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Abstract: Tumor segmentation is a valuable tool for gaining insights into tumors and improving treatment outcomes. Manual segmentation is crucial but time-consuming. Deep learning methods have emerged as key players in automating brain tumor segmentation. In this paper, we propose an efficient modified U-Net architecture, called EMU-Net, which is applied to the BraTS 2020 dataset. Our approach is organized into two distinct phases: classification and segmentation. In this study, our proposed approach encompasses the utilization of the gray-level co-occurrence matrix (GLCM) as the feature extraction algorithm, convolutional neural networks (CNNs) as the classification algorithm, and the chi-square method for feature selection. Through simulation results, the chi-square method for feature selection successfully identifies and selects four GLCM features. By utilizing the modified U-Net architecture, we achieve precise segmentation of tumor images into three distinct regions: the whole tumor (WT), tumor core (TC), and enhanced tumor (ET). The proposed method consists of two important elements: an encoder component responsible for down-sampling and a decoder component responsible for up-sampling. These components are based on a modified U-Net architecture and are connected by a bridge section. Our proposed CNN architecture achieves superior classification accuracy compared to existing methods, reaching up to 99.65%. Additionally, our suggested technique yields impressive Dice scores of 0.8927, 0.9405, and 0.8487 for the tumor core, whole tumor, and enhanced tumor, respectively. Ultimately, the method presented demonstrates a higher level of trustworthiness and accuracy compared to existing methods. The promising accuracy of the EMU-Net study encourages further testing and evaluation in terms of extrapolation and generalization.
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1  Introduction

Numerous deadly diseases impact the modern world, and one of them is brain tumors. These tumors can develop in various locations within the human brain and come in different sizes and shapes. Brain tumors can be categorized as either benign (non-cancerous) or malignant (cancerous). There are four grades (I to IV) used to classify brain tumors [1]. Grades I and II indicate benign tumors, while grades III and IV refer to malignant ones. Tumors can originate within the brain (primary type) or start elsewhere in the body and spread to the brain (secondary type). The most common type of brain tumor is glioma, which primarily affects adults and children. Gliomas are formed by abnormal glial cells in the brain and are further classified into high-grade glioma (HGG) and low-grade glioma (LGG). Notably, HGG has a median survival time (MST) of only 15 months [2]. Accurate detection and an effective treatment plan are vital in increasing patient survival rates. In the field of medicine, imaging techniques play a crucial role in analyzing the human body. Among the various available methods, magnetic resonance imaging (MRI) is highly beneficial in swiftly diagnosing brain tumors and generating multimodal images [3]. By utilizing radio waves and magnetic fields, MRI produces detailed pictures of the human body. MR images are created using two distinct signals: time to echo (TE) and repetition time (TR).

The presence of multimodal images in MRI makes manual segmentation of brain tumors challenging and time-consuming. Therefore, the development of a fully automated segmentation technique is necessary to address this issue. Numerous automated segmentation methods have been developed; however, achieving accuracy remains a significant challenge due to the absence of clear boundaries between tumor and normal brain cells [4]. MRI generates multimodal images such as T1-weighted (T1W), T2-weighted (T2W), T1 with contrast (T1C), and Fluid Attenuated Inversion Recovery (FLAIR) images. Each MRI modality represents a specific part of the brain tissue, with FLAIR images representing the entire tumor area. Refer to Fig. 1 for an illustration of the different types of MRI multimodal images.
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Figure 1: MRI multimodal. (A) T1W, (B) T2W, (C) FLAIR and (D) T1C

The primary objective of tumor segmentation is to divide the pixels in an image into regions that exhibit similar characteristics [5]. When segmenting brain tumors, the main goal is to identify specific sections of the tumor, namely the tumor core (TC), enhancing tumor (ET), and whole tumor (WT). There are two primary approaches for brain tumor segmentation: discriminative and generative. The discriminative method relies on prior knowledge and fine-grained features in the images, learning from trained examples. On the other hand, the generative method utilizes previous knowledge about normal tissues and tumors [6]. In Fig. 2, a visual representation of the substructure of a brain tumor is depicted.
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Figure 2: Brain tumor substructures. (A) WT, (B) TC, (C) ET

In recent times, there has been an increased utilization of deep-learning methods in both the classification [7] and segmentation [8] of brain tumors. These methods extract semantic features from the images and assign class labels accordingly. The field of computer vision is employed to extract new information from digital images. Among the concepts in artificial neural networks, the convolutional neural network (CNN) is widely employed for segmentation and classification purposes. The neural network comprises three layers: input, hidden, and output. The input layer receives data that is then propagated through the rest of the network. The hidden layer plays a vital role in ensuring the network’s efficient performance, possessing an automatic feature extraction function and facilitating data transformation. The output layer stores the final results. For biomedical image segmentation, the U-Net is a popular CNN-based architecture. Its name derives from its U-shaped design and its core, which is a fully convolutional network. The U-Net is specifically designed to achieve accurate segmentation results even with limited training images [9]. The architecture of U-Net consists of two components: the encoder and the decoder. These components form the first and second parts of the network. The encoder employs down-sampling techniques, while the decoder utilizes up-sampling techniques.

In order to address the limitations observed in other brain tumor segmentation models like U-Net, such as inadequate edge detail segmentation, ineffective feature information reuse, subpar extraction of location information, and the inefficacy of commonly used binary cross-entropy and Dice loss functions, we propose a novel solution. Our proposed approach involves a serial encoding-decoding structure that enhances segmentation performance through the addition and concatenation of each module in two modified U-Net serial networks.

This research paper focuses on the utilization of the Brain Tumor Segmentation (BraTS) 2020 multimodal dataset. Two types of brain tumor classification are performed: (A) feature extraction using the Gray Level Co-occurrence Matrix (GLCM) and (B) a proposed Convolutional Neural Network (CNN). The best classification result is selected from these two methods. The brain tumor segmentation is accomplished using an efficient modified U-Net (EMU-Net) segmentation architecture. In this approach, we enhance the low-level features by adding additional residual blocks to all encoder path layers, transforming them into high-level features. The proposed method comprises two crucial components: the encoder component (down-sampling) and the decoder component (up-sampling), with a bridge section connecting the two modified U-Net architecture. This modification leads to improved segmentation results.

The remaining sections of the document are as follows: Section 2 describes the research on classifying and segmenting brain tumors. Section 3 lists the materials, metrics, and tools utilized in this research article. Section 4 presents our new suggested technique for tumor classification and segmentation. Section 5 notes the outcomes of the suggested method, including comparisons with state-of-the-art methods. Finally, Section 6 concludes the research study.

2  Related Works

In the medical field, brain tumor segmentation is a crucial process that helps doctors accurately identify different parts of the tumor. Various automatic brain tumor segmentation techniques have been developed, facilitating the segmentation process for doctors. Pereira et al. [10] used a deep Convolutional Neural Network (CNN) architecture consisting of three kernel layers for brain tumor classification. They utilized the BraTS 2013 and 2015 datasets and incorporated three stages: pre-processing, CNN-based classification, and post-processing. In their study, Chen et al. [11] utilized the MU-Net, a novel convolutional network with multiple paths for upsampling, to preserve a greater amount of high-level information. The MU-Net architecture is primarily composed of three essential components: a contracting path, skip connections, and multiple expansive paths. The performance of the proposed MU-Net architecture has been assessed using three distinct medical imaging datasets.

Deep CNN is widely used in brain tumor segmentation due to its advantages of low training requirements, data augmentation, and faster processing time. Hussain et al. [12] developed a fully automatic segmentation method using deep CNN on the BraTS 2013 dataset. They employed two types of image patches, 37 × 37 and 19 × 19, and incorporated max-pooling, max-out, and dropout layers to enhance training and testing speed. Iqbal et al. [13] implemented deep CNN for tumor segmentation, creating three networks: skipNet, Interpolated Network (Internet), and SE-Net, with an encoder and decoder architecture on the BraTS 2015 dataset. Their method involved pre-processing, training, and obtaining results based on a test dataset.

Wang et al. [14] developed a fully automated brain tumor segmentation technique using an underlying network architecture. They utilized three networks: 3D UNet, cascaded network, and WNet, with training and testing involving 3D rotation and flipping of the images. They employed metrics such as Hausdorff distance and dice score for tumor comparison with ground truth images. Thaha et al. [15] introduced a new technique called Enhanced Convolutional Neural Networks for Segmentation (ECNN), incorporating the BAT algorithm for the loss function. Their approach focused on optimization-based MRI segmentation and employed small-size kernels to achieve a deep architecture.

Thillaikkarasi et al. [16] combined CNN and Multiclass Support Vector Machine (M-SVM) for tumor segmentation. They used pre-processing techniques such as Contrast Limited Adaptive Histogram Equalization (CLAHE) and Laplacian of Gaussian Filtering (LOG), along with the Statistical Gray Level Difference Method (SGLDM) for feature extraction. Zhou et al. [17] employed a 3D-Method Atrous-Convolution Feature Pyramid Network (AFPNet) to locate brain tumors, addressing spatial information loss and weak points in multi-scale tumor processing. Their method incorporated fully connected conditional random fields for post-processing.

Zeineldin et al. [18] developed a modified U-Net architecture for tumor segmentation based on the BraTS 2019 dataset. Their approach involved feature extraction in the encoder part and image up-sampling in the decoder part, focusing only on FLAIR-type MR images. Kalaiselvi et al. [19] created six distinct CNN models for tumor classification, with the sixth model achieving superior results. They incorporated five layers, batch normalization, and dropout techniques, although their method required more computational time.

Chen et al. [20] implemented the Deep Convolution Symmetric Neural Network (DCSNN) for brain tumor segmentation, incorporating symmetric masks in multiple layers and using a left-right similarity metric for whole tumor segmentation. Vijh et al. [21] devised a hybrid adaptive Particle Swarm Optimization (PSO) and OTSU technique for brain tumor segmentation, utilizing both non-tumor and tumor images from the Internet Brain Segmentation Repository (IBSR) dataset. They employed skull stripping for pre-processing and achieved 98% accuracy using CNN.

In the study conducted by Preethi et al. [22], wavelet texture features and deep neural networks (DNNs) were utilized for brain tumor classification. The feature matrix was generated by combining wavelet texture features (GLCM) and wavelet GLCM. Subsequently, the brain images were categorized using the DNN based on the selected features. The results indicated that the classifier achieved a total sensitivity, specificity, and accuracy of 86%, 90%, and 88%, respectively.

In the study conducted by Widhiarso et al. [23], the researchers employed the Gray Level Co-occurrence Matrix (GLCM) to analyze brain tumor data. The primary objective of this research was to process the extracted information from the GLCM and apply it to a Convolutional Neural Network (CNN) to achieve accurate measurements. For the training and retraining of the CNN, four different combinations of tumor data (Meningioma, Glioma, and Pituitary Tumor) from TI1 were utilized. The training process involved 14 combinations of GLCM features using the Mg-Gl, Mg-Pt, Gl-Pt, and Mg-Gl-Pt datasets. The results obtained from this method on the respective datasets demonstrated an overall accuracy of 50% for Mg-Gl, 76% for Mg-Pt, 82% for Gl-Pt, and 54% for Mg-Gl-Pt.

Munajat et al. [24] conducted a study where they employed the Gray Level Co-occurrence Matrix (GLCM) to detect brain tumors. The GLCM generated values like Contrast, Homogeneity, Energy, and Correlation, which were subsequently utilized in a classification approach using the Backpropagation Neural Network algorithm. The results demonstrated that the highest accuracy was achieved when utilizing a GLCM parameter with a distance (d) of 3 and an angle (θ) of 90. The classifier obtained an overall accuracy rate of 87%.

To address the remaining challenges faced by the U-Net network, several approaches have been proposed. Alom introduced a recursive neural network and a recursive residual convolution neural network based on the U-Net model [25]. Zhang et al. extended the U-Net path with residual connections and presented a depth residual U-Net for image segmentation [26]. Milletari et al. proposed a 3D U-Net model that expanded the original structure using a 3D convolution kernel and incorporated residual units for further modification [27]. Salehi et al. employed an auto-context algorithm to enhance U-Net and improve segmentation effectiveness [28]. Zhou et al. replaced the original connection method with a nesting approach [29]. Chen et al. introduced a stacked U-Net with a bridging structure to tackle the increasing training difficulty as the network’s layer count grows [30]. However, these segmentation models are limited to image segmentation and do not encompass tumor grading. In order to fulfill this clinical requirement, Naser et al. employed a trained segmentation model and MRI images to generate masks, which were subsequently classified using a densely connected neural network classifier [31].

3  Materials, Metrics, and Tool

3.1 Materials

The BraTS initiative aims to foster collaboration within the research community and encourage the development of innovative solutions to various challenges. As part of this initiative, benchmark datasets are made available, specifically designed for the segmentation task. The organizers provide a diverse range of independent datasets for training, validation, and testing purposes in BraTS competitions. In this manuscript, we utilized the BraTS2020 dataset, which consists exclusively of glioma-type tumor images [32]. The dataset comprises a total of 369 patient images, with 259 High-Grade Glioma (HGG) and 110 Low-Grade Glioma (LGG) cases. Each patient’s MRI multimodal data includes T1W, T2W, T1C, and FLAIR, along with corresponding ground truth MR images. The MRI multimodal data is stored in separate folders, with each folder containing 155 image slices. It is important to note that all BraTS images are exclusively available in the neuroimaging informatics technology initiative (NIfti) file format [33].

3.2 Metrics

Several evaluation criteria have been devised to assess the performance of classification and segmentation results. This article utilizes three classification metrics: sensitivity, specificity, and accuracy. Additionally, for brain tumor segmentation, the Dice Coefficient is employed along with the aforementioned metrics. The Dice metric is commonly used in the segmentation of MR images of brain tumors and serves as a benchmark for result comparison in many studies. The Eqs. (1) to (4) below represent the metrics utilized in this evaluation: Eq. (1): Sensitivity, Eq. (2): Specificity, Eq. (3): Accuracy, and Eq. (4): Dice Coefficient.

Sensitivity %=TP(TP+FN)(1)

Specificity %=TN(TN+FP)(2)

Accuracy %=(TP+TN)(TP+TN+FP+FN)(3)

DSC %=2TP(2TP+FP+FN)(4)

True positive (TP) refers to the number of pixels that are correctly identified as a tumor. False positive (FP) represents the number of pixels that are actually normal but are incorrectly identified as a tumor. True negative (TN) indicates the number of pixels correctly identified as normal tissues. False negative (FN) denotes the number of pixels that are a tumor but are incorrectly identified as normal tissues.

3.3 Tool

This paper utilized MATLAB R2021a (academic version) for the MR image classification and tumor image segmentation process. MATLAB, also known as Matrix Laboratory, is particularly used for image processing. The method employed an Intel® i5-2430M CPU @ 2.40 GHz and 8 GB RAM as hardware specifications. Matlab utilized machine learning methods to classify the images and also included built-in medical image segmentation algorithms [34].

4  Proposed Method (EMU-Net)

This paper comprises two main phases: brain tumor classification and segmentation. The MRI multimodal images from the dataset were utilized for this purpose. The classification process involved two approaches: Method (A) utilizing the GLCM method and Method (B) employing CNN. Both classification methods used the same labels: tumor (1) and normal (0). Subsequently, the results of Method A and Method B were compared, and the best result was selected for further segmentation. The segmentation process involved dividing the tumor images into three parts: tumor core, enhanced tumor, and whole tumor, using our modified U-Net architecture called EMU-Net. The complete workflow diagram illustrating the developed methodology is presented in Fig. 3.
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Figure 3: Proposed EMU-Net method workflow diagram

4.1 Classification

Classification plays a crucial role in the medical field [35–37], and this manuscript specifically focuses on T2W images from the dataset. The MR images of the BraTS type do not require any pre-processing steps such as head stripping or noise removal. Each grayscale image has dimensions of 240 × 240 × 1 pixels. All T2W images from the 369 patients were used in this study, resulting in a dataset containing a total of 57,195 images (369 × 155). For classification, a combination of High-Grade Glioma (HGG) and Low-Grade Glioma (LGG) images was utilized, with 45,756 (80%) images used for training and 11,439 (20%) images used for testing. The method extracts relevant features and selects the best ones for classification. The manuscript compares the results obtained from the Method A and Method B approaches and subsequently selects the superior one. Fig. 4 shows CNN is combination of Feedforward and fully-connected layer.
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Figure 4: Illustrates a fully connected 3-layer feedforward neural network and a convolutional neural network (CNN) with a convolutional layer as the first layer and a pooling layer as the second layer. In the CNN, the filter size is 2 × 2 with a stride of (1,1), and the pooling size is 1 × 3 with a stride of (1,1)

4.1.1 Method A-Classification Using the GLCM Method

Feature Extraction

In this approach, feature extraction plays a vital role as each feature provides specific information about individual pixels. The GLCM method is employed to extract nineteen features from both the training and testing images. The co-occurrence matrix captures texture and spatial features [38]. The GLCM technique encompasses projection angles at different orientations, including 0°, 45°, 90°, and 135°. For this method, the 45° projection angle is utilized. The specific reason to choose the angle of 45 degrees in GLCM is to capture diagonal texture patterns within an image. This angle allows for the detection of diagonal relationships between pixels, which can be useful for identifying diagonal texture features or structures present in the image. Fig. 5 illustrates the starting pixel of the image, denoted by a gray-colored pixel box. The different types of projection angles are depicted in Fig. 5. The extracted features, totaling nineteen, for the resulting images are presented in Table 1. Fig. 6 presents the GLCM feature extraction flowchart.
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Figure 5: GLCM projection angles
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Figure 6: GLCM feature extraction flowchart

Feature Selection

The input for this method consists of the nineteen GLCM features extracted from both normal and tumor images, along with the corresponding response variables. In this approach, two response variables are utilized: normal (0) and tumor (1). Not all GLCM feature values are employed for classification; instead, a selection process is carried out using the chi-square test method [39]. This method compares each feature with the response variable and generates a feature rank based on their relevance. The feature selection rank is visualized through a bar chart, as depicted in Fig. 7.
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Figure 7: Feature selection rank bar chart

The goal of feature selection is to identify the most relevant features or variables that contribute the most to the predictive power of a model [40]. A chi-square test measures the independence between two categorical variables. It determines whether there is a significant association or relationship between the variables based on their observed frequencies. In the context of feature selection, the chi-square test can be used to assess the association between each individual feature and the target variable. Here is a step-by-step process of using chi-square tests for feature selection:

1.   Define the problem: Determine the classification task you are working on and the target variable you want to predict.

2.   Preprocess the data: Ensure that all variables are categorical or can be discretized into categories. If necessary, transform continuous variables into categorical ones through binning or other methods.

3.   Calculate the chi-square statistic: For each feature, compute the chi-square statistic by comparing the observed frequencies with the expected frequencies under the assumption of independence between the feature and the target variable. This can be done using a contingency table, which cross-tabulates the feature and the target variable.

4.   Determine the degrees of freedom: The degrees of freedom in the chi-square test depend on the number of categories in both the feature and the target variable. The formula is (c−1)∗(r−1), where c is the number of categories in the feature and r is the number of categories in the target variable.

5.   Evaluate the p-value: Calculate the p-value associated with each chi-square statistic. The p-value indicates the probability of observing the association between the feature and the target variable by chance, assuming they are independent. Lower p-values suggest a stronger association.

6.   Set a significance level: Choose a significance level (e.g., 0.05) to determine the threshold for statistical significance. Features with p-values below this threshold are considered statistically significant.

7.   Select features: Based on the p-values, select the features that have p-values below the significance level. These features are considered to have a significant association with the target variable and can be included in your model.

The Chi-square test is well-suited for the BraTS dataset due to several reasons:

- Categorical Variables: The Chi-square test is designed to examine associations between categorical variables. In the context of BraTS, the dataset may contain categorical variables representing different tumor characteristics or regions. By using the Chi-square test, we can effectively investigate these variables.

- Independence Testing: The Chi-square test is commonly employed to determine the independence between variables. In the case of BraTS, it helps assess the independence between features (e.g., imaging features) and the target variable (e.g., tumor segmentation labels). This step is crucial for feature selection, as it allows us to identify features that have a statistically significant association with the target variable.

- Non-parametric Nature: The Chi-square test is a non-parametric test, meaning it does not assume a specific data distribution. This is advantageous when working with the BraTS dataset since the features or variables may not follow a particular parametric assumption. The Chi-square test can accommodate this variability in the data.

- Statistical Significance: The Chi-square test provides a p-value, which indicates the statistical significance of the association between variables. This is valuable for identifying features that exhibit a significant association with tumor segmentation in the BraTS dataset. By considering the p-value, we can prioritize and select features that are most relevant for further analysis.

In summary, the Chi-square test is a suitable statistical tool for analyzing the BraTS dataset due to its ability to handle categorical variables, test independence, accommodate non-parametric data, and provide a measure of statistical significance.

It’s important to note that the chi-square test assumes certain assumptions, such as the absence of multi-collinearity between features. If features are highly correlated, it may affect the interpretation of the chi-square test results. While it can provide additional insights into the relationships between features, it does not necessarily validate the scientific nature of the selected features. The scientific validity of features depends on domain knowledge, data quality, and the specific problem you are working on.

To ensure the scientific nature of the selected features, it’s essential to consider other aspects such as theoretical relevance, prior knowledge, domain expertise, and further evaluation using appropriate validation techniques or experiments. Feature selection should be seen as an iterative process, and the selected features should be validated and refined based on the specific context and goals of the analysis.

The bar chart displays the ranking order of the nineteen GLCM features. The first four bars exhibit higher predictive power, while the remaining fifteen bars have relatively lower predictive capability. Consequently, this method selects the top four ranked features: Sum entropy, Maximum probability, Energy, and Entropy. Sum entropy enables the prediction of unordered image pixels in the MRI. Maximum probability assists in assigning class labels to individual image pixels. Energy aids in distinguishing tumor image pixels from normal pixels. Entropy measures the level of disorder in the image pixels of the MRI. The equations corresponding to these features are presented below as Eqs. (5) to (8).

GLCM is used for feature extraction in test images because it effectively captures textural information. By analyzing the spatial relationship between pixels based on their gray level values, GLCM provides texture-related features. These features are valuable for distinguishing different regions or patterns within an image, making GLCM suitable for tasks where texture analysis is important. GLCM-based features can help differentiate tumor and non-tumor regions in medical imaging or identify specific tumor characteristics. However, the choice of feature extraction method depends on the data characteristics and analysis objectives.

Sum entropy=∑i=22vgPa+b(i)log⁡{Pa+b(i)}(5)

Maximum probability=maxXij(6)

Energy=∑i=1X∑j=1YG(i,j)2(7)

Entropy=∑i=1Yg∑j=1Ygp(i,j)log⁡[p(i,j)](8)

In the above equations, p denote the pixel, i denote the row and j denote the column. p(i,j) denotes the entry of the normalized GLCM. X denotes the observed pixel and G denotes the gray pixel.

Method A-Training, and Testing

The classification process in this method utilizes Support Vector Machine (SVM) technology. SVM can be employed for binary class classification as well as multi-class classification. For this proposed method, binary class classification is employed. The “fitcsvm” method is utilized, which enables the mapping of predictor data using kernel functions [41]. The selected features and corresponding class labels are used for training the SVM. Subsequently, the testing images’ selected features are employed without class labels. The SVM automatically assigns class labels based on the training knowledge. The images are classified into two class labels: normal (0) and tumor (1). During the training process, the SVM establishes a pattern for the class labels, and when new class labels are encountered, it automatically updates the pattern.

Support vectors are employed to differentiate between normal and tumor images. A support vector refers to a data point that is located close to the hyperplane. Once the training process is completed, the testing process commences automatically. The SVM automatically assigns labels to the 11,439 testing images based on the knowledge obtained from the 45,756 training images. In the testing process, tumor images are indicated in red color, normal images are indicated in green color, and support vectors are represented by small black circles. The SVM class labels and support vectors are visualized in Fig. 8.
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Figure 8: SVM class labels and support vectors

4.1.2 Method B-Classification Using Proposed CNN

The classification process using convolutional neural networks (CNN) is a combination of pre-trained, feedforward, and fully connected neural networks. Similar Method A images are also utilized for classification, encompassing both normal and tumor images. The tumor can occur in various locations within the brain. Examples of normal images and images depicting different locations where the tumor can manifest are provided in Table 2.
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Network Architecture

The established CNN classification approach consists of two main components: feature extraction and classification. The feature extraction part includes the input layer, convolutional layer, and pooling layers. On the other hand, the classification part involves the output layers and fully connected layers. The input layer receives tumor and normal images as input, with a size of 240 × 240 × 1. The convolution layer is applied initially, followed by batch normalization and rectified linear unit (ReLU) layers within the network. The pooling layer utilizes max-pooling, which reduces the output size by half compared to the input. The fully connected layers gather information from these smaller parts for classification. Finally, the output layer generates the output image. This CNN classification network technique comprises a total of nineteen layers, including input, hidden, and output layers.

Layers and Their Properties

The proposed method utilizes an input layer with an image size of 240×240×1. The hidden layer consists of four sets of layers: a convolution (conv) layer, batch normalization bat-nor (BN) layer, rectified linear unit (ReLU) layer, and max-pooling layer. In the first set, an 8-channel conv layer with a filter size of 3×3×1, stride [11], and padding ‘same’ is employed. The BN layer utilizes the 8 channels, followed by ReLU and max-pooling layers with a size of 2×2, stride [22], and padding [0000]. Similarly, in the second set, a 16-channel conv layer with a filter size of 3×3×8, stride [11], and padding ‘same’ is used, along with BN, ReLU, and max-pooling layers with the same configurations as in the first set. The third set involves a 32-channel conv layer with a filter size of 3×3×16, stride [11], and padding ‘same’, followed by BN, ReLU, and max-pooling layers with the same specifications as before. In the fourth set, a 64-channel conv layer with a filter size of 3×3×32, stride [11], and padding ‘same’ is utilized, along with BN, ReLU layers, and without an max-pooling layer. Two fully connected layers are employed in this set. The output layer uses softmax activation and serves as the final classification output layer.

Method B-Training and Testing

The network training process incorporates an image input layer to accept the input images. The convolutional layers form the core of the neural network. These layers take the input image and convolve it with a set of filters to extract features and generate a feature map. The filters are represented by M (i, j), and the image by N (i, j). To standardize the input and accelerate training, a batch normalization layer is applied. Subsequently, a ReLU layer is used as an activation function to capture only positive values, returning 0 for any negative values. A max-pooling layer is utilized to select the maximum value within a region of the feature map. Additionally, a fully connected layer, which is a feed-forward network, collects input data from the final pooling layers.

The SoftMax layer serves as an activation function to normalize the outputs. Finally, a classification layer computes weighted classification tasks, employing mutually exclusive tasks and cross-entropy loss for classification. The network is trained using stochastic gradient descent with momentum (sgdm) [42]. By incorporating a momentum term, sgdm overcomes the oscillation issues of standard stochastic gradient descent. The layer-wise workflow of the proposed CNN classification network is illustrated in Fig. 9.
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Figure 9: Layer-wise proposed CNN classification network workflow

The neural network classification in this approach was conducted using MATLAB R2021a (academic version) and relied on a single CPU for hardware resources. A fixed learning rate of 0.01 was employed, and the learning rate schedule remained constant throughout. The training process consisted of ten epochs, each with three iterations, resulting in a total of thirty iterations. Upon reaching Epoch 10, the training was automatically terminated. Accuracy, represented by the color blue, and loss, denoted by the color red, were computed and evaluated. The training process for the 45,756 images was completed in 3 min and 35 s. The training progress of the developed CNN classification method is illustrated in Fig. 10.

[image: images]

Figure 10: Training progress of developed method of CNN classification

4.1.3 Compare the Classification Results

In this paper, two classification methods were employed: Method A-the GLCM method, and Method B-the proposed CNN method. Both methods exclusively utilized T2W-MR images for training and testing purposes. During the training and testing processes, both techniques extracted features from the images. The confusion matrix was used to evaluate the classification results, with class labels “normal” (0) and “tumor” (1) being indicated. The rows of the matrix represent the true class labels, while the columns represent the predicted class labels. The confusion matrix results for Method A and Method B methods are illustrated in Fig. 11.
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Figure 11: Confusion matrix (Method-A) GLCM method (Method-B) developed CNN

Upon comparing the results obtained from the above confusion matrix, it can be observed that the GLCM method had a higher number of incorrect classifications, with 351 normal images being classified as tumors. On the other hand, the proposed method exhibited a lower number of incorrect classifications, with only 62 normal images being misclassified as tumors. Additionally, the accuracy, sensitivity, and specificity were calculated using Eqs. (1) to (3) as mentioned earlier. The Method A achieved an accuracy, sensitivity, and specificity of 94.87%, 89.77%, and 96.35%, respectively, while the Method B achieved 99.65%, 90.81%, and 97.43%, respectively. Based on these results, it can be concluded that the proposed CNN method yields superior outcomes.

4.2 Segmentation

Segmentation of brain tumors plays a crucial role in identifying tumor regions within MRI scans. This process divides the MR images into three distinct parts: Tumor Core (TC), Enhanced Tumor (ET), and Whole Tumor (WT). In the BraTS 2020 dataset, each patient image is assigned a unique sequence number. In the preceding Method B-proposed CNN classification section, a specific T2W image is classified as a tumor, leading to the consideration of all other MRI multimodal images such as T1W, FLAIR, and T1C as tumor images as well. FLAIR, among all the multimodal images, clearly delineates the entire tumor, whereas T1W has limitations in spatial resolution and contrast and exhibits heterogeneous tissue characteristics. However, T1W provides a distinct boundary for the tumor core and enhanced tumor. It is crucial to consider the specific requirements of the segmentation task, the clinical context, and the available data when choosing the imaging modality and sequence. In some cases, T1W and T2W images alone may suffice, while in others, incorporating additional image types can enhance segmentation accuracy and clinical utility. Therefore, this segmentation method utilizes FLAIR and T1W images.

U-Net, a convolutional neural network (CNN), was originally developed in 2015 by the Computer Science Department at the University of Freiburg specifically for medical image segmentation [43]. This network was designed to achieve accurate segmentation even with limited training images and is based on a fully convolutional network [44]. In this study, a modified U-Net architecture is proposed for segmentation purposes using the same MATLAB R2021a (academic version). The input for segmentation consists of FLAIR and T1C images. The FLAIR image is provided with two class labels: background and whole tumor, while the T1C image is given three class labels: background, enhanced tumor, and tumor core.

The proposed method comprises two crucial components: the encoder component (down-sampling) and the decoder component (up-sampling), with a bridge section connecting the two. The term “Encoder Depth” is used to indicate the depth of both the up-sampling and down-sampling subnetworks. If the encoder depth is denoted as N, then both the encoder and decoder parts consist of N blocks, making the U-Net a symmetric network [45]. In this modified U-Net architecture, the Encoder Depth is set to four, resulting in four blocks in both the encoder and decoder parts, with each block consisting of five layers. Additionally, a residual block is employed in all encoder layers to transform low-level features into high-level features and enhance segmentation results.

In each encoder block, the first four layers consist of two sets of convolutional and ReLU layers, while the final layer is a max-pool layer. The decoder blocks, on the other hand, start with a transposed convolutional layer as the primary layer, followed by two sets of convolutional and ReLU layers in the subsequent four layers. The encoder blocks gather features from the input image in the first four layers and reduce the size in the last layer, transforming the image from 240×240 to 15×15. The output of the fifth layer of the last encoder block is fed as input to the first block of the decoder, and the result of the fourth layer of the last encoder block is merged with the first block of the decoder using encoder-decoder skip connections.

During the concatenation process, only blocks of the same size from the up-sampling and down-sampling processes are concatenated. In the encoder blocks, the convolutional layers use 64, 128, 512, and 1024 num-filters, with a filter size of 3×3, stride [11], and padding ‘same’. The max-pool layer has a pool size of 2×2, stride [22], and padding [0000]. In the decoder blocks, the transposed convolutional layers use 1024, 512, 128, and 64 num-filters, with a filter size of 2×2, stride [22], and padding ‘same’. The bridge block incorporates a dropout called LatentNetwork, which drops 50% of the output from the last encoder block, providing the remaining 50% as input to the first block of the decoder.

For each pixel in the image, the U-Net architecture employs a loss function that aids in the precise identification of individual pixels within the segmentation map. The choice of loss function and network structure significantly impacts the performance of neural networks [40]. In this proposed method, which involves segmenting multiple classes within brain tumors, a multiclass dice loss function is utilized. The modified U-Net architecture of the proposed method is depicted in Fig. 12.
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Figure 12: The proposed method comprises two crucial components: the encoder component (down-sampling) and the decoder component (up-sampling), with a bridge section connecting the two modified U-Net architecture

5  Results and Discussion

This section presents the segmentation of brain tumors using an efficient modified U-Net (EMU-Net) architecture, and the results are validated from various perspectives. The segmentation process is performed twice: firstly, the FLAIR images are segmented into the background and the whole tumor, and then the T1C images are segmented into the background, enhanced tumor, and tumor core. The dataset used includes HGG and LGG-type images from the dataset. These segmentation components are combined to generate the complete tumor image, and the results are evaluated using the Dice Similarity Coefficient (DSC) measure, compared to the ground truth image.

For the classification task, this method utilized 11,439 patient images, and the Method B proposed CNN method successfully classified 2,613 images as having tumors (1). Therefore, the same set of 2,613 FLAIR and T1C images is employed for the segmentation task. During the training process, all FLAIR and T1C images are provided as input to the proposed modified U-Net architecture. The architecture segments the tumor regions, and these segmentation results are stored within the network. Subsequently, new FLAIR and T1C images are tested, and the technique automatically performs segmentation of the tumor regions based on the learned knowledge from the training phase. Table 3 presents the segmentation outcomes alongside the corresponding ground truth images.
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The objective of the proposed network is to perform the segmentation of MR images into Tumor Core (TC), Enhanced Tumor (ET), and Whole Tumor (WT). This network receives two types of inputs: the original image and the labeled image. The dataset is divided into training, validation, and testing sets, with proportions of 60%, 20%, and 20%, respectively. The class labels include background (BG), WT, ET, and TC. Stochastic gradient descent with momentum is used in the training options, with a learning rate drop period set to 10, a starting learning rate of 0.001, the momentum of 0.9, a learning rate drop factor of 0.3, and a mini-batch size of 8.

The training process consists of 10 epochs, with an automatic shuffling of the data after each epoch. During training, the network learns from 60% of the training images and their corresponding class labels. The remaining images are used for validation and testing. The network training and testing are performed using a single CPU. Each epoch comprises ten iterations, resulting in a total of 100 iterations (10 epochs × 10 iterations). The final state is reached at the tenth epoch. The overall training duration is 2 min and 12 s. Accuracy and loss percentages are calculated to evaluate the performance of the developed method. The results are assessed using the Dice Similarity Coefficient (DSC) metric and compared with state-of-the-art methods. The test data results are presented in Table 4.
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The comparison of Dice Similarity Coefficient (DSC) results reveals that the proposed method achieves a high DSC score for the whole tumor region but a relatively lower score for the enhanced tumor region. This discrepancy can be attributed to the fact that FLAIR images provide a more accurate boundary for the whole tumor area, while T1C images present a more complex boundary for the tumor core and enhanced tumor areas.

In comparison to Yuan’s method [46] for the enhanced tumor region, our proposed method utilizes a dynamic scale attention network with skip connections and long-range connections. Additionally, it employs a learning rate of 0.3 in conjunction with ResNet, which establishes connections only with important networks. When compared to Soltaninejad et al.’s method [47], our approach outperforms all tumor sub-regions due to its utilization of a smaller field of view for segmentation and the incorporation of a coarse down-sampling path. The DSC results of the proposed method, in comparison with state-of-the-art techniques, are illustrated in Fig. 13.
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Figure 13: Proposed method DSC results

In the comparison to Isensee et al. [48], the proposed method demonstrates superior performance in segmenting the tumor core and enhanced tumor regions. It utilizes a modified U-Net architecture for segmentation and employs an expanded batch size strategy to enhance the network’s understanding of tumorous areas. Notably, it achieves an impressive DSC score of 0.8487 for the enhanced tumor region.

Overfitting is a common challenge in U-Net segmentation, which Lyu et al. [49] address by incorporating variational autoencoder regularization in both the encoding and decoding phases. By leveraging an expanded dataset, this approach utilizes network adapt attention gates and additional training, leading to accurate predictions of the enhanced tumor region and consequently yielding excellent DSC results.

In the study of Saha et al. [50], the primary objective is to achieve accurate segmentation. They incorporate a residual network in both the encoding and decoding stages, particularly emphasizing the utilization of a multi-pathway technique. While this method delivers average results across all tumor regions, it lacks the use of individual encoders for each stage and instead employs a common encoder for all stages.

Addressing the issue of voxel imbalance, Zhang et al. [51] employed different weights for different segment regions simultaneously. They introduce a new categorical dice loss function, which yields improved results for the whole tumor region. However, when compared to our proposed method, their approach exhibits a lower DSC score.

Similarly, in the study conducted by Colman et al. [52], their method achieves a high score solely for the whole tumor region. They utilize a deep residual network with 104 convolutional layers and employ a sparse categorical cross-entropy loss function. In contrast, our proposed method utilizes a multiclass dice loss function and focuses on all classes to prevent the loss, resulting in the best DSC results.

In Table 4, the performance of other studies that primarily concentrate on the BraTS dataset is compared. Our proposed pipeline demonstrates exceptional results in predicting TC, WT, and ET. Moreover, it substantially improves the Dice coefficient for TC, WT, and ET compared to the other studies. On the other hand, alternative designs like Res-UNet [53] showcase their effectiveness in enhancing tumor-core prediction.

Table 5 provides an overview of cutting-edge techniques that should be acknowledged for their exceptional accuracies, particularly [58]. The approach taken in their study for problem investigation can serve as a valuable reference for future research. The researchers in [58] devised an auto-encoder to reconstruct features derived from MRI images, encompassing intensity, wavelet, Laplacian of Gaussian, and local binary pattern. These features were then combined through two hidden layers to obtain the final prediction outcomes. Through an examination of other studies, it becomes evident that our method, EMU-Net, warrants further exploration and assessment in terms of extrapolation and generalization. EMU-Net enhance the low-level features by adding additional residual blocks to all encoder path layers, transforming them into high-level features. This modification leads to improved segmentation results. According to Table 5, the proposed technique demonstrates the lowest average computation time when compared to similar studies. Table 5 clearly indicates that the proposed model exhibits the fastest computation time along with the highest accuracy. The results indicate that the suggested method yielded precise and efficient segmentation outcomes. The time required to test a single image is unpredictable due to its brevity and occasional lack of accuracy. Consequently, the average number of test images per second is determined by conducting 300 MRI segmentation tasks on the BraTS19 and BraTS20 datasets.
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The results of the experimented models, including the specific hyperparameters and configurations, are presented in Table 6. The models were trained using an initial learning rate of 0.01 for a total of 10 epochs. The Adam optimizer was utilized to enhance the detector performance, and the Dice loss function was employed.
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Fig. 14 depicts the comparison between the segmentation results and the ground truth for five distinct types of tumors using different models. In the figure, the red region represents glioma tumors, the green region represents meningioma tumors, and the yellow region represents pituitary tumors. In the segmentation figure of the Pre-Trained GoogleNet [57], certain glioma tumors are inaccurately identified as meningioma tumors, resulting in a triangular segmentation pattern that significantly differs from the ground truth. The U-Net model, on the other hand, demonstrates poor performance as it barely segments the tumor, yielding unsatisfactory results. The segmentation map produced by the Multimodal disentangled variational autoencoder [58] exhibits incorrect classification in nearly 50% of the regions, while the segmentation results from other models appear excessively smooth, despite correctly predicting the tumor categories. Conversely, the segmentation map by Dang et al. [56] performs poorly, displaying considerable deviation from the ground truth. In contrast, the proposed method (EMU-Net) achieves the best segmentation results with minimal error predictions, and notably superior edge segmentation effects compared to other models. The experimental results clearly demonstrate the robustness of the proposed method (EMU-Net) on the brain tumor dataset presented in this paper.
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Figure 14: illustrates a comparison of segmentation results for different types of tumors obtained using various networks. The images are labeled as follows: (A) ground truth, (B) U-NeT, (C) Dang et al. [56], (D) Pre-trained GoogleNet [57], (E) Multimodal disentangled variational autoencoder [58], and (F) Proposed method (EMU-Net)

6  Conclusion

This paper utilizes BraTS2020 MRI multimodal images for both classification and segmentation purposes. The classification task involves two methods: Method A-GLCM method and Method B-proposed CNN. Only the T2W images are used for classification, and upon comparing the results, the Method B-proposed CNN method achieves an accuracy of 99.65%.

Following the classification, the classified tumor images are subjected to segmentation using the proposed modified U-Net architecture. The segmentation process specifically employs the FLAIR and T1C images. The segmentation results are evaluated using the DSC metric, yielding DSC scores of 0.8927, 0.9405, and 0.8487 for the tumor core, whole tumor, and enhanced tumor regions, respectively.

Moving forward, the goal is to enhance the performance of the proposed model and assess its effectiveness on additional benchmark datasets in the future. The outcomes of our study offer significant insights and recommendations for future CNN research. Our findings can be compared to the current leading methods in the field. Considering its remarkable overall accuracy, it is necessary to replicate the proposed study on a larger scale before applying it to other healthcare applications. This study establishes the groundwork for integrating CNN into the diagnosis of brain tumor segmentation, showcasing its advantages of speed, efficiency, and technological optimization. These attributes are particularly valuable during pandemics as they align with social distancing requirements. The proposed technique demonstrates the lowest average computation time when compared to similar studies. It is clear that the proposed model exhibits the fastest computation time along with the highest accuracy. By analyzing various studies, it becomes clear that our approach, EMU-Net, requires further investigation and evaluation regarding its extrapolation and generalization capabilities. EMU-Net enhances the low-level features by incorporating extra residual blocks into all encoder path layers, thereby transforming them into high-level features. This modification results in enhanced segmentation outcomes. The proposed method consists of two important elements: an encoder component responsible for down-sampling and a decoder component responsible for up-sampling. These components are based on a modified U-Net architecture and are connected by a bridge section.
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Table 3: Segmented images of WT, ET and TC
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Table 4: Comparison of other similar studies

Methods Dataset ET WT TC
Yuan [46] BraTsS 2020 0.8433  0.8828 0.8177
Soltaninejad et al. [47] BraTsS 2020 0.7000  0.7800  0.6600
Isensee et al. [48] BraTsS 2020 0.8506  0.8895  0.8203
Lyu et al. [49] BraTsS 2020 0.8357  0.8729  0.8205
Saha et al. [50] BraTsS 2020 0.8459  0.8747  0.7983
Zhang et al. [51] BraTsS 2020 0.7386  0.8826  0.7024
Colman et al. [52] BraTsS 2020 0.7514  0.8673  0.7983
Res-UNet [53] BraTS 2018 0.81 0.90 0.82
UNet [54] BraTS 2019 0.76 0.90 0.80
Liet al. [55] BraTS 2019 0.74 0.90 0.82
Proposed method (EMU-Net) BraTsS 2020 0.8927 0.9405 0.8487
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Table 1: GLCM features of T2W, normal and tumor MR image

GLCM features Normal image Tumor image
Contrast 0.06673 0.11123
Correlation 0.94114 0.96676
Autocorrelation 1.86502 5.01974
Energy 0.91470 0.48075
Entropy 0.29064 1.20617
Homogeneity 0.98699 0.96386
SOS: Variance 1.86261 5.01797
Sum average 2.30507 3.68880
Sum variance 6.36817 13.10226
Sum entropy 0.26676 1.13551
Cluster prominence 138.2339 123.405
Cluster shade 16.5476 18.8769
Maximum probability 0.95626 0.67115
Dissimilarity 0.03210 0.07857
Difference variance 0.06673 0.11123
Difference entropy 0.12518 0.27729
Information measure of correlation —0.719 —0.76633
Inverse difference normalized (INN) 0.99675 0.99160
Inverse difference moment normalized IDM) 0.99910 0.99837
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Table 6: Hyperparameters and configurations used for experimented models

No. of epochs  No. of iterations Loss function  Learning rate ~ Optimizer

Parameters 10 100 Dice loss 0.01 Adam
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Table 2: Different types of T2W tumor and normal MR images in HGG and LGG. In the image, the
tumor is marked red colour

Category HGG

Tumor
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Table 5: Presents a comparison of accuracy, and average execution time among other similar studies

Methods Dataset Accuracy (%)  Average execution
time

Res-UNet [53] BraTS 2018 94.9 13s

UNet [54] BraTS 2019 89.4 64 s

Dang et al. [56] BraTS 2019 97.44 9s

Pre-trained GoogleNet [57] Tangdu Hospital, 94.5 17s

China
Multimodal disentangled BraTS 2019 98.46 7s

variational autoencoder [5§]
Proposed method (EMU-Net) BraTsS 2020 99.65 04s
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