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Abstract 

Brain tumor classification from magnetic resonance imaging (MRI) images requires robust feature learning because 

tumor classes show subtle visual differences, especially between glioma and meningioma. This work improves 

accuracy and stability in multi-class brain tumor classification by enriching features and directing attention to 

discriminative MRI patterns. A hybrid model uses DenseNet121 and MobileNetV2 as parallel backbones, applies a 

Convolutional Block Attention Module (CBAM) to each stream, and performs late fusion by concatenating the two 

feature vectors for final prediction. CBAM improves performance by adaptively reweighting channels that encode 

tumor-relevant intensity and texture cues while suppressing less informative responses. It also strengthens spatial 

focus by emphasizing regions aligned with tumor cores and boundaries, reducing interference from normal tissue and 

artifacts and lowering cross-class confusion. Performance is evaluated with 10-fold cross-validation on the Figshare 

dataset and a standard hold-out split on the Sartaj Bhuvaji dataset. The proposed model achieves strong results on 

Figshare (3 classes) with accuracy 0.9892, precision 0.9880, recall 0.9876, F1-score 0.9877, and AUC 0.9995, and it 

also achieves strong results on Sartaj Bhuvaji (4 classes) with accuracy 0.9816, precision 0.9814, recall 0.9848, F1-

score 0.9829, and AUC 0.9984. These results indicate that dual-backbone fusion increases feature diversity and 

CBAM reduces cross-class confusion, supporting stable generalization across independent MRI datasets. The model 

improves accuracy in separating visually similar tumors, especially glioma versus meningioma, and maintains strong 

generalization across different datasets. 
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1. INTRODUCTION 

Brain tumors refer to a group of cancers that develop within the brain as well as the central nervous 

system, represent a serious global health problem because they disrupt vital central nervous system 

functions and substantially reduce patient quality of life. Global Cancer Observatory (GLOBOCAN) 

2020 data report 308,102 new brain tumor cases worldwide and 241,037 deaths, which account for about 

1.6% of all cancer incidence and 2.5% of total cancer deaths [1]. Although brain tumors show lower 

incidence than breast or lung cancer, they remain a critical health problem in Indonesia because patients 

often receive diagnosis at an advanced stage, which reduces the chance of recovery. 

Patients with brain tumors often experience diverse symptoms. Futhermore, [2] reports that tumor 

location and tumor size strongly influence the clinical manifestations in the brain. Other research shows 

that neuropsychiatric symptoms, such as anxiety or depression, can serve as early indicators before clear 

physical symptoms appear [3]. Therefore, clinicians need accurate tumor classification to determine and 

accelerate appropriate medical management and to improve patient survival. 

Clinicians widely use medical imaging methods, including Computed Tomography (CT) and 

Magnetic Resonance Imaging (MRI), to diagnose brain tumors. Clinicians more often use MRI because 

it shows soft-tissue detail clearly and provides multiple sequences, such as T1, T1 with contrast, T2, and 
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FLAIR [4]. In this study, MRI-based multi-class classification focuses on common categories: glioma, 

meningioma, pituitary, and no-tumor.  

On MRI, glioma often appears as a broad hyperintense region on T2/FLAIR due to edema or 

infiltration, and it shows variable enhancement patterns [5]. Meningioma often arises from the dura and 

often shows a characteristic “dural tail” sign on post-contrast T1 or FLAIR images [6]. Pituitary 

adenoma (PitNET) occurs in the sella turcica and can compress the optic chiasm, so MRI plays a key 

role in assessing tumor morphology and its relationship to adjacent structures [7]. The no-tumor category 

serves as a control class in many MRI-based brain tumor classification studies. However, manual 

diagnosis remains challenging because MRI images often show similar signal intensity and similar 

shapes across classes, which can create variation in radiologist assessments and prolong interpretation 

time [4]. 

Many studies use hybrid approaches in medical image analysis to improve image classification 

performance. [8] propose a hybrid model that combines MobileNetV1 and DenseNet-121 and applies 

feature fusion and hyperparameter tuning for MRI-based brain tumor classification. The results show 

high accuracy on several public datasets, which indicates that MobileNet extracts lightweight and 

efficient features, while DenseNet builds rich feature representations through dense connectivity. This 

combination produces strong overall performance. In another study, [9] introduce a Hybrid Deep 

Maxout-VGG-16 model for MRI-based brain tumor detection and classification and integrate a Maxout 

mechanism with the VGG-16 architecture to strengthen nonlinearity and deep feature representation. 

This model improves classification accuracy and speeds up convergence compared with standard VGG-

16, although it still requires relatively high computational cost. However, many studies still report 

confusion between visually similar tumors such as glioma and meningioma because MRI shows subtle 

differences across classes. 

MobileNetV1 targets high computational efficiency by using depthwise separable convolutions, 

enabling a substantial reduction in both parameter count and computational overhead. However, the 

depthwise strategy can limit cross-channel spatial information integration, so the feature representation 

becomes less expressive for capturing fine details or complex textures [10]. In super-resolution tasks, 

studies also report that depthwise convolution performs less effectively for reconstructing high-

frequency information [11]. In contrast, DenseNet121 maintains stable gradient flow and mitigates 

vanishing gradients through dense connections, while it also promotes effective feature reuse across 

network layers [12] [13]. This contrast shows that a single backbone cannot balance rich texture 

representation and computational efficiency in one stream. 

Researchers develop various attention modules to improve feature representation quality. 

Squeeze-and-Excitation (SE) mainly serves as channel attention for cross-channel recalibration, so it 

emphasizes the channel dimension [14]. Non-local attention captures long-range dependencies, but the 

long-range similarity computation requires high computational cost and limits practical use, so 

researchers propose efficient variants to reduce this cost [15]. Efficient Channel Attention (ECA) 

preserves efficiency by focusing on inter-channel interactions, but its channel-only design does not 

explicitly model spatial attention, so it often needs a spatial mechanism to highlight lesion locations 

more clearly [14]. In brain tumor classification, an effective attention module should enhance 

informative channels and emphasize spatial cues at lesion regions and infiltrative boundaries. Dual-

attention methods such as CBAM (channel and spatial) address this need, and studies report that CBAM 

helps capture important spatial context in MRI-based brain tumor tasks [16]. In the same study, CBAM 

is integrated with ResNet50 for MRI brain tumor classification and achieves 99.43% accuracy, which 

supports the effectiveness of CBAM for tumor-focused feature learning [16]. Study [17] also 

demonstrates this benefit by integrating CBAM with EfficientNetV2 for breast cancer histopathology 

image classification, which improves sensitivity and specificity and captures subtle patterns that 
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standard convolutional networks often miss. Yet most hybrid brain tumor studies emphasize fusion, but 

they do not place dual attention in each branch to strengthen discriminative cues before fusion. 

Based on these limitations and related studies, this study proposes a two-branch hybrid CNN 

model for brain tumor classification on MRI images and combines DenseNet-121 and MobileNetV2 as 

parallel feature extractors. Each branch uses a Convolutional Block Attention Module (CBAM) to 

emphasize the most relevant channel and spatial features and to strengthen lesion signals against the 

background. This study selects MobileNetV2 instead of MobileNetV1 because MobileNetV2 introduces 

inverted residual blocks and linear bottlenecks as improvements over MobileNetV1 to increase 

performance while it maintains a lightweight architecture [18]. DenseNet121 captures rich local 

textures, MobileNetV2 captures efficient global structure, and CBAM guides each branch to tumor-

focused channels and regions before fusion. The model introduces novelty because it unifies dual-

backbone fusion and branch-level dual attention to separate subtle visual differences between glioma 

and meningioma. This study expects CBAM to address the limitations of the previous backbones by 

highlighting informative channel and spatial features and to improve classification accuracy, especially 

for difficult classes, without reducing computational efficiency. This design aims to increase accuracy 

for visually similar tumor classes and to maintain stable generalization across different MRI datasets 

through complementary features and guided attention. 

2. METHOD 

This study uses a two-branch hybrid CNN architecture and integrates DenseNet-121 and 

MobileNetV2 as parallel feature extractors. The model adds a Convolutional Block Attention Module 

(CBAM) to each branch to enhance channel and spatial feature learning. Figure 1 presents the workflow 

and the detailed processing steps of the proposed method. 

 

 
Figure 1. Workflow of the proposed research methodology 
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2.1. Dataset Collection 

This study utilizes a publicly accessible dataset comprising MRI images of brain tumors across 

multiple classes. Two primary MRI datasets are included, namely Figshare with 3,064 images for three 

classes and Sartaj Bhuvaji with 3,264 images for four classes. The dataset includes training data and 

validation data for model learning and evaluation. This study applies data preprocessing to ensure 

consistent input quality, which includes image resizing, pixel-intensity normalization, and data format 

standardization. This study also checks the class distribution to identify potential class imbalance that 

can affect the training process. 

2.2. Data Preprocessing 

This study applies data augmentation to the training set to increase image variability while it 

preserves key anatomical characteristics. This technique increases visual diversity, reduces overfitting, 

and helps the model recognize tumor features under variations in position, orientation, and intensity. All 

images are resized to 224 × 224 pixels, and the data are split into training and testing sets with a 90:10 

proportion. This study applies augmentation only to the training set, while it uses the test set without 

augmentation to ensure that evaluation reflects the original data conditions. 

2.3. Model Architecture Design 

The proposed approach uses a dual-backbone pipeline to extract complementary MRI features 

from two CNNs in parallel. DenseNet121 learns rich local textures and fine structural cues, while 

MobileNetV2 learns efficient global patterns and shape information. Each backbone processes the same 

input image independently and outputs a high-level feature map, so the system preserves two different 

representations of the tumor appearance. Convolutional Block Attention Module (CBAM) then refines 

each feature map by increasing responses on tumor relevant channels and spatial regions and by 

suppressing background responses that can trigger confusion. Channel attention strengthens feature 

channels that encode discriminative intensity and texture cues, and spatial attention highlights lesion 

regions and boundary areas that separate similar classes. After CBAM, global average pooling converts 

each refined feature map into a compact feature vector. Late fusion concatenates the two vectors into a 

single representation, so the classifier receives a combined feature space that merges the strengths of 

both backbones. This fusion step increases feature diversity and supports better separation of visually 

similar tumors such as glioma and meningioma. 

As illustrated in the architectural diagram in figure 2, the process feeds a 224×224 input image 

into both backbones simultaneously. DenseNet121 extracts rich feature representations through dense 

connectivity, while MobileNetV2 captures complementary features efficiently through inverted residual 

bottleneck blocks [10] [12]. The system represents the feature outputs of the two backbones as feature 

maps 𝐹𝐴 and  𝐹𝐵 as defined in eq (1). 

𝐹𝐴 = 𝑓𝐴(𝑥), 𝐹𝐵 = 𝑓𝐵(x)    (1) 

In this formulation, 𝑥 denotes the input image, while 𝑓𝐴(∙) and 𝑓𝐵(∙) denote the feature extraction 

functions of DenseNet121 and MobileNetV2, respectively. For a 224×224 input, both backbones 

produce high-level feature maps with an approximate spatial resolution of 7×7, where DenseNet121 

generates around 1024 channels and MobileNetV2 produces approximately 1280 channels. 

After feature extraction by the backbone networks, this study applies CBAM to each branch to 

increase the model focus on relevant information. CBAM consists of two sequential stages, namely 

Channel Attention and Spatial Attention [19], as illustrated in figure 3. 

In the Channel Attention stage, the module summarizes feature maps using global average pooling 

and global max pooling, then processes the pooled features through a shared-weight MLP to generate 
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channel-wise attention weights. The module uses these weights to recalibrate the feature maps by 

strengthening informative channels and suppressing less relevant channels. Eq (2) presents the 

formulation of Channel Attention along with the feature enhancement process: 

𝐹′ = 𝐹 ⊙ 𝜎(𝑀𝐿𝑃(𝐴𝑣𝑔𝑃𝑜𝑜𝑙(𝐹)) + 𝑀𝐿𝑃(𝑀𝑎𝑥𝑃𝑜𝑜𝑙(𝐹))) (2) 

in this equationa 𝐹 ∈ ℝ𝐵×𝐶×𝐻×𝑊 denotes the input feature map to CBAM, AvgPool(⋅) and MaxPool(⋅) 

denote global pooling over spatial dimensions, MLP(⋅) denotes a shared multilayer perceptron, 𝜎(⋅) 

denotes the sigmoid function, and ⊙ denotes element-wise multiplication. 

After Channel Attention, CBAM proceeds to Spatial Attention to emphasize the most relevant 

spatial locations in the 𝐻 × 𝑊 feature plane. At this stage, the module compresses the feature map F′ 

along the channel dimension using average pooling and max pooling to form two spatial attention maps. 

The module concatenates these maps and processes them with a 𝑘 × 𝑘  convolution, where this study 

sets 𝑘 = 7  to generate spatial attention weights. Eq (3) describes the feature refinement process through 

Spatial Attention. 

𝐹′′ = 𝐹′ ⊙ 𝜎(𝐶𝑜𝑛𝑣𝑘×𝑘([𝐴𝑣𝑔𝑐ℎ(𝐹′);  𝑀𝑎𝑥𝑐ℎ(𝐹′)])) (3) 

in this equation, Mean𝑐ℎ(⋅) and Max𝑐ℎ(⋅) denote average and maximum operations along the channel 

dimension, respectively. The concatenation operation stacks the two resulting maps along the channel 

dimension to form a two-channel representation, and Conv𝑘×𝑘(⋅) denotes spatial convolution 

implemented with a 7 × 7 kernel. 

After the CBAM module, each backbone produces a calibrated feature map, namely F𝐴
′′ from 

DenseNet121 with CBAM and F𝐵
′′ from MobileNetV2 with CBAM. The model applies adaptive Global 

Average Pooling to reduce the spatial dimension 𝐻 × 𝑊 to a 1 × 1 representation per channel. The 

model then applies flattening to convert each pooled output into a one-dimensional feature vector. Next, 

the model concatenates the two feature vectors to perform late fusion and to form a fused representation 

that captures complementary information from both backbones. Eq (4) defines the summarization and 

fusion step. 

 𝑓𝐴 = 𝐵𝑁𝐴(𝐹𝑙𝑎𝑡𝑡𝑒𝑛(𝐺𝐴𝑃( F𝐴
′′))), 𝑓𝐵 = 𝐵𝑁𝐵(𝐹𝑙𝑎𝑡𝑡𝑒𝑛(𝐺𝐴𝑃( F𝐵

′′))), 𝑣 = 𝐶𝑜𝑛𝑐𝑎𝑡(𝑓𝐴, 𝑓𝐵) (4) 

in this equation, GAP(⋅) denotes global average pooling that reduces the spatial dimension 𝐻 × 𝑊 to 

1 × 1 per channel, Flatten(⋅) converts the pooled tensor into a one-dimensional feature vector, BNA(⋅) 

and BNB(⋅) denote branch-wise batch normalization for the DenseNet121 and MobileNetV2 vectors, 

respectively, and Concat(⋅) concatenates the two normalized vectors. The architecture produces a 1024-

dimensional feature vector from DenseNet121 and a 1280-dimensional feature vector from 

MobileNetV2. Therefore, the fused vector 𝑣 has 2304 dimensions. 

In eq (5), the classification head maps the fused feature vector 𝑣 to the output logits for 𝐾classes. 

The head applies a fully connected layer (𝐹𝐶1) to project 𝑣 into a compact embedding, applies batch 

normalization to stabilize the feature distribution, and applies the ReLU activation to introduce 

nonlinearity. The head then applies an output fully connected layer (𝐹𝐶out) to generate the logits 𝑦 ∈

ℝ𝐵×𝐾, where each element represents an unnormalized score for one class: 

ℎ = BN1(𝑊1𝑣 + b1), 𝑔 = 𝑅𝑒𝐿𝑈(ℎ), 𝑦 = W2𝑔 + b2 (5) 

In this equation, BN1(⋅) denotes batch normalization after 𝐹𝐶1, ReLU(⋅) denotes the rectified linear unit 

activation, and 𝑊1, 𝑏1 and 𝑊2, 𝑏2 represent the parameters of FC1 and FCout, respectively. This stage 

produces the final logits in the output section, and the model applies softmax to convert 𝑦 into class 

probabilities and to output the final predicted class among the 𝐾 categories. The model outputs one class 
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label as the final decision, such as glioma, meningioma, pituitary, or no-tumor, by selecting the class 

with the highest softmax probability. 

 

 
Figure 2. Hybrid MobileNetV2-DenseNet121 with CBAM 

 

 
Figure 3. Convolutional Block Attention Module (CBAM) Architecture 
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2.4. Hyperparameter Tuning 

Hyperparameter tuning is a critical process in the training of classification models, as it aims to 

optimize model performance and accuracy by identifying effective parameter configurations. In this 

study, key hyperparameters, including batch size, image size, optimizer, learning rate, and weight decay, 

are tuned. Proper hyperparameter selection enables more stable and efficient learning, enhances 

prediction accuracy, and mitigates issues of overfitting and underfitting. 

2.5. Model Evaluation 

This study evaluates performance using two protocols to measure stability and generalization 

across datasets. The Figshare dataset uses 10-fold cross-validation to reduce dependence on a single 

split and to estimate performance across folds. The Sartaj Bhuvaji dataset uses a standard hold-out split 

to test generalization under a conventional train and test setting. Model performance evaluation uses 

several quantitative metrics to provide a comprehensive view of classification ability, both in prediction 

correctness and class balance. The evaluation metrics used include: 

1. Accuracy, measures how precisely the model classifies images in the test set. However, when 

the class distribution is imbalanced, accuracy provides a less representative evaluation 

because the model can achieve a high accuracy score by predicting all samples as the majority 

class [20]. Eq (6) calculates accuracy for class 𝑖, while Eq (7) computes macro accuracy as 

the average accuracy across all tumor classes. 

 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
∑ 𝑇𝑃𝑖

𝑚
𝑖

∑ (𝑇𝑃𝑖+𝐹𝑁𝑖+𝐹𝑃𝑖)𝑚
𝑖

  (6) 

𝑀𝑎𝑐𝑟𝑜 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
1

𝑚

∑ 𝑇𝑃𝑖
𝑚
𝑖

∑ (𝑇𝑃𝑖+𝐹𝑁𝑖+𝐹𝑃𝑖)𝑚
𝑖

 (7) 

2. Precision, measures the accuracy of positive predictions, namely the proportion of correct 

positive predictions to all positive predictions that the model produces. In model evaluation, 

a high precision value indicates that the model assigns most samples to the correct class, so 

the model reduces misclassification and improves prediction reliability [20]. Eq (8) calculates 

precision for class 𝑖, while Eq (9) computes macro precision as the average precision across 

all classes. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃𝑖

𝑇𝑃𝑖+𝐹𝑃𝑖
   (8) 

𝑀𝑎𝑐𝑟𝑜 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
∑ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑖

𝑚
𝑖

𝑚
   (9) 

3. Recall, evaluates the model’s ability to identify positive samples correctly, namely the ratio 

of correct positive predictions to all actual positive samples. This metric supports high 

sensitivity and early detection because it minimizes false negative errors [20]. Eq (10) 

calculates recall for class 𝑖, while Eq (11) computes macro recall as the average recall across 

all classes. 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃𝑖

𝑇𝑃𝑖+𝐹𝑁𝑖
   (10) 

𝑀𝑎𝑐𝑟𝑜 𝑅𝑒𝑐𝑎𝑙𝑙 =
∑ 𝑅𝑒𝑐𝑎𝑙𝑙𝑖

𝑚
𝑖

𝑚
  (11) 
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4. F1-score, combines precision and recall through the harmonic mean, so it reflects the balance 

between prediction correctness and detection capability of the model. The F1-score depends 

on the definition of positive and negative classes and on the class distribution [20]. Eq (12) 

calculates the F1-score for each class, while Eq (13) computes the macro F1-score as the 

average across all classes.  

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑖 × 𝑅𝑒𝑐𝑎𝑙𝑙𝑖

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑖+ 𝑅𝑒𝑐𝑎𝑙𝑙𝑖
   (12) 

 𝑀𝑎𝑐𝑟𝑜 𝐹1 − 𝑆𝑐𝑜𝑟𝑒 =
∑ 𝐹1−𝑆𝑐𝑜𝑟𝑒𝑖

𝑚
𝑖

𝑚
   (13) 

5. Area Under Curve (AUC) evaluates overall classifier performance. AUC ranges from 0 to 1, 

and a classifier with AUC below 0.5 indicates poor predictive ability [21]. 

𝐴𝑈𝐶𝑖 =  ∫ 𝑇𝑃𝑅𝑖(𝐹𝑃𝑅𝑖)𝑑(𝐹𝑃𝑅𝑖)
1

0
   (14) 

𝑇𝑃𝑅𝑖 =
𝑇𝑃𝑖

𝑇𝑃𝑖+𝐹𝑁𝑖
   (15) 

𝐹𝑃𝑅𝑖 =
𝐹𝑃𝑖

𝐹𝑃𝑖+𝑇𝑁𝑖
     (16) 

𝑀𝑎𝑐𝑟𝑜 𝐴𝑈𝐶 =
1

𝑚
∑ 𝐴𝑈𝐶𝑖

𝑚
𝑖=1    (17) 

Eq (14) defines AUC for class 𝑖 as the area under the ROC curve. Eq (15) defines True 

Positive Rate (TPR) as the model success rate in identifying positive `samples for class 𝑖. Eq 

(16) defines False Positive Rate (FPR) as the model error rate when it assigns negative 

samples as positive for class 𝑖. Eq (17) computes Macro AUC as the average AUC across all 

classes to represent overall performance in multiclass classification. 

3. RESULT 

3.1. Dataset Collection 

This study uses two primary MRI datasets for brain tumor classification. The Figshare dataset 

provides 3.064 MRI images and includes three classes: glioma, meningioma, and pituitary [22]. The 

Sartaj Bhuvaji dataset provides 3.264 MRI images and includes four classes: glioma, meningioma, 

pituitary, and no-tumor [23]. 

 

Table 1. Sample images from the Sartaj Bhuvaji 

Glioma Meningioma Pituitary No-Tumor 

    
 

3.2. Data Preprocessing 

After data collection, this study resizes all brain tumor MRI images to 224 × 224 pixels to match 

the model input. The dataset is split into training and testing sets in a 90:10 proportion. For the Figshare 
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dataset, the evaluation uses 10-fold cross-validation to reduce dependence on a single split and to obtain 

a more stable estimate of model generalization under class-distribution variation. This choice follows 

prior brain tumor MRI studies that apply k-fold validation, [24] use 5-fold cross-validation by dividing 

the dataset into five subsets, rotating the test subset, and training the model on the remaining subsets, so 

the evaluation uses multiple splits. For the Sartaj Bhuvaji dataset, the evaluation uses a conventional 

hold-out split because the dataset has a more balanced structure and a relatively consistent data size. 

Data augmentation applies to the training set to increase image variability and reduce model overfitting. 

The pipeline uses horizontal flip, vertical flip, combined horizontal and vertical flip, rotations of 90° 

and 270°, a small rotation of 15°, and brightness adjustment with a factor of 1.2.  

 

Table 2. Split datasets distribution 

Datasets Training Testing 

Figshare [22] 2757 307 

Sartaj Bhuvaji [23] 2937 327 

 

3.3. Hyperparameter Tuning 

Hyperparameter tuning is performed before training to obtain the most optimal parameter 

configuration and improve model performance for the classification task. This study focuses the tuning 

process on three main components, namely the optimizer, learning rate, and weight decay, because these 

components directly affect training stability and model generalization. This study applies the tuning 

process to the Sartaj Bhuvaji dataset, which consists of 3.264 images. As shown in Table 2, the first 

stage evaluates several optimizers to assess their impact on the proposed model performance. The results 

indicate that optimizer selection significantly affects convergence stability and prediction quality. 

Among the evaluated optimizers, Nadam achieves the best test performance with an accuracy of 0.9756 

and a loss of 0.1279, and it maintains stable learning during training. 

 

Table 3. Accuracy and loss for different optimizers, learning rates, and weight decay values 

Hyperparameter 
Graph 

Accuracy Loss 

Optimizer 

  

Learning Rate 

  

Weight Decay 
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The second stage evaluates several learning rate values to determine the most effective weight 

update rate during learning. The results show that a learning rate of 0.0002 provides the best performance 

because it accelerates learning while it maintains stable convergence. The third stage analyzes the effect 

of weight decay as a regularization method on model performance. This study evaluates several weight 

decay values to control model complexity and reduce overfitting. The results show that a weight decay 

of 1e-05 improves validation stability and strengthens model generalization. After the hyperparameter 

tuning process ends, this study trains the model using the best hyperparameter combination. Table 4 

presents the detailed hyperparameter values from the tuning results. 

 

Table 4. Hyperparameter tuning 

Hyperparameter Value 

Batch Size 24 

Epoch 80 

Image Size 224×224 

Optimizer NAdam 

Learning Rate 2e-04 

Activation Function Softmax 

Loss Function Categorical Cross Entropy 

Weight Decay 1e-05 

 

3.4. Model Ablation 

The model ablation evaluates the contribution of backbone combinations and feature 

enhancement strategies to brain tumor classification performance on MRI images. In the first stage, this 

study tests two backbones, namely MobileNetV2 with CBAM and DenseNet121 with CBAM, and then 

it evaluates the MobileNetV2-DenseNet121 hybrid scheme to measure the benefit of feature fusion from 

both architectures.  

 

Table 5. Performance comparison of different model variants 

Models Acc Precision Recall F1-Score AUC 

MobileNetV2 + CBAM 0.9724 0.9724 0.9740 0.9731 0.9970 

DenseNet121 + CBAM 0.9694 0.9700 0.9714 0.9706 0.9969 

Hybrid MobileNetV2 and 

DenseNet121 
0.9694 0.9688 0.9735 0.9710 0.9951 

Hybrid MobileNetV2 and 

DenseNet121 with CBAM 

(Proposed Method) 

0.9816 0.9814 0.9848 0.9829 0.9984 

 

In the final stage, this study uses the Hybrid MobileNetV2-DenseNet121 with CBAM (Proposed 

Method) to strengthen the model focus on relevant features through the attention mechanism. Based on 

the ablation results in Table 5, the Proposed Method achieves the best and most consistent performance 

across all evaluation metrics, with an accuracy of 0.9816, precision of 0.9814, recall of 0.9848, an F1-

score of 0.9829, and an AUC of 0.9984. The high recall indicates that the model detects tumor samples 

more reliably, which reduces the risk of missed tumor cases. 

The accuracy and loss curves in table 6 show that all models reach convergence quickly in the 

early training phase. In general, training and test accuracy increase sharply during the first 20-40 epochs 

and then reach a plateau with smaller gains. The loss decreases gradually until it approaches a 

convergent state. These results indicate that the selected backbone combinations and attention module 

learn feature representations effectively without requiring a long training schedule to achieve stable 

performance. 
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Table 6. Comparison of accuracy and loss curves for four ablation models 

Models Graph 

MobileNetV2 + 

CBAM 

  

DenseNet121 + 

CBAM 

  

Hybrid 

MobileNetV2 

and 

DenseNet121 

  

Hybrid 

MobileNetV2 

and 

DenseNet121 

with CBAM 

(Proposed 

Method) 

  

 

In addition, the confusion matrix in Table 7 shows that the proposed method improves class 

separation between glioma and meningioma, which often remain difficult to distinguish due to similar 

visual characteristics. Overall, the model reduces cross-class prediction errors between these two 

classes, which indicates that dual-backbone feature integration strengthened by CBAM produces a more 

discriminative representation. As a result, the model highlights relevant lesion regions more consistently 

and reduces misclassification between visually similar classes. 
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Table 7. Confusion matrices of different ablation models 

Models Confusion Matrix 

MobileNetV2 + CBAM 

 

DenseNet121 + CBAM 

 

Hybrid MobileNetV2 and 

DenseNet121 

 

Hybrid MobileNetV2 and 

DenseNet121 with CBAM (Proposed 

Method) 

 

3.4.1. MobileNetV2 with CBAM 

MobileNetV2 with CBAM shows strong performance with accuracy 0.9724, F1-score 0.9731, 

and AUC 0.9970. This result shows that a lightweight backbone such as MobileNetV2 can still perform 

multi-class MRI classification well when CBAM strengthens the feature learning. CBAM guides the 

network to focus on relevant regions and informative channels, so the model separates visually similar 

classes more clearly, including glioma and meningioma. Table 7 shows that the model classifies most 

glioma and meningioma samples correctly. However, the confusion matrix still shows some cross-class 

confusion. This result indicates that CBAM improves attention guidance, but the model still needs 

stronger discrimination for these two classes. 
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3.4.2. DenseNet121 with CBAM 

DenseNet121 with CBAM achieves accuracy 0.9694, F1-score 0.9706, and AUC 0.9969. 

DenseNet121 provides strong representation capability through feature reuse, and CBAM helps the 

model focus on important regions in the image. This configuration also separates major classes well, 

including difficult classes such as glioma and meningioma. However, the confusion matrix still shows 

overlap between these two classes. This overlap often occurs in brain tumor MRI classification because 

the visual differences are subtle, and intensity, location, and lesion boundaries vary across samples. 

Therefore, CBAM improves feature focus, but the model still needs a small improvement to separate 

glioma and meningioma features more clearly. 

3.4.3. Hybrid MobileNetV2-DenseNet121 

The Hybrid MobileNetV2-DenseNet121 model achieves accuracy 0.9694, F1-score 0.9710, and 

AUC 0.9951. This configuration uses feature fusion to combine the strengths of MobileNetV2 and 

DenseNet121. The hybrid design provides more diverse feature representations to support separation of 

visually similar classes. However, without attention, the fused features do not focus strongly on the most 

important image regions. As a result, the model does not fully optimize separation for difficult classes 

such as glioma and meningioma. This finding supports the need for CBAM to filter and focus the fused 

features so the model produces more discriminative representations. 

3.4.4. Hybrid MobileNetV2-DenseNet121 with CBAM 

Hybrid MobileNetV2-DenseNet121 with CBAM gives the best results with accuracy 0.9816, 

precision 0.9814, recall 0.9848, F1-score 0.9829, and AUC 0.9984. The improvement appears not only 

in global metrics but also in difficult classes, especially glioma and meningioma. Compared with single-

backbone models with CBAM, the proposed method refines features: fusion from two backbones 

enriches global and detailed representations, and CBAM focuses attention on relevant channels and 

regions. The confusion matrix shows fewer cross-errors between glioma and meningioma. Therefore, 

the model separates these two classes more clearly and consistently. 

3.4.5. Comparison of Experimental Models and the Proposed Model 

The proposed model, Hybrid MobileNetV2-DenseNet121 with CBAM, consistently outperforms 

all experimental models across evaluation metrics. Feature fusion provides richer representations, and 

CBAM filters and focuses the fused features on important channels and regions. This advantage appears 

in higher accuracy, higher F1-score, higher AUC, and lower cross confusion between glioma and 

meningioma in the confusion matrix. CBAM improves classification because channel attention 

amplifies tumor relevant intensity and texture channels, while spatial attention highlights lesion regions 

and boundary cues that separate visually similar tumors. This attention mechanism reduces 

misclassification between difficult classes, especially glioma and meningioma, by suppressing 

background responses and by strengthening discriminative tumor patterns. Dual-backbone fusion 

improves performance because DenseNet121 captures rich local textures through dense feature reuse, 

while MobileNetV2 captures complementary global structure with efficient representation learning. 

Feature concatenation combines both representations into a richer fused vector than a single-backbone 

embedding, so the classifier receives higher feature diversity and stronger class separability. These 

results confirm that hybrid backbones with CBAM provide clearer, more stable class separation. 

3.5. Experiment Result 

After model selection and experimental evaluation, this study selects Hybrid MobileNetV2-

DenseNet121 with CBAM as the proposed model. This study uses two main datasets: Figshare and 
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Sartaj Bhuvaji. The study applies 10-fold cross-validation on the Figshare dataset to improve 

reproducibility and reduce bias from a single split and applies a hold-out scheme on the Sartaj Bhuvaji 

dataset. Table 8 reports the best performance on both datasets. 

 

Table 8. Performance of the proposed model 

Datasets Classes Acc Precision Recall F1-Score AUC 

Figshare [22] 3 0.9892 0.9880 0.9876 0.9877 0.9995 

Sartaj Bhuvaji [23] 4 0.9816 0.9814 0.9848 0.9829 0.9984 

 

The results on both main datasets show strong performance across accuracy, precision, recall, F1-

score, and AUC, which indicates reliable classification capability. The accuracy and loss trends 

demonstrate stable convergence during training without significant fluctuation, which reflects effective 

optimization behavior. In addition, the confusion matrices in table 9 show consistent class-wise 

predictions with a low misclassification rate, which confirms robust internal evaluation performance 

across all classes. The model achieves slightly higher accuracy on Figshare than on Sartaj Bhuvaji 

because Figshare provides fewer classes and more homogeneous acquisition conditions, so the decision 

boundary becomes easier to learn.The Sartaj Bhuvaji dataset includes an additional no-tumor class and 

shows higher intra-class variability, so the model faces more diverse patterns and a harder separation 

problem. Differences in image quality, contrast distribution, and class diversity across datasets can also 

shift feature statistics and reduce performance under a fixed training configuration. 

 

Table 9. Accuracy and loss curves and a confusion matrix 

Datasets Result 

Figshare 

[22] 
 

 

 

Sartaj 

Bhuvaji 

[23] 
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In addition to evaluation on the main datasets, this study conducts a cross-dataset evaluation to 

assess model generalization in a more realistic deployment scenario. The study trains the model using 

the full Figshare dataset [22] as the training set and then tests the trained model on two independent 

datasets that come from different sources and imaging conditions. The first test set is the Sartaj Bhuvaji 

dataset with 540 MRI images [23], and the second test set is the brain tumor MRI dataset with 900 MRI 

images [25]. This evaluation setting examines model robustness under distribution shifts by exposing 

the model to variations in MRI acquisition protocols, contrast, noise levels, and tumor appearance 

patterns across datasets. Through this design, the study measures performance stability and verifies 

whether the learned features remain discriminative when the model faces new MRI characteristics that 

do not appear in the training data. 

 

Table 10. Cross-dataset evaluation result 

Data Test Result 

540 images 

from [23] 

 
 

900 images 

from [25] 

 
 

 

Table 10 presents the cross-dataset evaluation results in the form of accuracy curves and 

confusion matrices for each test dataset. The accuracy curves illustrate the prediction consistency across 

samples, while the confusion matrices show the class-wise classification behavior and the types of mis-

classification between tumor categories. Table 11 reports the quantitative performance metrics. 

 

Table 11. Cross-dataset evaluation performance 

Data Test Acc Precision Recall F1-Score AUC 

540 images from [23] 0.9556 0.9557 0.9556 0.9555 0.9882 

900 images from [25] 0.9667 0.9679 0.9667 0.9665 0.9967 

 

The experimental results indicate that the proposed model demonstrates consistent performance 

across all two test datasets. Although performance varies across datasets, the model still provides 

consistent classification. This result indicates that the proposed model shows good generalization and 

does not depend strongly on the training dataset characteristics. 

4. DISCUSSIONS 

This study compares the proposed approach with prior studies that apply hybrid strategies for 

brain tumor MRI classification on similar datasets. This analysis highlights differences in fusion 
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strategy, backbone selection, and feature enhancement mechanisms. Table 12 and table 13 summarize 

the performance comparison for the Figshare dataset and the Sartaj Bhuvaji dataset. 

 

Table 12. Comparison of the proposed framework with other methods on the Figshare dataset 

Methods Accuracy 

MobDenseNet (hybrid MobileNetV1 + DenseNet, 

feature-fusion) [8] 
98.40% 

PDCNN with multiple classifiers [26] 98.13% 

FCM clustering with SVM [27] 98.20% 

Hybrid MobileNetV2 and DenseNet121 with 

CBAM (Proposed Method) 
98.92% 

 

Table 13. Comparison of the proposed framework with other methods on the Sartaj Bhuvaji dataset 

Methods Accuracy 

MobDenseNet (hybrid MobileNetV1 + DenseNet, 

feature-fusion) [8] 
96.02% 

Hybrid AlexNet+SVM [28] 95.10% 

GoogLeNet feature extractor + SVM (hybrid CNN-

SVM) [29] 
98.10% 

Hybrid MobileNetV2 and DenseNet121 with 

CBAM (Proposed Method) 
98.16% 

 

The proposed Hybrid MobileNetV2-DenseNet121 with CBAM shows stronger performance 

compared to previous methods. The hybrid backbone architecture provides richer and more 

discriminative feature representations, while CBAM effectively directs attention to the most relevant 

spatial regions and feature channels. This synergy leads to improved classification accuracy and result 

consistency, as reflected in higher accuracy, precision, recall, and F1-score compared to baseline 

approaches. MobileNetV2 ensures computational efficiency, whereas DenseNet121 enhances feature 

propagation through dense connectivity. Moreover, CBAM significantly reduces classification errors 

for tumor classes with high visual and spatial similarity, particularly glioma and meningioma, which 

often share overlapping intensity patterns and anatomical locations in brain MRI. By emphasizing subtle 

differences in both visual appearance and tumor localization, the proposed method enables more reliable 

discrimination between these challenging classes. 

Compared with the recent MobDenseNet hybrid fusion model that combines MobileNetV1 and 

DenseNet [8], the proposed method adds CBAM to refine each backbone feature map before fusion, so 

the fused representation carries more tumor-focused cues. This attention guided fusion improves 

separation for difficult classes because CBAM suppresses background activation and strengthens lesion-

relevant channels and spatial regions that distinguish glioma and meningioma. The dual-backbone 

design also offers an advantage over single-backbone or CNN-SVM [29] pipelines because feature 

concatenation merges local texture cues and global structural cues into one embedding with higher 

diversity. This framework can adapt to larger datasets by scaling training data diversity and by adding 

domain adaptation or harmonization to reduce scanner-related intensity shifts. 

5. CONCLUSION 

This study integrates Hybrid MobileNetV2-DenseNet121 with CBAM for brain tumor 

classification on MRI images. CBAM improves spatial and channel feature representation by focusing 

on relevant regions and suppressing less informative features. The proposed model achieves the best 

performance on two main datasets. On Figshare, the model reaches accuracy 0.9892, precision 0.9880, 

recall 0.9876, F1-score 0.9877, and AUC 0.9995. On Sartaj Bhuvaji, the model reaches accuracy 0.9816, 
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precision 0.9814, recall 0.9848, F1-score 0.9829, and AUC 0.9984. The training curves and confusion 

matrices demonstrate stable convergence and consistent classification on internal evaluation, including 

improved discrimination between challenging tumor classes such as glioma and meningioma, which 

often exhibit high visual and spatial similarity in brain MRI. Furthermore, cross-dataset evaluation 

shows strong generalization across independent datasets with different MRI characteristics, indicating 

robustness under distribution shifts. In clinical practice, this model can support an automated decision 

support pipeline that triages MRI cases, flags suspected tumors, and provides a second opinion for 

radiologists. This deployment can reduce manual workload, speed up preliminary screening, and help 

standardize classification across different readers and sites. 

This study still faces challenges related to intensity variation and visual differences across MRI 

datasets. Future work can explore more adaptive attention mechanisms, use lighter backbones to 

improve efficiency, and integrate multi-modal MRI sequences. Future work also needs validation on 

multi-institution datasets and real clinical settings to confirm robustness and generalization in practical 

deployment. A prospective clinical workflow evaluation can connect the model output to reporting 

systems and measure impact on diagnostic time and error reduction. Multi-modal MRI training with 

inputs such as T1, T1c, T2, and FLAIR can capture complementary tumor signatures and improve 

robustness. Domain adaptation or harmonization can reduce intensity shifts across scanners and 

institutions. 
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