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Abstract 

Image processing plays a crucial role in modern medical imaging, enhancing the ability to analyze and interpret 

complex medical data. By applying advanced algorithms to medical images such as X-rays, MRIs, CT scans, and 

ultrasounds, image processing techniques allow for the extraction of valuable diagnostic information, improving 

the accuracy and efficiency of disease detection and treatment planning. Key methods in medical image processing 

include image enhancement, segmentation, registration, and feature extraction, which assist clinicians in 

identifying anomalies such as tumors, lesions, and organ abnormalities. Recent advancements in deep learning 

have markedly enhanced the accuracy and efficiency of brain image analysis. By making it possible to analyze 

complicated neuroimaging data more accurately and efficiently, the use of deep learning techniques in brain image 

processing has greatly advanced the area of neuro science. For the clinical evaluation of intracranial vascular 

disorders, brain blood vessel extraction is a crucial concern. This work formulates the problem of vessel extraction 

as a connected region classification problem. A post-processing step is added to the image processing process to 

collect salient vessel candidate extraction method (SVCEM), and an enhanced multi-scale filtering method is used 

to increase vessel connection. A neural network classifier is then trained using the features that are computed after 

SVCEM is broken down to connected regions. The trained neural network is used to examine each connected 

region separately for extraction, taking to the values of nearby voxels that are part of the connection. The extraction 

results demonstrate the validity of the proposed approach. 

 

Keywords: Salient Vessel Candidate Extraction Method, Image Processing, Deep learning, Vessel 

Skeletonization and Center line Extraction 

 

I. Introduction 

Medical imaging is a cornerstone of modern healthcare, enabling non-invasive visualization 

of internal anatomical structures and facilitating early diagnosis, treatment planning, and 

disease monitoring. Traditional image processing techniques such as filtering, edge detection, 

and morphological operations have long been used to enhance and analyze medical images 

from modalities like X-ray, computed tomography (CT), magnetic resonance imaging (MRI), 

ultrasound, and positron emission tomography (PET). However, these methods often require 

manual feature extraction and may struggle with the variability, noise, and complexity inherent 

in medical data [11]. 

In recent years, the advent of deep learning, particularly image processing, has 

revolutionized the field of medical image analysis. Deep learning models have demonstrated 

remarkable performance in tasks such as classification, segmentation, object detection, and 

image enhancement [12]. These models are capable of automatically learning hierarchical 

features from raw image data, often surpassing traditional approaches in both accuracy and 

efficiency. Applications range from detecting tumors in mammograms and segmenting organs 

in CT scans to reconstructing high-resolution images from low-dose inputs. The integration of 
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deep learning to medical image processing not only improves diagnostic precision but also 

opens the door to real-time clinical decision support and personalized medicine. Despite its 

potential, challenges such as data scarcity, model interpretability, and regulatory constraints 

remain significant barriers to widespread adoption. 

The advent of advanced neuroimaging techniques such as Magnetic Resonance Imaging 

(MRI), Functional MRI (fMRI), Positron Emission Tomography (PET), and Computed 

Tomography (CT) has revolutionized the field of neuroscience and medical diagnosis [6]. 

These imaging modalities generate vast amounts of high- dimensional data that provide 

detailed insights to brain vessel structure, function, and pathology. However, the complexity 

and volume of neuroimaging data pose significant challenges for traditional analysis methods, 

often requiring extensive manual effort and domain expertise. 

 

Fig.1.1 image Extraction for Brain Vessel 

 

Deep learning, is a subset of machine learning characterized by hierarchical image 

processing architectures, has emerged as a transformative approach for automating and 

enhancing brain vessel image analysis. Recent advancements in deep learning have 

revolutionized the field of brain vessel image processing, offering powerful tools to analyse 

complex neuroimaging data with unprecedented accuracy and efficiency. In neuro science, 

understanding the intricate structure and function of the brain vessel relies heavily on high-

quality image analysis, which has traditionally been challenged by variability in imaging 

modalities and data quality. 

In Figure 1.1 explains the deep learning models, particularly image processing, have 

demonstrated remarkable robustness in addressing these challenges, enabling precise 

segmentation, classification, and feature extraction from brain vascular extraction images. This 

integration of deep learning techniques not only enhances our ability to interpret 

neuroimaging data but also paves the way for breakthroughs in diagnosing neurological 
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disorders, understanding brain vascular extraction mechanisms, and developing personalized 

treatment strategies [6]. As research continues to refine these approaches, the potential for deep 

learning to transform neuro science remains immense, promising more reliable and insightful 

brain vascular extraction imaging analyses in the future [5]. 

 

II. Related Works 

Image processing and their variants have been extensively employed for automated 

segmentation of brain structures, tumors, and lesions from MRI scans, achieving high accuracy 

and efficiency that surpass traditional methods. It is possible to acquire insight about framing 

techniques towards load balancing, data transfer and/or distribution, and other related topics by 

using web usage mining on web traffic and its behavior [10]. On the other side, online usage 

mining can be used to detect intrusions, frauds, breakthrough attempts, and other things in order 

to handle security, which is extremely important given the fast growing e-commerce and e-

banking activities. 

Recent advancements in deep learning have significantly impacted neuroimaging research, 

leading to the development of robust models capable of handling complex brain data. In 

neurodegenerative disease research, deep learning models have demonstrated remarkable 

success in early diagnosis and disease staging by capturing subtle structural and functional 

changes in brain images, such as those associated with Alzheimer’s and Parkinson’s diseases. 

Furthermore, models like auto encoders and graph image processing have been utilized to 

analyse functional MRI data, uncovering abnormal connectivity patterns linked to psychiatric 

disorders [15]. To enhance robustness across diverse datasets and imaging protocols, 

researchers incorporate techniques such as domain adaptation, data augmentation, and multi-

center training strategies, ensuring consistent performance in real-world clinical settings. These 

works collectively highlight the potential of image processing to provide reliable, scalable, 

and interpretable tools for advancing our understanding of brain vascular extraction structure 

and function within the field of neuroscience [9]. 

Recent research has extensively explored the application of deep learning for brain image 

analysis, emphasizing the development of robust algorithms capable of handling the inherent 

variability and complexity of neuroimaging data. Vessel Skeletonization involves transforming 

a segmented vessel volume in a thin, one-voxel-wide representation that preserves the vessel’s 

topology and shape. Classical skeletonization algorithms include medial axis transformation, 

thinning algorithms, and morphological operations. These methods iteratively vessel regions 

while maintaining connectivity until only the central lines remain. The resulting skeleton 

provides a simplified yet informative representation of the vascular network, highlighting 

vessel paths and branching points [8]. 

Additionally, innovative architectures like U-Net and DenseNet have been adapted for 3D 

brain vessel imaging, improving segmentation precision. In terms of technology, the integration 

of high-performance computing and cloud-based platforms has facilitated processing large-

scale neuroimaging datasets efficiently. Researchers have also focused on developing algorithms 

that improve interpretability and reduce biases, contributing to more reliable neuro science 

insights. 

The application of deep learning techniques in brain vessel image processing has garnered 
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significant attention in recent years, leading to substantial advancements in neuro science. 

Vessel Skeletonization and more advanced architectures such as U-Net, ResNet, and DenseNet 

have been effectively utilized for tasks including brain vessel tissue segmentation, lesion 

detection, and classification of neurological disorders, often outperforming traditional image 

processing methods. These models have demonstrated robustness against variability in imaging 

modalities and noise, owing to techniques like data augmentation, transfer learning, and 

ensemble methods [4]. Furthermore, the integration of deep learning algorithms with 

neuroimaging technologies such as MRI, fMRI, and DTI has enabled more precise and 

automated analysis of brain vessel structure and function, facilitating insights to 

neurodegenerative diseases, brain vascular extraction connectivity, and cognitive functions [3]. 

Researchers have also focused on developing explainable AI models to improve 

interpretability, which is critical for clinical adoption. The continuous evolution of hardware 

and cloud computing platforms has supported the processing of large-scale neuroimaging 

datasets, enabling real-time analysis and robust model deployment. Collectively, these works 

demonstrate a trend toward more accurate, reliable, and scalable brain vascular extraction 

image analysis systems driven by innovative algorithms and emerging neuro science 

technologies. 

 

III. Proposed Work 

In the proposed works, advancements in brain vascular extraction image deep learning and 

image processing are leveraged to enhance neuro science technologies with a focus on 

robustness and accuracy. By integrating state-of-the-art deep learning models such as 

convolutional neural networks (CNNs). 

 

3.1 Public Brain Vascular extraction Image Datasets 

 

Dataset Name Modality Description Usage 

Examples 

 

ADNI 

(Alzheimer's 

Disease 

Neuroimaging 

Initiative) 

 

 

 

MRI, PET 

 

Longitudina

l data for 

Alzheimer’s 

research 

 

 

Disease 

progression, 

biomarkers 

 

OASIS (Open 

Access Series 

of Imaging 

Studies) 

 

 

MRI 

 

Cross- 

sectional 

and 

longitudinal 

MRI data 

 

Brain 

aging, 

atrophy 

studies 
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Dataset Name Modality Description Usage 

Examples 

 

HCP (Human 

Connectome 

Project) 

 

 

MRI, 

fMRI, DTI 

 

High- 

resolution 

imaging of 

healthy 

brains 

 

Connectivit

y, 

functional 

analysis 

 

IBSR (Internet 

Brain 

Segmentation 

Repository) 

 

 

MRI 

 

Brain MRI 

scans with 

manual 

segmentatio

ns 

 

Segmentati

on 

algorithm 

validation 

 

 

IXI Dataset 

 

 

MRI 

 

Brain 

images from 

healthy 

subjects 

 

Normal 

anatomy 

studies 

Image segmentation Reduction 

From figure 3.2 explains the proposed salient vascular candidate extraction method 

(SVCEM) image feature centerline Extraction by Skeletonization. Centerlines can be extracted 

by 3D skeletonization of an initial volume vascular extraction segmentation. Thinning 

algorithms [2] are based on iteratively removing points on the border of the object that do not 

modify its topology (simple points). The remaining set of points is the topological skeleton. 

The problem is that they usually provide a centerline at a pixel/voxel level. Subvoxel accuracy 

may be obtained by other methods. Noise reduction is a fundamental step in digital image 

processing, especially for brain images such as MRI, CT, or PET scans. Removing noise 

improves image quality, enhances the accuracy of subsequent analysis like segmentation, 

feature extraction, and classification. Here's an overview of noise reduction techniques tailored 

for brain image 3D MRA datasets, along with practical considerations. Random variations 

following a normal distribution, common in MRI images due to thermal fluctuations. Diffuses 

the image preferentially along regions of similar intensity, reducing noise while preserving 

edges. 
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Fig. 3.2 Flow Diagram of Brain Vascular  SVCEM Image Extraction Algorithm 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Feature Extraction 

 
Rotation 

Augmentation 

Technique 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Robustness Enhancement & 

SVCEM Feature Extraction 

Deep Learning Model 

Deployment 

Vascular 

Skeletonization 

 
 

 
Model Optimization & 

Validation 

Data Pre-processing 

Image Segmentation 

 

 
Intensity Normalization 
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Intensity Normalization 

Intensity Normalization in image processing, especially in medical imaging like MRI, aims 

to standardize intensity values across images to reduce variability caused by scanner 

differences, acquisition parameters, or patient-specific factors. U-Net, and transformer-based 

architectures, the approach aims to improve the segmentation, classification, and detection of 

various brain abnormalities with high precision. These models are trained on diverse 

neuroimaging 3D MRA Image data, including MRI and fMRI scans, to ensure robustness 

against noise, variability in imaging protocols, and anatomical differences across subjects. To 

further strengthen the reliability of the proposed methods, techniques such as data 

augmentation, transfer learning, and ensemble learning are employed. 

Rotation Augmentation Techniques 

Rotation augmentation is a widely used technique in image processing and deep learning to 

enhance model robustness by artificially rotating images during training. By artificially rotating 

images during training, models become more robust to variations in orientation and can better 

generalize to unseen data. More advanced strategies involve generating multiple augmented 

versions of each image by applying multiple rotations at different fixed angles. This creates a 

richer 3D MRA Image data that exposes the model to various orientations, improving its ability 

to handle rotated objects. When performing rotations, considerations such as padding or 

cropping are important to preserve the original image size and prevent information loss. 

Padding adds borders to accommodate rotation without cropping, while cropping ensures the 

image remains within a fixed dimension. 

Images can be randomly rotated between -15° and +15°, introducing slight orientation 

differences that help the model learn invariance to small rotations. This method involves 

selecting a random angle within the range for each image and rotating it accordingly, often 

using interpolation techniques like bilinear or bicubic interpolation to maintain image quality. 

Another technique is the use of fixed-angle rotations, where  images are rotated by specific 

degrees such as 90°, 180°, or 270°. This approach is particularly useful when the 3D MRA 

Image dataset or application benefits from certain known symmetries or orientations. For 

instance, rotating images by these fixed angles can help models recognize objects regardless of 

their orientation, especially in scenarios like medical imaging or satellite imagery. 

 

3.3 Algorithm of Brain Vascular Image Extraction 

 

Step 1: Collection of neuroimaging 

data (MRI, 

fMRI, DTI) 

  

Step 2: Noise reduction and artifact 

removal 

  

Step 3: Intensity normalization

 and

 skull 

Stripping 
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Step 4: Data Augmentation & 3D 

MRA Image 

Dataset Preparation 

  

 Augmentation

 technique

s (rotation, 

scaling,  flipping)  to  

increase  data 

Diversity 

  

 Splitting 3D MRA Image 

datasets to 

training, validation, and 

testing sets 

  

 Model training with 

augmented data 

  

 Incorporation of transfer 

learning if 

Applicable 

  

Step 5: Deep Learning Model 

Development 

  

Step 6: Model Optimization & 

Validation 

  

 Hyper parameter tuning   

 Cross-validation to ensure 

robustness 

  

 Evaluation metrics 

calculation 

  

Step 7: Multiply the binary mask 

with the 

original image 

  

Step 8: Visualization of

 brain

 vascular 

extraction structures

 and

 detected 

anomalies 

  

Step 9: Extract the brain vascular 

image 

  

Step 

10: 

End   

 

Image 3D MRA Dataset: 
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The integration of advanced image processing algorithms facilitates detailed analysis of 

brain vascular extraction structures, enabling more accurate mapping of image  features.  

Additionally,  the  proposed  work emphasizes the development of neuro science technologies 

that are scalable and adaptable, supporting real-time processing and clinical applicability. 

Overall, these innovations aim to contribute significant improvements in automated brain 

vascular extraction image analysis, fostering better diagnosis, understanding, and treatment of 

neurological conditions. Vascular Extraction of Skeletonization 

Vascular extraction skeletonization and centerline extraction are crucial steps in 

neurovascular image processing, enabling detailed morphological and topological analysis of 

cerebral vascular extractions. By reducing complex vascular extraction structures to their core 

centerlines, these methods facilitate tasks such as measuring vascular extraction length, 

tortuosity, branching points, and connectivity, which are vital for diagnosing cerebrovascular 

diseases and planning surgical interventions. 

The first approach to centerline extraction is interactive manual selection of centreline 

points and interpolation with or without an underlying mathematical curve model, such as a B-

spline. However, this method is not very precise, and automatic algorithms are desirable. Direct 

centerline tracking algorithms start from a initial point or set of points, selected manually or 

automatically in the centerline or its vicinity, and try to iteratively extract consecutive vascular 

extraction centerline points, usually by estimating vascular extraction direction, until the end 

of the branch or tree is reached. Most of these methods also estimate the local vascular 

extraction normal (section plane) and scale (approximate diameter) and differ mainly in the 

image features used for centerline tracking, in their ability to handle bifurcations and in their 

robustness to noise. 

Model Optimization & Validation 

Optimizing as well as validating models in neuro imaging is critical to ensure accurate, 

reliable as well as generalize findings. The process involves various strategies tailored to the 

unique characteristics of neuro imaging data MRI, FMRI, and DTI high dimensionality as well 

as often limited sample sizes. Effective model optimization as well as validation in neuro 

imaging require careful hyper parameter tuning, robust validation strategies as well as 

consideration of neuro biological as well as methodological factors. Employing rigorous 

validation, transparent reporting as well as leveraging advanced techniques can lead to more 

accurate as well as generalizable neuro imaging models. Techniques like spatial 

transformations, noise addition, hyper parameter tuning and its feature selection integrated to 

model neuro image deployment process. 

Robust Enhancement 

Effective brain vascular extraction image analysis relies heavily on the processes of image 

enhancement and feature extraction, which are essential for improving image quality and 

deriving meaningful quantitative metrics. Robust enhancement techniques aim to mitigate the 

effects of noise, artifacts, and intensity in homogeneities commonly present in neuroimaging 

data. Methods such as non-local means denoising, anisotropic diffusion, and wavelet-based 

filtering are frequently employed to suppress noise while preserving critical anatomical details. 

Contrast enhancement methods like adaptive histogram equalization (CLAHE) and gamma 

correction are used to improve the visibility of brain vascular extraction structures, facilitating 
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more accurate segmentation and analysis. Additionally, bias field correction algorithms, such 

as N4ITK, are applied to address intensity in homogeneities caused by scanner artifacts, 

ensuring consistent image quality across 3D MRA Image data. 

Feature Extraction 

Once the images are adequately enhanced, feature extraction becomes the next critical step. 

Structural features include measures like gray matter volume, cortical thickness, surface area, 

and shape descriptors, which provide insights to anatomical variations associated with 

neurological conditions. Functional features involve assessing brain vascular extraction 

activity and connectivity patterns, such as resting-state functional connectivity matrices, 

amplitude of low- frequency fluctuations (ALFF), and regional homogeneity (ReHo), which 

reflect the brain’s functional organization. Texture analysis techniques, including Haralick 

features and wavelet-based features, learning, to assess the performance of a test or model in 

capture subtle patterns within tissues that may be identifying positive instances correctly. 

indicative of pathology. Recently, deep learning approaches have been 

increasingly adopted to automatically learn hierarchical features directly from raw or enhanced 

images, often leading to improved robustness and discriminative power. 

Integrating these enhancement and feature extraction processes to a comprehensive pipeline 

ensures the development of robust, reliable, and reproducible neuroimaging biomarkers. Proper 

preprocessing including skull stripping, spatial normalization, and artifact correction combined 

with advanced enhancement and feature extraction techniques, enhances the quality and 

consistency of brain vascular extraction images. This foundation enables more accurate 

downstream analyses such as lesion detection, disease classification, and brain vascular 

extraction connectivity studies, ultimately advancing our understanding of neurobiological 

processes and disorders. 

Compared with the convolutional auto encoder method(CAE) can successfully detects the 

main branchings, meanwhile in some cases smaller branchings at the lowest parts of the vessel 

tree, have been missed. Compared to existing algorithms, the CAE method for segmentation 

usually incorrectly labels bright noise regions as vessel and cannot recover very fine vessels 

which may appear in the final segmentation result. Hence, such method can segment an object 

well unless the contrast between the object and background are relatively easy to distinguish. 

The extraction result obtained using the fully convolutional neural network (FCN). When 

comparing with other methods, the FCN achieved a higher performance on brain vessel 

segmentation. Nevertheless, the FCN architecture still demonstrates its inability to detect fairly 

thin 

 

IV. Results And Discussions 

Sensitivity, also known as the True Positive Rate (TPR) or Recall, is a measure used in 

classification problems, especially in medical testing and machine  

Sensitivity = 
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 (𝑇𝑃) 

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 (𝑇𝑃)+𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠(𝐹𝑁) 

- ---------------------------------------------------------- (1) 
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Specificity, also known as the True Negative Rate (TNR), measures how well a test or model 

correctly identifies negative cases those without the condition or class of interest. 

Specificity= 
 𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠(𝑇𝑁)  

 

𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠 (𝑇𝑁)+𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠(𝐹𝑃) 

- ------------------------------------------------------------ (2) 

Precision is a metric that measures how many of the positive predictions made by a model 

are actually correct. It's especially useful when the cost of false positives is high. 

Precision= 
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑖𝑒𝑠 (𝑇𝑃) 

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑖𝑒𝑠 (𝑇𝑃)+𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠(𝐹𝑃) 

 

- ---------------------------------------------------------- (3) 

 

Accuracy is a commonly used metric that measures the overall correctness of a classification 

model. It tells us how often the model gets predictions right, regardless of the class (positive or 

negative). 

 

Accuracy= 
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑖𝑒𝑠 (𝑇𝑃)+𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠 (𝑇𝑁) 

𝑇𝑜𝑡𝑎𝑙 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠 

 

- ---------------------------------------------------------- (4) 

 

The features that extracted for the task of classification, first define a vessel branch 

connectivity operation from the filtered result. The main purpose of the connection scheme is 

to decompose the volumetric information to a set of connected components in the vessel 

candidate space. Our relatively simple connection operation of the 3D data circumvents the 

usage of 3D voxels directly. This is of particular interest to differentiate between the brain 

tissues and the real vessels which needs to be preserved. And it not only greatly reduces the 

computational burden for training and testing, but also more importantly, alleviates the severe 

lack of sufficient training sample problem, especially in the medical imaging domain. 

Table 4.1 Image Extraction using SVCEM Algorithm for Deep Learning method 

Methods Sensitivity Specificity Precision Accuracy 

CNN 0.78261 0.8012 0.8122 0.8312 

CAE 0.8326 0.8215 0.8211 0.8318 

FCA 0.8416 0.8434 0.8345 0.8431 
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SVCEM 0.8625 0.8627 0.8624 0.8542 

In Table.4.1 explains the brain vascular extraction image Extraction result for image 

classification proposed Salient vessel candidate extraction (SVCEM) method with existing 

methods. The proposed SVCEM work discovering Vascular Image Extraction gives 0.8431 of 

Accuracy and 0.8542 values in Sensitivity. While comparing the existing methods the proposed 

method produce the high Specificity results. 

 

 
Fig.4.2 Image Extraction using SVCEM Algorithm 

The proposed SVCEM work discovering Vascular Image Extraction gives 0.8431 of 

Accuracy and 0.8542 values in Sensitivity. While comparing the existing methods  the  

proposed  method  produce  the  high  Specificity results. In Fig.4.3 explains the brain 

vascular extraction image Extraction result for image classification proposed Salient vessel 

candidates extraction (SVCEM) method with existing methods. 

 

V. Conclusion 

The proposed SVCEM method extract the image for accurately extracting brain vascular 

architecture from 3D MRA imaging data that takes to account multiple scale filtering, vessel 

connectivity, and deep learning. Even while statistical measurements are frequently used in 

angiography to determine vascular anatomy and segment images, other factors, such geometric 

shapes, may also have an impact. It was shown that the intensity insufficient vessel area could 

be better approximated by using more derivative information to the extraction process. 

Reducing the volume scale and increasing the training sample are two benefits of the approach's 

subsequent step, the introduction of connected regions. Additionally, because brain tissues are 

linked to larger vessels and cannot be separated in this way, they are difficult to classify and 

should be handled differently. Salient vessel candidates extraction method (SVCEM) are 

gathered by an additional post-processing step in the image processing procedure, and vessel 

connectivity is increased through the use of an improved multi-scale filtering approach. After 

SVCEM is decomposed the linked areas, the features that were computed are used to train a 

0.88 

0.86 

0.84 

0.82 

0.8 

0.78 

0.76 

0.74 

CNN CAE FCA SVCEM 

Sensitivity Specificity Precision Accuracy 
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neural network classifier. Using the values of neighboring voxels that are a component of the 

connection, the trained neural network is applied to each linked region independently for 

extraction. 
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