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 Breast cancer has been one of the leading causes of mortality among women in the 

past decade. Although this type of cancer cannot be prevented due to the unknown 

nature of its primary causes, early diagnosis can significantly improve a patient's 

chances of full recovery. Mammography is a well-established tool that aids in the 

early detection of this disease. Various studies have been conducted to develop 

breast cancer detection methods; however, these efforts have often failed to achieve 

sufficient accuracy due to the lack of an effective feature extraction method capable 

of capturing essential texture characteristics and the absence of a robust classifier. 

In this study, scattering wavelet transform is employed to extract texture-based 

features from medical images. The use of multiple features increases the 

dimensionality of input data for the classifier, necessitating an effective 

dimensionality reduction approach. To address this, Principal Component Analysis 

(PCA) and Linear Discriminant Analysis (LDA) have been applied. Finally, a 

hierarchical multilayer perceptron (MLP) neural network is utilized as the classifier 

for cancer detection. To evaluate the proposed method, the Mini-MIAS dataset has 

been used, achieving an accuracy of 97.57%. 
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1. INTRODUCTION 

Breast cancer is the oldest known type of cancer in humans, with its earliest symptoms observed in Egypt around 

1600 BCE. Despite extensive efforts in the diagnosis and treatment of breast cancer, it remains a leading cause of 

mortality. Various methods, including image processing, have been developed to facilitate early detection of this 

disease [1]. 

Timely diagnosis and appropriate treatment significantly enhance patient recovery and survival rates. While 

conventional cancer detection relies on invasive methods such as surgery, radiology, and chemotherapy, studies 

indicate that modern computational technologies particularly image processing mechanisms have proven effective 

in cancer diagnosis and classification [2]. Given the diverse nature of medical images, specific preprocessing 

techniques are required before diagnosis. Additionally, various imaging devices capture different anatomical 
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regions, necessitating distinct diagnostic processing techniques [3]. This study reviews existing methods and 

previous research, analyzing their advantages and limitations. 

2. LITERATURE REVIEW 

Several approaches for breast cancer detection have been introduced in recent years. Below, we discuss some of 

these methods. 

In 2016, Abolghasem et al. proposed a simple method for breast cancer detection using digital mammography 

images. Their approach consists of three primary steps: segmentation of the breast region, removal of the pectoral 

muscle, and classification of the breast tissue into cancerous and non-cancerous categories. The pectoral muscle 

segmentation was performed using the Otsu thresholding technique, followed by pectoral muscle removal through 

arc edge detection and an approximate straight-line technique. Next, gray-level co-occurrence matrices (GLCM) 

were employed for feature extraction, and a support vector machine (SVM) classifier was trained to distinguish 

between cancerous and non-cancerous tissues. The proposed method was evaluated using the Mini-MIAS dataset 

[4]. 

In 2014, Elnaz Alafati and colleagues developed a breast cancer detection system that utilizes Principal 

Component Analysis (PCA) for feature dimension reduction, a genetic algorithm for feature selection, and an SVM 

classifier for classification. However, a drawback of this approach is the genetic algorithm’s inherent tendency to 

perform a global search while exhibiting weak local search capabilities. The proposed method was tested using the 

Wisconsin Breast Cancer Dataset (WBCD) [5]. 

Ranjit Biswas et al. employed various preprocessing techniques, including artifact removal for region-of-interest 

extraction, two-dimensional median filtering for noise reduction, and Contrast-Limited Adaptive Histogram 

Equalization (CLAHE) for image enhancement. For feature extraction, they utilized GLCM, and classification was 

performed using k-nearest neighbors (KNN), SVM, and artificial neural networks (ANN). Their proposed approach 

was evaluated on the MIAS dataset [6]. 

Seryasat and colleagues have proposed several approaches in four distinct studies related to breast cancer 

detection. In the first study, a novel ensemble learning framework for classifying breast masses in mammograms 

was introduced. This method integrates multiple machine learning algorithms to analyze texture and intensity 

features, thereby improving diagnostic accuracy. The results indicate that this approach achieves higher accuracy 

compared to traditional methods [7]. 

The second study presents a new method for classifying and analyzing breast cancer tumors. By leveraging image 

processing and texture feature analysis, the method effectively distinguishes between benign and malignant masses. 

The findings suggest that this approach can enhance diagnostic precision and aid medical decision-making [8]. 

In the third paper, a novel computer-aided diagnosis (CAD) system for detecting breast masses in mammographic 

images is evaluated. The method utilizes image processing and machine learning techniques to extract precise 

features. The system's performance is compared to conventional techniques, demonstrating high sensitivity and 

accuracy in early breast cancer detection [9]. 

The fourth study proposes an efficient method for identifying breast masses in mammograms. This method 

employs advanced image processing algorithms to enhance accuracy and reduce false positive rates. The results 

indicate that this approach can serve as a valuable tool for improving the reliability of breast cancer diagnosis [10]. 

Rajani and colleagues introduced a novel method for tumor segmentation, which involves multiple stages: 

• Enhancing mammographic image quality through techniques such as filtering and discrete wavelet 

transform (DWT). 

• Isolating the region suspected of containing a tumor. 

• Extracting features from the segmented region. 

• Classifying the extracted features using a support vector machine (SVM). 
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This method was tested on 75 mammographic images from the MINI-MIAS database, achieving a sensitivity of 

88.75% [11]. 

Although various studies have been conducted in this domain, they often lack sufficient accuracy. Given the 

critical importance of precision in breast cancer diagnosis, this research aims to enhance detection accuracy 

compared to previous studies. The proposed approach utilizes digital mammography images for breast cancer 

identification, employing texture-based features such as the scattering wavelet transform. 

The use of multiple features increases the dimensionality of input data, making classification more challenging. 

Therefore, it is essential to reduce feature dimensions in a manner that preserves classification accuracy. To achieve 

this, after feature extraction, dimensionality reduction techniques such as Principal Component Analysis (PCA) and 

Linear Discriminant Analysis (LDA) will be applied. Finally, a hierarchical multilayer perceptron (MLP) neural 

network classifier will be used to improve accuracy compared to previous methods. 

3. SCATTERING WAVELET TRANSFORM 

A locally invariant image descriptor, similar to scale-invariant feature transforms, provides a more effective 

representation for image classification. This feature vector, along with a multi-scale descriptor based on the mean 

distances of wavelet coefficient domains, is computed accordingly [12]. The mean reduces feature variability while 

ensuring local translation invariance, although it also decreases information content. 

The scattering operator enhances the lost high-frequency components and redistributes them into coefficients 

across multiple scales and orientations. These coefficients transform small deformations into longitudinal structures. 

They are computed using a convolutional network that arranges contractive wavelet transforms and modulus 

operators in sequence. Scattering operators generate a novel representation of texture features, enabling the 

differentiation of textures with similar spectral power [13]. Expressing these feature vectors in terms of wavelet 

coefficients aids in better comprehension and enhances feature completeness. 

If 𝑅𝑥𝑥  represents rotation in 𝑥 ∈ ℝ2 by an angle γ, the directional wavelets are obtained by rotating a wavelet ψ, 

in length k and angle (γ ∈ Γ). By scaling them with 2𝑗, we obtain: 

 

  (1)                                                                                                                            𝜓𝑗,𝛾 = 2−2𝑗𝜓(2−𝑗𝑅𝛾𝑥) 
 

The directional wavelet transform f at position x for scales 2𝑗 ≤ 2𝐽 is represented by a vector with the following 

coefficients: 

(2)                                                                                                                   𝑊𝑗𝑓(𝑥) = (
𝑓 ∗ 𝜓𝑗,𝛾(𝑥)

𝑓 ∗ 𝜙𝑗(𝑥)
)

𝑗≤𝐽, 𝛾∈𝛤

 

 
When 𝜙(𝑥) = 2−2𝐽𝜙(2−𝐽𝑥) is a low-pass filter that captures frequencies of f higher than the scale 2𝐽, 

 
∫ 𝜙(𝑥)𝑑𝑥 = 1   (3) 

The scattering operators recover part of the lost information through averaging, using simultaneous coefficients 

with similar deviation characteristics. The wavelet transform (2) shows that the high frequency in |𝑓 ×𝜓𝑗1,𝑦1| × 𝜙𝑗 

is removed by twisting with 𝜙𝑗, and is enhanced by twisting with wavelets |𝑓 × 𝜓𝑗1,𝛾1| × 𝜓𝑗2,𝛾2 at scales 2𝑗2 ≤ 2𝑗. 

4. PROPOSED METHOD 

The general outline of the proposed method is shown in Figure 1, which includes preprocessing, segmentation, 

feature extraction, and classification. This section provides a summary of each of these steps. 
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Fig. 1. Image processing techniques used for digital mammography images [14] 

4.1. Preprocessing 

In the first preprocessing step, the color image is converted to a grayscale image. Next, the breast region needs to 

be extracted, and any additional regions in the image should be removed as much as possible. To do this, thresholding 

is applied, and after thresholding, due to the varying textures in individuals and the differences in intensity levels 

within the breast region, some cavities may appear. To smooth and unify the region and create a connected 

component for the breast area, morphological dilation operations are used. A sample of the preprocessing operations 

is shown in the figure [15]. Finally, to enhance the tissue differentiation, histogram equalization is applied to expand 

the intensity levels of the image across the entire range, improving contrast [16]. Afterward, the images are resized 

to a uniform size of 150×200 pixels based on the different dimensions after selecting the breast region. 

 
c                 b   a 

Fig. 2. Preprocessing, a) Input grayscale image, b) Thresholding applied, c) Morphological dilation. 

4.2. Feature Extraction 

In this section, the Discrete Wavelet Transform (DWT) is used for feature extraction. A sample of the DWT 

output images is shown in Figure 2. The parameters considered for the DWT, for scale and orientation, are 3 and 6, 

respectively, and the transform progresses up to two stages. The input image size for the wavelet extractor is initially 

200×150 pixels. In the first stage, the image size is reduced to 50×35 pixels, and in the second stage, it is resized to 

33×50 pixels. 

 
(a) 
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(b) 

Fig. 3. Discrete Wavelet Transform: a) Input image, b) Examples of DWT output images. 

4.3. Dimensionality Reduction 

The use of multiple features, considering the need for high-quality images, increases the input data volume for 

the classifier, making the classification process more challenging. Therefore, it is necessary to reduce the dimensions 

of the features in an appropriate manner. To achieve this, after feature extraction, dimensionality reduction 

techniques such as Principal Component Analysis (PCA) and Linear Discriminant Analysis (LDA) will be used to 

improve classification accuracy [18, 17]. 

4.4. Classification 

After extracting the breast region and reducing dimensions, two independent Multi-Layer Perceptron (MLP) 

neural networks are used hierarchically to improve classification accuracy [19]. Initially, the reduced features are 

fed into the first neural network, which makes a decision about the input. The output of this neural network at this 

stage consists of two classes: either normal or diagnosed as cancer. This network does not comment on the type of 

cancer. If a cancerous sample is detected, it is passed to the second neural network, which determines whether the 

cancer is benign or malignant. For images that are not diagnosed as cancerous, the proposed method does not utilize 

the second neural network. Figure 3 shows the hierarchical process. 
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Fig. 3. Hierarchical process of the proposed method. 

4.5. Evaluation of the Proposed Model and Comparison with Other Methods 

To evaluate the proposed method, the MIAS dataset, which contains 322 images, is divided into three parts: 30% 

for training, 20% for validation, and 50% for testing. The dataset is divided into training and testing sets, and 

comparisons are made with the methods in [6] and [19]. The evaluation is based on the recognition rate, which is 

defined as follows: 

𝑅𝑒𝑐𝑜𝑔𝑛𝑖𝑡𝑖𝑜𝑛 𝑅𝑎𝑡𝑒 =
(𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝐼𝑑𝑒𝑛𝑡𝑖𝑓𝑖𝑒𝑑 𝑆𝑎𝑚𝑝𝑙𝑒𝑠)

𝑇𝑜𝑡𝑎𝑙 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑆𝑎𝑚𝑝𝑙𝑒𝑠
× 100          (4) 

The parameters chosen for the Discrete Wavelet Transform (DWT) for scale and direction are 3 and 6, 

respectively. The number of neurons in the first and second hidden layers of each Perceptron neural network is 15 

and 10, respectively. The achieved accuracy for the image set is 98.13%, indicating correct output selection for the 

three classes: normal, benign, and malignant. Table 3 compares the accuracy of the proposed method with other 

methods. Previous methods failed to achieve high accuracy due to the lack of an effective feature extraction 

technique and the absence of a hierarchical classifier. Additionally, methods [6, 4] did not address the three-output 

class issue. 

Table 3. Comparison of the proposed method with other methods. 

Accuracy Method name 

95% ] 6[ The method used in    

96.55% ] 4[ The method used in  

98.13% Suggested method 
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5. CONCLUSION 

In this study, an accurate method for breast cancer detection using mammography images has been proposed. 

This method utilizes the Discrete Wavelet Transform (DWT) for feature extraction, Principal Component Analysis 

(PCA) and Linear Discriminant Analysis (LDA) algorithms for improving classifier accuracy, and a multilayer 

Perceptron neural network in a hierarchical manner for breast cancer detection. By testing this method on 

mammography images, an accuracy of 97.57% was achieved. Based on the obtained results and comparison with 

conventional methods, it can be concluded that the proposed method, due to the choice of an appropriate feature 

extractor and hierarchical classifier, performs exceptionally well in distinguishing between benign and malignant 

masses. 
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