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Abstract: Brain tumor classification is an essential step in medical image analysis, con-
tributing to timely diagnosis and effective treatment planning. This study introduces a
brain tumor classification model that integrates EfficientNet with Dual Path Networks
(DPN) and a Multi-Head Self-Attention (MHSA) mechanism. The model is applied to clas-
sify three major types of brain tumors—glioma, meningioma, and pituitary—using MRI
images. The integration of DPN allows the model to leverage both residual and dense
connections for enhanced feature representation, while the MHSA module refines global
and local contextual information. Experimental evaluation demonstrates that the proposed
model achieves an overall accuracy of 97.82%, sensitivity of 97.83%, specificity of 98.41%,
precision of 98.34%, and F-score of 98.08%. These results indicate competitive performance
compared to widely used architectures such as CNN, ResNet, and DenseNet, suggesting
that the combined use of EfficientNet, DPN, and MHSA can provide a robust approach for
brain tumor classification.
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1 Introduction

The development of digital image processing in the medical field is increasingly being used
to facilitate disease diagnosis. One popular application is the use of Magnetic Resonance
Imaging (MRI) [1, 2]Jand X-ray [3] to non-invasively visualize the body’s interior, which
is highly valuable for early identification of diseases, particularly brain tumors. In prac-
tice, medical personnel still have difficulty in classifying the types of tumors that exist. In
the current conventional method [4-7] brain tumor classification is carried out manually
by radiologists through visual inspection of MRI results. This requires extensive medical
expertise to distinguish between tumor types and is prone to inter-observer variability.

Deep learning methods have been widely adopted to improve diagnostic accuracy and
reduce human error [8-10]. However, medical imaging research often faces the challenge
of relatively small MRI datasets, which can cause overfitting and poor generalization when
training deep networks from scratch. To address this, transfer learning (TL) has become
essential [8]. By leveraging pretrained weights from large datasets like ImageNet [11], con-
taining over 14 million annotated images across 1,000 categories, models can reuse low-
and mid-level features such as edges, textures, and shapes relevant to MRI analysis. TL
accelerates convergence, improves robustness, and enhances classification accuracy even
with limited medical data [5].

Several recent studies on tumor classification have been conducted, with some con-
sidered state-of-the-art (SOTA). Kader et al. [12] developed a CNN-based parotid tumor
diagnosis model that showed promise but required large datasets to avoid overfitting, as
CNNs mainly capture local information and struggle with complex tumor shapes. Zahra
et al. [13] improved accuracy using residual encoder blocks, but this increased complex-
ity and feature redundancy. Wadhah et al. [14] combined feature extraction with SVM,
though performance relied heavily on feature quality and scalability was limited for high-
dimensional datasets. Zhang et al. [15] enhanced a ResNet-based model [16] with augmen-
tations like Mix-up and rotation, but ResNet remained computationally expensive and ex-
cessive augmentation risked unrealistic samples. Ramasamy et al. [17] used a HOG-based
machine learning approach, which was limited to low-level features and performed poorly
on highly variable data. Fang et al. [18] integrated MHSA with BiGRU to capture long-
range dependencies, effectively applying the Transformer concept [19], but the method
was computationally and memory intensive and required large datasets for optimal per-
formance.

The adoption of CNN and deep learning has nonetheless significantly improved classi-
fication accuracy compared with conventional approaches. Inspired by these studies, this
work proposes a brain tumor classification model leveraging EfficientNetB7 [20] enhanced
with Dual Path Network (DPN) and Multi-Head Self-Attention (MHSA) modules [21].
DPN integrates residual and dense paths to improve feature diversity and information
sharing [22], while MHSA enables the model to attend to multiple regions simultaneously,
thus capturing global dependencies and further enhancing classification accuracy.

The discussion in this paper is organized into five sections. Section I introduces the
problem, relevant references, and the motivation for developing the proposed approach.
Section II presents the methodology, including the mathematical model and architec-
tural details of EfficientNetB7, Dual Path Network (DPN), and Multi-Head Self-Attention
(MHSA). Motivated by these observations, this study proposes a brain tumor classification
model leveraging EfficientNetB7 integrated with Dual Path Networks (DPN) and Multi-
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Head Self-Attention (MHSA) to address both local and global feature dependencies. By
combining the representational power of EfficientNet with the feature diversity of DPN
and the global context modeling of MHSA, the proposed approach aims to achieve higher
accuracy and reliability in classifying glioma, meningioma, and pituitary tumors from MRI
images.

2 Related Work

This section reviews related work, covering both conventional and modern classification
methods. Early studies laid the foundation for classification techniques and serve as bench-
marks for this research. Over time, classification methods have evolved, particularly in
medical imaging, aiming to support decision-making and reduce human error.

Conventional methods include the K-Nearest Neighbors (K-NN) algorithm introduced
by Stevens et al. [23]. This method determines the class of a sample based on the major-
ity class of its K-neighbors in feature space. Another method, Bayesian classification, was
employed by Nazeer et al. [24] for cancer detection using a probabilistic approach known
as Bayes’ Theorem. This algorithm assumes feature independence and calculates the prob-
ability of each class, selecting the one with the highest probability as the final decision.
Decision Tree-based approaches, such as those developed by J. Ross Quinlan [25], offer
interpretable classification results and have laid the foundation for advanced algorithms
like Random Forest [26], which enhances efficiency. However, conventional methods often
face challenges in achieving optimal accuracy. Jerome H. et al. [27] addressed this issue by
employing Gradient Boosting Machines (GBM), which iteratively reduce errors in previous
models, making it highly effective for various classification and regression problems.

In contrast, modern methods, particularly those leveraging Deep Neural Networks
(DNNSs), have proven more effective than conventional techniques, especially for med-
ical image classification. DNNs also play a pivotal role in detection and segmentation
across various fields, such as brain tumor classification using fuzzy clustering combined
with support vector machines [6], breast tumor diagnosis via texture characterization from
ultrasound images [28], and multi-scale segmentation of thoracic organs for clinical appli-
cations [29]. Recent studies utilizing deep learning for brain tumor classification include
the work by M. Rizwan et al. [9], which employed a Computer-Aided Diagnosis (CAD) ap-
proach to categorize brain tumor radiology images into glioma, meningioma, and pituitary
tumor classes. Their process involved pre-processing with Gaussian filters and developing
a 16-layer neural network-based architecture.

Another modern approach is You-Only-Look-Once (YOLO), as demonstrated by M.F.
Almufareh et al. [8], [30]. This method integrates detection, segmentation, and classification
into a unified framework, significantly improving efficiency and accuracy despite increased
computational demands and longer training times. Additionally, Asif S. et al. [8] utilized
transfer learning (TL) models for MRI-based brain tumor detection, achieving higher ac-
curacy, recall, and precision. Popular classification models applied in other studies in-
clude Residual Networks (ResNet) [16], Visual Geometry Group Networks (VGGNet) [30],
Efficient Neural Networks (EfficientNet) [20], Spectral-Spatial Bidirectional Transformer-
based Convolutional Networks (SSBTCNet) [31], and Densely Connected Convolutional
Networks (DenseNet) [32], among others [33], [34].
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Figure 1: The proposed network architecture model includes MHSA block and DPN block.
The model of classification use is EfficientNetB7. The results of the classification in the
Classification Network will determine which highest probability value is suitable for de-
termining the type of tumor.

3 Proposed Method

The method we propose in this study is explained in detail; the architecture of the classifi-
cation model we created is displayed in Figure 1. We adapted the architecture model from
the EfficientNet model [20], this DNNs-based architecture is widely used for classification
and chose this model because of its ability to achieve high accuracy with less computa-
tional resource usage. In addition, to further optimize the final accuracy during the training
process, we added two new modules including Multi-Head Self Attention (MHSA) which
will divide the model’s attention based on three inputs, this allows the model to increase
the probability value of the emergence of desired information, thus impacting valid deci-
sions. While the Dual Path Network (DPN) is used to combine the advantages of two main
approaches in network convolution such as ResNet and DenseNet, by combining these
models into one and implementing them into the EffcientNet model, It will increase the
accuracy and efficiency of the existing coding even further.

The complete model utilized is depicted inFigure 1 architecture of the model we sug-
gest. In this model, we divide the model into three stages including Feature Extraction,
Multi-path Convolutional, and Classification Network. Each stage has different work and
functions during training. The EfficientNetB7 model is used during training the model we
created, this model was chosen because based on several previous studies [20] and [32]
shows the best performance among its predecessor models B0 to B6, this model uses 64
million parameters with a depth of 813 layers.

During the training process, we standardize the initial input size of Feature F' from the
image by cropping it to F’ with a size of 224 x224x3, in addition to standardizing the size,
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Cropped Image

Original Image

Figure 2: Cropped image.

this crop technique also functions to speed up the training process and focus information
on the image during the training process, images with dominant information will often
appear rather than backgrounds that do not contain information in them, thus minimizing
errors in class classification. Furthermore, the input feature F” is trained into the model and
produces output z, this output z is the result of feature extraction during training, these
features are then sent to the Multi-path Convolutional stage which contains the MHSA
attention block, and the DPN block, in this stage the input = will be trained using both
blocks. At the Multi-path Convolutional stage has an important role where the attention
block allows the model to focus on certain parts of the relevant input « and ignore the
irrelevant parts, in addition, the DPN block is used to reduce overfitting, and improve
performance and better accuracy, the results of this stage output y, this output y contains
features that have better probability values compared to x, these results are forwarded to
the Classification network section to test the accuracy of the previously trained model to
produce z. These three stages will be explained in more detail below.

3.1 Cropped Image

The image cropping process, shown in Figure 2, represents the initial stage aimed at fo-
cusing on the most informative regions before training and testing. The image processing
pipeline begins by converting the input image F' to grayscale using weighted contributions
from the red, green, and blue channels. Next, a Gaussian blur with a 5x5 kerneland o = 1.0
is applied to smooth the image and reduce noise. Thresholding is then performed, setting
pixels above 45 to 255 while retaining lower values, thereby preserving important infor-
mation for classification. Morphological operations follow, with erosion removing small
noise and separating objects, and dilation expanding object boundaries to close gaps and
connect components, both using a structural element S over two iterations. Finally, contour
detection identifies object boundaries from the processed image, allowing cropping to the
exact object region without losing information.

3.2 Feature Extraction

At the feature extraction stage, the cropped images were trained using the EfficientNetB7
architecture initialized with pretrained weights from the ImageNet dataset [11]. All mod-
els were trained using pretrained weights to ensure fair and consistent comparison results.
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During feature extraction, the pretrained layers of EfficientNetB7 were initially frozen, and
only the final fully connected layers were trained on the MRI dataset. This allowed the
model to leverage previously learned features from ImageNet while adapting to the specific
patterns, textures, and structures present in brain MRI images. Subsequently, a fine-tuning
step was applied, in which some of the deeper layers of EfficientNetB7 were unfrozen and
retrained with a smaller learning rate, enabling the model to further refine its feature rep-
resentations for the tumor classification task.

ResNet-50 [16], with approximately 25 million parameters and residual connections, is
among the most widely adopted architectures in transfer learning for medical image classi-
fication. While effective in extracting hierarchical features, this model requires large-scale
datasets to achieve stable performance. On limited MRI datasets, ResNet often exhibits per-
formance degradation without the support of transfer learning. In contrast, EfficientNetB?,
with over 64 million parameters and 813 layers, employs compound scaling to balance
depth, width, and input resolution. When combined with pretrained weights from Ima-
geNet, EfficientNetB7 can extract high-resolution features and fine-grained textures critical
in brain MRI analysis, such as glioma boundaries and the complex structures of menin-
giomas. This explains why, in this study, the integration of EfficientNetB7 with DPN and
MHSA not only achieves higher accuracy than ResNet but also utilizes the limited medical
dataset more efficiently.

EfficientNetB7 belongs to the EfficientNet family [20], which employs a compound scal-
ing method by simultaneously scaling three key dimensions of the network: depth a?,
width 3%, and input resolution v?. Compound scaling involves increasing all network di-
mensions proportionally at regular scales. For example, by increasing the network depth
(number of layers), width (number of filters per layer), and input image resolution simul-
taneously, the model maintains computational and memory efficiency. In this context, ¢
acts as a global coefficient controlling the scaling level, while «, 8, and + are constants that
determine the proportion of each dimension.

Block1 Block2 Block3 Block4 Block5 Block6 Block7

MBConv, 3x3
MBConv, 3x3
MBConv, 3x3
MBConv, 5x5
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MBConv, 5x5
MBConv, 5x5
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MBConv, 3x3
MBConv, 3x3
Feature map

Input image

Figure 3: EfficienNetB7 model architecture.

Figure 3 illustrates the architecture of the EfficientNetB7 model used in this study. This
model employs a fundamental building block called the Mobile Inverted Bottleneck Con-
volution (MBConv), also used in MobileNetV2 [35]. Each MBConv block consists of several
components, including a depthwise separable convolution, a squeeze-and-excitation (SE)
block, and an expansion phase. The expansion phase uses a 1x1 convolution to increase
the number of channels, while the depthwise convolution employs a 3x3 or 5x5 convolu-
tion, applied individually to each channel. The SE block applies the squeeze-and-excitation
mechanism to recalibrate channel-wise feature responses. Finally, the projection phase uses
a 1x1 convolution to reduce the number of channels back to the original dimension, com-
pleting the MBConv structure.
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3.3 Multi-Path Convolutional

In this stage, we added two new blocks including Dual Path Network (DPN) and Multi-
Head Self Attention (MHSA), the purpose of using these two blocks is to improve accuracy
and provide focus on objects in the image both in the learning process and testing, the
objects in question are the parts affected by the tumor and those that are not, so as to
minimize errors that occur and suppress overfitting in the model. In addition, the two
blocks have different roles and functions during testing and training, the following is a
detailed explanation of the two blocks.

3.3.1 Dual Path Network (DPN)

As shown in Figure 1, the Block implementation is carried out before the classification pro-
cess together with the attention block. We apply this DPN block to improve performance
in image recognition tasks, especially in terms of accuracy and computational efficiency.
DPN is based on the idea that input information, namely features, can be obtained through
two different paths to enrich the feature representation and increase the network capacity,
as shown in Figure 4 below.

DPN Block

! v

|| SparableConv2D Conv2D

\ 4 \ 4

|| SparableConv2D Conv2D

Figure 4: Dual Path DPN Model, this block is divided into three parts, the first part z; is
SperableConv2d, the second part is Con2D, and the last is the residual which is used to
restore to the initial size in the merging process.

In the initial stage, the input feature x is divided into three different parts, namely x;,
22, and z3. To obtain x;, we use SeparableConv2D, a convolution operation designed
to reduce the number of parameters required by the model and increase computational
efficiency, as shown in Eq. (1).
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z1 = ReLU(Conv2D(z, Filter, Kernel_size, strides, padding)) (1)

To obtain x2, we use the standard convolution path Conv2D, where z,4 represents the
output of the depthwise convolution in separable convolution, which is used to com-
bine features from multiple channels without changing the spatial dimensions (width and
height) of the input. The computation is shown in Egs. (2) and (3).

xq = DepthwiseConv2D(z, Kernel_size, strides, padding) )

x2 = ReLU(Conv2D(zg, filters, 1, 1, padding)) 3)

The final output is obtained by combining z; and xz, through element-wise multiplica-
tion and adding the residual block z3 (a 3x3 convolution), as described in Eq. (4).

Tout = (xl : 3;‘2) + 3 (4)

x3 is a residual block convolution with a kernel size of 3 x 3. After obtaining z; and
z9, the merging process is carried out as expressed in Eq. (4), where the results of the stan-
dard convolution z; and the depthwise convolution z3 are combined through element-
by-element multiplication. The input or output from another path, z3, is then added to
produce zqu, which represents the DPN output.

3.3.2 Multi-Head Self Attention (MHSA)

MHSA Block

1

SparableConv2D

}

SparableConv2D

Il Scaled Dot-Product
MHSA Attention
l pa L4 pa t i
linear U I linear ﬂ I linear U
Conv2D + LeaklyReLU Y T T
1 v K Q

Figure 5: Multi-Head Self Attention (MHSA) has three inputs Query, Key, and Value. Each
of the inputs works independently, and each head produces a series of vectors. The outputs
of all heads are then concatenate and passed through a linear transformation layer to obtain
the final output.
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The use of the attention mechanism serves to focus the final output more accurately
after being combined with the output from the previous DPN. This block receives input
from SeparableConv2D, which is then processed through an information-sharing mech-
anism to refine the final classification results. Multi-Head Self-Attention (MHSA) is one
of the key components of the Transformer architecture that significantly improves model
performance in producing more accurate predictions.

As shown in Figure 5, the MHSA block consists of three different inputs: Query
(@), Key (K), and Value (V), each operating independently. However, the initial in-
put feature in the model consists of a single tensor, making it unsuitable for direct
MHSA processing. Therefore, the input must be transformed using separate convo-
lution operations for each required component. To generate the ), K, and V val-
ues, we apply three separate SeparableConv2D layers, one for each part of the in-
put. This ensures that each tensor is computed independently, following the program
structure: query_conv = SeparableConv2D, key_conv = SeparableConv2D, and
value_conv = SeparableConv2D. Each convolution layer uses the same number of fil-
ters and kernel size. After obtaining the MHSA input tensors @), K, and V, the self-attention
mechanism can be performed using standard attention computation steps.

3.3.3 Linear Projections

In the initial stage for each head-i, we perform a linear projection on the input X to obtain
three different vectors: query (Q;), key (K;), and value (V;). The process is expressed in
Equation (5).

Qi = XWE, K; = XWkK, Vi=XW) (5)

Here, X is the input matrix with dimensions (n X dmodel), Where n denotes the input
sequence length and dimodel Tepresents the model dimension. The matrices W2, W/, and
W} are the learnable weight matrices for the linear projections corresponding to the i-th
head, each with size (dmoder X di). Meanwhile, @Q;, K;, and V; are the resulting projected
tensors, each having dimensions (n x dy).

3.3.4 Self-Attention Calculation

After getting the values of @);, K;, and V;, the attention must then be calculated for each
head. The process involves several stages as shown in Equation (6).

A(Qi, K;,V;) = softmax (Q\Z/%T> V; ©)

In Equation (6), the attention value A is obtained by first computing the attention score
QKT
Vi’
result by /dj, to stabilize the gradient. The softmax function is then applied to generate a
probability distribution from the attention scores, ensuring that the values sum to 1. The
resulting softmax output is used to compute a weighted combination of the value vector

Vi. The output dimension of the operation in Eq. (6) is (n % dy).

which is calculated by multiplying the query and key matrices and dividing the
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Figure 6: The output from the combination of DPN and MHSA produces output y, which
is forwarded to the classification-Network section to obtain the final classification decision
results, where there are three types of tumors tested during the study, namely, Glioma,
Meningioma, and Pituitary.

3.3.5 Concatenate of Heads

After obtaining the attention value from each head, the output from each head h,, is then
combined into a single matrix, where dj, is the dimension of each head, as shown in Eq. (7).

Concat (Ap,, Ap,, Ap,) € R (de) @)

The resulting combined matrix has a dimension of (n x (h - d)), where h is the number
of heads and dy, is the dimensionality of each head.

3.3.6 Final Linear Transformation

The final step, after all components have been processed and the attention results from each
head have been obtained, is to combine the outputs from all heads and pass them through
the final linear transformation layer to produce the MHSA output, as shown in Eq. (8).

MHSA(Q, K, V) = Concat (An,, An,, Ap,) WO (8)

Here, WO is the final linear projection matrix with dimensions ((h - di) X dmode1). The
result of this operation is a matrix with dimensions (n X dmodel), Which restores the tensor
shape to match the original model dimension. The MHSA output is then combined with the
DPN output to form the final multi-path convolutional output MPC,, as shown in Eq. (9).

MPC,, = Concat(MHSA, DPN) )

3.4 Classification-Network

In the final stage, tumor type classification is performed by determining the class with
the highest probability at the output layer. Figure 6 illustrates the classification network
structure, which consists of four MidResBlock units serving as encoder components (shown
in green) that extract features from y into the network. This is followed by a flatten layer
and a Dense layer used to generate the final classification output.

In the Dense layer, the vector y produced by the multi-path convolution network con-
tains 1792 features. Two Dense layers are used to process these features, each employing
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the ReLU activation function. To improve model generalization, a Gaussian dropout rate
of 0.01 is applied. The final Dense layer consists of three neurons to produce the categorical
output, followed by a Softmax activation function to determine the class with the highest
probability.

To evaluate the classification performance, four main criteria are used: false positives
(FP), false negatives (FN), true positives (TP), and true negatives (TN). In the multiclass
brain tumor classification case, these values are computed separately for each tumor type,
where the target class is treated as positive and all other classes as negative. The overall
performance of the proposed model is evaluated using Accuracy, Sensitivity, Specificity,
Precision, and F-Score, as represented in Egs. (10)—(14).

Accuracy = FP+ g;) 1 Ej TTN (10)
Sensitivity = % (11)
Specificity = FPT+7NTN (12)

Precision = TPTifFP (13)
F-Score = 2x 1P (14)

2xTP+FP+FN

4 Experiment Results

4.1 Cropped Image

In this study, the proposed model was first pretrained on the publicly available ImageNet
dataset [11], which contains 14,197,122 images across 1,000 object categories with their cor-
responding annotations, and then fine-tuned and evaluated on a brain MRI dataset [36] that
includes multiple tumor classes in Figure 7 show the cropping results from MRI datasets.
To ensure that the model focused on the most relevant regions, all MRI images underwent
a preprocessing step involving cropping

4.2 Training Process

All experiments were carried out on an Ubuntu 18.04.6 workstation equipped with an
NVIDIA GeForce RTX 3060 GPU (12 GB VRAM) and an AMD Ryzen 5 5600X processor (6
cores, 12 threads) with 32 GB of RAM. The system was configured with CUDA 11.8 for ex-
ecuting the experimental code, while Python 3.8.0 was used within a Docker environment.
TensorFlow 2.12 served as the deep learning framework. Model training was performed
using the Adam optimization algorithm [37] for 20 epochs with a batch size of 32, a learning
rate of 1e-3, and a dropout rate of 0.5. To ensure a fair comparison, all training processes in-
cluding both the proposed model and the SOTA baseline models [13,14,16,20,30,38]experi-
ments were conducted using models trained from scratch using the ImageNet dataset [11].
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a) No Tumor b) Glioma c) Meningioma d) Pituitary

Figure 7: Sample datasets used in the study were: a) no tumor, b) Glioma Tumor, ¢) Menin-
gioma Tumor, and d) Pituitary.

4.3 Result

The dataset was divided into separate training and testing subsets to ensure an objective
evaluation of the proposed model. The model was initialized with pretrained weights,
enabling it to learn representative patterns, textures, and structural features from the input
images. The training process resulted in a model capable of accurately recognizing and
classifying image features. The independent testing subset, which contained images not
used during training, was then employed to evaluate the model’s performance. This sepa-
ration prevents bias and ensures that the reported results reflect the model’s generalization
capability rather than memorization of the training data. Experimental results demonstrate
that the proposed approach achieves an accuracy exceeding 90% across all classes, as sum-
marized in Table 1. These findings confirm that the integration of attention blocks and
dual-path networks contributes positively to classification performance.

Table 1: Accuracy, Sensitivity, Specificity results obtained in testing

Class Classification Menigioma Glioma Pituitary

Accuracy (%) 97.70 97.52 98.25
Sensitivity (%) 97.81 97.49 98.22
Specificity (%) 98.69 97.31 99.24
Precision (%) 97.58 98.35 99.11

F-Score (%) 97.51 98.04 98.70

Table 1 shows the results obtained from the experiments on each class of tumor that
we conducted, these results are the results before being compared with the models from
SOTA [13,14,16,20,30,38]. From these results, the accuracy value in the meningioma class
reached 97.7%, in the Glioma class 97.52%, and in the Pituitary class 98.25% with an average
overall value of 97.82%. In addition to the accuracy value obtained, the average overall
sensitivity, specificity, precision and F-score obtained were 97.83-98.08%. This proves that
the combination of two new blocks can increase the probability value tested to produce
better accuracy. We use the Confusion matrix in Table 1 to explain the achievement of the
model classification process based on the number of test data samples used.
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Figure 8: Performance metric results of proposed model.

To provide a more intuitive illustration of the classification performance for each class,
the evaluation results from Table 1 are visualized in the form of a Spider Chart, as shown in
Figure 8. The diagram presents five key metrics accuracy, sensitivity, specificity, precision,
and F-score, each represented on a radial axis. The visualization shows that all three tumor
classes meningioma, glioma, and pituitary achieved consistently high performance, with
all values exceeding 97%. The pituitary class demonstrates the best performance, particu-
larly in specificity (99.24%) and precision (99.11%), indicating the model’s strong capability
to detect pituitary tumors accurately with minimal false positives. The glioma class ex-
hibits slightly lower specificity (97.31%), although it still achieves a high precision value
(98.35%). Meanwhile, the meningioma class remains stable, with balanced metrics ranging
from 97.5% to 98.7%. This visualization confirms that the proposed model provides con-
sistent and well-balanced classification results across all classes, with the most significant
advantage observed in pituitary detection.

Table 2: Confusion matrix
Actual Class Predicted Class

Meningioma Glioma Pituitary

Meningioma 917 15 5
Glioma 14 902 10
Pituitary 10 5 886

From the results in Table 2, overall, the evaluated classification models showed par-
ticularly satisfactory performance in detecting and classifying the three types of tumors.
The high sensitivity and specificity values for each type of tumor indicate that our pro-
posed model can recognize several types of classes very accurately. While high specificity
shows that the model can accurately identify negative cases, high sensitivity expresses our
model’s capacity to recognize actual positive cases.
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Figure 9: Model accuracy performance against loss from ImageNet dataset.

Figure 9 shows two graphs depicting the model performance of over 20 training epochs.
The chart on the left displays the “Model Accuracy” and the chart on the right displays the
“Model Loss”. In the “Model Accuracy” graph, the vertical axis serves as the accuracy rate,
while the horizontal axis speaks for the number of epochs. The accuracy on the training
data (Train) is shown by the green curve, and the accuracy on the validation data (Val) is
represented by the red curve. From the graph, it can be observed that the training accuracy
rises sharply at the beginning and then gradually levels off, stabilizing around 92-97%. The
validation accuracy also increases initially but begins to fluctuate and slightly decrease af-
ter 15 epochs. To mitigate overfitting, early stopping was applied, and training was halted
at epoch 15 despite being scheduled for 20 epochs, ensuring high model accuracy while
controlling overfitting. The loss graph illustrates the evolution of the loss values during
training, with the horizontal axis representing the number of epochs and the vertical axis
representing the loss. The green curve represents the training loss, while the red curve
represents the validation loss. Initially, both losses decrease rapidly; however, after ap-
proximately 5 epochs, the validation loss begins to rise, suggesting potential overfitting.
Overall, Figure 9 demonstrates that the model achieved high accuracy on both training
and validation data but exhibited slight overfitting after 15 epochs, as indicated by the
increasing validation loss.

Figure 10 shows the Receiver Operating Characteristic (ROC) curves for the classifi-
cation of brain tumors with three classes: meningioma, glioma, and pituitary based on
Table 2. The horizontal axis represents the False Positive Rate (FPR), while the vertical axis
represents the True Positive Rate (TPR). Each ROC curve shows the model’s performance
in distinguishing between the respective tumor class and other classes. Curves closer to the
upper left corner indicate better classification performance. Based on the figure, the curves
for meningioma and pituitary almost reach the upper left corner with an Area Under the
Curve (AUC) value of 0.99 each, while the curve for glioma is slightly lower with an AUC
of 0.98. This indicates that the tested model has excellent ability in distinguishing the three
types of tumors, with a nearly perfect classification accuracy. The dashed diagonal curve
shows random performance as a reference.
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Figure 10: ROC curves of proposed model for brain tumor classification.

Figure 11: MRI data visualization Coursera dataset [36] classification results of tumor sam-
ple testing based on class.

From Figure 11, the visualization results of Magnetic Resonance Imaging MRI data on
the human brain are classified into four different categories based on their conditions and
classes. There are 16 images divided into a matrix of four rows and four columns, each la-
belled according to the conditions shown in the image. The first row shows an MRI image
labelled “no_tumor” in a normal brain condition without a tumor, the second row shows an
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MRI image labelled “meningioma tumor” indicating the presence of a tumor with a menin-
gioma class identified in it, the third row shows an MRI image labelled “glioma_tumor”
indicating the presence of a tumor with a glioma class identified, and the last is an MRI
image labelled “pituitary_tumor” indicating the presence of a tumor with a Pituitary class
identified in it. Each image in the column represents a different view of the brain, such
as axial, coronal, and sagittal views. This classification helps in diagnosing different brain
conditions with existing conventional methods.

Table 3: Evaluation of the proposed model against EfficientNet and other SOTA models on
the MRI dataset

Model Accuracy (%) Sensitivity(%) Specificity(%) Precision(%) F-score(%)
EfficientNetB0 [20] 96.57 96.50 96.60 96.60 96.55
EfficientNetB1 [20] 96.95 96.90 97.00 97.00 96.95
EfficientNetB2 [20] 96.44 96.40 96.50 96.50 96.45
EfficientNetB3 [20] 96.10 96.00 96.20 96.20 96.10
EfficientNetB4 [20] 97.22 97.20 97.30 97.30 97.25
EfficientNetB5 [20] 97.04 97.00 97.10 97.10 97.05
EfficientNetB6 [20] 97.43 97.40 97.50 97.50 97.45
EfficientNetB7 [20] 97.76 97.70 97.80 97.85 97.77
MidResBlock [13] 95.98 X X 96.08 X
LeNet-based [13] 90.06 X X X X
Hybrid [14] 93.51 90.10 95.28 88.84 89.37
ResNet [16] 90.00 89.90 92.05 92.22 97.78
DenseNet [30] 91.11 90.22 92.05 92.22 91.11
CNN [38] 97.68 96.74 98.16 98.19 97.78
Our Proposed 97.82 97.83 98.41 98.34 98.08

Table 3 demonstrates that the EfficientNet models (B0-B7) exhibit consistently strong
classification performance, with all accuracy values exceeding 90%. Among these models,
the EfficientNet B7 achieves the highest performance, accomplishing an accuracy of 97.76%
and an F-Score of 97.77%. In contrast, our proposed model, which integrates EfficientNet
B7 with Multi-Path Convolutional and Multi-Head Self-Attention (MHSA), achieves the
best overall performance over all evaluation metrics. Specifically, the proposed model at-
tains an accuracy of 97.82%, sensitivity of 97.83%, specificity of 98.41%, precision of 98.34%,
and an F-Score of 98.08%. These findings show that the proposed model avoids False Pos-
itives (FP) and True Negatives (ITN) while maintaining a great balance between detecting
True Positives (TP) and limiting False Negatives (FN).

Furthermore, the comparison results between the proposed model and other reference
models, including LeNet-based, Hybrid, ResNet, DenseNet, and CNN models, using the
MRI dataset [36], indicate that the proposed model outperforms the reference models in
terms of accuracy and other evaluation metrics [13,14,16,20,30,38]. These results also high-
light the key differences between ResNet and EfficientNet when applied through transfer
learning. ResNet, although popular for its residual connections and proven effectiveness in
feature extraction, typically requires large-scale datasets to achieve stable performance. On
limited MRI datasets, ResNet performance often degrades without the support of transfer
learning. In contrast, EfficientNetB7, with compound scaling and pretrained weights from
ImageNet, is able to maintain high performance even on relatively small datasets. This
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efficiency, combined with the integration of DPN and MHSA, explains why the proposed
model in this study surpasses the accuracy of ResNet and other architectures in the evalu-
ation table.

However, it is important to note that several factor such as model architecture, dataset
type and size, computational resources, and preprocessing techniques (e.g., filter types) can
significantly influence the results. Based on the results presented in Table 3, it can be con-
cluded that the integration of Dual Path Network (DPN) blocks and the Multi-Head Self-
Attention (MHSA) mechanism significantly improves classification accuracy. The combi-
nation of DPN and MHSA within the Multi-Path Convolutional structure enhances the net-
work’s ability to extract and capture discriminative features, thereby increasing the proba-
bility of correct classification in the network’s final stage.

5 Ablation Study

Table 4: Ablation study of the proposed block
Baseline DPN MHSA Accuracy Sensitivity Specificity Precision F-Score

(%) (%) (%) (%) (%)
@) X X 97.56 97.70 97.80 97.77 @)
(@) (@) X 97.72 97.85 98.02 98.00 @)
(@) X O 97.95 98.18 98.08 98.08 @)
(0] (0) (0] 98.15 98.34 98.15 98.34 (0]

Table 4 presents the results of an ablation study conducted to evaluate the contributions
of Dual Path Networks (DPN) and Multi-Head Self-Attention (MHSA) on brain tumor clas-
sification using EfficientNetB7 as the baseline model. In this context, “O” indicates that a
block is applied, while “X” indicates that a block is not applied. The baseline model alone,
without DPN or MHSA, achieved an accuracy of 97.56%, precision of 97.70%, recall of
97.80%, and an F1-score of 97.77%. When DPN was applied, the performance slightly im-
proved, reaching an accuracy of 97.72%, precision of 97.85%, recall of 98.02%, and F-score
of 98.00%. Similarly, applying MHSA alone also enhanced the results, particularly in pre-
cision (98.18%) and recall (98.08%), yielding an F-score of 98.08%. The combination of both
DPN and MHSA produced the best overall performance, with an accuracy of 98.15%, pre-
cision of 98.34%, recall of 98.15%, and F-score of 98.34%, indicating that these two modules
complement each other by improving feature representation and attention mechanisms for
brain tumor classification.

6 Discussion

The proposed model demonstrates strong overall performance, yet class-specific differ-
ences are evident. Pituitary tumors achieve the highest scores, particularly in specificity
and precision. This advantage can be explained by their consistent anatomical location
and clearer structural boundaries in MRI images. In contrast, gliomas often exhibit irreg-
ular shapes and diffuse margins, while meningiomas may share visual similarities with
surrounding tissues, making them more challenging to classify accurately.
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Although the results are encouraging, the ability of the model to generalize to larger
and more heterogeneous datasets remains uncertain. In real clinical practice, MRI scans
differ widely across institutions, scanners, and acquisition protocols. Such variability may
introduce domain shifts that reduce classification reliability. To address this, future studies
should evaluate the model using multi-center and multi-modal datasets to ensure robust-
ness and clinical applicability.

Another important consideration is the computational cost of the proposed architecture.
The integration of EfficientNetB7, DPN, and MHSA substantially increases the number of
parameters and requires significant GPU resources for training and deployment. These
requirements may limit real-time use in clinical environments, particularly in resource-
constrained settings. Future work should therefore focus on optimizing model efficiency,
reducing reliance on high-end hardware, and improving scalability for practical medical
applications

7 Conclusion

This study proposes a brain tumor classification model based on an artificial neural net-
work that integrates multi-head self-attention (MHSA), dual-path networks (DPN), and
attention blocks. The proposed model demonstrates high accuracy in detecting gliomas,
meningiomas, and pituitary tumors, achieving an overall accuracy of 97.82% and outper-
forming several state-of-the-art approaches [13, 14, 16, 20, 30, 38]. By effectively capturing
important features from MRI images, the model significantly improves classification per-
formance. Experimental results show excellent outcomes, with accuracy, sensitivity, speci-
ficity, precision, and F-score values of 97.82-98.08%, respectively.

However, this study is limited by the use of a relatively restricted testing dataset, not
fully capture the diversity of real-world clinical data. the integration of EfficientNetB7
with DPN and MHSA substantially increases model complexity and computational costs.
In addition, although the model achieved high accuracy, further validation on larger and
multi-center datasets would be valuable to confirm its robustness across different imaging
conditions. Future work may also focus on optimizing the computational efficiency of the
proposed architecture and exploring model interpretability to further support its clinical
applicability. Nevertheless, the achieved performance indicates that the proposed model
holds strong potential for supporting medical detection and diagnosis, improving the ac-
curacy of brain tumor identification, and enabling further research in medical image clas-
sification through deep learning and artificial intelligence (AI), which in the future could
address data with greater variability and complexity.
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