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ABSTRACT 
The survival rate of patient’s has been reduced if brain tumor types are misdiagnosed, which can stop an efficient 
response to medical intervention. In traditional method, brain tumor have been differentiated by inspecting the MRI 
images of the patient’s brain. However in existing with large amount of data and different type of tumor identification 
consume more time and prone to human errors. The introduction of attention-based mechanism in medical imaging 
have been shown an accurate diagnostic, especially in identification and classification of brain tumor. In this study, 
an novel of hybrid knowledge distillation transformer model with improved U-net model is used for brain tumor 
detection. This paper is divided into four phases: pre-processing, identification, feature extraction and classification. 
Initially input images were pre-processed by using Trimmed pixel density based median filter (Pix-TrMed). From pre-
processed image identify the tumor, which have been performed by Grouped dense residual convolution based U-Net 
model (Grp-DRcU-Net) model. After tumor identification, extract the important feature from the identified tumor 
outcomes, which is performed by improved ResNet (Im-ResN) model. Based on these extraction, classify the various 
types of tumors such as necrotic tumor core (NCR), peritumoral edema (ED) and enhancing tumor (ET) . The 
classification of brain tumor is performed by Network pruning assisted tripartite attention based knowledge distillation 
in dense convolutional transformers (Netr-HDCViT). The experimental result of this study is conduct on two datasets, 
such as BRATS 2020 and 2021, the analysis done on this datasets has achieve better performances in term of 
accuracy at values of 98.83% and 98.56% respectively 
Keywords: Brain tumor, Trimmed pixel, Dense Residual, Tripartite Attention, Knowledge distillation, Pruning 
 
1. INTRODUCTION 
The mortality rate of the brain cancer has been reduced by detecting brain tumors in the earlier stages 
using various imaging techniques like positron emission tomography (PET), computed tomography (CT). 
Among these images, magnetic resonance images (MRI) are used in the medical field for identification of 
brain tumor these imaging techniques. In recent years, advanced deep learning (DL) and machine 
learning (ML) algorithms are used for automatic detection of brain tumor, identification and classification 
[1, 2]. Brain tumors are usually divided into primary and secondary tumors. Primary tumors are originated 
from central nervous system and secondary tumors are originated from lungs, mammary glans and 
digestive tract [3]. For brain tumor segmentation, various algorithms are introduced such as U-Net, 
threshold based segmentation approach and so on. Classification of brain tumor has been performed by 
various algorithms like k-nearest neighboring (KNN), support vector machine (SVM), decision tree (DT), 
principal component analysis (PCA) and so on are used to enhance the performances [4]. For early 
detection and accurate diagnosis of brain tumor treatment, computer aided diagnosis (CAD) model has 
implemented medical image analysis precisely and rapidly with reproducible results [5]. 
ML algorithms are rapidly increasing and helpful tool for various prognosis and diagnosis of diseases, 
tissue segmentation and image classification. Convolutional neural networks (CNN) and autoencoder is 
mostly used for successful image processing technique [6]. For analysis, classification and detection 
process in healthcare industry, DL models such as ResNet, AlexNet, GoogleNet, VGG and so on were 
used for accurate prediction [7]. In order to extract high relevant features and making accurate predictions 
of brain tumor from input brain images using deep neural networks (DNN). This model has use millions 
of parameters, hierarchical model and learn from large database to solve classification problems [8]. MRI 
images are taken from three different directions such as sagittal, axial and coronal, which is mostly used 
in now-a-days for tumor detection in brain images. To overcome the issues of computational cost, very 
less model robustness by ResNet model [9, 10]. 



International Journal of Environmental Sciences 
ISSN: 2229-7359 
Vol. 11 No. 23s, 2025 
https://theaspd.com/index.php 

3792 

A novel DL ensemble model has been used to solve the issues like, important information were lost by 
traditional algorithm at the time of classification. Shallow CNN and VGG 16 models are designed on 
kera’s frameworks, which are used to extract high-level information about tumors and helps to gathers 
deep features [11]. By using you only look once (YOLO) v7 algorithm are used for automatic brain tumor 
detection, which helps to reduce false detection and reduce the loss of human lives [12]. In various 
research, detection has been performed by various stages such as pre-processing, feature extraction, 
classification and so on. In pre-processing stage, the original images are blend into sharp images to 
enhance effects and these images are converted into gray scale images with resolution of 255 x 255 pixels 
[13]. A deep transfer learning CNN models were used for deep feature extraction from the input images 
and 3D incremental deep CNN model were widely used for automatic segmentation of brain tumor 
images [14, 15]. Various optimization algorithms like gray wolf, lizard, ant colony and so on were used 
for tuning purposes to reduce the loss function and model complexity. 
1.1 Motivation and Problem statement 
One of the deadliest and most prevalent types of disease in both young people and adults are brain 
tumors. Many deep learning models are developed to detect the brain tumors in MRI images but, a very 
few techniques are employed the segment the tumor regions. Also these approaches include some 
drawbacks in terms of reduced performance, misidentification, highly complex for training the data 
effectively, and limited features to train the model. In addition to that, some other existing limitations 
like high time consumption, less accuracy, less model robustness unable to extract long range features, 
global features and so on. By motivating this issues, introduce the novel method of hybrid knowledge 
distillation transformer model for brain tumor detection with effective identification approaches. In this 
research, novel model of tumor identification is Grp-DRcU-Net, here dense block has make the training 
easily and reduce the vanish gradient problem. However residual connection present in this novel model 
has make the feature mapping as easily and feature can be reusable. In traditional identification of tumor 
by using neural networks, which had require considerable of time for training. Meanwhile, in this study 
use advanced technique of Im-ResN model to extract the feature from the image. This model has require 
only minimal parameter, which has achieve good performance, in addition model has improve the quality 
of feature extraction and reduce the computational expensive. However batch size, learning rate and layers 
present in this extraction model has reduce the fitting issues.   In conventional feature can be extracted 
by using CNN approach, but this baseline method reduce the evaluation of accuracy rate. The effectives 
of brain tumor classification have been proceed by advanced novel technique of Netr-HDCViT model. 
Here knowledge distillation has reduce the computational load and improve the accuracy over 
classification model. Additionally dense convolutional layer capture the long range dependencies, 
similarly the classification model is assist with tripartite attention, which is used within transformer block. 
However, these advanced attention mechanism, capture the local and global context effectively. In 
addition to that integrate the network pruning, this can make the classifier model as more efficiency and 
reduce the size of model as well as improve the performance. The major contribution of this research 
work is discussed in below, 
• To identification tumor portion from the pre-processed brain MRI images using Grouped dense 
residual convolution based U-Net model (Grp-DRcU-Net). 
• To extract essential features from identified images using improved ResNet (Im-ResN) model. 
• To classify various types of brain tumor based on gathered features using Network pruning assisted 
tripartite attention based knowledge distillation in dense convolutional transformers (Netr-HDCViT), 
which helps to enhance model accuracy and robustness 
• To reduce loss function network size of the classifier model using network pruning mechanism in the 
training phase of the classifier model. 
The rest of the paper is organized as following: in section 2 explain the existing survey related to brain 
tumor classification, section 3 describes the proposed methodology of this research work, section 4 discuss 
the performance of the proposed work and section 5 conclude the research work with feature scope. 
 
2. RELATED WORKS 
Hossain et al. [16] suggested a transfer learning based multiclass classification model called IVX16 were 
used for accurate detection of brain tumor from MRI images. Here, the dataset contains totally 3264 MRI 
brain images for accurate classification, which were used for performances analysis like accuracy, 
precision, recall and f1-score. This suggested model was compared with various existing models like VGG 
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16, VGG 19, Inception, ResNet V2, ResNet 50 and Inception V3. To check the model validity by 
implementing local interpretable model agnostic explanation (LIME) analysis for this approach. This 
approach were deal with solving overfitting issues and reduce the complexity issues by dealing with 
complex pattern in images. This model didn’t able to extract long range dependencies features from the 
input images was one of the major limitations in this model. 
Aloraini et al. [17] suggested a hybrid transformer enhanced CNN (TECNN) model for brain tumor 
classification with effective attention mechanism. Here, local features were extracted by CNN model and 
global features were gathered by attention based transformer model. This approach has used two different 
datasets like BRATS 2018 and Figshare dataset, which contains various classes like glioma, high grade 
glioma, low grade glioma and meningioma. Very high weights model were used in this approach was one 
of the major limitations, which reduce the model superiority, efficiency and accuracy. 
Liu et al. [18] suggested a hybrid CNN transformer network with semantic awareness for accurate brain 
tumor segmentation task. By integrating global and local features at the encoding stage by semantic 
mutual attention (SMA) for better effective performances. Here, the SMA was hybridized with Swin 
transformer model with benefits of depth-spatial separable convolution (DSConv). The performances 
such intersection of union  (IoU) dicer score and so on were evaluated and for this approach, which was 
compared with various existing models like 3D U-Net, attention based U-Net model and so on. 
Reddy, C et al. [19] suggested a fine tuned vision transformer model for brain tumor classification, which 
was compared with existing models like MobileNet v2, Efficient Net B0 and ResNet 50. Here, the dataset 
was collected from open source, which contains 7023 MRI images, which contains various classes like 
glioma, pituitary, meningioma and no tumor. Initially, image flipping, resizing, rotation, and 
normalization was performed in the pre-processing stages. At second stage, which was passed into pre-
trained model for feature extraction and classifications. 
Pacal et al. [20] suggested a hybrid shifted windows multi-head self-attention module (HSW-MSA with 
rescaled model used to enhance classification accuracy, simplified training complexity and reduced 
memory usage. Here, residual multi-layer perceptron (MLP) was used instead of traditional MLP in Swin 
transformer model to enhance model performances. The performances such as accuracy, precision, recall 
and f1-score were evaluated and compared with recent existing models to show the efficiency of this 
approach. 
The segmentation of brain tumor was an essential for image analysis, fully convolutional neural networks 
(FCNN) model shown a standard 3D medical image segmentation. However due to limited kernel size in 
FCNN had degrade the performance of tumor segmentation. To overcome this issues, Hatamizadeh et 
al. [21] suggested the Swin UNET transformer model (SWIM UNETR) to segment the brain tumor. Here 
Swin transformer encoder extract features at five different resolution, also utilizing self-attention 
mechanism, which was connected to FCCN based decoder. However the performance of suggested 
segmentation model was illustrated by Brats 2021 dataset, moreover, the suggested  model had 
demonstrated long range information and its limitation was segment a tumors with variable size. 
In medical field, MRI brain tumor segmentation was essential for prediction and diagnosis. The 
difficulties in brain tumor segments was mainly because of shape, structure, frequency and their 
intensities, so researcher Aggarwal et al. [22] recently suggested the improved residual network (ResNet)  
for tumor segmentation. Here suggested model improve details present in connection links and improved 
the shortcut projection. However the suggested model improve the accuracy and precision, meanwhile 
speed up the learning process. The performance of suggested model analysis was evaluated by using 
BRATS 2020 dataset, and the model had occur improved more than 10% of accuracy, recall and F1-score 
over other existing methods like FCNN, CNN and so on. The limitation exhibits in this ResNet model 
was require more time to process and some other gradient diffusion become difficult to train. 
In tumour diagnosis, segmentation was an important task, for treatment research in this area had 
detecting the location of tumor in early stage. Aboussaleh et al. [23] suggested the improved U-net model 
called inception U-net. This suggested model employed the inception block, and skip connection of U-
Net had used the bi-directional feature pyramid neural (Bi-FPN) network for segmentation. However the 
suggested model was compared with several imaging segmentation and their performance was evaluated 
by publically available BraTS dataset. Similarly the suggested model employee promising result in term of 
accuracy at values of 87.8% respectively. Further limitation of this suggested model was increase the 
computational complexity. 
The main requirement of brain tumor extraction was, segmentation and annotation of tumor boundaries 
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correctly.   Gunasekara et al. [24] suggested the DL based chan-vese algorithm to detect the tumor 
boundaries for segmentation process. Initially introduced the convolutional neural network (CNN) 
classifier model, then implemented the region based convolutional neural network (R-CNN) model, 
which was performed on classified images and localize the tumor region. Finally the suggested model, 
concentrated to tumor boundary for segmentation process. Based on segmentation process, evaluate the 
overall performance in term of, PSNR and MAE, at values of 77.076 and 52.946 respectively. Compare 
to classical segmentation, bounder based segmentation is quite difficult and utilize more cost of 
effectiveness. Table 1 represent the comparative analysis of existing model 

Author Models Merits Demerits 
Hossain et al. [16] Multiclass 

classification model 
called IVX16 

• Improve accuracy 
• Reduce saleable 
• More efficient 
 

• Merging several 
model add more 
complexity 

Aloraini et al. [17] Hybrid transformer 
enhanced CNN 
(TECNN) 

• Detecting at good 
• Robust 
• Training process 
were happen at end 
to end 

• Sequential data 
possess limited 
effectiveness 
• Difficult to 
interpretable 

Liu et al. [18] Hybrid CNN 
transformer network 

• More efficient 
• Improve the 
extraction of low 
level feature 

• Prone to 
overfitting 
• Under extreme 
condition require 
limited performance 

Reddy C et al. [19] Vision transformer 
model 

• More 
interpretable 
• Trained on large 
dataset 
• Efficient for 
segmentation 

• Require large 
dataset to train 
effectively 
• Training become 
computationally 
expensive 

Pacal et al. [20] Hybrid shifted 
windows multi-head 
self-attention module 
(HSW-MSA 

• Greater efficiency 
• Non overlapping 
of  local window 

• Limits in window 
size 
• Capturing of 
spatial and temporal 
become difficult. 

Hatamizadeh et al. 
[21] 

Swin UNET 
transformer model 
(SWIM UNETR) 

• Achieve high 
predication in term 
of segmentation 
localization 

• Global contextual 
and long term 
dependices become 
inefficient 

Aggarwal et al. [22] Improved residual 
network (ResNet) 

• Reduce model 
complexity 
• Deeper network 
has train efficiently 

• Heavy load of 
computation 
• Require more 
memory 

Aboussaleh et al. [23] Improved U-net 
model 

• Better 
performance 
• Handle complex 
data 

• Generalization 
issues 
• data become 
imbalance 

Gunasekara et al. 
[24] 

Chan-vese algorithm • Flexible and 
powerful 
• Easy to 
implement 

• Consume more 
time 
• Initial stage 
become more 
sensitive 

In existing survey, various researcher had analysis the brain tumor segmentation by using various 
techniques. In existing, various limitations had noted such as model did not able to extract long range 
dependencies feature from the input image. However in existing model had reduce the efficiency, 
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superiority and accuracy, meanwhile in existing segment the image with variable size. Moreover existing 
model had taken more time to process and gradient diffusion process were difficult to train. Furthermore 
limitations of this model was increase the computational complexity and so on. These all the overall 
limitations, noted from existing survey. 
 
3. PROPOSED METHODOLOGY 
In this research work a novel hybrid knowledge distillation transformer model with improved U-Net 
model is introduced for brain tumor detection.  The work flow of this research work is represent in Figure 
1 

Dataset 

BRATS 2020

BRATS 2021 

Pre-processing 

Trimmed pixel density 

based median filter 

Image 

acquisition 
Tumor 

identification 

necrotic tumor core 

Grouped dense 

residual 

convolution based 

U-Net model

Feature extraction 

improved ResNet 

Classification 

Network pruning 

assisted tripartite 

attention based 

knowledge distillation 

in dense convolutional 

transformers 

peritumoral edema 

enhancing tumor 

 
Figure 1: Overall architecture of proposed model 
These architecture describes the work flow of research work, Initially, the input images are collected from 
open source datasets namely BRATS 2020 and 2021. Here, the input images are pre-processed by Pix-
TrMed filter. From that pre-processed images, tumor identification has been performed by Grp-DRcU-
Net .The essential features are extracted from the identified tumor outcomes using (Im-ResN model. 
Based on these selected features, various types of classes such necrotic tumor core (NCR), peritumoral 
edema (ED), enhancing tumor (ET) and normal class has been identified by Netr-HDCViT. These are 
the steps to follows for brain tumor classification and detection. 
3.1 Pre-processing the image by using Trimmed pixel density based median filter 
In this study for brain tumor classification, initially pre-processed the input image, which is collected from 
open source dataset.  The images were present with some noises like speckle noise, salt and pepper noise, 
Gaussian noise and so on. These noises were removed by using bilateral filter, Gaussian filter and some 
other filters, but these filters had smoothen the input image properly.  However, the   images were shown 
the distortion on their edges and increase the intensity of value of pixel, which may loss the image 
sharpness. Similarly task may appear at edges can loss the important features, to tackle this issues, 
introduce Pix-TrMed filter [25]. Here Pix-TrMed filter woks at two stages, in first stage, filter tests the 
pixels and determine, whether it is decompose by salt and pepper noise or not. Next corrupted pixels 
were identified and this filter has check, if corrupted pixels is noisy or not. The maximum number of test 
pixel is 225 and it is present with window size of 33 , so the filter has treat the 255 pixel at non-noisy 
one. For better understandable, the detail process of denoising is given in below algorithm.  The steps to 
involves in Pix-TrMed are follow as 
Step 1:  Consider input noisy image ( )( )jiMM ;:=  and its pixel is ( )jiM .  

Step2:  Restored the input image as ( )jiq ,  
Step 3: Check and read the all i  and j  in input noisy image 

Step 4:  Select test pixel ( )jiM , , if pixel is equal to zero or 255, it is said to be corrupted pixels and select 

the window size 33 . 
Step 4.1: If all the nine samples are in window size 33  of 0 and 225 only, then step 4.1 follow two cases 
are possible 
 
Else Step 4.2. 
Case 1: If atleast six samples in window mask are 0, then test pixel ( )jiM ,  is conserved as non-corrupted 



International Journal of Environmental Sciences 
ISSN: 2229-7359 
Vol. 11 No. 23s, 2025 
https://theaspd.com/index.php 

3796 

pixels and current pixels is unaffected that is 0. 
Case 2 : If atleast six samples in window mask are 255, then test pixel  ( )jiM ,  is conserved as non-
corrupted pixels and current pixels is unaffected that is 256. 
Step 4.2: If suppose nine samples are selected in window mask are not 0 and 255, then following two 
cases are possible. 
Case 1:  If atleast one pixel in selected window size 33 , has satisfy the condition of ( ) 10,0  jiM  or 

245< ( ) 255, jiM  then following steps are possible, else case 2 
i. In selected window size  maximum number of recurring pixels are identified 
ii. The median values has calculated from those maximum repetitive pixel values 
iii. Next obtained median values has replace the present processing pixel ( )jiM ,  

Case 2:  Remove every pixels, which having pixel values at 0 and 255. As per widow mask, next compute 
the median value for remaining element. Finally replace the current processing pixel ( )jiN ,  with 

computed median value. 
Step 5: If ( ) 255,0  jiN , then test pixel is conserved as uncorrupted pixel and value of test pixel is 

kept as unaffected. 
Finally, replaced or modified pixel has make as denoised pixel and this algorithm is suitable for entire 
pixel range of image, and its outcome become a denoised image. 
3.2 Tumor identification by using Grouped dense residual convolution based U-Net model 
After-preprocessing, the CNN model has identified the tumor, but this model had handle limited number 
of task.  Based on overall analysis performance, the model had minimize its accuracy and increase the 
complexity [26]. In this study, identification model of Grp-DRcU-Net has effectively identified the tumor. 
Here initially used the grouped dense convolutional model, which has improve the structure of U-Net 
model with convolutional block attention module. However, these structure is added to the decoder 
module, which is focus towards the tumor feature in input image and extract the relevant feature. 
Meanwhile, upsampling is performed on decoder by the use of bilinear interpolation, which can improve 
the accuracy of tumor identification model.  The Grp-DRcU-Net model contain four layer of encoder 
and decoder, in encoder grouped residual convolutional model is used for image downsampling with 64 
filter. In between encoder and decoder, the skip connection used to introduce low-level information at 
appropriate scale into the decoder. In convolutional block attention mechanism module (CBAM) has 
employ low-level input data from the skip connection for additional feature learning, the decoder has 
combined with high-level feature data. Moreover, the image upsampled can be done by using bilinear 
interpolation technique, which has restored its original size. Figure 2 represent the tumor identification 
architecture 

Dense layer 

2* conv, Kernal 2x2 
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Downsampling 
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Skip connection 
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Conv, kernel, 1x1 ,sigmoid 

3 64 64 64

128

256

512

1024

5121024

512 256

256 128

128 64 64 1

 
Figure 2: Architecture of grouped dense residual convolution based U-Net model 
In CNN, the dense network layer has mapped the more number of feature and extracted the detailed 
feature. Basically, the high level features are at more representative and low level feature contain noise as 
well as raw information. While applying convolution operation at low level features, it helps to filters 
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more useful feature. Similarly to obtained effective feature information, implement the grouped 
convolutional. The grouped convolution consist of filter bank that convolves and separate the input 
feature at various depth. In between the filters has use the sparse relationship, which helps the grouped 
convolution to took redundant information and better features from respective filter part. Therefore, the 
model has enhance the feature extraction. Further, in grouped filtering, each group of filter had perform 
convolution calculation of image in their own group, and reduce its parameter and computation. Based 
on inspiration of ResNet model, integrate a residual connection to dense layer and indirectly learn the 
residual relationship between input and output layer. These improvement can enhanced the convergence 
rate of model and achieve higher identification accuracy. 
3.3 Feature extraction by using improved ResNet model 
In this section, extract the important feature from the identified tumor, an wide range of feature 
extraction technique were exist such as ResNet, CapsNet and CNN.  These extraction technique has 
make the training process as complicated. Similarly, the use of   advanced feature extraction model of Im-
ResN has make the training process efficient [27]. The Im-ResN model has placed in first position to 
extract the feature, initially ResNet block is built with input parameter y  and output target ( )yG . This 

residual block has utilize the shortcut connection to learn input residual ( ) ( ) xyGyH −=  and make 

them us target output ( ) yyH + . However, due to many convolutional layer present in residual block 
has reduce the accuracy rate and degrade the performance. The two or more layer present in convolutional 
layer can be skipped with the help of skip connection and perform the identity mapping as directly. Due 
to learning some functions without reference ( )Y , residual has make as to create reference ( )Y  for each 

input layer’s and learns to generate a residual function. The residual function can depend on number of 
network layer and make easier to optimize. The mapping function of residual is formulated in below 
equation 

( )yUUH 12 =                     (1) 
Here activation function of ReLU is denoted as , then y  represent the output, which is obtained 
through second ReLU and shortcut connection. Figure 3: represent architecture of feature extraction. 
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Figure 3: Architecture of Improved ResNet model 
The ResNet 18 model is introduced here for feature extraction. Initially from input image extract the one-
dimensional convolutional kernel with length of 32 similarly ResNet 18 model is used for two 
dimensional of feature extraction with convolutional of small kernel size of 33 . Basically, the image 
resolution of direct input network is relatively low, but feature extraction has require large convolutional 
kernel to solve the problem. An ResNet 18 model is improved by adding a dilated convolutional layer.  
Generally Im-ResN model contain, four layers such as convolutional layer, classic ResNet-18 layer, fully 
connected layer (FC), and dilated convolutional layer.  The initial stage of convolutional layer is act as 
basic feature extraction on input image. The second stage has use the classic ResNet-18 model which can 
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act as best for tumor classification. In addition to that input layer are convoluted as double and ReLU, 
modified linear unit is added between two convolutions. However, it occur overfitting problem. On the 
other hand, before convolution of data are inputted into poling layer, which divides the input image into 
feature region  and assign maximum value in that region, therefore region has reduced the number of 
parameter. The purpose of second stage is to avoid the optimization and make the models fast converge. 
In order to enhance the performance, use the Im-ResN model as the third part, here batch norm is added 
before the classical ResNet-18 structure to activate the training of network and maintain the model as 
stability. Similarly the features were sent to fourth stage of FC layer, here output features are mapped to 
FC layer at one-dimension of vector, and this vector is regressed by softmax function. The function of 
softmax is formulated in below equation 

reinputfeatux =           (2) 

( )


−

=

==
1

0

lg

lg

lgmax
n

i

ji
i

i

e

e
softP                (3) 

Here input feature is correspond to classification of tumor type image, x  represent the thermal code and 

iP  denote the probability of tumor sample belongs to thi value. However, the ith       value of output 

vector logits is represent as ilg , which is used for probability of extraction result. Compare to existing 

model, the proposed of Im-ResN model make the extraction of image at shorter computational time as 
well as reduce the time of image training process. 
3.4  Tumor classification Network pruning assisted tripartite attention based knowledge 
distillation in dense convolutional transformers (Netr-HDCViT) 
The essential features has been extracted, and classify the tumor into various classes such as necrotic 
tumor core (NCR), peritumoral edema (ED), enhancing tumor (ET) and normal class has been classified 
by  DL approaches such as  CNN, RNN, DNN and many more. These technique cannot focus on main 
area of tumor also it cannot consider its relationship with the nearby tissues, because it show a crucial 
sign of tumor type. In this study, tumor have been classified by hybrid architecture of Netr-HDCViT 
model, here network pruning is used to reduce the size of parameter. However vision transformer assist 
in classifier model has reduce the complexity [28].  In DL, Knowledge distillation is one of the technique, 
here knowledge from complex model is referred as teacher model and transferred to simpler small model 
is known as student model. The function of knowledge distillation is to compress the knowledge of larger 
model into smaller one with loss of any performance. Before distilled knowledge, initially trained the 
teacher model, it is basically a large model, which is trained on respective dataset and achieve higher 
accuracy. The main goal behind the knowledge distillation is probability distribution of teacher model 
prediction and soft targets for student model. The output of teacher models are soften by applying a 
temperature to softmax function.  The result of higher temperature in softer probabilities provide more 
information about different classes. Typically student model training has involves combination of two 
losses. The loss of distillation measures the difference between the softened output of teacher and student 
model. The original loss measures the variations between student prediction and original hard labels. 
After training, student model is the last one to be utilized in real-world application and it should 
assimilated a large portion of the teacher knowledge. Further resulting a model as smaller and quicker, 
but maintaining a comparatively high accuracy. Figure 4: represent the classification architecture 
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Figure 4: Network pruning assisted tripartite attention based knowledge distillation in dense 
convolutional transformers 
In this research, knowledge distillation has employed transformer based attention for tumor classification. 
The process involved to be splitting the image into patches, then linearly embedded to them, and 
processing embedded patches. In teacher and student transformer, the images are split into patches and 
each patches are embedded into D -dimensional vector. 

( )ii PEmbedy =                (4) 

Here iP  represent the i  patch and its embedding is denoted as iy , the tumor classification based on 

distillation is computed as follows. In classifier, the standard softmax function is formulated in below 
equation. 

( )
 =

=
c

j

v

v

i
j

i

e

e
vsoft

1

max            (5) 

Here v  represent, logits vector produced on model and number of classes is denoted as c . In distilling 
knowledge, the modified temperature T  is formulated in below equation. 

( )
 =

=
c

i

Tv

T
v

iT
i

i

e

e
vSoft

1

max         (6) 

The standard softmax function 1=T increases, the output of softmax become softer and uniform. 
Combining, the distillation loss and original loss has results the overall student loss utilized in knowledge 
distillation. 

( ) ondistillatioriginal LLL  −+= 1          (7) 

Here  specifies the hyperparameter, which weights the two losses, the original loss between, student 
prediction and true label is formulated by using standard cross-entropy. 
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( )( )i
c

i ioriginal ssoftxL maxlog
1 =

=                (8) 

Here x  represent true label of one-hot encoded, in student model, logits produced is mentioned as s .  
Based on computing formula, the ondistiilatiL    is the cross entropy between teacher and students softened 

prediction. 

( ) ( )( )iTi

c

i Tondistillati ssofttsoftL maxlogmax
1

−=  =
          (9) 

Here, logit produced by teacher model is denoted as t   and student model is denoted as s .  The 
temperature T  has softened the both model. At training, teacher model is trained as isolation, then 
trained the student model and calculated the 

originalL  and ondistillatiL then combined them by using L . In 

knowledge distillation, utilized four transformer block for teacher model, then each transformer block is 
well-found with two block of tripartite attention. However for student model utilized two block of 
transformer and each block is undergoing two cycle of  tripartite attention. The tripartite attention is 
explained in below section. 
3.4.1 Tripartite attention 
The transformer block has adapted the tripartite attention (TA) for multiclass brain tumor classification.  
For detail process of tripartite attention, first understand the concept of self- attention mechanism.  In 
transformer, self-attention mechanism has allow each position in the input sequence to attend every 
position in the preceding layer of sequence. This process concurrently done for every position is known 
as self-attention. Meanwhile, for multi-head attention, the process has done multi-heads to attend 
information from different subspace representation at different position.  The patch of input image is 
linearly projected into three vectors such as queries ( )A  , key ( )B  and values ( )C , similarly, this will 

happened for each head h  using different linear projection. 
C

hh

B

hh

A

hh YWCYWBYWA === ,,          (10) 

Here Y  is the input of self-attention layer, and the weight matrices of queries, keys and values are 
represented as B

h

A

h WW ,  and C

hW  for head h . However, in each head, attention score is evaluated by 

using softmax of the dot product. The detailed operation is formulated in below equation. 

( ) C
d

AB
softCBAAttention

b

T














= max,,              (11) 

Here key vector dimension is denoted as bd  and each row of matrix has applied the softmax to create a 

probability distribution. However concatenated, the each head’s output and once again linearly projected 
to obtained final value of multi-head attention output. 

( ) ( )hheadheadconcatCBAttentionMultiheada ,,....,,, 1=            (12) 

Here each ( )hhhh CBAAttentionhead ,,= , often in transformer, each layer in attention has followed 

the   residual connection and layer normalization. The tripartite attention follows three different 
attentions such as global attention, neighborhood attention and cross attention. In tripartite attention 
map has been computed by cross attention and token has been allowed from neighbourhood and global 
attention map sequences. The query sequence, A   were embedding from neighborhood attention and 
context sequence (key and value) S were embedding from global attention. The sequence 

CBA SWCSWBAWA === ,,   are created by using weighted matrices sequence of ,, BA WW and
cW , respectively. 

( ) ( ) '''' max,, CRsoftCBAattentTripartite =                (13) 

Here  
b

T

d

AB
S =  and TB   represent the matrix transpose ofK .  However, this way can tripartite 

attention model generate the output, and considered the relevant information from two different 
sequences. Moreover one sequence has operates the low contextual and other can operate as global 
contextual level, which can be leads for significant feature extraction of different brain tumors and classify 
its type accurately. 
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3.4.2 Transformer pruning 
The architecture of transformer has noticed the decreasing of MSHA and MLP, so introduced the 
pruning technique, which can prune the dimension of   linear projection by their related significant 
scores. In feature,   dnRY  , here denote the number of feature need to be pruned and dimension of 

the feature is represent asd . The main goal of pruning is to be preserve the important feature and remove 

the unwanted one from the linear projection. However optimal important score of  db 1,0  , has 
generated the important features with their respective component of scores as 0 and 1. Based on 
significant scores, illustrated the pruned features 

( ) = bdiagYY                          (14) 

However, in  b   is difficult to optimize in neural network, so relax the  b     to real value as dRbˆ    . 
The soft pruned feature are obtained as 

( )bdiagYY ˆˆ =                         (15) 

After training process, the transformer has obtained important score near to zero, then rank all the values 
with some importance score in transformer and obtained a threshold  according to pre-defined purring 
rate. Based on threshold   attained a discrete b by adjusting the values of threshold as below zero and 
higher values of one. 

= bb ˆ                    (17) 
After pruning, the total pruned transformer has obtained with higher accuracy rate, the procedure of 
pruning is formulated in below equation 

( )YuneY Pr= .                                (18) 
However, the pruning operation is applied to all MSHA and MLP block, the process of pruning is 
formulated in below equation. 

( )( ) ( )( ) ( )( )YpruneFSYpurneFSYpruneFSCBA cba

''' ,,,, =                 (19) 

( )( )( )CBAAttentionpruneFSYX out ,,'+=                                           (20) 

( )( )( )( )XpruneFSpruneFSXZ '

1

'

2+=                                         (21) 

Here '

2

'

1

'''' ,,,,, FSFSFSFSFSFS outcba
    are denoted as pruned linear projection which is corresponding 

to b  and pruned feature. However these pruned network has reduce the complexity and loss function 
of network size also further improve the performance of training classifier. 
 
4.1 RESULT AND DISCUSSION 
In this section, the performance of the proposed model is evaluated by using two datasets namely such as 
BRATS 2020 and BRATS 2021. Meanwhile, the following section shows the detailed graphical 
representation of proposed as well as existing performance. 
4.2 Dataset description 
4.2.1 BRATS 2020 [30] 
The BRATs 2020 dataset employed, MRI scans from multi-institutional and its primarily focus on 
segmentation of brain tumor. BRATS 2020 dataset mainly focus on prediction of patient overall survival 
rate based on classification of true tumor. The evaluation of BRATS 2020 is utilized on tumor 
segmentation. It contain three class of NCR, ED, and ET and sample of images to be pre-processed is 
3100. 
4.2.2 BRATS 2021[31] 
The BRATS 2021 dataset utilized MRI scans and mainly focus on sub region segmentation of brain 
tumor, and its evaluation portion is depend on radiogenic classification of tumor. In task of segmentation, 
the class NCR is labeled as one, and ED and ET are labeled as two and three. However in this dataset 
contain totally 8,000 MRI scans from 2,000 patients and sample of images to be pre-processed is 1550. 
4.3 Performance of BRATS 2020 dataset 
In order to detect the performance of tumor classification, the proposed method is compared with several 
existing model such as AlexNet, MobileNet, Google Net, ResNet, CNN 
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Figure 5 (a)-(b): Performance analysis of Accuracy, Precision, Recall and F1-score 
Comparison of existing and proposed model of accuracy, precision, recall and F1-score is illustrated in 
Figure 5 (a)-(b). In proposed model, accuracy occur at values of 98.83 respectively, but existing model of 
Bi-LSTM and CNN had accuracy at low values of 90.14% and 88.79 %  respectively. However, these 
existing model had shown the scalability issues and less efficiency of computational. The performance 
based on Precision and recall had achieved high values at 98.22 % and 98.24% respectively. In existing 
model of Ghost-Net and AlexNet very low performance, also these model had trainable only on small 
dataset. Meanwhile, based on comparative analysis, proposed has achieved high F1-score value at 98.23% 
respectively. The existing model of Dense Net had very low F1-score at values of 92.59%, however this 
existing model had perform at moderate size. 

 
(a) 
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(b) 
Figure 6 (a)-(b): Comparative analysis of Hausdroff distance and Dice score 
Figure 6 (a)-(b) shown the performance analysis of existing and proposed model of Hausdroff distance 
and dice score. Here proposed model achieve high performance at values of 1.3031 and 2.2031 
respectively. In existing model of AlexNet and CNN had very low performance dice score at values of 
93.58 % and 88.30 % respectively. Similarly in existing of Ghost-net had evaluate the performance at very 
low range of 92.32% and 3.103 respectively. However in existing, those models were more sensitive to 
noise 

 
Figure 7: Evaluating error metrics performance of MAE, MSE and RMSE 
The existing and proposed model of MAE, MSE and RMSE were depicts in Figure 7, based on 
comparative analysis, the proposed had lower error values. The error can be evaluated in term of MAE, 
MSE and RMSE metrics, and their values are 0.0202, 0.0253 and 0.1591 respectively. In existing models 
had achieved higher error values, due to occurrence of higher values, the models become attained a slower 
convergence. 

 
Figure 8: Performance of area under curve 
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Figure 8 shown the graphical representation of area under curve (AUC). The AUC curve is plot with true 
positive rate and false positive rate at various classification threshold. The AUC signifies the overall 
performance of classifier. The proposed model exhibit performance at values of 0.987 respectively. 

 
Figure 9: Confusion matrix 
In BRATS 2020 dataset, prediction level of tumor is illustrated in Figure 9, which is explained in form 
of confusion matrix. Here class necrotic tumor core is correctly predicted as 777, perirtumoral edema 
(ED) is 728 and enhancing tumor (ET), predict 784 classes correctly. 

 
(a) 

 
(b) 
Figure 10 (a)-(b): Performance analysis of Training accuracy Loss curve 
Figure 10 (a)-(b), shown the comparative analysis of existing and proposed model of training accuracy and 
loss curve. The evaluation of training accuracy is compared with existing and proposed model which is 



International Journal of Environmental Sciences 
ISSN: 2229-7359 
Vol. 11 No. 23s, 2025 
https://theaspd.com/index.php 

3805 

depicts in Figure 10 (a). In proposed range of training accuracy is high at value of 0.96 between epochs of 
0 to 300, but existing had very low performance. However the comparison of existing and proposed model 
of training loss is illustrated in Figure 10 (b). In training loss, according to performance, the existing had 
very high losses, but proposed model achieved low loss values in the range of 0.04 between epochs of 0 
to 300. 

 
(a) 

 
(b) 
Figure 11 (a)-(b): Performance analysis of Testing accuracy and loss curve 
The performance of existing and proposed model of Testing accuracy and loss curve is demonstrated in 
Figure 11 (a)-(b).  Comparative analysis of testing accuracy with existing and proposed is depicts in Figure 
11 (a). Based on analysis, proposed achieved high values at range of 0. 92 between respective epochs, but 
existing had achieved extremely poor performance. Similarly performance evaluation based on testing loss 
is compared with existing and proposed model, which shown in Figure 11 (b). Here proposed had testing 
loss is low at the range of 1.9, but existing had loss range is very high in the range of 0.39 between 
corresponding epochs of 0 to 300. 
4.4 Performance of BRATS 2021 dataset 
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Figure 12 (a)-(d): Performance analysis of Accuracy, Precision, Recall and F1-score 
The performance evaluation of existing and proposed model of accuracy, precision, recall and F1-score is 
shown in Figure 12 (a)-(b). Compare to existing, proposed had high accuracy rate at values of 98.56 % 
respectively. The proposed model done the classification effectively and reduce the computational 
problem. But in existing CNN and Alexnet model shown very low performance at value of 87.66 % and 
95.88% respectively. However, these models contain deep network, it may assist with scaling issues. The 
performance, based on precision and recall of proposed model is high, at values of 97.84% and 97.84 % 
respectively. However in existing model had achieved extremely low performance.  However, in proposed 
F1-score has achieved at high values of 97.84 % respectively. In existing F1-score become very low and 
models were consume more memory power and its cost of effectiveness also become high. 

 
Figure 13 (a)-(b): Performance evaluation of Hausdorff Distance and Dice score 
Hausdroff distance and dice score is compared with existing and proposed model, which is illustrated in 
Figure 13 (a)-(b). According to performance analysis, in proposed hausdroff distance and dice score has 
achieved better performance at values of 98.132% and 1.3031 respectively. However in existing model of 
CNN had low dice score performance at value of 88.30% respectively. Moreover CNN become difficult 
to interpret and class become present at imbalance state. 
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Figure 14: Comparative analysis of MAE, MSE and RMSE 
The error metrics comparison of MAE, MSE and RMSE were illustrated in Figure 14. Based on 
comparison, the proposed model achieved low error value of MAE, MSE and RMSE at range of 0.0315, 
0.0513 and 0.2265 respectively. In existing model had attained higher error values, it may cause less 
interactive for multi-classification. 
 

 
Figure 15: Representation of Area under curve 
The probability of proposed model is mentioned in term of area under curve (AOC), the graphical 
representation of AOC is depicts in Figure 15. The graph can be chosen at positive and negative rate. 
Usually, the true positive rate has demonstrated the range of detection. In proposed model has achieved 
the range at 0.984 respectively. 

 
Figure 16: Confusion matrix 
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Figure 16 demonstrated the confusion matrix of BRATS 2021 dataset, here 379 classes for necrotic tumor 
core (NCR), is correctly prediction. The peritumoral edema (ED) is correctly predict as 357 classes and 
enhancing tumor (ET) were correctly predict as 351 classes. Similarly, the confusion matrix has also shown 
wrong class prediction. 

 
Figure 17 (a)-(b): Performance analysis of Training accuracy and loss curve 
Comparison of existing and proposed model of training accuracy and loss curve is signifies in Figure 17 
(a)-(b). The testing accuracy analysis with existing and proposed model is shown in Figure 17 (a), here 
existing had achieve low accuracy at 0.90, but comparatively proposed had high accuracy in the range of 
0.95 with respective epochs.  Figure 17 (b), represent the training loss for existing and proposed model. 
In proposed model had low loss testing, due to low loss value, classification reduce the memory utilization. 
However in existing model had high range of loss at 0.15 between corresponding epochs of  0  to 300. 

 
Figure 18 (a)-(b):  Analysis performance for Testing accuracy and loss curve 
Figure 18 (a)-(b) shown the comparison of existing and proposed model of testing accuracy and loss curve. 
The performance evaluation of existing and proposed model of testing accuracy is demonstrated in Figure 
18 (a), here proposed model achieved accuracy at 0.97 between epochs of 0 to 100. However in existing, 
testing accuracy may extremely low at corresponding epochs. Comparative analysis of existing and 
proposed of testing loss curve is depicts in Figure 18 (b). The testing loss value for exiting model is very 
high, but proposed model attained, lesser loss value in the range of 0.0 9 between epochs of 0 to 100.  
Table 2 represent the comparison of BRATS 2020 dataset, Table 3 represent existing and proposed of 
BRATS 2021 dataset, Table 3 represent the comparison for BRATS 2020 dataset [29] 
Table 2: Comparison of existing and proposed model of BRATS 2020 dataset 

Metrics Proposed AlexNet GhostNet DenseNet BiLSTM CNN 
Accuracy (%) 98.83 96.72 94.34 9289 90.14 88.79 
Precision (%) 98.22 96.28 94.73 9257 90.43 88.44 
Recall (%) 98.24 96.3 94.77 9259 90.46 88.46 
F1 score (%) 98.23 96.29 94.75 9258 90.45 8845 
MAE 0.0202 0.0442 0.091 0.1172 0.1768 0.2021 
MSE 0.0253 0.0588 0.1279 0.1627 0.2592 0.2948 
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RMSE 0.1591 0.2425 0.3576 0.4033 0.5091 0.543 
Dicescore (%) 98.13298 93.58968 92.32374 90.25862 89.09841 88.30822 
Hausdroff  
distance 

1.303124 2.203124 3.103124 4.003124 5.403124 6.403124 

Table 3: Existing and proposed evaluation of BRATS 2021 dataset 
Metrics Proposed AlexNet Ghost-

Net 
Dense-
Net 

BiLSTM CNN 

Accuracy 
(%) 

98.56 95.88 95.88 93.66 91.8 87.66 

Precision 
(%) 

97.84 95.04 95.04 93.72 90.93 86.8 

Recall (%) 97.84 95.05 95.05 93.74 90.96 86.77 
F1 score 
(%) 

97.84 95.04 95.04 93.73 90.95 86.78 

MAE 0.0315 0675 0.0675 0.1089 0.1431 0.2232 
MSE 0.0513 0.1035 0.1035 0.1611 0.2079 0.324 
RMSE 0.2265 0.3217 0.3217 0.4014 0.456 0.5692 
Dicescore 
(%) 

98.13298 93.58968 92.32374 90.25862 89.09841 88.30822 

Hausdroff 
distance 

1.303124 2.203124 3.103124 4.003124 5.403124 6.403124 

Table 4: Comparison for BRATS 2020 dataset 
Models Accuracy F1-score 
ResNet50 92.54 93.33 
DenseNet 201 91.04 92.30 
AlexNet 89.55 90.05 
Inception V3 88.06 89.99 
GoagleNet 71.64 66.03 
Proposed 98.83 98.23 

4.5 Visualization of sample and pre-processed image BRATS 2020 dataset 

 
4.6 Visualization of sample and pre-processed image for BRATS 2021 dataset 
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4.7 DISCUSSION 
In this section, the efficiency of the proposed model is thoroughly discussed. The performance of the 
existing model is compared with advanced proposed model. In existing, noted several limitations to 
classify the brain tumor such as complexity issues, feature present with low resolution of image. However 
the image with high resolution cannot handle on smaller dataset, it require more computational cost and 
utilize more memory.  Moreover in existing prediction had occur higher error rate, meanwhile in existing 
model obtained considerable amount of training time for prediction [32-33]. The proposed model 
overcome all these issue and ensure the tumor classification as effectively. In proposed the advanced 
technique of Grp-DRcU-Net has identify the tumor with high efficiency and this model had reduce the 
network parameter and improve the training process. Similarly in proposed, the novel classifier model of 
Netr-HDCViT has tripartite attention which accurately focus towards the feature extraction and enhance 
the stability of model.  However the novel model become fast inference and reduce the computational 
constraints. The performance of the proposed model is evaluated on two datasets and achieve 
comparatively high range of accuracy at 98.83 % and 98.56% respectively.  However for evaluating 
performance, the proposed model is compared with several existing methods those methods attain certain 
limits like fitting and scalability issues. Based on comparative analytics, proposed model tackle all those 
limits and improve the classification of tumor analysis with better accuracy performance. 
 
5. CONCLUSION 
The research work is presented with advanced approach of hybrid knowledge distillation transformer 
model with improved U-Net model for brain tumor detection. For tumor detection, the images were pre-
processed with Pix-TrMed filter and next taken the pre-processed image as for identification The 
identification technique of Grp-DRcU-Net model has make to identify the tumor effectively. Followed by 
identification, extract the features present in the image by use of Im-ResN model.  This extraction 
technique has capture the local as well as global context images very well. According to selected feature, 
classify the classes with novel model of Netr-HDCViT. Here, the novel model contain transformative 
method of knowledge distillation and tripartite attention.  
The framework of tripartite attention can acts as heart of the proposed model, it show an benchmark on 
multiclass brain tumor detection. By the way combination of tripartite attention with   knowledge 
distillation has ability to process in complex medical image analysis.  In this study, the special findings 
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indicate that tripartite attention reduce the student and teacher losses and effectively showing its ability 
on distill knowledge. Meanwhile, the presence of   transformer and network pruning has been enhance 
the model in term accuracy and efficiency. However pruning has reduce the model size and complexity, 
moreover, the proposed model experimental performance is demonstrated with two dataset namely 
BRATS 2020 and BRATS 2021. The BRATS 2020 achieve high performance in term accuracy of 98.83 
%, precision of   98.22%, recall of 98.24% and F1-score of   98.23 % respectively. Similarly the BRATS 
2021 also achieved better performance of accuracy, precision, recall and F1-score at values of 98.56%, 
97.84%, 97.84% and 97.84% respectively. In future, research will add a contrast enhanced MRI to 
dataset, it may aid further differentiate of tumor classification. Also improve the explainability of the 
model’s prediction, making more reliable and transparent tool for medical professionals. 
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