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ABSTRACT 

In recent years, the healthcare field has been significantly transformed by advances in technology, with 

Artificial Intelligence (AI) playing an important role in this process. AI refers to digital systems that 

emulate human-like intelligence and are widely applied in healthcare. Brain Tumors (BTs), which result 

from abnormal cell growth in the central nervous system, pose great difficulties in diagnosis and 

treatment. An early and precise diagnosis is vital for effective treatment. With the help of Magnetic 

Resonance Imaging (MRI), Deep Learning (DL) models can recognize and classify BTs, aiding in their 

rapid and easy detection. For accurate detection of BTs, this study presents an Advanced Brain Tumor 

Classification by integrating DL Models and Optimization Techniques (ABTC-IDLMOT) in biomedical 

imaging. The objective was to classify the affected BT region using a fine-tuned multi-head attention-based 

DL model. Initially, preprocessing employs the Wiener Filter (WF) for noise removal and Otsu's threshold 

for skull removal. In addition, EfficientNetV2M is utilized for feature extraction. Then, a Convolutional 

Neural Network-based Multi-Head Attention (CNN-MHA) model is used for BT classification. Finally, 

RMSProp optimization is used to tune the hyperparameters and improve the classification performance of 

CNN-MHA. The experimental study uses a benchmark MRI dataset. Performance validation of the 

ABTC-IDLMOT approach showed an accuracy of 96.65%. 
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I. INTRODUCTION  

BT is an irregular development of brain cells that might be 
a visible symptom of cancer. Bening BTs are uniformly 
combined with inactive cells [1]. Malignant cancers comprise 
lively cancer cells with a non-uniform architecture. Malignant 
BTs are divided into two types: (i) primary and (ii) metastatic 
[2]. BT is one of the deadliest diseases in the world. It is the 
typical malignancy in elderly people and the third most 
common among young people [3]. The most common primary 
BTs are meningiomas, gliomas, and pituitary [4]. The best 
approach to diagnosing and identifying BTs is a pathologic 
evaluation of tissue morphology [5]. Among imaging 
technologies, BT is recognized mainly with MRI without 
requiring surgical intervention [6]. Classification is 
conventionally performed physically, which is very time-
intensive, subject to error, and possibly not as well-qualified as 
incorporating refined macroscopic patterns. Therefore, 

attention is being paid to Computer-Aided Diagnosis (CAD) to 
increase initial identification. DL is a subset of ML and is 
proven to have higher efficiency than conventional models. 
Convolutional Neural Network (CNN) methods, a type of DL, 
use visual images and typically require less preprocessing [7, 
8].  

In [9], denoising models and data augmentation were used 
with two CNN-based methods. In [10], the Sine Cosine 
Archimedes Optimizer Algorithm (SCAOA) technique was 
presented. In [11], a DL-based technique utilized a pre-trained 
VGG16 CNN structure. In [12], the Multiweight New Loss 
(MWNL) was combined with a Cumulative Learning Strategy 
(CLS) and a DCNN. In [13], a dual-branch equivalent method 
integrated a Transformer Module (TM) with a CNN and a Self-
Attention Unit (SAU). In [14], a Gray Level Co-occurrence 
Matrix (GLCM) feature extraction method was used. In [15], 
two pre-trained DL methods were used, and the subsequent 
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feature vectors were united to produce a hybrid feature vector 
utilizing the Partial Least Squares (PLS) model. In [16], 
EfficientNet was used as the encoder with a U-Net model. In 
[17], an Orthogonal Channel Shuffle Network (OCSN) was 
integrated with the Detection Transformer (OS-DETR) model, 
enforcing internal filter and improving the Attention 
Mechanisms (AMs). In [18], a model integrated multi-modal 
MRI data and advanced AMs. The 3D Attention Inception-
Residual U-Net [19] integrated advanced feature extraction and 
attention. Although these studies used diverse DL, 
optimization, and feature fusion strategies, they mostly lack 
robustness in handling diverse noise patterns and generalized 
feature learning. A key research gap is in the limited 
integration of adaptive preprocessing with dynamic 
classification models for enhanced BT detection. 

This study introduces an Advancing Brain Tumor 
Classification by integrating DL Models and Optimization 
Techniques (ABTC-IDLMOT). The major contributions are: 

 The preprocessing integrates WF and Otsu's thresholding 
for accurate skull removal, improving MRI quality, 
downstreaming processing, and ensuring better feature 
representation. This also plays a crucial role in the overall 
classification accuracy. 

 EfficientNetV2M is used to extract high-resolution and 
semantically rich features from multimodal MRI images. 
This model ensures computational efficiency while 
preserving significant tumor-related patterns, strengthening 
the ability to discriminate tumor from non-tumor regions. 

 Local and global contextual features are effectively 
captured by the CNN-MHA model from MRI data, 
improving the focus on discriminative regions for BT 
classification and enabling deeper semantic understanding. 
In addition, RMSProp-based dynamic learning rate tuning 
ensures stable training, faster convergence, and mitigates 
overfitting, thus improving overall accuracy and reliability. 

 The ABTC-IDLMOT approach is a novel architecture that 
integrates EfficientNetV2M, CNN-MHA, and RMSProp to 
improve the precise detection of tumor regions. The novelty 
is in the synergistic use of these advanced components, 
which remains largely unexplored in current BT detection. 

II. MATERIALS AND METHODS 

The proposed ABTC-IDLMOT technique includes various 
phases, namely feature extraction, classification, preprocessing, 
and hyperparameter tuning methods. Figure 1 depicts the 
workflow of the proposed ABTC-IDLMOT method. 

 

 

Fig. 1.  Workflow of the ABTC-IDLMOT model. 

A. Preprocessing Stage 

Initially, image preprocessing involves noise removal using 
WF and skull removal using Otsu's threshold. WF ensures 
effective noise suppression while preserving crucial image 
details, outperforming basic filters such as median or Gaussian 
in medical imaging. Otsu's thresholding is an adaptive, 
unsupervised approach for accurate skull removal, making it 
more robust than manual or fixed-threshold methods. 

1) Noise Removal Using Weiner Filter (WF) 

The WF is a frequently used filter in the frequency field 
[20]. Blurred images can be restored by Inverse Filtering (IF), 
but this is highly sensitive to additive noise, often amplifying it 
during deblurring. The WF minimizes the Mean Squared Error 
(MSE) by balancing noise reduction and image restoration, 
providing a linear and more robust approximation of the 
original image. IF can restore images blurred by low-pass 
filters, but it is highly sensitive to additive noise, amplifying 
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both noise and blur. The WF reduces the MSE by balancing 
noise smoothing and deblurring, acting as a linear 
approximation of the original image in the Fourier domain: 

����, ��� = 	∗���,�
�������,�
�
|	���,�
�|
�������
��������,�
�  (1) 

where ������, ���, and ������, ���  represent the power spectra 
of the additional noise and the original image, respectively, and 
����, ��� signifies the filter's frequency transfer function. 

2) Skull Removal Using Otsu's Threshold 

The standard Otsu model is simple, using only the zero and 
the primary‐order collective instants of the gray-level 
histogram [21]. 

�� = ��
� , �� ≥ 0, ∑ ���� � = 1   (2) 

The optimal threshold is decided by a discriminant 
condition to increase the resulting classes at the gray level. The 
thresholding approach depends on choosing the lower point 
amongst dual classes. So, the optimal threshold "∗ is described 
as: 

#$��"∗� = max�()(� #$��"�    (3) 

The " range across the maximum is limited to: 

*∗ = +"; -.-� = -�"�/1 − -�"�1 > 0
 or 0 < -�"� < 1 6  (4) 

B. EfficientNetV2M-Based Feature Extraction 

EfficientNetV2M is used for feature extraction [22]. This 
model was selected for its superior accuracy and faster training 
compared to conventional CNNs, due to its compound scaling 
and optimized architecture. It effectively captures fine-grained 
features in medical images while maintaining computational 
efficiency, making it ideal for MRI-based tumor analysis. 

EfficientNet is a form of CNN, and every method in this 
sequence, from EfficientNet-B0 to EfficientNet-B7, illustrates 
various scales of the model structure with improved resolution, 
width, and depth. EfficientNet-B2 improves depth and width 
for better performance at a slightly higher computational cost, 
similar to B1. EfficientNet-B3 further enhances these aspects, 
while B4 and B5 improve accuracy and performance with 
higher resource demands and computational expenses. B6 and 
B7 deliver the highest accuracy among the original 
EfficientNet models but need significantly more computational 
resources. EfficientNetV2-M and V2-L are advanced versions, 
integrating architectural improvements aimed at improving 
both efficiency and accuracy compared to earlier variants. 

The resources of EfficientNet-V2M can be calculated as: 

789:� = 0.35 × �?�� × @ × �A7 + 1�  (5) 

and 

:CDCEFGFD� = 0.7 × �?�� × @ × �A7 + 1� (6) 

 

C. CNN-MHA-Based Classification Process 

The CNN-MHA model is employed for BT classification. 
This model is highly capable of integrating local feature 
extraction from the CNN with the global context modeling 
from MHA, which conventional CNNs lack. This integration 
also improves the focus of the model on tumor-relevant 
regions, resulting in an enhanced accuracy in BT classification.  

The CNN extracts features through layered convolution, 
pooling, and fully connected layers, capturing increasingly 
abstract data. Integrating MHA splits the input into heads that 
focus on diverse regions, improving precision and efficiency. 
Self-attention runs in parallel across heads, weighting values 
based on key-query similarity as:. 

AGG = �I�Gmax JKLM
NOP

Q R   (7) 

where S  and  T  symbolize key and query, respectively, both 
with the same size U) , and R  represents dimension value UV . 
S�, R�, and T�  characterize the W-th subdivisions of key, value, 
and query, which are gained by multiplying the output X� from 
the preceding layer with three weighted matrices. 

T� = X�Y ⋅ [\ �      (8) 

S� = X�Y ⋅ [)�     (9) 

R� = X�Y ⋅ [V�     (10) 

where W ∈ /1, ℎ1 , ℎ  depicts the headcounts, and 

_[\̀ , [)̀ , [V̀ a ∈ UbcOde × U) represent the W-th head trainable 

weighted matrices. The self‐attention is then considered 
individually for all heads, as: 

AGG� = �I�Gmax JK�L�M
NOP

Q   (11) 

The last output state is gained by linearly transforming and 
splicing the ℎ-head outputs: 

9b`f = gIhiCG�AGG�, … . AGG`�[c  (12) 

where [c ∈ UbcOde × UbcOde  is the trainable parameter 
matrix, AGG�  is the W -th head attentional output, and 9b`f  
signifies the last output condition. Backpropagation is used 
during pretraining to update weights and biases, with cross-
entropy loss measuring the difference between predicted and 
true labels: 

ℒ = − �
l ∑ mblb � log�mpb�   (13) 

where @  depicts the experiment number, mpb  refers to the 
anticipated value, and mb  depicts the true value. Due to the 
large training set, the Adam optimizer is used to efficiently 
calculate optimal parameters and prevent gradient oscillations. 

D. RMSProp-Based Hyperparameter Tuning Model 

Finally, RMSProp hyperparameter tuning is performed 
[23], chosen for its ability to adapt learning rates for each 
parameter, ensuring faster and more stable convergence. 
RMSProp handles non-stationary objectives well, making it 
ideal for optimizing deep models such as CNN-MHA, unlike 
standard optimizers. Figure 2 depicts the RMSProp model. 
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Fig. 2.  Flow of the RMSProp model. 

RMSprop is a method for decreasing the noise in Neural 
Networks (NNs) by fine-tuning the errors as they are 
distributed over the system. RMSProp is an expansion of 
gradient descent, which utilizes a decaying average of 
incomplete gradients in the stage dimensions variation for 
every parameter. Every upgrade is performed based on the 
expression below, distinctly for every parameter. 

qr = s ∗ qrt� − �1 − s� ∗ ur�   (14) 

Δ-r = − w

Nxy�d
∗ ur    (15) 

-r�� = -r B Δ-r    (16) 

where z  and qr  denote the learning rate and the exponential 
average of gradient squares, respectively, and ur  signifies the 
gradient on time G  beside {| . During training, weights are 

updated with each batch, but some networks overfit, 
performing well on training data but failing to generalize to 
unseen data. 

III. PERFORMANCE VALIDATION 

The proposed ABTC-IDLMOT model was evaluated on the 
BT MRI dataset [24]. Figure 3 demonstrates samples and 
preprocessed images. Figure 4 shows samples of extracted 
features. The proposed method was developed on Python 3.6.5 
with an i5-8600k CPU, 4GB GPU, 16GB RAM, 250GB SSD, 
and 1TB HDD, using a 0.01 learning rate, ReLU, 50 epochs, 
0.5 dropout, and a batch size of 5. 

TABLE I.  DATASET DESCRIPTION 

Class Images 

No Tumor 1992 

Meningioma 1644 

Glioma 1621 

Pituitary 1756 

Total 7013 

 

 

Fig. 3.  Images (a) samples and (b) preprocessed. 

 

Fig. 4.  Samples of extracted features. 

Figure 5 shows the classification results of the proposed 
ABTC-IDLMOT model. 

 

 

Fig. 5.  Confusion matrices for (a) training and (b) testing. 

Table II illustrates the classification metrics of the proposed 
ABTC-IDLMOT method. On the training set, the ABTC-
IDLMOT model reached an average CiiXx of 99.78%, �DFi� 

of 99.54%, DFiCe of 99.54%, 71}~c�d of 99.54%, and @gg of 
99.40%. On the testing set, the ABTC-IDLMOT achieved an 
average CiiXx of 96.55%, �DFi� of 92.92%, DFiCe of 92.95%, 

71}~c�d  of 92.93%, and @gg of 90.65%. 

Figure 6 depicts the training and validation CiiXx  of the 

ABTC-IDLMOT method over 50 epochs. 
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TABLE II.  PERFORMANCE OF ABTC-IDLMOT 

Class ����� ����� ����� ������� MCC 

Training set 

notumor 100.00 100.00 100.00 100.00 100.00 

meningioma 99.59 100.00 98.23 99.11 98.85 

glioma 99.63 98.41 100.00 99.20 98.97 

pituitary 99.92 99.76 99.92 99.84 99.79 

Average 99.78 99.54 99.54 99.54 99.40 

Testing set 

notumor 98.95 98.43 97.75 98.09 97.37 

meningioma 93.87 87.75 86.89 87.32 83.27 

glioma 94.96 89.53 89.53 89.53 86.21 

pituitary 98.43 95.95 97.64 96.79 95.76 

Average 96.55 92.92 92.95 92.93 90.65 

 

 

Fig. 6.  AiiXx curves of the proposed ABTC-IDLMOT technique. 

IV. CONCLUSION 

This study presented an ABTC-IDLMOT technique, 
comprising WF and Otsu's threshold-based image 
preprocessing, EfficientNetV2M-based feature extraction, 
CNN-MHA-based BT classification, and RMSProp 
optimization-based hyperparameter tuning. The experimental 
study of the proposed technique involved a benchmark image 
dataset, and the findings were measured using various metrics. 
The performance validation illustrated a testing accuracy of 
96.55%. The limitations of this study include a reliance on a 
limited dataset, which may affect the generalizability across 
diverse populations. Also, difficulty can be seen due to highly 
heterogeneous tumor types and varying MRI quality. Future 
work may focus on expanding the dataset, integrating 
multimodal clinical data, and exploring more robust 
techniques. 
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