the analysis of results obtained from the proposed method is presented. First, the 

dataset and the evaluation methods are introduced. The proposed method was implemented using 

Python and the TensorFlow framework. The hardware used includes an Intel(R) Core(TM) i7 

CPU-M 620 @ 2.67GHz, 8 GB RAM, and an NVIDIA GeForce GT 320M GPU. 

4.1. Dataset and Evaluation Metrics 

In this study, the dataset contains three classes: normal, benign, and malignant. Each data sample 

includes two types of images: an ultrasound image and one or more mask images. These masks 

indicate the exact size and location of the tumor separately [23]. The dataset comprises 780 

images covering normal, benign, and malignant cases. Table 1 presents the number of samples in 

each category. 

Table 1. Number of Images in the Dataset by Category 

 

 

 

In this study, 20% of the total dataset was allocated for the test set, while the remaining 80% was 

used for the training set. Additionally, 10% of the training data was reserved for validation. For 

evaluating the proposed method, the accuracy metric was used. The calculation formula for this 

metric is provided in Eq. (4). 

Label Number of Images Image Size 

Benign 437 

128×128 Malignant 210 

Normal 133 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 (4) 
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Another metric used to evaluate the proposed method is the AUC-ROC curve. This performance 

measure is based on different threshold values for classification problems. The ROC is a 

probability curve, and AUC measures the model’s discriminative ability. In simple terms, the 

AUC-ROC metric reflects the model’s capability to distinguish between classes, where a higher 

AUC indicates a better model. 

4.2. Results Analysis 

In this study, the U-Net architecture was first used to detect normal and abnormal (cancerous) 

images. Figure 2 illustrates the accuracy of the proposed method using the standard U-Net versus 

the enhanced U-Net. 

 

Figure. 2. Accuracy of Training and Validation Stages Based on Standard and Enhanced U-Net 

Table 2 shows the comparison of the performance of the enhanced and base U-Net on the test set. 

The superior performance of the enhanced U-Net (97.43% vs. 93.58% accuracy) can be attributed 

to its modified architecture. By providing the upsampling layer with feature maps from both its 

corresponding layer and the previous layer in the contracting path, the model gains access to a 

richer, multi-scale feature set. This allows the decoder to make more informed decisions during 

the reconstruction of the segmentation map, effectively mitigating the loss of fine-grained spatial 

information that can occur in the base U-Net. This is particularly beneficial for segmenting small 

or irregularly shaped tumors, where precise boundary delineation is crucial. 

Table 2. Comparison of Standard and Enhanced U-Net Performance on the Test Set 

 

 

 

Next, the tumor type classification in abnormal images is addressed. For this purpose, contour 

features for all regions identified as candidate tumor areas by the enhanced U-Net are first 

extracted. In the next step, these features are separately used to train three classifiers: Decision 

Tree, Random Forest, and Extra Trees. Figure 3 shows the results obtained from the three 

Dataset Method Accuracy (%) 

Test 
Enhanced U-Net 97.43 

Base U-Net 93.58 
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individual classifiers as well as the ensemble voting-based method for classifying tumor types in 

120 images previously identified as abnormal. As can be seen from the results, the ensemble 

method achieved the best performance. 

 

Figure. 3. Results obtained from different classifiers for tumor type classification: (a) Random Forest, (b) Decision 

Tree, (c) Extra Trees, and (d) Voting 

Table 3 presents a comparison of the proposed method with existing approaches in recent studies 

on the same test dataset. As shown, the proposed method outperformed the other methods. 

Table 3. Comparison of the proposed method with other recent approaches 

 

 

 

 

The apparent discrepancy between the high segmentation accuracy (97.43%) and the final system 

accuracy (94%) can be explained by the cascading nature of our multi-stage pipeline. The 

segmentation accuracy reflects the model's ability to correctly identify and localize tumorous 

regions. However, the final 94% accuracy for the entire system (normal vs. benign vs. malignant) 

depends on the performance of all subsequent stages. Any error in segmentation (e.g., a missed 

small tumor or an inaccurately drawn boundary) directly propagates to the feature extraction and 

classification stages, leading to an incorrect final diagnosis. Therefore, the overall system 

Method Accuracy (%) 

CNN-ALexNet [24] 78 

Transfer Learning (TL)-VGG16 [24] 88 

TL+ Inception [24] 85 

TL+ResNet [24] 93 

Proposed method 94 
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accuracy is a compound metric influenced by the precision of the segmentation mask, the 

discriminative power of the handcrafted features, and the effectiveness of the ensemble classifier. 

The 94% overall accuracy demonstrates the robustness of the entire pipeline, even when 

considering potential error propagation from the segmentation stage. 

5. Conclusion 

Breast cancer is one of the most common types of cancer among women and has been responsible 

for a high percentage of cancer-related deaths in recent years. During this period, machine 

learning and computer vision methods have demonstrated remarkable performance in detecting 

this disease. In this study, a multi-stage method is proposed, which includes noise reduction, 

classification of normal and cancerous images, contour-based feature extraction, and ensemble 

classification using three base classifiers with a voting mechanism. The results of this method 

indicate its superior performance compared to other approaches presented in recent years. 
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