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Abstract 
Deep learning has been successfully applied in the field of medical diagnosis, 
and improving the accurate classification of MRI images through deep learn-
ing is important for early treatment and patient prognosis. Aiming at the cur-
rent deep learning-based MRI image classification algorithms with large pa-
rameter counts and high computational complexity, a lightweight MobileViT 
with a dual-path attention mechanism for MRI image classification is proposed 
in this paper. Embedding the Convolutional Block Attention Module (CBAM) 
in the original MobileViT network enhances the extraction of key feature in-
formation by attending to both the channel and spatial dimensions of the fea-
ture map. A Dual-Path Attention Module (DPAM) is constructed by integrat-
ing CSPNet with the CBAM mechanism to further enhance the potential of 
feature extraction of the proposed model while maintaining a minimal param-
eter count. The proposed model also employs a transfer learning method to 
accelerate the learning speed of the network model on the MRI image datasets, 
and uses a cosine annealing algorithm to optimize the learning rate of the 
model during the model training process to help the model converge better. 
The state-of-the-art performance of the proposed model is validated on the 
Alzheimer’s disease and brain tumor MRI datasets, respectively. We evaluate 
the performance of our proposed model with the latest deep learning models. 
The experimental results show that the model not only substantially enhances 
the accuracy of MRI image classification but also exhibits reduced computa-
tional complexity, making it highly suitable for mobile devices with con-
strained computing resources. 
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1. Introduction 

Alzheimer’s Disease (AD) is a degenerative brain disease, which means it worsens 
over time [1]. One of the most notable symptoms of Alzheimer’s disease is 
memory loss and a progressive decline in cognitive function. Patients may gradu-
ally forget familiar people, places, and daily activities, which can seriously affect 
quality of life. There is no effective cure for Alzheimer’s disease, and existing med-
ications and treatments are primarily designed to slow the progression of the dis-
ease and relieve symptoms.  

Brain tumors are a group of abnormal tissue growths that form in the central 
nervous system, such as the brain, brainstem, and spinal cord, and they are one of 
the top ten malignant tumors in terms of morbidity and mortality today [2]. The 
main types of brain tumors are meningiomas, pituitary tumors, and gliomas, of 
which the most important and common is glioma, which not only affects the neu-
roglial cells but also invades other surrounding tissues. Brain tumor is a serious 
problem that endangers human health. As the tumor grows, the patient’s intra-
cranial pressure increases, sometimes leading to brain damage or even death. 
Therefore, timely detection and accurate determination of brain tumor type play 
an important role in treatment planning and patient care.  

Magnetic Resonance Imaging (MRI) of the head is a medical imaging technique 
that allows MRI to obtain three-dimensional images of the skull without the use 
of X-rays, and it has an important role in the diagnosis of brain disorders. The 
diagnosis of both brain tumors and Alzheimer’s disease can be determined by the 
patient’s MRI images. In recent years, deep learning has been widely used in the 
auxiliary diagnosis of medical images and has achieved good results. The use of 
computer vision technology to assist doctors in reading medical images can re-
duce the burden on doctors and improve diagnostic efficiency. Therefore, it is of 
great application value to carry out research on MRI image classification based on 
deep learning.  

Convolutional Neural Networks (CNNs) are among the commonly used deep 
learning methods for MRI image classification. Asgharzadeh-Bonab et al. [3] pro-
posed two feature fusion schemes, decision-level and feature-level, to combine 
different input information and used different CNN network models to classify 
MRI images under different features. The experimental results showed that Effi-
cientNet-B7 had a better classification effect. Zhang et al. [4] introduced an aug-
mented neural network, ADnet, built upon VGG16. This model employed depth-
wise separable convolutions in place of conventional convolutions to decrease the 
number of parameters, and incorporated the ELU activation function instead of 
the ReLU to mitigate the risk of gradient explosion. Experimental results con-
firmed that these enhancements led to improved accuracy across various classifi-
cation tasks. Yang et al. [5] proposed a new region-to-sample graph convolutional 
neural network framework based on graph convolutional neural networks. Qian 
et al. [6] proposed a 3D residual network with multi-scale and an attention mod-
ule for multi-task learning, which used a 3D network to avoid subjectivity when 
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manually selecting slices, and also preserved the spatial structure information of 
the 3D data. Ait Amou et al. [7] considered the complexity of hyperparameter 
tuning for CNN networks. An efficient hyperparameter optimization technique 
for CNN based on Bayesian optimization was proposed, and the model showed 
excellent classification results on three categories of brain tumor image datasets. 
Ozdemir [8] devised a novel deep convolutional neural network architecture to 
address the brain tumor classification challenge, achieving successful classifica-
tion across three distinct types of brain tumors.  

Although CNN-based network models have excellent performance in classifi-
cation accuracy on MRI image datasets, the prevalent CNN models have large pa-
rameter counts and are not favorable for practical applications. Therefore, more 
and more researchers are devoted to the study of lightweight MRI image classifi-
cation models [9]. Zhang et al. [10] proposed a lightweight neural network ap-
proach based on ShuffleNet and introduced the ECA attention mechanism to 
achieve efficient and scalable automatic Alzheimer’s disease detection. Khatri et 
al. [11] combined the convolutional attention mechanism and the Transformer to 
design a lightweight Alzheimer’s disease diagnostic model, in which lightweight 
multi-head attention was used instead of multi-head attention, which improved 
model performance without consuming too many computational resources. Liu 
et al. [12] introduced a lightweight automated 3D algorithm featuring an attention 
mechanism for segmenting brain tumor images. Specifically, this study used hier-
archical decoupled convolution instead of standard convolution to reduce the 
number of parameters in the model. Dilation convolution was incorporated to 
augment the network’s capability to capture multi-scale information within the 
bottom convolution module, and an attention mechanism was also introduced to 
improve model accuracy. Vaiyapuri et al. [13] used an integrated model of Effi-
cientNet, DenseNet, and MobileNet for feature extraction of brain tumor images. 
Luo et al. [14] tackled the challenge posed by the extensive parameter count and 
computational complexity inherent in CNN models by introducing a lightweight 
brain tumor segmentation network. This network incorporated multi-view ex-
traction and dense attention mechanisms, mitigating the issues associated with 
the large parameter set and computational demands. Egaz et al. [15] developed a 
lightweight CNN-LSTM model for the diagnosis of Alzheimer’s disease. Nizamani 
et al. [16] proposed a lightweight deep fusion model for brain tumor classification 
tasks, integrating the Lightweight Feature Extraction Module (LEM), Cross-
Stream Attention (CSA), Feature Fusion Module (FFM), and Attention Prediction 
Head (APH).  

Although deep convolutional neural networks have achieved some results in 
the task of image classification, on the whole, traditional convolutional neural net-
works still have some limitations, such as excessive model complexity, low classi-
fication accuracy, and loss of key information about the lesion region in the im-
ages. To address these shortcomings, we propose a lightweight MobileViT with a 
dual-path attention mechanism for MRI image classification. The model is an im-
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proved version based on the MobileViT model, which maintains excellent image 
classification results while keeping a compact structure and small computational 
overhead, striking an optimal balance between performance and efficiency.  

The main contributions of this paper are outlined as follows:  
1) A lightweight MobileViT with a dual-path attention mechanism is proposed 

to solve the problem of large parameter counts and high computational complex-
ity in current deep learning-based MRI image classification.  

2) A dual-path attention module is constructed by integrating CSPNet and 
CBAM mechanisms to further extract detailed features of lesion regions in MRI 
images and improve the classification accuracy without increasing the computa-
tional cost.  

3) The transfer learning method is employed to pre-train the model on the 
ImageNet dataset, which not only discovers more features but also accelerates the 
learning speed of the network model on brain tumor images. Meanwhile, to im-
prove the robustness and generalization of the model, the cosine annealing algo-
rithm is used to optimize the learning rate of the model during the training pro-
cess.  

Extensive experiments are conducted on Alzheimer’s disease and brain tumor 
MRI image datasets, and the state-of-the-art performance of the model is evalu-
ated by comparing it with the latest deep learning models.  

The structure of this paper is organized as follows: In Section 2, we introduce 
the proposed MRI image classification model, detailing its architecture and key 
components. Section 3 describes the dataset used in the experiments, along with 
the data preprocessing techniques and the experimental setup. Section 4 provides 
an overview of the experimental environment, detailing the hardware and soft-
ware configurations used. It also presents a comprehensive analysis of the experi-
mental results, comparing the performance of our model with that of existing ap-
proaches. Section 5 addresses the limitations of the proposed model, highlighting 
areas that could benefit from further improvement. Finally, Section 6 provides a 
summary of the key findings and outlines potential directions for future research 
to enhance the model’s performance and applicability.  

2. Methodology 

In order to solve the problem of large parameter counts and high computational 
complexity in current deep learning-based MRI image classification, we propose 
a lightweight MobileViT with a dual-path attention mechanism for MRI image 
classification.  

2.1. Overall Framework of the Proposed Model 

Figure 1 depicts the architecture of our proposed model. The specific parameter 
information for each module in the proposed model is shown in Table 1. The key 
components of the proposed model include the MobileViT, MV2, CBAM, and dual-
path attention modules. These modules are described in the following sections.  
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Figure 1. The structure of the proposed model. 

 
Table 1. Parameter information for each module.  

Module Input Feature Matrix Input Size Output Feature Matrix Output Size 

Conv-3 × 3 ↓2 0
inX  [224, 224, 3] 0

outX  [112, 112, 16] 

Layer1 MV2 ↓2 0
outX  [112, 112, 16] 1

outX  [112, 112, 16] 

DPAM 1
outX  [112, 112, 16] 1

out
DX  [56, 56, 24] 

Layer2 
MV2 ↓2 1

outX  [112, 112, 16] 2
outX  [56, 56, 24] 

MV2 × 2 2
outX  [56, 56, 24] 2

outX  [56, 56, 24] 

CBAM 2
outX  [56, 56, 24] 1

out
CX  [56, 56, 24] 

Add⊕ 2
outX , 1

out
DX , 1

out
CX  [56, 56, 24] 3

inX  [56, 56, 24] 

Layer3 
MV2 ↓2 3

inX  [56, 56, 24] 3
outX  [28, 28, 48] 

MobileViT 3
outX  [28, 28, 48] 3

outX  [28, 28, 48] 

https://doi.org/10.4236/jcc.2026.143008


Y. J. Xu et al. 
 

 

DOI: 10.4236/jcc.2026.143008 154 Journal of Computer and Communications 
 

Continued 

DPAM 3
outX  [28, 28, 48] 2

out
DX  [14, 14, 64] 

Layer4 
MV2 ↓2 3

outX  [28,28,48] 4
outX  [14,14,64] 

MobileViT 4
outX  [14,14,64] 4

outX  [14,14,64] 

CBAM 4
outX  [14, 14, 64] 2

out
CX  [14, 14, 64] 

Add⊕ 4
outX , 2

out
DX , 2

out
CX  [14, 14, 64] 5

inX  [14, 14, 64] 

Layer5 
MV2 ↓2 5

inX  [14,14,64] 5
outX  [7,7,80] 

MobileViT 5
outX  [7,7,80] 5

outX  [7,7,80] 

Conv-1 × 1 5
outX  [7, 7, 80] 6

outX  [7, 7, 320] 

Global pool → Linear 6
outX  [7, 7, 320] 7

outX  [1, 4] 

2.2. MobileViT Module 

The MobileViT module is the core of the MobileViT model [17] and is depicted 
in Figure 2. The main calculation process in the MobileViT module can be sum-
marized in the following four steps:  

1) An input feature matrix H W CX R × ×∈  is applied to a n n×  convolution 
layer and followed by a 1 × 1 convolution layer. The n n×  convolution layer is 
employed to capture local spatial information within the feature map, while the 1 
× 1 convolution is utilized to project the feature map into a higher-dimensional 
feature space. After two convolution operations on the input feature map X , the 
local representations H W d

LX R × ×∈  are obtained.  
2) LX  is transformed into a sequence of non-overlapping flattened patches de-

noted as N P d
UX R × ×∈ , where P wh= , N HW P= , ( ),w h  are the height and 

width of image patches.  
3) The global inter-patch relationship representation N P d

GX R × ×∈  is obtained 
as follows:  

 ( ) ( )( )Transformer ,1G UX p X p p P= ≤ ≤   (1) 

4) H W d
FX R × ×∈  is obtained by folding GX . Then FX  is mapped back to the 

original feature space using a 1 × 1 convolution layer and is combined with X . 
Subsequently, the combined features are integrated through a 3 × 3 convolution 
layer.  

2.3. MV2 Module 

The MV2 module is the inverted residual module in MobileNetV2 [18], and its 
structure is shown in Figure 3. First, the traditional convolution layer is replaced 
with a depthwise separable convolution in MobileNetV2. The depthwise separable 
convolution consists of two stages: the first stage is depthwise convolution fol-
lowed by pointwise convolution. This technique effectively decomposes the con-
volution operation and improves computational efficiency while maintaining ex-
pressive power. The depthwise convolution (DWConv) is responsible for extract-
ing features within each channel, and pointwise convolution (Conv) fuses features 
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between channels. Depthwise separable convolution significantly diminishes the 
number of parameters and computations needed to attain lightweight networks. 
The inverted residual with linear bottleneck used in the MV2 is the opposite of 
the bottleneck structure in ResNet. Initially, we expand the feature maps using a 
convolution, followed by the extraction of features through a depthwise convolu-
tion. Subsequently, a convolution is employed to reduce the number of channels.  

 

 
Figure 2. The structure of the MobileViT module. 

 

 
Figure 3. The structure of the MV2 module.  

 
Within the MV2 module, the activation function utilized is ReLU6, a modified 

version of the Rectified Linear Unit (ReLU). The ReLU function solves the gradi-
ent vanishing problem for positive inputs; however, it encounters the challenge of 
having a constant derivative of 0 for negative inputs, leading to a gradient vanish-
ing problem in negative intervals, which inhibits the updating of many neurons. 
Therefore, in this paper, we replace the commonly used ReLU activation function 
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with the SiLU (Sigmoid Linear Unit) activation function, which is an enhanced 
version combining the advantages of both Sigmoid and ReLU. SiLU offers several 
important properties, including smoothness, the absence of an upper bound 
(while still maintaining a lower bound), and non-monotonicity. These character-
istics make SiLU more suitable for deeper networks, as it helps to mitigate issues 
like the vanishing gradient problem and improves the flow of gradients during 
training. The SiLU activation function is mathematically represented in Equation 
(2).  

 ( )SiLU
1 e x

xx −=
+

  (2) 

2.4. Convolutional Block Attention Module 

The Convolutional Block Attention Module (CBAM) [19] is a powerful composite 
attention mechanism designed to improve the model’s representation capability 
by incorporating both channel and spatial attention. CBAM operates in two stages: 
the first stage focuses on channel attention, which enables the model to weigh the 
importance of different feature channels, and the second stage applies spatial at-
tention, which allows the model to focus on important regions in the feature map. 
This dual attention mechanism helps the model to selectively enhance useful fea-
tures while suppressing irrelevant ones, making it highly effective for various vi-
sion tasks. The architecture of CBAM, including both its channel and spatial at-
tention sub-modules, is depicted in Figure 4.  
 

 
Figure 4. The structure of the Convolutional Block Attention Module (CBAM).  
 
The channel attention module is designed to assist the network in discerning 

the significance of various channels. The calculation procedure is shown in Equa-
tion (3) and Equation (4), and the main steps include:  

1) Extracting global information from the feature map via global Average Pool-
ing (AvePool) and global Maximum Pooling (MaxPool) operations.  

2) These two types of information are then processed through the Multilayer 
Perceptron (MLP) respectively, and the obtained results are then summed up.  

3) The channel attention weights are obtained through a Sigmoid activation 
function.  

4) Multiply the input features with the channel attention weight vector ( )cM F  
to obtain the channel attention feature map. Similarly, we can obtain the spatial 
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attention feature map according to Equation (5) and Equation (6).  

 ( ) ( )( ) ( )( )( )MLP AvgPool MLP MaxPoolcM F F Fσ= +   (3) 

 ( )1 cF F M F= ⊗   (4) 

 ( ) ( ) ( )( )( )Conv AvgPool ;MaxPoolsM F F Fσ=      (5) 

 ( )2 1 sF F M F= ⊗   (6) 

where F, F1, and F2 denote the input features, channel attention feature, and spatial 
attention feature map, respectively. ( )AvgPool ⋅  denotes global average pooling, 
and ( )MaxPool ⋅  denotes global maximum pooling. ( )MLP ⋅  denotes the multi-
layer perceptron. ( )σ ⋅  denotes the Sigmoid activation function.  ⊗  denotes 
point-by-point multiplication. ( ) Conv ⋅  is a convolution operation.  

2.5. Dual-Path Attention Module 

Inspired by CSPNet [20] and CSPAttention [21], we propose a Dual-Path Atten-
tion Module (DPAM), which is specifically designed to enhance attention on the 
lesion foreground in MRI images. By integrating the CSPNet and CBAM mecha-
nisms, the DPAM is able to efficiently capture and refine detailed features of the 
lesion regions, leading to improved classification accuracy. Importantly, this ap-
proach achieves higher performance without significantly increasing computa-
tional cost, making it both effective and efficient for medical image analysis. The 
structure of DPAM is shown in Figure 5. Firstly, the input feature map of size [H, 
W, C_in] is split into two sub-feature maps of size [H, W, C_in/2] along the chan-
nel direction. Then, these two sub-feature maps are adjusted to size [H/2, W/2, 
C_out] through a Conv Block. The adjusted two feature maps are respectively 
passed through the CBAM attention module followed by a multiplication opera-
tion, and finally an output feature map of size [H/2, W/2, C_out] is obtained. The 
Conv Block contains a Pointwise Convolution (P_Conv) layer, Batch Normaliza-
tion (BN) layer, SiLU activation function layer, and Avgpool layer. In this context, 
H, W, and C_in symbolize the height, width, and the quantity of channels in the 
input feature map, respectively. Additionally, C_out signifies the number of chan-
nels in the output feature map.  

2.6. Transfer Learning 

Transfer Learning (TL) is a machine learning approach that accelerates and im-
proves learning and problem-solving in new domains by leveraging knowledge 
and experience gained from related domains. TL has been widely used in natural 
language processing, computer vision, and other fields. For example, it can en-
hance model performance in tasks such as text categorization, image recognition, 
target detection, and semantic segmentation.  

In our prediction model, designed for image classification in computer vision, 
we pretrained the MobileViT model parameters using the ImageNet dataset, 
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which includes 1000 classes and 1.26 million natural images. Although natural 
images may differ from MRI images, they are still relevant. Through transfer learn-
ing, the model can learn features such as corners, edges, colors, and textures from 
the ImageNet dataset. These learned features can assist in classifying MRI images, 
thereby improving the effectiveness of convolutional neural networks.  
 

 
Figure 5. The structure of the Dual-Path Attention Module (DPAM).  

3. Datasets and Pre-Processing 
3.1. The Alzheimer’s Disease Dataset 

The dataset used in this paper is the Alzheimer dataset, a publicly available dataset 
from the Kaggle website [22]. The dataset contains a total of 6400 MRI images of 
Alzheimer’s disease, including 896 for mild demented, 64 for moderate demented, 
3200 for non demented, and 2240 for very mild demented, each of which is 128 × 
128 in size, and a sample of the Alzheimer’s disease dataset is shown in Figure 6.  
 

 
Figure 6. The Alzheimer’s disease dataset.  

 
The distribution of these cases is as follows: 14% are classified as mild dementia, 

1% as moderate dementia, 50% as non-dementia, and 35% as very mild dementia. 
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Table 2 shows the distribution of samples in the Alzheimer’s disease dataset. 
Compared to the other three classes, moderate dementia exhibits significant class 
imbalance. Imbalanced classes can lead to the classifier tending to predict the ma-
jority class and neglect the learning of minority class samples during subsequent 
model training. Even though the overall correctness of the model performs well, 
the prediction for the minority class is not good, and it happens that the lesion 
samples in the minority class are exactly what need to be focused on for learning 
and prediction. In this paper, traditional data augmentation methods such as flip-
ping, cropping, panning, and rotating are used to expand the mild demented sam-
ples and moderate dementia samples. Before performing any data augmentation, 
the Alzheimer’s disease dataset is divided into 70% for training and 30% for test-
ing. The augmentation is applied only to the training set, thereby preventing data 
leakage where augmented variants of the same original image appear simultane-
ously in both the training and test sets.  

 
Table 2. The Alzheimer’s disease datasets. 

Dataset Mild Demented Moderate Demented Non Demented Very Mild Demented Totals 

Training set 628 45 2240 1568 4481 

Test set 268 19 960 672 1919 

Totals 896 64 3200 2240 6400 

3.2. The Brain Tumor Dataset 

The brain tumor dataset used in this paper is sourced from Kaggle, a platform that 
offers publicly accessible datasets. Specifically, it is a four-class classification da-
taset of brain tumor MRI scans, made available in July 2020 by Sartaj Bhuvaji and 
colleagues from the National Institute of Technology, Durgapur, India [23]. The 
dataset includes a total of 3264 MRI images, categorized into four distinct classes: 
926 images of glioma tumors, 937 images of meningioma tumors, 500 images rep-
resenting normal (no tumor) cases, and 901 images of pituitary tumors. These im-
ages provide a comprehensive representation of different types of brain tumors, of-
fering a valuable resource for training and evaluating machine learning models in 
medical image analysis. A selection of images from this dataset is displayed in Fig-
ure 7. Table 3 shows the distribution of samples in the brain tumor dataset.  
 

 
Figure 7. The brain tumor dataset. 
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Table 3. Distribution of samples in the brain tumor dataset. 

 Glioma tumor Meningioma tumor No tumor Pituitary tumor Totals 

Training set 649 656 350 631 2286 

Test set 277 281 150 270 978 

Totals 926 937 500 901 3264 

 
For better model training, the images are processed to a uniform size of 224 × 

224, and the images in the training set are randomly flipped horizontally with a 
probability of 0.5. Then, the images are converted to a tensor type and normalized. 
The normalized image nX  can be represented as:  

 i
n

XX µ
σ
−

=   (7) 

where iX  denotes a pixel value in each channel of the image, µ  denotes the 
mean value of the pixel value in each channel of the image, and σ  denotes the 
standard deviation of the pixel value in each channel of the image.  

4. Experiment 
4.1. Experimental Environment and Parameter Settings 

The experimental environment used in this paper is the PyTorch 2.2.2 deep learn-
ing framework based on Windows 10, using the Python 3.8.5 language to build 
the network model. The processor is an Intel(R) Xeon(R) Gold 6226R CPU @ 2.90 
GHz, and the memory is 16.0 GB.  

To ensure the rigor of comparative experiments, all baseline models were re-
trained or fine-tuned under identical training configurations. All models uniformly 
employed the AdamW optimizer with a weight decay rate of 0.01. A cosine anneal-
ing decay strategy was adopted, with an initial learning rate uniformly set to 1e−3 
and a minimum learning rate of 1e−5. The experiments are set up with the number 
of iterations as 40, and the BatchSize is 30. All models utilized the same early stop-
ping mechanism. Transfer learning is uniformly applied across all models to aug-
ment their training efficacy. All baseline models utilize the same pre-trained check-
point and follow a unified phased fine-tuning strategy: first freezing the backbone 
network while training only the classification head, then progressively unfreezing 
higher layers for joint optimization.  

4.2. Evaluation Metrics 

The following performance metrics are used to evaluate the classification perfor-
mance of the model:  

 TP TNAccuracy
TP TN FP FN

+
=

+ + +
  (8) 

 TPPrecision
TP FP

=
+

  (9) 
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 TPRecall
TP FN

=
+

  (10) 

 2 Precision RecallF1
Precision Recall
× ×

=
+

  (11) 

TP (True Positive) refers to instances that were actually positive and were cor-
rectly classified as positive by the model. TN (True Negative) refers to instances 
that were originally negative and were accurately predicted as negative. FP (False 
Positive) represents cases that were originally negative but were incorrectly clas-
sified as positive, and FN (False Negative) refers to instances that were actually 
positive but were mistakenly predicted as negative by the model. These four met-
rics provide a comprehensive way to assess a model’s ability to correctly and in-
correctly identify positive and negative samples.  

The Kappa coefficient is a statistic used to assess the performance of a classifi-
cation model. It accounts for randomness in classification prediction results and 
corrects for potential biases in accuracy. Its value range is [−1, 1], but in practical 
applications, it is usually between [0, 1]. A higher Kappa coefficient indicates bet-
ter classification accuracy. The calculation formulas are shown in (12), (13), and 
(14).  

 0
TP TN

TP TN FP FN
p +

=
+ + +

  (12) 

 ( )( ) ( )( )
( )2

TP FN TP FP TN FN TN FP
TP TN FP FN

ep
+ + + + +

=
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p p
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−
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4.3. Results and Analysis 
4.3.1. Prediction Accuracy and Loss of the Alzheimer’s Disease Dataset 
The model proposed in this paper is an enhanced version of MobileViT, designed 
to improve performance on the given dataset. To assess the effectiveness of the 
proposed model, we conduct experiments comparing its training results with 
those of the MobileViT model, both before and after data augmentation. Specifi-
cally, Figure 8(a) and Figure 8(b) present the loss and accuracy curves for both 
the MobileViT and the proposed model when evaluated on the dataset prior to 
any data augmentation. This allows for a direct comparison of how the two mod-
els perform under the same initial conditions. Both models were trained for 40 
epochs using cross-entropy as the loss function. As shown in Figure 8(a), the pro-
posed model has less loss on both the training and test sets and converges to zero 
faster compared to the MobileViT. Figure 8(b) shows that the accuracies of the 
proposed model surpass those of the MobileViT on both the training and test sets. 
Figure 9(a) and Figure 9(b) display the loss and accuracy of both models on the 
dataset after data augmentation, respectively. These figures reveal that the pro-
posed model performs markedly better on the more balanced dataset.  

https://doi.org/10.4236/jcc.2026.143008


Y. J. Xu et al. 
 

 

DOI: 10.4236/jcc.2026.143008 162 Journal of Computer and Communications 
 

 
Figure 8. Loss and accuracy of the two models before data augmentation.  

 

 
Figure 9. Loss and accuracy of the two models after data augmentation.  

 
Table 4 shows the classification results of the proposed model and MobileViT 

on the dataset before and after data augmentation. From Table 4, on the original 
dataset, the classification accuracies of MobileViT and the proposed model are 
74.1% and 93.9%, respectively. The Kappa coefficients for both are 0.562 and 0.900, 
respectively. The values of the two performance metrics have increased by 26.7% 
and 60.1%, respectively.  

From Table 4, we can also conclude the effect of data augmentation on the 
model classification performance. The precision and Kappa coefficient of the Mo-
bileViT increase from 0.741 and 0.562 to 0.809 and 0.746, respectively. The preci-
sion and Kappa coefficient of the proposed model show significant improvements, 
increasing from 0.939 and 0.900 to 0.971 and 0.961, respectively. These results 
indicate that applying data augmentation techniques to address class imbalance 
has a notable positive impact on the model’s classification performance. Specifi-
cally, the increase in precision reflects a better ability of the model to correctly 

https://doi.org/10.4236/jcc.2026.143008


Y. J. Xu et al. 
 

 

DOI: 10.4236/jcc.2026.143008 163 Journal of Computer and Communications 
 

identify positive instances, while the higher Kappa coefficient suggests improved 
agreement between the model’s predictions and the actual labels. Overall, the eval-
uation results on the test dataset show that the proposed model is effective in 
terms of Precision, Recall, F1, Accuracy, and Kappa. 

 
Table 4. Classification results of MobileViT and the proposed model on the Alzheimer’s disease dataset. 

Augmentation Model Class Precision Recall F1 Accuracy Kappa 

Before 

MobileViT 

Mild Demented 0.697 0.575 0.630 

0.741 0.562 
Moderate Demented 0.000 0.000 0.000 

Non Demented 0.775 0.857 0.814 

Very Mild Demented 0.700 0.662 0.680 

Proposed 
model 

Mild Demented 0.875 0.966 0.918 

0.939 0.900 
Moderate Demented 0.950 1.000 0.974 

Non Demented 0.966 0.943 0.954 

Very Mild Demented 0.928 0.920 0.924 

After 

MobileViT 

Mild Demented 0.813 0.861 0.836 

0.809 0.746 
Moderate Demented 0.979 0.997 0.988 

Non Demented 0.878 0.675 0.763 

Very Mild Demented 0.609 0.763 0.678 

Proposed 
model 

Mild Demented 0.984 0.987 0.985 

0.971 0.961 
Moderate Demented 0.997 1.000 0.999 

Non  Demented 0.953 0.974 0.963 

Very Mild Demented 0.960 0.924 0.942 

4.3.2. Prediction Accuracy and Loss of the Brain Tumor Dataset 
Figure 10 shows the loss values and accuracy of MobileViT and the proposed 
model on the brain tumor dataset, respectively. It is obvious from the figures that, 
compared with the original MobileViT, the proposed model exhibits lower loss val-
ues on both the training and test sets, which indicates a more significant optimization 
effect. Meanwhile, the classification accuracy of the proposed model on the test set 
also reaches the optimal level, further proving its superiority and effectiveness.  
 

Table 5. Classification results of the original and improved models on the brain tumor dataset.  

Model Class Precision Recall F1 Accuracy Kappa 

MobileViT 

Glioma tumor 0.953 0.881 0.916 

0.933 0.908 
Meningioma tumor 0.893 0.918 0.905 

No tumor 0.973 0.947 0.959 

Pituitary tumor 0.934 0.993 0.962 

Proposed model 

Glioma tumor 0.971 0.960 0.966 

0.971 0.961 
Meningioma tumor 0.948 0.968 0.958 

No tumor 1.000 0.960 0.980 

Pituitary tumor 0.982 0.993 0.987 
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Figure 10. Loss and accuracy of MobileViT and the proposed model on the brain tumor dataset.  

 
Table 5 shows the classification results of the two models on the brain tumor 

dataset. Based on Table 5, it can be observed that the Kappa coefficient of the 
MobileViT model is 0.908, while that of this paper’s model is 0.961. The original 
model has an overall classification accuracy of 93.3% on the brain tumor dataset, 
but the classification accuracy for the meningioma category is only 89.3%. The 
improved MobileViT model not only achieves an overall classification accuracy 
of 97.1%, but also outperforms the original model in each category. Based on the 
experimental results in Table 4 and Table 5, it is shown that the proposed model 
in this paper has better classification results than the original MobileViT model 
on both class-imbalanced and class-balanced datasets and is more adaptable to the 
complex and variable dataset situations in practical applications.  

4.3.3. Comparative Experiments 
In order to validate the state-of-the-art of the proposed model, nine different 
deep learning models were used to classify the expanded Alzheimer’s dataset and 
brain tumor dataset. These comparison models include: ResNet50 [24], ResNet34 
[24], DenseNet121 [25], ShuffleNetV2_x2_0 [26], EfficientNet [27], MobileNetV3 
_large [28], MobileNetV3_small [28], MobileNetV2 [18], and MobileViT [17]. 
Among these baselines, ResNets are deep convolutional neural networks. Dense-
Net, ShuffleNet, EfficientNet, and MobileNet are lightweight deep learning mod-
els.  

1) Results of the Alzheimer’s disease dataset 
Using the elements of the confusion matrix, several performance metrics—such 

as accuracy, precision, recall, and F1 score—are calculated for all models. These 
metrics are summarized in Table 6. Based on the data in Table 6, the following 
conclusions can be drawn:  

a) The proposed model achieves a classification accuracy of 97.1% on the ex-
panded dataset, with precision, recall, and F1 scores all reaching 97.1% and an F1 

https://doi.org/10.4236/jcc.2026.143008


Y. J. Xu et al. 
 

 

DOI: 10.4236/jcc.2026.143008 165 Journal of Computer and Communications 
 

score of 0.971. Its classification accuracy is just 0.3 percentage points lower than 
that of ResNet50 and 0.2 percentage points below ResNet34.  

b) In the baseline models, the classification performance of ResNet (ResNet50 
and ResNet34) is significantly better than that of other lightweight deep learning 
models (DenseNet, ShuffleNet, EfficientNet, MobileNet, and MobileViT). This 
can be attributed to the fact that ResNet, as a deep residual network, demonstrates 
outstanding performance in various computer vision tasks, including image clas-
sification, object detection, and semantic segmentation.  

c) In the lightweight network model of the baseline model, MobileViT has a 
classification accuracy of 80.9%, a precision of 82.5%, a recall of 80.9%, and an F1 
score of 81.1%. Although the classification accuracy is 5.4% lower than that of 
DenseNet121, DenseNet121 has more than 7 times the number of parameters as 
MobileViT. Our proposed model is not only about 16% higher than the original 
MobileViT model in all four metrics, but its experimental results are also the best 
among the lightweight network models, including DenseNet121. The above re-
sults show that our improvement of MobileViT is effective.  

 
Table 6. Classification results of each model on the Alzheimer’s disease dataset.  

Model Accuracy Precision Recall F1 

ResNet50 0.974 0.974 0.974 0.974 

ResNet34 0.973 0.973 0.973 0.973 

DenseNet121 0.863 0.865 0.863 0.863 

ShuffleNetV2_x2_0 0.718 0.712 0.718 0.714 

EfficientNet 0.663 0.658 0.663 0.659 

MobileNetV3_large 0.717 0.710 0.717 0.707 

MobileNetV3_small 0.617 0.606 0.617 0.605 

MobileNetV2 0.600 0.588 0.600 0.581 

MobileViT 0.809 0.825 0.809 0.811 

Proposed Model 0.971 0.971 0.971 0.971 

 
2) Results of the brain tumor dataset 
Table 7 summarizes the classification performance of different deep learning 

models on the brain tumor dataset. From it, it can be observed that the MobileViT 
model, as a lightweight network model, exhibits excellent performance, with an 
accuracy of 93.3% on brain tumor images. Its prediction performance ranks sec-
ond among lightweight models. The accuracy of the proposed model is 3.8% 
higher than the second-ranked MobileViT. Also, the accuracy of the proposed 
model is higher than the heavyweight network ResNet series. These results show 
the proposed model’s leading position and significant advantages in the brain tu-
mor image classification task.  
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Table 7. Classification results of each model on the brain tumor dataset.  

Model Accuracy Precision Recall F1 

ResNet50 0.970 0.971 0.970 0.970 

ResNet34 0.968 0.969 0.968 0.968 

DenseNet121 0.926 0.927 0.926 0.926 

ShuffleNetV2_x2_0 0.843 0.846 0.843 0.842 

EfficientNet 0.814 0.815 0.814 0.814 

MobileNetV3_large 0.906 0.907 0.906 0.905 

MobileNetV3_small 0.860 0.862 0.860 0.860 

MobileNetV2 0.822 0.821 0.822 0.820 

MobileViT 0.933 0.933 0.933 0.932 

Proposed Model 0.971 0.972 0.971 0.971 

4.3.4. Computational Complexity Analysis 
Computational complexity is also an important metric for deep learning models. 
Higher computational complexity may lead to long training times and slow infer-
ence, especially in application scenarios with limited resources or high real-time 
requirements, which may become a major factor limiting the application of the 
model. We use Params (parameters) and FLOPs (floating point operations per 
second) to assess computational complexity. FLOPs are commonly employed to 
gauge the computational load of a system or the model training process, with the 
number of FLOPs indicating the amount of computational resources needed dur-
ing model training and inference. Params refers to the number of trainable pa-
rameters in the model, which directly impacts the memory and computational 
resource demands. More parameters usually allow the model to fit the details and 
complex relationships of the training data more accurately, but an increase in the 
number of parameters may increase the complexity of the model, which increases 
the risk of overfitting. The comparative analysis of computational complexity be-
tween the proposed model and the baseline model on two MRI datasets is shown 
in Table 8.  

From Table 8, the following conclusions can be drawn:  
1) The heavyweight network ResNet with deeper layers has far more Params 

and FLOPs than the lightweight network. The number of parameters of ResNet50 
is about 3.38 times more than that of DenseNet121, the lightweight network with 
the most parameters, and about 24.69 times more than that of MobileViT, the 
lightweight network with the least parameters. As seen in conjunction with Table 
7, while ResNet50 and ResNet34 achieve higher classification accuracy compared 
to lightweight networks, this comes at the expense of significantly higher compu-
tational complexity.  

2) The proposed model has the second smallest number of parameters (957,761) 
after MobileVIT (952,308). Compared with MobileVIT, although the number of 
parameters in the proposed model increases by 0.57%, the accuracy improves 

https://doi.org/10.4236/jcc.2026.143008


Y. J. Xu et al. 
 

 

DOI: 10.4236/jcc.2026.143008 167 Journal of Computer and Communications 
 

from 93.3% to 97.1%. In addition, the FLOPs of our proposed model (0.314778007 
G) are larger than those of lightweight models such as MobileNetV3 (0.057191512 
G, 0.220317112G, and 0.306178784G) and MobileViT (0.304916367 G). Com-
pared to the accuracy, these costs are worthwhile. All in all, although the com-
plexity of our proposed model is slightly higher than that of MobileViT, it still 
belongs to the lightweight network, which meets the requirements for real-time 
use or deployment in edge devices and also has relatively high classification ac-
curacy.  

 
Table 8. Results of computational complexity on two MRI datasets. 

Model Parameters FLOPs 

ResNet50 23,516,228 4.09826048G 

ResNet34 21,286,724 3.66699008G 

DenseNet121 6,957,956 2.848985856G 

ShuffleNetV2_x2_0 5,353,192 0.584959696G 

EfficientNet 4,012,672 0.393804448G 

MobileNetV3_large 4,207,156 0.220317112G 

MobileNetV3_small 1,521,956 0.057191512G 

MobileNetV2 2,228,996 0.306178784G 

MobileViT 952,308 0.304916367G 

Proposed model 957,761 0.314778007G 

4.4. Ablation Experiment 

The proposed model is an improvement of the original MobileViT. We examine 
the impact of these enhanced modules on the model’s classification performance 
through ablation experiments. The results of the ablation experiments are pre-
sented in Table 9. As shown in Table 9, when the improved MV2 module and 
cosine annealing module are added to MobileViT separately, both show different 
degrees of improvement in model metrics on all three datasets compared to the 
baseline MobileViT. The fusion model of MobileViT + Improved MV2 + Cosine 
Annealing achieved the best performance on the Alzheimer’s Disease Dataset (Be-
fore augmentation) dataset. After adding the Dual-Path Attention module to Mo-
bileViT + Improved MV2 + Cosine Annealing, the best metrics have been 
achieved on the Alzheimer’s Disease Dataset (After augmentation) dataset and 
Brain Tumor Dataset. It is proved that the given designed model can improve 
the performance of the baseline and attain better outcomes than the baseline 
techniques. 

4.5. Interpretability Analysis of Our Proposed Model 

In order to demonstrate the interpretability or the rationale behind the decision-
making for our proposed model, we used the Grad-CAM method [29] to visualize 
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the last convolutional layer of both the original model MobileViT and our pro-
posed model. Grad-CAM generates a type of heat map of spatial weights by back-
propagating the gradient of the network output and multiplying the weights of the 
category activations with the feature map. The Grad-CAM algorithm provides a 
localization map on a given target image.  
 

Table 9. Results of ablation experiment. 

Dataset MobileViT 
Improved  

MV2 
Cosine  

Annealing 
Dual-Path  
Attention 

Accuracy Precision Recall F1 

Alzheimer’s Disease Dataset 
(Before augmentation) 

√ × × × 0.741 0.730 0.741 0.733 

√ √ × × 0.923 0.928 0.923 0.923 

√ √ √ × 0.944 0.946 0.944 0.945 

√ √ √ √ 0.939 0.940 0.939 0.939 

Alzheimer’s Disease Dataset 
(after augmentation) 

√ × × × 0.809 0.825 0.809 0.811 

√ √ × × 0.949 0.949 0.949 0.949 

√ √ √ × 0.969 0.969 0.969 0.969 

√ √ √ √ 0.971 0.971 0.971 0.971 

Brain Tumor Dataset 

√ × × × 0.933 0.933 0.933 0.932 

√ √ × × 0.964 0.964 0.964 0.964 

√ √ √ × 0.966 0.966 0.966 0.966 

√ √ √ √ 0.971 0.972 0.971 0.971 

 
Figure 11 and Figure 12 show the heatmaps of each module of the proposed 

model. In the visualized experiments, the warmer the color of a region, the greater 
the attention allocated by the model; conversely, the cooler the color of the region, 
the less attention it receives from the model. From the heatmap, compared to the 
MobileViT-based variants, the proposed model (MobileViT + Improved MV2 + 
Cosine Annealing + Dual-Path Attention) demonstrates superior accuracy in 
identifying single or multiple targets within an image, with less emphasis on the 
background compared to the baseline MobileViT. Namely, it can precisely cover 
the lesion information in the MRI images whether they are small, medium, or 
large. The above results show that the introduction of transfer learning, improved 
activation function, Dual-Path Attention, and optimized learning rate helps the 
proposed model to learn more accurate features than MobileViT, thus improving 
the representation ability of the model.  

5. Limitations and Discussions 

Although the proposed model has achieved competitive performance in tumor 
image classification, the current model still has some obvious limitations.  

Firstly, in order to improve the model accuracy, we introduced the CBAM mod-
ule, but also increased the model parameters by a small amount, which resulted 
in slightly larger FLOPs for the model than for the MobileViT’s.  
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Figure 11. Grad-CAM-based model visualization (Alzheimer’s disease). 

 

 
Figure 12. Grad-CAM-based model visualization (brain tumor disease). 
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Secondly, there exists a large diversity of MRI images, including different scan-
ning parameters, resolutions, types and sizes, and other factors. The proposed 
model may encounter challenges in dealing with this diversity. The proposed 
model necessitates an extensive dataset for effective learning and generalization, 
and its performance could be constrained when dealing with a small dataset.  

Thirdly, optimization algorithms play a crucial role in deep learning, as their 
performance directly impacts both the efficiency of model training and its overall 
performance. In this paper, we only used cosine annealing to optimize the learn-
ing rate of deep neural networks and did not consider the optimization of the 
other hyperparameters. The model necessitates extensive experimentation and 
fine-tuning to attain optimal results. In the future, we will investigate better opti-
mization algorithms to determine the parameter set that is most likely to achieve 
the best results.  

Finally, various types of medical image data exist in the field, such as skin dis-
ease images, colorectal cancer images, lung disease images, and retina OCT im-
ages, among others. Image data exhibit distinct characteristics across various 
medical domains. Whether our proposed MRI image classification model can be 
used in these fields remains to be further investigated.  

6. Conclusions 

In order to enable the MRI image classification model to be applied to mobile and 
embedded devices, we proposed an improved lightweight MobileViT model based 
on the MobileViT network model. Firstly, CBAM and Dual-Path Attention were 
employed to improve the model’s ability to capture local information as well as to 
fuse global information. Secondly, the activation function ReLU6 in the MV2 
module was replaced with the more robust activation function SiLU. Thirdly, a 
cosine annealing algorithm was used to update the learning rate of the proposed 
model to prevent the model from falling into local optimal points. Finally, the 
proposed model employs a transfer learning approach, where models are pre-
trained on the ImageNet dataset to better capture the features of MRI images. Ex-
tensive experiments demonstrate that our model delivers competitive perfor-
mance in MRI image classification. We have developed a low-cost intelligent di-
agnostic tool that not only assists medical specialists and radiographers in provid-
ing early diagnosis of brain disease, but is also suitable for deployment in edge 
devices.  

In future studies, experiments will be conducted using a larger data set. We plan 
to validate the effectiveness of our model on different medical image domains, 
such as skin disease images, colorectal cancer images, lung disease images, retinal 
images, etc. Additionally, the model proposed in this paper is a lightweight deep 
learning model. While it achieves high classification accuracy, its computational 
complexity is not the lowest. Therefore, a potential direction for future research 
could be to further reduce the computational time of the model without sacrificing 
accuracy.  
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