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The present work aims to explore the performance of fuzzy system-based medical image processing for predicting the brain disease. The imaging mechanism of NMR (Nuclear Magnetic Resonance) and the complexity of human brain tissues cause the brain MRI (Magnetic Resonance Imaging) images to present varying degrees of noise, weak boundaries, and artifacts. Hence, improvements are made over the fuzzy clustering algorithm. A brain image processing and brain disease diagnosis prediction model is designed based on improved fuzzy clustering and HPU-Net (Hybrid Pyramid U-Net Model for Brain Tumor Segmentation) to ensure the model safety performance. Brain MRI images collected from a Hospital, are employed in simulation experiments to validate the performance of the proposed algorithm. Moreover, CNN (Convolutional Neural Network), RNN (Recurrent Neural Network), FCM (Fuzzy C-Means), LDCFCM (Local Density Clustering Fuzzy C-Means), and AFCM (Adaptive Fuzzy C-Means) are included in simulation experiments for performance comparison. Results demonstrate that the proposed algorithm has more nodes, lower energy consumption, and more stable changes than other models under the same conditions. Regarding the overall network performance, the proposed algorithm can complete the data transmission tasks the fastest, basically maintaining at about 4.5 s on average, which performs remarkably better than other models. A further prediction performance analysis reveals that the proposed algorithm provides the highest prediction accuracy for the Whole Tumor under DSC (Dice Similarity Coefficient), reaching 0.936. Besides, its Jaccard coefficient is 0.845, proving its superior segmentation accuracy over other models. In a word, the proposed algorithm can provide higher accuracy, a more apparent denoising effect, and the best segmentation and recognition effect than other models while ensuring energy consumption. The results can provide an experimental basis for the feature recognition and predictive diagnosis of brain images.

Keywords: fuzzy system, brain image, digital twins, image segmentation, fuzzy clustering, HPU-Net


INTRODUCTION

Now that economy develops unprecedentedly, health has become the top priority that affects people’s living standards. As a common disease that affects human health, brain diseases are classified based on their severity. Brain tumors are undoubtedly the brain diseases that pose the greatest threat to human health. Brain tissue is a functional organization with complicated structure and irregular shape. The accurate segmentation of brain images provides rich and valuable information for clinical surgeries. Nevertheless, medical images of brain tissues are usually susceptible to interference, such as noises, uneven grayscale, local volume effects, and artifacts (Jiang et al., 2019; Senthilkumar and Gnanamurthy, 2019). In the meantime, there are great difficulties in recognizing and segmenting brain images due to the weak contrast in the image edges and the complicated brain tissue structure.

AI (Artificial Intelligence) technologies, such as DL (Deep Learning), BD (Big Data), and IoT (Internet of Things), have been universally accepted in various fields; in that case, intelligent development in the medical field gets increasingly vital for monitoring people’s health status. Correct processing of medical images interfered by strong noises and geometric distortions is significant in clinical diagnosis and treatment (Zheng et al., 2020). DL approaches have made significant progress in image resolution recognition and segmentation; nevertheless, real medical images with low resolution are complicated and unknown. Influences of blurring factors, such as weakening of the image boundary and uneven grayscale, are extremely important. Since DNN (Deep Neural Network) does not consider the blurring while training the data, directly applying medical images processed by DL models to real-life settings often results in unideal reconstruction effects and even apparent blurs and artifacts (Pham et al., 2018; Mishro et al., 2020). The fuzzy theory breaks the traditional “one or the other” view, making the image information more thoroughly applied. Meanwhile, the fuzzy system, an unsupervised classification model, does not require manual intervention, whose segmentation process is completely automatic (Li et al., 2020). The uncertainty and ambiguity in the image can be processed well. Thus, correct processing of brain images can have rather practical significance for diagnosing and treating the brain diseases.

The imaging mechanism of NMR (Nuclear Magnetic Resonance) and the complexity of human brain tissues cause the MRI (Magnetic Resonance Imaging) images to present varying degrees of noise, weak boundaries, and artifacts. Therefore, brain imaging processing for brain disease prediction provides extremely significant value for reducing the risks of clinical treatment. The innovative points are the improvements over fuzzy clustering regarding the noises, weak boundaries, and artifacts in brain images, and the brain image processing and brain disease diagnosis prediction model designed based on HPU-Net (Hybrid Pyramid U-Net Model for Brain Tumor Segmentation) and improved fuzzy clustering, to provide some theoretical support for feature recognition and prediction diagnosis based on brain images.



RECENT WORKS


Existing Applications of Fuzzy System

The traditional “one or the other” idea in various fields cannot explain some actual situations. In contrast, the fuzzy logic system can break this traditional idea and is very useful in solving problems in actual applications. Many scholars have explored fuzzy systems. Feng and Chen (2018) combined TS (Takagi-Sugeno) fuzzy system with fuzzy BLS (Broad Learning System) and proposed a new neuro-fuzzy model and fuzzy BLS. In the meantime, they combined the defuzzification output of each fuzzy subsystem with the output of the enhancement layer to get the model output. Additionally, they employed K-Means to determine the center of the Gaussian membership function in the antecedent and the number of fuzzy rules. Eventually, they found that the performance of the fuzzy BLS model was better than that of other models (Feng and Chen, 2018). IT2 (Interval Type-2) fuzzy sampling data H∞ had parameter uncertainty, data loss, and transmission delay; to solve these problems, Du et al. (2019) connected the IT2 fuzzy system describing the network control system and the IT2 network sampling controller implemented by the zero-order holder in a closed-loop system. Then, they adopted the input delay approach to convert the closed-loop system into a continuous time-delay system. Simultaneously, they utilized continuous-time Lyapunov-Krasovskii functional theory for stability analysis. Eventually, the effectiveness and superiority of the designed method were validated through four different actual systems (Du et al., 2019). To promote the exchange of fuzzy systems between different programming systems, Xie et al. (2020) imported/exported fuzzy systems for the operability and practicality of the standard. They provided a case study to illustrate the advantages of fuzzy systems (Xie et al., 2020). Harifi et al. (2020) proposed an ANFIS (Adaptive Neuro-Fuzzy Inference System) based on the EPC (Emperor Penguins Colony) algorithm regarding the unresolved fuzzy status in biological systems or physical systems in nature. Then, on the benchmark dataset, they compared the optimized ANFIS with other non-derivative algorithms. Afterward, this algorithm was applied to solve the classic inverted pendulum problem. Results demonstrated that ANFIS based on EPC provided smaller errors and better performance than other algorithms in the training and testing stages (Harifi et al., 2020).



Current Development of Medical Image Processing

Medical image segmentation is a vital tool for current clinical applications. It is also the backbone of many clinical diagnostic approaches, tumor treatments, and computer-integrated surgeries. Many scholars have researched this issue. Bello et al. (2019) practiced an FCN (Fully Convolutional Network) trained prior to anatomical shape to create a time-resolved 3D segmentation for cardiac image sequences obtained from cardiac MRI. Moreover, they verified model’s prediction accuracy, and how to utilize high-dimensional medical image data for complex computer vision tasks to effectively predict human survival was elaborated (Bello et al., 2019). Jeyaraj and Nadar (2019) put forward a new blocked DCNN (Deep Convolutional Neural Network) regarding the medical image of oral cancer. This network had a two-layer structure, which could mark and classify Regions of Interest (ROI) in multi-dimensional hyperspectral images. The classification accuracy of this network was compared with another traditional medical image classification algorithm. Results suggested that for complex medical images of oral cancer diagnosis, the proposed regression-based blocked DCNN could improve the diagnostic quality (Jeyaraj and Nadar, 2019). Renard et al. (2020) put forward an original overview of source variability to better understand DL medical image segmentation associated with challenges and problem reproducibility. In the end, they applied a DL framework to analyze different sources of variability for potential problems properly, and developed and verified an effective segmentation result evaluation system (Renard et al., 2020). Yoo et al. (2020) explored the feasibility of using DL decision tree classifiers to detect COVID-19 (Coronavirus Disease 2019) from CXR (Chest X-ray Radiography) images regarding the massive global outbreak of COVID-19. Compared with other domain models, the proposed DL-based decision tree classifier could pre-screen patients for classification and quick decision-making before the results of RT-PCR (Reverse Transcription Polymerase Chain Reaction) were available (Yoo et al., 2020).

To sum up, AI algorithms, such as DL, have been accepted in medical image processing; however, features of multiple boundary pixels are not continuous. Medical images with no apparent differences in pixel features on both sides of the boundary cannot be effectively processed. The fuzzy system algorithm is just an effective solution to no apparent difference in image boundaries. Thus, the fuzzy system is introduced based on DL algorithms to process medical images, which has great practical value for the accurate identification and diagnosis of brain images.



Fuzzy System-Based Medical Image Processing for Brain Disease Prediction

Medical imaging equipment gets updated continuously as computer technology advances. Medical image segmentation is a vital link to medical image analysis, as well as a prerequisite and key technology for clinical surgeries. Nonetheless, due to individual differences and the complexity of human tissues such as the brain, the segmentation results of medical images, especially brain tumor images, are not satisfactory. As a result, countless researchers in this field worldwide have invested a lot of energies to research this issue.



Demand of Applying Fuzzy System to Brain Image Diagnosis and Prediction

The amount of information in images keeps increasing with modern medical imaging technologies, making it necessary for medical workers to undertake a huge workload during medical image analysis. However, images appear to have low contrast, variability between tissues, the ambiguity between different tissues or between tissues and lesions due to the differences in the imaging principles of medical images and the characteristics of the tissues themselves (Barricelli et al., 2019; Kong et al., 2019). Therefore, the complexity and variety of medical images themselves have caused great obstacles to the accurate processing and analysis of medical images. Hence, using computer technology to assist brain image recognition and brain disease prediction is of vital significance for diagnosing and treating diseases.

Medical brain images have loads of uncertainty during diagnosis and prediction, and their essence lies in the ambiguity. There are three key manifestations. First, the grayscale is fuzzy: brain images are interfered with by lighting conditions and spatial resolution, making the edge of the pixel grayscale between the brain image boundary and the background blurry and overlap with each other. Second, it has a local body effect: due to the influence of equipment factors, voxels on a boundary often contain two substances: boundary and object, making it difficult to accurately describe the relationships among the edges, corners, and regions of the objects in the image. Third, there is uncertainty knowledge. In the case of pathological changes, brain images will have lumps or masses that are not available in normal tissues, bringing great difficulties in constructing the model. Besides, there may be noise interference, offset field effects, and partial volume effects in brain image processing. Figure 1 describes the problems of brain medical image processing.
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FIGURE 1. Problems in brain medical image processing.


Based on the above problems in brain medical image processing, this work uses the boundary information of unlabeled and labeled data in brain medical image as medical domain knowledge to further improve the effect of brain image segmentation and diagnosis. Moreover, the semi-supervised recognition method is introduced and deep learning algorithm is integrated based on semi-supervised learning. In different environments, the human brain MRI image is segmented. Finally, a brain disease medical image segmentation system is designed based on the improved algorithm.



Segmentation Performance of Fuzzy System for Brain Images

The ambiguity of brain images refers to a characteristic between the brain medical image and the background. The uncertain boundary between the brain image and the background makes it difficult to segment such images because the machine will be affected by various factors during imaging. Actually, the most popular approach based on fuzzy theory is the FCM (Fuzzy C-Means) algorithm (Bai et al., 2018; Li et al., 2021). FCM not only avoids problems such as manually setting the threshold in advance but also has great advantages in dealing with the uncertainty and inaccuracy of images.

The evaluation indicators of cluster analysis are often judged based on the distance between the cluster centers, the number of samples in the cluster structure, and the standard deviation vector of the samples in the dataset and the cluster centers (Maqsood et al., 2020; Rahman et al., 2020; Wang Z. et al., 2020). The dataset X is divided into C categories, and C cluster sets X1, X2,…, XC are obtained. If the C cluster sets completely conform to Equation (1), it will be called the hard C division of X:

[image: image]

Fuzzy C division can determine the degree of uncertainty of each sample in the dataset in all classes. It can help to better understand and describe the features in the brain image. Regarding division results, fuzzy division can indicate the periphery of the division, the connection, and the dispersion between different division blocks. Hence, it can mine detailed information about the brain image (Liu et al., 2018). The core task of FCM is to minimize the weighted sum of squares of the distance from the classification sample point to each classification center. The weight is the membership function of each sample point to each classification center, which is the general criterion of the clustering algorithm (Ahmadi, 2020). The objective function of classification is obtained as (2):

[image: image]

In (2), U refers to the classification matrix, C denotes the number of sample classes, which is determined based on actual situations,uij describes the corresponding sample membership function, V signifies the classification center vector,V = [v1,v2,v3,…vc], dij refers to the distance from the i-th classification center to the j-th sample point, and m is a constant that should be determined before the algorithm runs. The difference between FCM and general clustering algorithm is that it carries out the weighted operation of membership degree. The constraint conditions described in Equation (3) can be obtained from the membership function:

[image: image]

According to Equations (2) and (3), the key process of FCM is to find the best combination of U and V so that J(U,V) can achieve the minimum value under constraint conditions. Therefore, Equation (4) can be obtained using the LaGrange multiplier:
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In (4),λj,j=1,2,…,n is the LaGrange operator. The first-order necessary optimization condition for the partial derivative of Equation (4) is:
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Finishing Equation (6) can obtain Equation (7):
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Substituting Equation (7) into (3) can get Equation (8):
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Thus, Equation (9) can be obtained:
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Substituting Equation (9) into (7) can get Equation (10):
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Becausedij can be zero, two different cases should be considered, respectively. For∀j, two setsIj and Ij are defined as Equations (11) and (12), respectively:
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Hence, the membership function that minimizesJmin(U,V) values:
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Similarly,Jmin(U,V) is the smallest cluster center value. Then, the partial derivative ofVi is:
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Eventually, Equation (17) can be obtained:
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According to the number of cluster categories of the brain image data sample set and the prescribed fuzzy weight of the brain image sample, the cluster center and the best classification matrix can be determined by Equations (16) and (17). The objective function can be optimized by iteratively solving its minimum value.

Furthermore, the classic FCM gets improved. Spatial information constraints are introduced to increase the algorithm’s resistance to noise in brain images, and the objective function can be obtained:

[image: image]

The latter term in Equation (18) is the spatial constraint information, equivalent to the square error about element i, and its essence is similar to the mean filtering for point i. The noise removal or resistance is performed on the image similar to the nature of spatial filtering so that the algorithm has stronger anti-noise performance. Besides, the edge information of brain images should be enhanced so that the image will not become blurred while denoising. Traditional average filtering and median filtering cannot meet these requirements. Anisotropic diffusion filtering based on partial differential equations, that is, the PM (Perona and Malik) model, can remove the noises in the image while retaining or even enhancing the edge information. Concepts of mass diffusion theory and iterative smoothing are introduced into image processing (Zhang et al., 2020). The PM model is described as:
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In (19), I refers to the original pixel brightness signal, t refers to the diffusion time,∇ refers to the gradient calculation, div refers to the divergence calculation, and c is the diffusion coefficient of the algorithm, namely a function of the image element gradient, and its value range is [0, 1], defined as Equation (20):
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The diffusion system determines how the anisotropic algorithm diffuses. An adaptive diffusion control strategy can be used; more diffusion operations can be performed where there is noise in the brain image, and the diffusion can be stopped in the edge area of the image to retain the edge information (Mahata and Sing, 2020). Two diffusion functions commonly used at present are:

[image: image]

In (21),∇i represents the gradient of direction i, andλ represents the threshold of the gradient that determines how much the edge of the brain image can remain after being diffused.

[image: image]

In (22),α demonstrates the parameter of this equation, andα∈0∞. Here, the whole [image: image] is taken as the independent variable of coefficient c. Whenα=1, the characteristic curves of diffusion coefficientsc1 and c2 are demonstrated in Figure 2.
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FIGURE 2. Characteristic curves of diffusion coefficientsc1 and c2.


In these two types of commonly used diffusion functions, the gradient threshold plays a vital role during anisotropic diffusion called the diffusion constant (Zhao et al., 2018). The stream function is evaluated to clarify the relationship between diffusion constantλ and diffusion function:
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Besides,φ1(∇I),φ2(∇I) are defined as the stream functions corresponding to the above two types of diffusion functions; if∇I/λ serves as the independent variable, characteristic curves of stream functions corresponding to these two diffusion coefficients whenα=1 are demonstrated in Figure 3:
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FIGURE 3. Characteristic curves of stream functions corresponding to diffusion coefficientsc1 and c2.


According to Figure 3, when the absolute value of the pixel gradient is|∇I|<λ; that is, when|∇I|/λ<1, the currently calculated element is not on the image edge. Simultaneously, as the image gradient increases continuously, the value of the stream function also increases, which increases the grayscale diffusion of the corresponding image elements, thereby removing the noise points. When|∇I|>λ, that is,|∇I|/λ>1, the current element is included in the image edge. At this time, as the image gradient continues to increase, the value of the stream function will continue to decrease instead; consequently, the grayscale diffusion at the corresponding image element will continue to weaken until it becomes zero so that the edge information of the brain image can be well preserved.



Brain Image Processing and Brain Disease Diagnosis Prediction Model Based on Fuzzy Clustering and HPU-Net

The imaging mechanism of NMR and the complexity of human brain tissues make MRI images present various degrees of noise, weak boundaries, and artifacts. Therefore, the fuzzy clustering algorithm is improved to extract the features of data obtained in the brain image. Afterward, a brain image processing and brain disease diagnosis prediction model based on improved fuzzy clustering and HPU-Net is designed while ensuring the safety performance of the model. Figure 4 illustrates its structure.
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FIGURE 4. A demonstration to the brain image processing and brain disease diagnosis prediction model based on fuzzy clustering and HPU-Net.


In the proposed algorithm, an improved fuzzy clustering algorithm is proposed based on the kernel distance metric regarding the strong noise interference of medical images. This algorithm combines the kernel function, membership constraints, and regularization parameterρ based on the traditional fuzzy clustering algorithm, making full use of the local spatial information of the image. This makes the algorithm possess better segmentation accuracy and detail retention ability interfered by high-intensity noise, and the image edges after segmentation have better smoothness. This algorithm is recorded as SIPMFCM (Fuzzy Clustering based on Spatial Information Fusion PM) model, described as Equation (25):

[image: image]

In (25),[image: image] refers to the mean filtering brain image or median filtering brain image. The first item here is that the traditional FCM expression is transformed from the kernel distance measurement, which maps the samples to a high-dimensional space and increases the difference between the samples. The second membership penalty item makes the fuzzy division more distinct. The third item here is the neighborhood space restriction item, aiming to strengthen the algorithm’s robustness to image noises. Eventually, the spatial function is integrated into the membership functionuij:

[image: image]

In (26),sij is similar to the membership function, representing the possibility that a pixel belongs to a category, and parameters p and q are the weight parameters that control the membership function and the spatial relationship function, respectively. Here, [image: image] is the final membership function. Figure 5 demonstrates the flowchart of the improved fuzzy clustering algorithm SIPMFCM.
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FIGURE 5. Flowchart of the improved fuzzy clustering algorithm SIPMFCM.


Furthermore, the brain image features are extracted. The U-Net algorithm only uses the features of the last convolutional layer, the information is simple, and it is not enough to contain rich detailed information. Hence, the following improvements are made. First, the introduction of the feature fusion allows the model to fuse information of multiple scales to assist in the image feature extraction. Second, fusing features of multiple scales helps to fuse semantic and location information, complements multiple feature information, and improves the accuracy of feature extraction. Consequently, HPU-Net can process multi-modal MR brain images. Besides, information of different scales is integrated to achieve effective and fast image segmentation.

Each Block in HPU-Net introduces BN (Batch Normalization). This neural network aims to learn the data distribution. Parameters are adopted to simulate data distribution to describe the original data and predict the unknown data (Wang J.L. et al., 2020). During training, the mean value μβ of the internal data distribution of each batch is calculated first as Equation (27):

[image: image]

In (27), m refers to the number of batches of the brain images. Then, the data distribution variance within each batch[image: image] is calculated as Equation (28):
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Next, data in the current batch are normalized as Equation (29):
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BN can keep the feature with a mean value of 0 and a variance of 1, which is consistent with the input data distribution. Finally, BN also adds a step, “scale and shift,” as described in Equation (30):
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Equation (30) seems to be somewhat contrary to the previous operation; however, it can restore the original input. Besides, parametersγ,β shall meet Equation (31):
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In this way, the entire model may or may not change the input distribution of the current layer in the end. The overall effect is to maintain the consistency of the feature distribution to stabilize the model during training and learning. Meanwhile, BN also helps accelerating the convergence time during model training, prevents gradient dispersion or gradient explosion, and improves training accuracy.



Simulation Experiment

MATLAB is adopted for simulation experiments to verify the performance of the constructed brain image processing and brain disease diagnosis prediction model based on improved fuzzy clustering and HPU-Net. The brain image data obtained in the experiment were all from a Hospital. Data of each patient is standardized to zero mean and unit standard deviation; then, slices that do not contain tumor information are deleted. The image size is cropped to 160 × 160 to reduce data imbalance. To validate the model’s validity, data are divided into five parts equally; then, fivefold cross-validation is performed; that is, four sets of data are used for training and the remaining set of data is used for testing to obtain a set of experimental results. By analogy, different sets of data are adopted to make a test set separately so that five sets of experimental results can be obtained. The average of the five sets of experimental results is taken as the eventual result. The following hyperparameters shall be set for the neural network: 80 iterations, 3,500 rounds of simulations, and 128 batch size. In the performance analysis, the algorithm model proposed is compared with the algorithms applied by other scholars in related fields, CNN (Wu and Cao, 2021), RNN (Roy and Maji, 2020), FCM, LDCFCM (Local Density Clustering Fuzzy C-Means) (Dogra et al., 2020), and AFCM (Adaptive Fuzzy C-Means) (Song et al., 2018) algorithms are selected, respectively, for comparative analysis regarding node survival number, total energy consumption, and residual energy variance. In this simulation, the deep learning algorithm library Keras is utilized, which is an advanced neural network API written in Python with Tensorflow as the back end. Adam is utilized as the optimizer; the standard backpropagation is adopted to train the model, and all parameters are initialized randomly. The computer configuration is Ubuntu 16.04, the CPU (Central Processing Unit) is ES-2640 2,566 memory, and the GPU (Graphics Processing Unit) is GTX 1080Ti.

In brain image feature extraction, the similarity between the segmentation results and the standard expert segmentation results measures the quality of the segmentation results (Debakla et al., 2019). Segmentation evaluation criteria include DSC (Dice Similarity Coefficient), representing the degree of similarity between the segmentation result of the experiment and the expert’s label, ranging from 0 to 1. The higher the DSC value is, the higher the segmentation similarity is. The Jaccard coefficient and DSC are defined as Equations (32) and (33):
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In (32) and (33), T represents the original tumor area, and P represents the segmentation result of the proposed algorithm. While evaluating the segmentation results of the current model, P and T need to be comprehensively considered.

The evaluation coefficientVpc and segmentation entropyVpe are included for analysis and evaluation (Huang et al., 2020). The idea of this evaluation function is that if the fuzzy clustering effect is better, the membership difference of the same pixel belonging to different categories will be greater, the segmentation coefficient obtained will be larger, and the segmentation entropy will be smaller.
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RESULTS AND DISCUSSION


Clustering Process Feasibility

Different models are analyzed from the number of nodes surviving, the total energy consumption of the network, and the node remaining energy variance to analyze the feasibility of the proposed algorithm. Figure 6 presents the results.
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FIGURE 6. The number of nodes surviving, the total energy consumption of the network, and the node remaining energy variance during the clustering process. (A) The number of nodes surviving. (B) The total energy consumption of the network. (C) The remaining energy variance of the nodes.


The clustering process of each model is analyzed. The number of nodes surviving decreases as the number of simulation rounds increases. When the proposed algorithm runs to 2,637 rounds, the number of nodes survived is 0. In comparison, the number of nodes surviving of other models all reduce to 0 at an earlier time (Figure 6A). Changes in remaining energy consumption reveal that the energy consumption of each round of the network is reduced after the algorithm is used for clustering. When the total energy consumption of the network is exhausted, the system simulation reaches 2,560 rounds. In contrast, the total energy consumption of the network of other algorithms is faster, showing that fuzzy clustering reduces the energy consumption of the network (Figure 6B). Moreover, the proposed algorithm fluctuates within 0∼0.070, and the curve changes smoothly. Whereas, the fluctuation range of other models all exceeds 0.070 (Figure 6C). Therefore, the proposed algorithm can provide more nodes survive, lower energy consumption, and more stable changes under the same conditions.



Overall Network Performance

Influences of the number of wireless sensors, the number of end-users, and changes in network delay threshold on the average task completion time are evaluated to analyze the overall network performance, as displayed in Figure 7.
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FIGURE 7. Influences on the average completion time under different factors. (A) Number of wireless sensors. (B) Number of end-users. (C) Network delay threshold.


As the number of wireless sensors increases, the average completion time of the system gradually decreases until it stabilizes (Figure 7A). As the number of end-users increases, the average completion time of system data transmission shows an upward trend (Figure 7B). As the network delay threshold increases, many models do not present notable changes. The average completion time of the proposed algorithm stabilizes at about 4.4 s, while the completion time of RNN and FCM shows an uptrend (Figure 7C). Hence, the proposed algorithm provides better overall network performance than other models all the time, whose average completion time of system data transmission is the shortest.



Prediction Performance

PSNR (Peak Signal-to-Noise Ratio) measures a model’s noise immunity. The larger the PSNR is, the more apparent the denoising effect is, and vice versa. In the present work, all models are compared under 10, 20, 30, and 40% image noises, as in Figure 8.
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FIGURE 8. PSNR of the model segmentation results under different brain image noises. (A) 10%; (B) 20%; (C) 30%; (D) 40%.


As the noise value increases, the denoising effect becomes apparent, and the improvement over algorithm PSNR is greater. There are many noise points after segmentation by FCM, which confuses noise and non-noise, resulting in a low PSNR value. Nevertheless, other similar algorithms have a poor removal effect on noise points, and their PSNRs are lower than those of the proposed algorithm. Sometimes, noises in the image seem to be suppressed, and PSNR seems to be improved; however, the edge and detail information of the image will be lost to varying degrees. Next, errors of each model are compared regarding evaluation functions and the Jaccard coefficient. The results are summarized in Tables 1, 2.


TABLE 1. Changes in evaluation functions of different models (%).

[image: Table 1]

TABLE 2. Variation of each model with the Jaccard coefficient (%).

[image: Table 2]
Tables 1, 2 demonstrate that the proposed algorithm provides an evaluation coefficientVpc of 0.948 and a segmentation entropyVpe of 0.051, presenting a fuzzy clustering effect significantly better than other models. Regarding the Jaccard coefficient, the proposed algorithm provides recognition accuracies of 0.854 and 0.798 for the white matter and the gray matter on brain images, respectively, apparently better than other algorithms. Therefore, the proposed algorithm provides stronger recognition accuracy and robustness regarding feature recognition and diagnosis prediction.

To compare the prediction accuracy of different models, DSC is included to predict the recognition effect of the Whole Tumor, Core Tumor, and Enhancing Tumor of brain images; besides, the recognition effect of the Jaccard coefficient to brain images is analyzed, as illustrated in Figure 9.


[image: image]

FIGURE 9. Prediction accuracy indicators of different models for brain images with iterations. (A) Core tumor under DSC coefficient. (B) Enhancing tumor. (C) Whole tumor under DSC coefficient. (D) Jaccard coefficient.


Figure 9 reveals that DSC and Jaccard coefficient of the proposed algorithm are significantly improved. Under DSC, it provides the highest prediction accuracy for the Whole Tumor, reaching 0.936, followed by Core Tumor and Enhancing Tumor. The segmentation result of the Core Tumor only makes a small improvement under DSC. The Enhancing Tumor only contains the enhanced part of the tumor, occupying a small part of the tumor; sometimes, this area is segmented into other tumor parts. However, the size of the enhanced area is vital in clinical diagnosis. Moreover, the Jaccard coefficient of the proposed algorithm is 0.845, and the segmentation accuracy is remarkably better than that of other algorithms. Therefore, the proposed algorithm based on fuzzy clustering and HPU-Net outperforms other MRI brain tumor image segmentation proposed in recent years.



CONCLUSION

Brain tumor images have complicated edge structures and are prone to artifacts and offset fields, affecting image segmentation. The feature extraction and correct diagnosis of brain tumors in multi-sequence MRI images are particularly essential. The traditional fuzzy clustering algorithm is improved to solve the varying degrees of noises, weak boundaries, and artifacts in brain images. Moreover, a brain image processing and brain disease diagnosis prediction model is proposed based on HPU-Net and improved fuzzy clustering. Simulation experiments prove that the proposed algorithm can provide high accuracy for feature extraction and recognition, excellent noise reduction effect, and the optimal image segmentation recognition effect. The highest prediction accuracy for DSC reaches 0.936, and that for the Jaccard coefficient reaches 0.845, providing an experimental basis for brain image feature recognition and brain disease prediction diagnosis. Still, there are some weaknesses in the present work. The proposed algorithm analyzes the overall characteristics while segmenting the brain tumor images, which may cause the difference between different individuals to be insignificant. In the future, texture features and shape features can be utilized for experiments; useful features can be left, and better segmentation results can be obtained by selecting multiple features. Eventually, the key steps to the precise treatment of brain tumors can be implemented to meet the actual needs of clinical medicine, which is vital for the subsequent clinical diagnosis and treatment of brain diseases.



DATA AVAILABILITY STATEMENT

The raw data supporting the conclusions of this article will be made available by the authors, without undue reservation.



AUTHOR CONTRIBUTIONS

MH was mainly responsible for writing the main part of the full text. YZ was responsible for experimental operation and design of related experiments. SX was responsible for data analysis and data processing. HL was responsible for reviewing the full text, verifying the experimental results, and optimizing the structure of the article. ZL was responsible for the collection of relevant statistical data and the verification of the theoretical part. All authors contributed to the article and approved the submitted version.



REFERENCES

Ahmadi, N. (2020). A hybrid intelligent approach for image segmentation and feature extraction using fuzzy clustering, lattice boltzmann and GLDM techniques. J. Soft Comput. Decis. Support Syst. 7, 1–5. doi: 10.5815/ijigsp.2012.06.01

Bai, X., Zhang, Y., Liu, H., and Wang, Y. (2018). Intuitionistic center-free FCM clustering for MR brain image segmentation. IEEE J. Biomed. Health Inform. 23, 2039–2051. doi: 10.1109/jbhi.2018.2884208

Barricelli, B. R., Casiraghi, E., and Fogli, D. (2019). A survey on digital twin: definitions, characteristics, applications, and design implications. IEEE Access 7, 167653–167671. doi: 10.1109/access.2019.2953499

Bello, G. A., Dawes, T. J., Duan, J., Biffi, C., De Marvao, A., Howard, L. S., et al. (2019). Deep-learning cardiac motion analysis for human survival prediction. Nat. Mach. Intell. 1, 95–104. doi: 10.1038/s42256-019-0019-2

Debakla, M., Salem, M., Djemal, K., and Benmeriem, K. (2019). Fuzzy farthest point first method for MRI brain image clustering. IET Image Process. 13, 2395–2400. doi: 10.1049/iet-ipr.2018.6618

Dogra, J., Jain, S., Sharma, A., Kumar, R., and Sood, M. (2020). Brain tumor detection from MR images employing fuzzy graph cut technique. Recent Adv. Comput. Sci. Commun. 13, 362–369. doi: 10.2174/2213275912666181207152633

Du, Z., Kao, Y., and Park, J. H. (2019). Interval type-2 fuzzy sampled-data control of time-delay systems. Inform. Sci. 487, 193–207. doi: 10.1016/j.ins.2019.03.009

Feng, S., and Chen, C. P. (2018). Fuzzy broad learning system: a novel neuro-fuzzy model for regression and classification. IEEE Trans. Cybern. 50, 414–424. doi: 10.1109/tcyb.2018.2857815

Harifi, S., Khalilian, M., Mohammadzadeh, J., and Ebrahimnejad, S. (2020). Optimizing a neuro-fuzzy system based on nature-inspired emperor penguins colony optimization algorithm. IEEE Trans. Fuzzy Syst. 28, 1110–1124. doi: 10.1109/tfuzz.2020.2984201

Huang, Y. P., Singh, P., and Kuo, H. C. (2020). A hybrid fuzzy clustering approach for the recognition and visualization of MRI images of Parkinson’s disease. IEEE Access 8, 25041–25051. doi: 10.1109/access.2020.2969806

Jeyaraj, P. R., and Nadar, E. R. S. (2019). Computer-assisted medical image classification for early diagnosis of oral cancer employing deep learning algorithm. J. Cancer Res. Clin. Oncol. 145, 829–837. doi: 10.1007/s00432-018-02834-7

Jiang, Y., Zhao, K., Xia, K., Xue, J., Zhou, L., Ding, Y., et al. (2019). A novel distributed multitask fuzzy clustering algorithm for automatic MR brain image segmentation. J. Med. Syst. 43, 1–9.

Kong, Y., Wu, J., Yang, G., Zuo, Y., Chen, Y., Shu, H., et al. (2019). Iterative spatial fuzzy clustering for 3D brain magnetic resonance image supervoxel segmentation. J. Neurosci. Methods 311, 17–27. doi: 10.1016/j.jneumeth.2018.10.007

Li, X., Cao, J., Liu, Z., and Luo, X. (2020). Sustainable business model based on digital twin platform network: the inspiration from haier’s case study in China. Sustainability 12:936. doi: 10.3390/su12030936

Li, X., He, B., Wang, Z., Zhou, Y., Li, G., and Jiang, R. (2021). Semantic-enhanced digital twin system for robot–environment interaction monitoring. IEEE Trans. Instrum. Meas. 70, 1–13. doi: 10.1109/tim.2021.3066542

Liu, Y., Xu, Z., and Li, C. (2018). Distributed online semi-supervised support vector machine. Inform. Sci. 466, 236–257. doi: 10.1016/j.ins.2018.07.045

Mahata, N., and Sing, J. K. (2020). A novel fuzzy clustering algorithm by minimizing global and spatially constrained likelihood-based local entropies for noisy 3D brain MR image segmentation. Appl. Soft Comput. 90:106171. doi: 10.1016/j.asoc.2020.106171

Maqsood, A., Oslebo, D., Corzine, K., Parsa, L., and Ma, Y. (2020). STFT cluster analysis for DC pulsed load monitoring and fault detection on naval shipboard power systems. IEEE Trans. Transp. Electrification 6, 821–831. doi: 10.1109/tte.2020.2981880

Mishro, P. K., Agrawal, S., Panda, R., and Abraham, A. (2020). Novel fuzzy clustering-based bias field correction technique for brain magnetic resonance images. IET Image Process. 14, 1929–1936. doi: 10.1049/iet-ipr.2019.0942

Pham, T. X., Siarry, P., and Oulhadj, H. (2018). Integrating fuzzy entropy clustering with an improved PSO for MRI brain image segmentation. Appl. Soft Comput. 65, 230–242. doi: 10.1016/j.asoc.2018.01.003

Rahman, T., Ullah, I., Rehman, A. U., and Naqvi, R. A. (2020). Notice of violation of IEEE publication principles: clustering schemes in MANETs: performance evaluation, open challenges, and proposed solutions. IEEE Access 8, 25135–25158. doi: 10.1109/access.2020.2970481

Renard, F., Guedria, S., De Palma, N., and Vuillerme, N. (2020). Variability and reproducibility in deep learning for medical image segmentation. Sci. Rep. 10:13724.

Roy, S., and Maji, P. (2020). Medical image segmentation by partitioning spatially constrained fuzzy approximation spaces. IEEE Trans. Fuzzy Syst. 28, 965–977. doi: 10.1109/tfuzz.2020.2965896

Senthilkumar, C., and Gnanamurthy, R. K. (2019). A Fuzzy clustering based MRI brain image segmentation using back propagation neural networks. Cluster Comput. 22, 12305–12312. doi: 10.1007/s10586-017-1613-x

Song, J., Cong, W., and Li, J. (2018). A robust fuzzy c-means clustering model with spatial constraint for brain magnetic resonance image segmentation. J. Med. Imaging Health Inform. 8, 811–816. doi: 10.1166/jmihi.2018.2332

Wang, J. L., Qiu, S. H., Chen, W. Z., Wu, H. N., and Huang, T. (2020). Recent advances on dynamical behaviors of coupled neural networks with and without reaction–diffusion terms. IEEE Trans. Neural Netw. Learn. Syst. 31, 5231–5244. doi: 10.1109/tnnls.2020.2964843

Wang, Z., Yao, L., Cai, Y., and Zhang, J. (2020). Mahalanobis semi-supervised mapping and beetle antennae search based support vector machine for wind turbine rolling bearings fault diagnosis. Renew. Energy 155, 1312–1327. doi: 10.1016/j.renene.2020.04.041

Wu, C., and Cao, Z. (2021). Noise distance driven fuzzy clustering based on adaptive weighted local information and entropy-like divergence kernel for robust image segmentation. Digital Signal Process. 111:102963. doi: 10.1016/j.dsp.2021.102963

Xie, W., Liu, B., Bu, L., Wang, Y., and Zhang, J. (2020). A decoupling approach for observer-based controller design of TS fuzzy system with unknown premise variables. IEEE Trans. Fuzzy Syst. 1–1. doi: 10.1109/tfuzz.2021.3063818

Yoo, S. H., Geng, H., Chiu, T. L., Yu, S. K., Cho, D. C., Heo, J., et al. (2020). Deep learning-based decision-tree classifier for COVID-19 diagnosis from chest X-ray imaging. Front. Med. 7:427. doi: 10.3389/fmed.2020.00427

Zhang, Y., Govindaraj, V., Murugan, P. R., and Sankaran, S. (2020). Smart identification of topographically variant anomalies in brain magnetic resonance imaging using a fish school based fuzzy clustering approach. IEEE Trans. Fuzzy Syst. 1–1. doi: 10.1109/tfuzz.2020.3015591

Zhao, F., Liu, H., Fan, J., Chen, C. W., Lan, R., and Li, N. (2018). Intuitionistic fuzzy set approach to multi-objective evolutionary clustering with multiple spatial information for image segmentation. Neurocomputing 312, 296–309. doi: 10.1016/j.neucom.2018.05.116

Zheng, Y., Wang, S., Li, Q., and Li, B. (2020). Fringe projection profilometry by conducting deep learning from its digital twin. Opt. Express 28, 36568–36583. doi: 10.1364/oe.410428

Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Publisher’s Note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2021 Hu, Zhong, Xie, Lv and Lv. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.

OPS/images/fnins-15-714318-g004.jpg
——
=§
z |

é}
=’;

Input image

SIPMFCM

HPU-Net
Hidden layer
Output layer





OPS/images/fnins-15-714318-e023.jpg
=div(p(x, ) IVI| > % > 1 (24)





OPS/images/cover.jpg
’ frontiers
In Neuroscience

Fuzzy System Based Medical
Image Processing for Brain
Disease Prediction





OPS/images/fnins-15-714318-g005.jpg
start
Input: p, g, m
Parameters: p=2, ¢g=1, m=2, iteration number =0,

threshold £ = 0.001,2”

Output: u U

Calculate the mean filter image and median filter
image X,

Calculate The cluster center Vl.(t)

n
m _
Zuij ((HXJ —Vl. Xj —Vl.
j=1
C
: :
S (w2 5 )
i=1

Calculation of membership function

1

e
2(1=[x, =vi) =i + 20.( 1%, v

)y,

°)

)xj+10i

vV, &

+ P,

/(m=1)

k=1

< & or>100

if |u
Iteration termination
then update r=r+1

Return vl.(t) JU .

ij
end if
end





OPS/images/fnins-15-714318-e022.jpg
@) =cx HVI(x,)|VI| <k (23)





OPS/images/fnins-15-714318-g006.jpg
>

Number of surviving nodes

(=
th
(=

[
[
(=

3

% -=—Theproposed algorithm

0 700 1400 2100 2800
Simulation time /round

Node residual
energy variance

B
60-
3
—-LDCFCM | T =
-~ AFCM T =451
=
—~—CNN = g
—+RNN g ?30_
—+-FCM £ = B
= 2 ——CNN
- 51
= 81 ——RNN
> —-+—FCM
= 04 —a— The proposed algorithm
3500 0 700 1400 2100 2800 3500

Cc

Simulation time /round

—a— The proposed algorithm
——~LDCFCM -
—4— AFCM
—v—-CNN 1

—« RNN

700 1400 2100 2800 3500
Simulation time /round





OPS/images/fnins-15-714318-e021.jpg
(22)






OPS/images/fnins-15-714318-g007.jpg
>

~1 o
wh (—)]

Average completion time /s

6.0 1

—=— The proposed algorithm

B
e~ LDCFCM '
5.6 .
——~LDCFCM | """21\‘-'(;)[
(y— CNI
—— AFCM
NN 5.2 -+ RNN
-+ CNN Fea
—+ RNN —— FC]

—--FCM

4.8

4.4

—a— The proposed algorithm

4 8

Number of wireless sensors

(9]

12

Average completion time /s

Average completion time /s

16 200 400

[
[}

600

1-=—Theproposed algorithm
——LDCFCM—i— AFCM-+»- CNN
1=+RNN
——FCN
Py a p—
- N
P

00 02 04 06 08
Network delay threshold /s

1.0

Number of end users






OPS/images/fnins-15-714318-e020.jpg
&= exp(— (%)) @1






OPS/images/fnins-15-714318-g008.jpg
>

60 75
) 43: {1 /260
9 T3
= 36- \\“*‘*w- 245
S H‘:XZX:x = —
: 24{ =-FCM 11.__,%'_ 2 30 -=-FCM ==
{ -+-RNN-oCNN 1 -a- RNN-a..CNN
£ 12{ - AFCM-+ LDCFCM £15{ .+ AFCM + LDCFCM
1 —«-The proposed algorithm —«-The proposed algorithm
0= - r 0L—— .
0 20 40 60 80 0 20 40 60 80
Iterations(n) Iterations(n)
c D 00
75- § — -__‘_‘_‘—“—‘ﬁ
o 33— B N — - W
' y— ©
9 STk F S
E ‘\\' ._q__.q_&‘ A g = 54 - —a—n
g 45' ﬂ—__‘. .‘“m=___:= g
30 -=- FCM x 361 ~a—E8
% —«RNN-2+.CNN Z -a-RNN-2-CNN
£ 15| -+ AFCM + LDCFCM £ 18{ —+ AFCM + LDCFCM
—« The proposed algorithm . —«-The proposed algorithm
" 20 @ e s 0 20 40 60 80
Iterations(n) Iterations(n)







OPS/images/fnins-15-714318-g009.jpg
A
1.0 : T .
—— CNN—-«+RNN
0.8 » FCM 1
§0.6- .
2 0.4 _
(]
0.2 |
- LDCFCM-a-AFCM
0.0 - —-— The proposed algontlun
0 12 24 36 48 60 7“ 84
Iterations(n)
Cc
1.0 T T T
~+ CNN—-+RNN
0.8{ » FCM -
§0.6- .
2 0.4 _
A
0.2 - .
-+-LDCFCM -2 AFCM
o.oj —-— The propos«l algonthm
0 12 24 36 48 60 72 84

Iterations(n)

W

lto T T | T
-+ CNN—+-RNN
0.84{ - FCM
?\:0.6-
204
(=)
0.2 |
-+ LDCFCM -+ AFCM
0.0 4 —=— The proposed algorithm
0 12 24 36 48 60 72 84
Iterations(n)
D
1.0 T . T :
—v CNN-<«-RNN
081 ,» FCM
=
S 056/
=]
2 0.4 _
“
o=
0.2
LDCFCM-a- AFCM
0.0 |# = Theproposed algorithm
0 12 24 36 48 60 72 84

Iterations(n)






OPS/images/logo.jpg
' frontiers

in Neuroscience





OPS/images/fnins-15-714318-e029.jpg
yi=Y% +B = BNy (x;) (30)





OPS/images/fnins-15-714318-e028.jpg
(29)






OPS/images/fnins-15-714318-e027.jpg
2= f
§= 2 (im )’
. )=l< pﬁ) @





OPS/images/fnins-15-714318-g001.jpg
Partial volume

effect Gray

fuzziness

Internal
factors

External
factors

Local body
effect
/

Migration
field effect
\

. s
Noise Uncertainty

interference





OPS/images/fnins-15-714318-e026.jpg
27)






OPS/images/fnins-15-714318-g002.jpg
Xc2





OPS/images/fnins-15-714318-e025.jpg
ulsh
iy = @)
e sk





OPS/images/fnins-15-714318-g003.jpg
P, (V])

?, (V])

Xo

Xp

2





OPS/images/fnins-15-714318-e024.jpg
JstpMECM (U, V1, Ve My s hn) = 235 S ! (1= || = wil)
+ i oy (1 ) + 2 i o (1 - (15— wl)
(25)





OPS/images/fnins-15-714318-t001.jpg
The proposed algorithm
LDCFCM

AFCM

CNN

RNN

FCM

Ve

0.948
0.923
0.864
0.847
0.803
0.795

0.051

0.069
0.073
0.098
0.114
0.152






OPS/images/fnins-15-714318-t002.jpg
The proposed algorithm
LDCFCM

AFCM

CNN

RNN

FCM

The white matter

0.854
0.839
0.821
0.764
0.736
0.617

The gray matter

0.798
0.742
0. 711
0.679
0.593
0.561





OPS/images/fnins-15-714318-e012.jpg
» Ii=¢
iy :"“Tj;jzm—ﬁ )

Zie| 7
uj=0,Vi€ lj, Y uj =115 #6

13)





OPS/images/fnins-15-714318-e011.jpg
(12)






OPS/images/fnins-15-714318-e010.jpg
iugigc,dv.zo} an






OPS/images/fnins-15-714318-e019.jpg
(20)






OPS/images/fnins-15-714318-e018.jpg
= div(c- VI) (19)





OPS/images/fnins-15-714318-e017.jpg
TJimproved (U, Vi, -.-¥es M, ooy hn)
2 2
i g [ = Vil + R iy i wf e Il = Vill
(18)






OPS/images/fnins-15-714318-e016.jpg
XL ()"
XL )"

Vi a7y






OPS/images/fnins-15-714318-e015.jpg
> ()" (= Vi) =0 a6)
=





OPS/images/fnins-15-714318-e014.jpg
n

> ()" [~A (5= Vi) =0 as)

=1





OPS/images/fnins-15-714318-e013.jpg
,VfZ(uv) _["/ V) Ay = V)] (14)





OPS/xhtml/Nav.xhtml




Contents





		Cover



		Fuzzy System Based Medical Image Processing for Brain Disease Prediction



		INTRODUCTION



		RECENT WORKS



		Existing Applications of Fuzzy System



		Current Development of Medical Image Processing



		Fuzzy System-Based Medical Image Processing for Brain Disease Prediction



		Demand of Applying Fuzzy System to Brain Image Diagnosis and Prediction



		Segmentation Performance of Fuzzy System for Brain Images



		Brain Image Processing and Brain Disease Diagnosis Prediction Model Based on Fuzzy Clustering and HPU-Net



		Simulation Experiment







		RESULTS AND DISCUSSION



		Clustering Process Feasibility



		Overall Network Performance



		Prediction Performance







		CONCLUSION



		DATA AVAILABILITY STATEMENT



		AUTHOR CONTRIBUTIONS



		REFERENCES

















OPS/images/fnins-15-714318-e001.jpg
Jwin UV) =D Ji= Z und?
=

i=1

@)





OPS/images/fnins-15-714318-e000.jpg
X UXaU. UX. =X
XinXg=W1<i#k<c
Xi#0,Xi#X,1<i<c

1





OPS/images/fnins-15-714318-e009.jpg
uy =

1
d,
7,

:IIMH)

|

(10)





OPS/images/fnins-15-714318-e008.jpg





OPS/images/fnins-15-714318-e007.jpg
Yim—1)
iy
Sy =X, ()" [—,]

(&)

X )[ Yom—1) ®)
=" z,;,[%] ]:1
(4)





OPS/images/fnins-15-714318-i001.jpg





OPS/images/fnins-15-714318-e006.jpg
Ym—1)
we|
L‘ (dv‘)z}

@)





OPS/images/fnins-15-714318-i000.jpg





OPS/images/fnins-15-714318-e005.jpg
oF

ij

=m (u,j)mf‘ (d,,)z —n=0

©)





OPS/images/fnins-15-714318-i003.jpg
3





OPS/images/fnins-15-714318-e004.jpg
&8






OPS/images/fnins-15-714318-i002.jpg





OPS/images/fnins-15-714318-e003.jpg
F=J(U,v1, ..V, My oy k) @
1 X+ 2 (i = D






OPS/images/fnins-15-714318-e002.jpg
€
Zu,j: LYj=1,..n

3)





OPS/images/cross.jpg
3,

i





OPS/images/fnins-15-714318-e034.jpg
2 ujlogu

38
j=1 ,ljlg ]
i

Vi
e =
n

(35)





OPS/images/fnins-15-714318-e033.jpg
(34)






OPS/images/fnins-15-714318-e032.jpg
|TAP|

Jaccard(T, P) = [

(33)





OPS/images/fnins-15-714318-e031.jpg
2|TAP|

DSC(T,P) = S

(32)





OPS/images/fnins-15-714318-e030.jpg
v = [Var (x(0) o

Bk =E (Xm)





