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Abstract: Brain tumor detection and classification from MRI images is a challenging task. Early and accurate diagnosis 

are essential for selecting appropriate treatment plans and improving patient outcomes. Despite significant advances in 

deep learning for medical image recognition, comprehensive comparative analyses of brain tumor classification models, 

particularly regarding ensemble optimization, remain limited. This paper uses four state-of-the-art deep learning 

frameworks, namely EfficientNetB4, MobileNetV3, MobileNetV2, and EfficientNetB0, to classify brain MRI images 

into four categories: Glioma, Meningioma, Pituitary tumor, and Normal. It employs a two-phase transfer learning 

approach, followed by 5-fold cross-validation on 875 MRI images. A unified experimental framework is employed, 

incorporating a two-phase transfer learning approach, consistent preprocessing, and a rigorous evaluation protocol with 

5-fold cross-validation and an independent test set to prevent data leakage. Both full and selective ensemble strategies 
are examined to improve the robustness and stability. The models are evaluated using accuracy, precision, recall, F-1 

score, confusion matrices, and accuracy curves, and statistical validation using McNemar’s test. MobileNetV3 achieves 

the highest test accuracy of 98.76%, followed by EfficientNetB4 (97.89%) and EfficientNetB0 (93.48%). MobileNetV2 

performs significantly worse, with an accuracy of less than 80%. The selective ensemble technique (which uses the best 

models) attains the highest accuracy of 92.97%, compared to the full ensemble (84.40%), which improves prediction 

robustness but does not surpass the best individual model in peak accuracy. Overall, it can be concluded that 

MobileNetV3 is the most suitable architecture for brain tumor classification, delivering high accuracy with minimal 

computational complexity. The selective ensemble approach also enhances performance, maintaining computational 

efficiency, emphasizing the importance of informed model selection in neuro-oncological image analysis and clinical 

decision-support systems. 

 

Index Terms: MRI imaging, Machine Learning, Ensemble Learning, Brain Tumor, MobileNetV3 
 

 

1. Introduction 

Brain tumors are among the most complex and debilitating neurological conditions, and patient survival and 

quality of life largely depend on early and accurate diagnosis. An annual report from the Central Brain Tumor Registry 

of the United States (CBTRUS) states that between 84,000 and 100,000 primary brain tumors are diagnosed each year 

in the U.S., with nearly 30 percent being malignant [1]. The incidence of brain tumors continues to increase worldwide, 
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challenging healthcare systems everywhere. Proper classification and grading are crucial for effective clinical 

management. Gliomas are tumors that arise from glial cells, accounting for nearly thirty percent of all brain tumors and 

almost 80 percent of malignant cases. Meningiomas [2], which develop from the meninges, are generally not harmful; 

however, their size can lead to severe neurological issues. Pituitary tumors are also benign and, depending on their 

position, often cause hormonal imbalances and vision problems. It is important to differentiate these tumors from 

normal brain tissue to determine the best treatment options, such as surgical, radiotherapy, or chemotherapy 

interventions [3]. Despite the fact that MRI offers comprehensive anatomical details, manual analysis is laborious and 

prone to individual-observer variation. The creation of dependable and automated computer-aided diagnostic systems is 

driven by this constraint. 

Magnetic resonance imaging (MRI) is the most crucial diagnostic tool for identifying and classifying brain tumors 

because it offers superior soft-tissue contrast [4] and can generate images in multiple planes. Common MRI sequences, 
such as T1-weighted, T2-weighted, and contrast-enhanced T1-weighted, provide complementary information and 

facilitate detailed tumor analysis [5,6,7]. However, manual interpretation is laborious, subject to inter-observer 

variability, and demands significant clinical expertise. These challenges have increased the need for automated 

decision-support systems that help radiologists perform faster, more consistent tumor classification, especially as MRI 

protocols become more complex and imaging data continue to grow. The rise of deep learning has profoundly 

transformed medical image analysis; convolutional neural networks (CNNs) have demonstrated remarkable results in 

tasks like classification, segmentation, and detection [8,9,10]. CNNs automatically learn hierarchical feature 

representations directly from raw image data and eliminate the need for manual feature engineering, which had been a 

limitation in traditional computer-aided diagnosis systems. 

Recent advances in transfer learning have increased the popularity of this technique in medical imaging, where 

models trained on large natural image datasets like ImageNet are adapted for small medical datasets [11]. In clinical 
settings with limited annotated data and high data acquisition costs, this approach is especially effective. Despite this 

progress, figuring out how to fine-tune and adapt pretrained models for different medical imaging tasks remains an 

ongoing area of research. Although deep learning is increasingly used in medical imaging, many challenges still exist. 

Medical images are significantly different from natural images in acquisition methods, noise levels, and clinical 

importance [12,13,14]. Additionally, clinical environments demand exceptionally high levels of accuracy and reliability 

compared to most standard computer vision problems. Deep learning models are often viewed as black boxes, and their 

lack of interpretability, transparency, and validation raises concerns about their appropriateness for real-world clinical 

use. 

Deep learning-based brain tumor classification has made significant progress, but challenges remain. Fair 

comparison is difficult because many current studies focus on individual model performance without ensuring 

consistent training and evaluation settings. Additionally, despite the widespread use of ensemble learning, most 
methods combine all available models without accounting for the detrimental effects of weaker models. Statistical 

validation and computational efficiency—both crucial for practical clinical implementation—have received little 

attention. 

These are the main contributions of this work, summarized as follows: 

 

 The study offers a systematic and clinically biased evaluation of the state-of-the-art convolutional neural 

network architectures for MRI image-based brain tumor classification.  

 To enable a fair comparison of different transfer-learning models using the same preprocessing, training, and 

validation parameters, this work develops a single experimental framework.  

 Additionally, a selective ensemble strategy is introduced to concentrate on the top-performing models and 

improve their resilience without sacrificing computational efficiency.  

 
The statistical validation techniques are used to boost the reliability of the findings. The work can offer useful 

experience in model selection, ensemble design, and performance-efficiency trade-offs in clinical decision-support 

systems, even though a new architecture is not recommended. The gap between experimental deep learning research 

and real-world clinical application is filled by this rigorous methodology. 

The rest of the paper is organized as follows. Section 2 reviews related research on classification and ensemble 

learning methods for brain tumors. Section 3 explains the proposed methods and approach, including data collection 

and curation, model design, training settings, and evaluation criteria. Section 4 shows the experimental results for each 

individual model and the ensemble approaches. Section 5 concludes the paper and suggests future research directions. 

2. Related Study 

Over the past decade, deep learning techniques for classifying brain tumors have made significant advances. 

Earlier methods relied on manually designed CNN architectures trained through gradient-based optimization. For 

instance, Tahia Tazin et al. [15] developed a deep CNN that achieved 92% accuracy on a brain tumor dataset using X-

ray images. However, these early models often overfitted due to limited training data and needed extensive data 
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augmentation [16] to improve their generalization. One of the most notable improvements was the adoption of transfer 

learning. Deependra Rastogi et al. [17] used VGG19, Xception, MobileNetV2, and ResNetV2, pre-trained on natural 

image repositories, which resulted in 96.11% accuracy on a brain tumor dataset using MRI images, highlighting the 

usefulness of pre-trained weights from large-scale natural image datasets. Similarly, another study by Mirza Mumtaz 

Zahoor et al. [18] introduced a Res-BRNet CNN variant that achieved the highest accuracy of 98.22% on the same MRI 

image dataset, showing that architectural improvements can further enhance medical image classification. Recent 

research has concentrated on improved training schemes and architectures. Sunanda Das et al. [19] conducted a 

comparative study of several CNN models for brain tumor detection and found that GoogleNet was the most accurate 

(94.39%) in a four-class classification task. However, the limited cross-validation and independent testing in their study 

may have caused an overestimation of real-world performance. 

The EfficientNet family has gained increasing attention in medical imaging research. EfficientNet, introduced by 
Tan and Le [20], is based on a compound scaling strategy that systematically balances network depth, width, and input 

resolution to enhance performance while optimizing computational efficiency. Variants of EfficientNet have been 

effectively applied in various medical imaging fields, including dermatology, radiology, and pathology. However, few 

studies [21,22,23] offer comprehensive cross-comparisons between EfficientNet and other modern architectures for 

brain tumor classification. Ensemble learning [24] is also a highly effective tool in medical image analysis, as it has 

been shown that combining multiple models can improve overall prediction accuracy. According to Litjens et al. [25], 

ensemble methods improve the robustness and accuracy of prostate cancer detection with MRI. Similarly, Dolly Das et 

al. [26] used a collection of CNNs to screen for diabetic retinopathy and outperformed individual models, which is 

noteworthy for API models [27]. In medical imaging [28], a common approach in traditional ensembles is to include all 

available models, based on the idea that greater diversity leads to higher overall performance. However, this is not 

always true. If some models perform significantly worse than others, including them can harm the ensemble's 
performance. This limitation has increased interest in selective ensemble methods, where only the most suitable models 

are chosen to be used together. 

Recent advances in deep learning have significantly improved the classification of brain tumors from MRI images. 

A number of studies have examined transfer learning-based solutions to counteract the issue of limited data and enhance 

generalization [41, 42]. Efficient architectures, including MobileNet and EfficientNet, have been popular because of 

their low power consumption and excellent results in medical imaging applications [43, 44]. Also, comparative studies 

of multiple deep learning models underline the significance of fair benchmarking in a unified experimental context [45]. 

Selective ensemble learning, also called ensemble pruning or ensemble selection, has been studied in many fields. 

In a computer vision study, Azal Ahmad et al. [29] showed that a small, carefully chosen set of models can sometimes 

outperform a full set. Despite these results, the use of selective ensemble methods in medical imaging, especially for 

classifying brain tumors, remains relatively underexplored. Additionally, finding the best CNN architectures [30] for 
medical imaging continues to be an important challenge. While models that perform well on large-scale natural image 

datasets like ImageNet [31] provide a good starting point, medical images often require different architectural choices 

and optimization strategies [32] because of their unique features. The impact of architecture choice on performance in 

specific medical imaging tasks has been examined in several studies. For example, Raghu et al. [33] compared different 

CNN families on chest X-ray classification and found that simpler architectures with ImageNet pre-trained weights 

could perform as well as more complex models. Similarly, Wu Y et al. [34] tested various network architectures on skin 

lesion classification and observed that greater architectural complexity does not necessarily lead to better performance. 

More challenges are present in brain MRI analysis because MRI data are three-dimensional, imaging protocols vary 

across institutions [35, 36], and some tumor types lack clear visual contrast. Despite these obstacles, most existing 

research has only focused on a few architectures or has not employed rigorous cross-validation strategies [37], which 

limits the generalizability and reliability of the results.  

This review points out some key gaps that the current study aims to fill. Previous studies have mostly examined 
only a few architectures of interest and often lacked consistent training and evaluation methods, making fair 

comparisons difficult. While ensemble methods are quite common in medical imaging, little attention has been paid to 

choosing the best models within an ensemble, especially for brain tumor classification. Additionally, many studies 

focus heavily on accuracy metrics without properly considering computational efficiency and training stability, which 

are vital for real-world clinical use. Cross-validation and independent testing are not always used in brain tumor 

classification studies, which can lead to overly optimistic performance estimates. To address these issues, this paper 

presents a systematic assessment framework that evaluates both individual model performance and optimized ensemble 

strategies. Besides performance metrics, the paper stresses practical considerations that are essential for effective 

healthcare applications. 
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3. Methodology 

The proposed method for brain tumor classification from MRI images uses a multi-stage pipeline designed to 

ensure robust performance while maintaining clinical relevance, as shown in Fig.1. First, an extensive preprocessing 

stage is applied to raw MRI images, including resizing to a low-resolution standard input, noise reduction to eliminate 

imaging artifacts, data augmentation such as rotation and flipping to improve generalization, and contrast enhancement 

to make tumor-relevant structures more visible. The processed data is then split into training and test sets for objective 

evaluation. During the modeling stage, various transfer learning models, including EfficientNetB0, EfficientNetB4, 

MobileNetV2, and MobileNetV3, are fine-tuned to extract features from the transferred representations. Full and 
selective ensemble schemes are also employed to combine model outputs and further boost predictive performance. 

Standard evaluation metrics, such as accuracy, precision, recall, F1-score, confusion matrix analysis, and accuracy 

curves, are used to assess model effectiveness, while the McNemar test determines the statistical significance among the 

models to ensure the reliability and robustness of the comparison results. In this work, a methodical and repeatable 

pipeline to classify brain tumors based on MRI images is developed, with a focus on equitable assessment, information 

leakage prevention, and method clarity. The general workflow would include dataset preparation, preprocessing, 

training the model with transfer learning, and comprehensive evaluation. 

 

 

Fig. 1. The workflow diagram for brain tumor detection and classification. 

3.1. Data collection 

The integrated dataset is created by merging two publicly available datasets, namely the Brain Tumor Dataset (by 

Jun Cheng) [38] and the Figshare Brain Tumor MRI Dataset [39]. The final collection is referred to as our end-

integrated data [40]. The dataset consists of 875 T1-weighted contrast-enhanced MRI images, categorized into four 
clinically relevant groups: Glioma (218 images, 25%), Meningioma (218 images, 25%), Normal (225 images, 26%), 

and Pituitary Tumor (214 images, 24%). The distribution among the classes is fairly balanced; it did not require major 

rebalancing, only slight adjustments for better balance. The images were consistent since they were all obtained using 

standardized MRI protocols, with similar slice thickness, resolution, and other acquisition parameters. Ground truth 

labels were provided by experienced neuroradiologists based on histopathological reports where available. In cases 

lacking biopsy confirmation, two neuroradiologists reached a consensus, ensuring high-quality annotations. The dataset 

consists of 875 images, which is a limited amount for training a convolutional deep learning model. To address this 

problem, we use a pre-trained transfer learning approach, 5-fold cross-validation approach, and data augmentation 

techniques.  
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Fig. 2. Class-wise MRI images. 

The class distribution shows a fairly even dataset divided into four categories, as illustrated in Fig.2. The healthy 

class has the most samples (n = 225), followed by Glioma (n = 218) and Meningioma (n = 218), with the Pituitary class 

having slightly fewer samples (n = 214). The largest difference between two classes is just 11 samples, indicating a low 

level of class imbalance. Overall, the distribution suggests a nearly balanced number of tumor and non-tumor cases, 

which is statistically beneficial for reducing classification bias and improving the model's generalization during 

supervised learning. The data is divided into two separate subsets, 80% of which are used for training and validation, 

and 20% of which are utilized for independent testing, in order to ensure an unbiased assessment and remove the 

possibility of data leakage. This test set is not used for model selection or training, and it is strictly reserved. The five-

fold cross-validation strategy employed in the training/validation phase uses 80% of the data for training and 20% for 
validation in each fold. This approach guarantees a clear separation between training and test data and provides robust 

and reliable performance evaluation. 

Fig.3. shows representative MRI scans of various brain conditions: (a) Glioma, which appears as a heterogeneous 

lesion with irregular margins in the cerebral hemisphere, (b) Meningioma, which manifests as a well-circumscribed, 

contrast-enhancing mass in the meninges, (c) a normal brain MRI that does not display abnormal signal intensity or 

irregularities, and (d) a pituitary tumor, which is depicted as a localized lesion in the sellar region, exhibiting contrast 

enhancement and mass effects. These images exemplify the variety of pathological and normal presentations seen in 

neuroimaging studies. 

 

    
                                    (a)                                                     (b)                                                    (c)                                             (d) 

Fig. 3. Sample MRI images (a) Glioma, (b) Meningioma, (c) Normal, (d) Pituitary. 

3.2. Preprocessing 

To reduce artifacts causing visual distortions, image preprocessing was divided into block-based and pixel-based 

denoising methods. A comprehensive pre-processing pipeline was applied to normalize input data and enhance model 

performance. All images were downsized to 224 by 224 pixels to match the input size of pre-trained models, using 

appropriate padding to preserve aspect ratios. ImageNet statistics (mean = [0.485, 0.456, 0.406]; standard deviation = 

[0.229, 0.224, 0.225]) were used to normalize pixel values, facilitating successful transfer learning for natural images. 

The N4 bias field correction was employed to address intensity inhomogeneity in MRI scans, ensuring consistency 
across different scanners and scanning sets. The small dataset size caused a notable decrease in model generalization, so 

an extensive data augmentation scheme was implemented, including random rotations (0-15 degrees), horizontal and 

vertical flips (50%), brightness and contrast adjustments (0-20%), Gaussian noise addition (0.01), and elastic 

deformations with random displacement patterns. The augmentation parameters were optimized to generate realistic 

variations without compromising diagnostic information, with transformations applied in real-time during training to 

ensure the entire dataset was utilized. 
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3.3. Selected Transfer Learning Models 

3.3.1. EfficientNet 

Fig. 4. shows a specialized EfficientNet-based convolutional neural network for brain tumor classification, 

featuring the rising-scale compound and the long fine-tuning head. The network receives input RGB images (224 × 224 

× 3). The first block is MBConv1 (3 × 3 kernel), producing 112 × 112 × 32 feature maps. This is followed by a series of 

MBConv6 blocks (with 3 × 3 and 5 × 5 kernels) and progressive spatial downsampling. The feature maps change 

hierarchically through 112 × 112 × 16, 56 × 56 × 24, 28 × 28 × 40, 28 × 28 × 80 (repeated), 14 × 14 × 112 (repeated), 

and finally 7 × 7 × 192, where multi-scale feature extraction occurs. The design achieves computational efficiency 

through depthwise separable convolutions. The last convolutional layers scale the representation from 7 × 7 × 320 to 7 

× 7 × 1280 using MBConv6 (3 × 3) and pointwise (1 × 1) convolutions, respectively, further enhancing high-level 

semantic abstraction. Global average pooling reduces the spatial dimensions to a 1 × 1280 feature vector, which is then 
fed into a longer classification head comprising a fully connected 256-neuron ReLU layer, a dropout layer (dropout rate 

= 0.5) for regularization, and a Softmax classification activation. The architecture leverages transfer learning principles 

and selective fine-tuning of the extended part to improve generalization and robustness in medical image classification. 

 

 

Fig. 4. EfficientNet architecture with extended and fine-tuning parameters. 

MBConv Block: Consider input x, output y, depthwise convolution 𝐷𝑊𝐶𝑜𝑛𝑣𝑘𝑥𝑘 with kernel size 𝑘 𝑥 𝑘, pointwise 

𝐶𝑜𝑛𝑣1𝑥1 and squeeze and excitation operation SE(x), then  

 

 𝑦 = 𝑥 + 𝐶𝑜𝑛𝑣1𝑥 (𝐷𝑊𝐶𝑜𝑛𝑣𝑘 𝑥 𝑘(𝑆𝐸(𝑥))) (1) 
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Let network depth d, width w, input resolution r, compound scaling coefficient φ (φ = 0 for B0, and φ = 4 for B4), 

and grid search coefficient α, β, γ. The compound scaling rule and the scaling constant are: 

 

 𝑑 =  𝑎𝜑𝑑 = 𝑎𝜑; 𝑤 = 𝛽𝜑; 𝑟 =  𝛾𝜑 (2) 

 

 𝛼. 𝛽2. 𝛾2 = 2 (3) 

3.3.2. MobileNet 

Fig.5. shows a MobileNet-based deep convolutional neural network designed for brain MRI image classification, 

focusing on efficiency and residual learning. The model takes an MRI image as input, which first passes through an 

initial convolutional block to capture low-level features. It then moves through a series of bottleneck residual blocks 

similar to those in MobileNetV2. These blocks include an input layer, channel expansion via pointwise convolution, 

batch normalization, ReLU activation, spatial filtering with depthwise convolution, a second batch normalization and 

ReLU, projection through linear pointwise convolution, and a residual (skip) connection through element-wise addition. 
This inverted residual structure maintains strong representational power while greatly reducing parameters and 

computational costs via depthwise separable convolutions. Multiple stacked bottleneck blocks learn hierarchical, 

discriminative features from MRI data, increasing sensitivity to structural variations associated with tumors. The 

resulting feature maps go through global average pooling to downsample spatial dimensions and lessen overfitting, then 

pass to a fully connected dense layer with ReLU activation and a multi-class Softmax classifier for probability 

prediction. Notably, this model has a lightweight design, efficient memory use, and fewer floating-point operations 

(FLOPs), making it ideal for medical imaging tasks with limited computational resources. The residual connections 

enhance gradient flow and training stability, boosting overall generalization when classifying brain tumors. 

 

 

Fig. 5. MobileNet architecture with extended and fine-tuning parameters. 

The third-generation MobileNetV3 maintains the mobile architecture using hardware-aware network architecture 

search (NAS) and depthwise separable convolution. It introduces innovations such as h-swish activation and the 

squeeze-and-excitation (SE) module. The h-swish activation is: 
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 𝑕 − 𝑠𝑤𝑖𝑠𝑕(𝑥) =  𝑥.
𝑅𝑒𝐿𝑈(𝑥+3)

6
  (4) 

 

where 𝑅𝑒𝐿𝑢6(𝑥) = min (max(0, 𝑥) , 6). On the other hand, the second-generation MobileNetV3 maintains the linear 
bottlenecks in inverted residual blocks, which improve feature representation and gradient flow in mobile-scale 

networks. This model is also very effective for Depthwise Separable Convolutions.  

To effectively optimize feature reuse against domain-specific adaptation, a two-stage transfer learning strategy is 

utilized. To enable the model to use pretrained ImageNet features, the entire convolutional backbone is frozen during 

the first stage, and just the custom classification head is trained. In order to enable domain-specific feature learning 

using MRI data, 20-30% of the top backbone layers are unfrozen and then fine-tuned with a modest learning rate during 

the second phase. In order to classify four classes, the four pretrained CNN architectures—MobileNetV3, 

EfficientNetB4, EfficientNetB0, and MobileNetV2—are examined. Each has a unified classification head that uses 

global average pooling, a dense layer of 256 neurons with ReLU activation, a dropout layer (0.5), and a SoftMax output 

layer. The Adam optimizer with an initial learning rate of 1x e-3 in Phase 1 and 1x e-5 in Phase 2, a batch size of 16, 25–

40 training epochs with early stopping, and empirical tuning and validation performance are used to determine the 
hyperparameters. The model is trained using class-weighted categorical cross-entropy loss, and overfitting is prevented 

by regularization techniques including L2 weight decay (1 x e-4), dropout (0.5), and gradient clipping (norm = 1.0). The 

metrics of accuracy, precision, recall, F1-score, and confusion matrix are used to fairly evaluate the final performance 

solely on the independent test set, and the McNemar test is used to evaluate the statistical significance of competing 

models. 

3.4. Ensemble Learning 

In terms of the general ensemble approach, consider input x, ensemble prediction 𝑦̂, and the set of N base learners 

(𝑕1, 𝑕2, 𝑕3……… ,𝑕𝑁), then the ensemble prediction is: 

 

 𝑦̂(𝑥) = 𝐹(𝑕1(𝑥), 𝑕2(𝑥), 𝑕3(𝑥),…… . , 𝑕𝑁(𝑥)) (5) 

 

Where, F(.) is the ensemble aggregation function. Let the perpendicular probability of class c from model i is 

𝑝𝑖(𝑐|𝑥), then 

 

 

𝑦̂ = 𝑎𝑟𝑔max∑𝑝𝑖(𝑐|𝑥)

𝑁

𝑖=1

 

(6) 

3.4.1. Full Ensemble Learning 

The complete ensemble method, which is shown in Fig. 6. , is a parallel multi-model learning system where the 

training data is used together to guide four transfer learning models: EffectiveNetB0, EffectiveNetB4, MobileNetV2, 
and MobileNetV3. Each model independently generates class probability outputs (Pred1 to Pred4), each representing a 

distinct set of features and decision boundaries. These individual predictions are then combined in batches through an 

ensemble meta-model that learns to optimally merge the outputs of the base models, helping to reduce model-specific 

biases and variance. The meta-model combines the prediction scores, for example, using a weighted average or a 

trainable stacking approach, to produce the final ensemble prediction. This structure improves classification robustness 

and generalization by utilizing diversity among models while maintaining a clear, scalable ensemble learning design 

that is well-suited for brain tumor MRI classification. However, since ensemble performance depends on the quality of 

individual models, including weaker models may introduce noise and reduce overall effectiveness. To solve this 

problem, we introduce a selective ensemble approach that aggregates only the top-performing models. 
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Fig. 6. Full Ensemble Learning Architecture. 

3.4.2. Selective Ensemble Learning 

The selective ensemble methodology, which is shown in Fig.7., uses a model pruning approach, choosing only the 

most effective base learners, EfficientNetB4 and MobileNetV3, based on prior validation performance. Both 

architectures are independently fine-tuned on the training dataset, generating separate prediction outputs (Pred2 and 

Pred3) that capture mutually complementary high-level features. These predictions are then combined using an 

ensemble meta-model that learns the optimal way to fuse the selected predictors through stacking or weighted blending. 

The selective ensemble can exclude difficult-to-learn models, reducing error propagation and variance caused by 

learners, thereby maximizing generalization and making the process less computationally demanding. This specific 

aggregation strategy improves classification reliability and maintains a simple, effective architecture for analyzing brain 

tumor MRI. 

 

 

Fig. 7. Selective Ensemble Learning Architecture. 
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3.5. Optimization and Regularization 

To improve the model's generalization and reduce overfitting, an extensive optimization and regularization 

framework was used. The network parameters were trained with the Adam optimizer, a variant with adversarial weight 

decay (0.0001), to strengthen regularization. Normal weight decay proves more effective than relying solely on adaptive 

optimizers for removing unwanted structures. The loss was set as a class-weighted cross-entropy, with weights 

proportional to the inverse of each class's sample frequency to address class imbalance. Additional regularization 

included L2 weight decay (1 × 10^-4), dropout at a rate of 0.5 to prevent neuron co-adaptation, and stochastic depth 

with a survival probability of 0.9 (drop rate = 0.1) to enhance the robustness of the deep architecture. Gradient clipping 

with a global norm threshold of 1.0 was applied to prevent gradient explosion and stabilize training. During fine-tuning, 

batch normalization layers used frozen running statistics but kept learnable affine parameters that remained consistent 

across domains, ensuring domain stability. This combination of optimization and regularization strategies effectively 
tackles the challenges of training deep neural networks with small medical imaging datasets and prevents training 

instability. 

 

 L2 Regularization (Weight Decay):    𝐿total = 𝐿 + 𝜆L2 ∑ 𝜃𝑗
2

𝑗
 (7) 

 

where; 𝜆L2 = 10−4 

 

 Dropout:  𝑥′ = 𝑥 ⊙ 𝑟, 𝑟 ∼ Bernoulli(1 − 𝑝), 𝑝 = 0.2 (8) 

 
 Stochastic Depth: 𝑦 = 𝑥 + 𝑏 𝐹(𝑥), 𝑏 ∼ Bernoulli(1 − 𝑝sd), 𝑝sd = 0.1 (9) 

 

where, 𝐹(𝑥)= residual function. 

3.6. Evaluation metrics 

To obtain a comprehensive and valid evaluation of the proposed model, we assessed its performance using a 

combination of predictive accuracy metrics and measures of computational efficiency. This multi-faceted analysis 

addresses issues related to diagnostic reliability and practical application. Overall classification effectiveness was 

measured through accuracy, defined as the proportion of correctly classified samples. 

 

 
Accuracy =

𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

(10) 

 

To better understand class-specific behavior, we also reported precision, recall (sensitivity), and F1-score. 

Precision indicates how frequently positive predictions are accurate, 

 

 
Precision =

𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

(11) 

 

while recall measures the model’s ability to correctly identify true positive cases, 

 

 
Recall =

𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

(12) 

 

The F1-score, defined as the harmonic mean of precision and recall, balances both metrics: 

 

 
F1-score = 2 ×

Precision × Recall

Precision+ Recall
 

(13) 

3.7. Statistical Significance Analysis 

The Test of McNemar is used to ensure that the variations in the models' observed performance are statistically 

significant, since it is appropriate to compare two classification models when the data used for testing are identical. The 

test specifically examines cases where the two models diverge, i.e., cases that one model poorly classifies but that the 

other model correctly classifies. The test statistic is computed as follows: 

 

 
 2 = 

(|𝑛1 − 𝑛2| − 1)2

𝑛1 + 𝑛2
 

(14) 
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where    is the number of samples that Model A misclassified and Model B correctly classified, and    is the number 

of samples that Model A correctly classified and Model B falsely classified. A p-value of less than 0.05 indicates that 

the difference in the two models' performance is statistically significant; this kind of statistical validation is helpful in 

preventing instances of improvement that are due to random variation rather than a real difference in model capability. 

4. Result Analysis 

4.1. Classification report for selected transfer learning model 

The overall classification results are very strong for the MobileNetV3 model (accuracy = 98.76) when considering 
all tumor classes, as shown in Table 1. Glioma achieved 96.24% precision, 94.25% recall, and an excellent F1-score of 

97.61, indicating balanced sensitivity and specificity. Meningioma had similar precision (96.42%) but lower recall 

(89.65%), resulting in an F1-score of 95.45, which suggests minor false-negative cases. The Normal class achieved 

near-perfect discrimination (precision = 98.85%; recall = 99.85%; F1 = 99.85%), demonstrating high specificity. 

Pituitary tumors showed a 100% recall, a precision of 92.78%, and an F1-score of 97.49, with zero false negatives, 

reflecting high overall robustness in multi-class brain tumor classification. EfficientNetB4 also performed well, with an 

overall accuracy of 97.89%, as shown in Table 2. Glioma had a precision of 97.20%, a recall of 91.25%, and an F1-

score of 95.25, indicating high reliability with few false negatives. Meningioma displayed similar results (precision 

94.03%, recall 92.65%, F1-score 94.31%). The Normal class again achieved nearly perfect discrimination (precision 

99.63%, recall 99.85%, F1-score 99.73%), indicating very high specificity and sensitivity. Pituitary tumors showed very 

strong recall (99.73%) and a slightly lower accuracy (89.71%), with an F1-score of 97.76, signifying a low proportion 

of false negatives but a small number of false positives. 

Table 1. MobileNetV3 Classification results. 

Tumor Class Name Performance Metrics 

Precision Recall F1-Score Accuracy 

Glioma 96.24% 94.25% 97.61%  

98.76% Meningioma 96.42% 89.65% 95.45% 

Normal 98.85% 99.85% 99.85% 

Pituitary 92.78% 100.00% 97.49% 

Table 2. EfficientNetB4 Classification results. 

Tumor Class Name Performance Metrics 

Precision Recall F1-Score Support 

Glioma 97.20% 91.25% 95.25%  

97.89% Meningioma 94.03% 92.65% 94.31% 

Normal 99.63% 99.85% 99.73% 

Pituitary 89.71% 99.73% 97.76% 

 

Table 3. displays the performance of EfficientNetB0 across various classes, with an overall accuracy of 93.48%. 

Glioma achieved a precision of 90.88 and a recall (F1-score) of 88.50, indicating some class confusion. Meningioma 

was highly precise at 91.89 but had slightly lower recall (86.95) and an F1-score of 93.74. The normal class showed 

high precision (92.55) and perfect recall (100%), with an F1-score of 96.13. Pituitary tumors had a recall of 100% and a 

precision of 84.95, resulting in an F1-score of 91.86%, reflecting no false negatives and few false positives. Table 4. 

summarizes the performance of the MobileNetV2 model, which achieved an overall accuracy of 76.46%. The results 

indicate poor and inconsistent class discrimination. Glioma showed moderate accuracy with a precision of 71.00% and 

a recall of 75.00%. Meningioma displayed similar variability, with a precision of 70.77% and a recall of 79.88%. The 
Normal class had a high recall of 91.95% but a low precision of 68.67%, suggesting many false positives. Pituitary 

tumors performed poorly, with a precision of 63.57% and recall of 65.06%, indicating a high rate of misclassification. 

Overall, the model did not provide stable and balanced multi-class tumor differentiation. 

Table 3. EfficientNetB0 Classification results. 

Tumor Class Name Performance Metrics 

Precision Recall F1-Score Support 

Glioma 90.88% 88.50% 87.45%  

93.48% Meningioma 91.89% 86.95% 93.74% 

Normal 92.55% 100.00% 96.13% 

Pituitary 84.95% 100.00% 91.86% 

 

Table 4. MobileNetV2 Classification results. 
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Tumor Class Name Performance Metrics 

Precision Recall F1-Score Support 

Glioma 71.00% 75.00% 79.09%  

76.46% Meningioma 70.77% 79.88% 74.95% 

Normal 68.67% 91.95% 88.72% 

Pituitary 63.57% 65.06% 68.60% 

 

The overall classification results show that the MobileNetV3 model (accuracy 98.76) achieved the highest 

performance, demonstrating an excellent balance among the classes with high precision, recall, and a high F1-score 

across all categories. It was especially effective in distinguishing Normal tumors and achieved zero false negatives in 

Pituitary tumors. The recall for Glioma and the precision for Pituitary slightly decreased in the EfficientNetB4 model 

(97.89), along with some inter-class confusion. EfficientNetB0 (93.48%) showed moderate performance, with reduced 
recall for Glioma and Meningioma, although it was highly sensitive to Normal and Pituitary classes. In contrast, 

MobileNetV2 (76.46) performed poorly and was unreliable for multi-class differentiation, confirming the first model as 

the strongest and most dependable for clinical use. 

4.2. Accuracy and loss graph 

 
(a) 

 
(b) 
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(c) 

Fig. 8. Selected model performance analysis based on graph (a) MobileNetV3, (b) EfficientNetB4, (c) EfficientNetB0. 

The accuracy and loss curve shown in Fig.8., where MobileNetV3 training curves show smooth convergence, with 

training accuracy increasing from about 85% at the start to nearly 95-100% by the end, while validation accuracy 

remains close and reaches the same value. Training and validation costs steadily decrease from approximately 0.4 and 

0.5 to around 0.10 - 0.15. The small differences between the curves indicate minimal overfitting and excellent 

generalization, reflecting a stable and well-optimized learning process. EfficientNetB4 demonstrates steady 

convergence, with training accuracy rising from about 80% to 100%, while validation accuracy follows closely at 
around 75-96%. Training and validation loss gradually decline from around 0.3 to 0.00. The narrow performance gap 

suggests good generalization and stable training. EfficientNetB0's training curves show steady convergence over epochs, 

with maximum training accuracy reaching 0.95. Although validation accuracy fluctuates and remains somewhat lower, 

this indicates good generalization. Training loss decreases steadily, and validation loss also drops with minor 

oscillations, approaching a plateau. The nearly balanced training and validation metrics indicate minimal overfitting and 

consistent model optimization. 

In contrast, MobileNetV3 and EfficientNetB4 show steady convergence with consistent training and validation 

curves, exhibiting low coefficients of fitting and overfitting. EfficientNetB0 is similarly stable but reaches a higher 

convergence rate in the short term. MobileNetV3 has a slightly higher final validation accuracy than EfficientNetB4, 

while EfficientNetB0 can achieve similar maximum accuracy with regular loss rates. Overall, all three models 

demonstrate efficient optimization performance; their differences mainly involve convergence speed and validation 
performance. 

4.3. Confusion Matrix 

The confusion matrix shown in Fig.9., where MobileNetV3 demonstrates strong multiclass classification results, as 

shown by its confusion matrix, which includes the Glioma, Meningioma, Normal, and Pituitary Tumor classes. The 

model correctly labels 69 Glioma, 71 Meningioma, 86 Normal, and 79 Pituitary Tumor samples, indicating very high 

true positive rates, especially for Normal and Pituitary Tumor classes. There are a few misclassifications, mainly 

between Glioma and Meningioma or Pituitary Tumor, due to moderate inter-class similarities. Discrimination in the 

Normal class is nearly perfect, with minimal confusion. Overall, MobileNetV3 exhibits strong predictive capability and 

effective feature representation with low total misclassification. The EfficientNetB4 confusion matrix also shows good 

multiclass classification performance across Glioma, Meningioma, Normal, and Pituitary Tumor. It correctly 

categorizes 85 Glioma, 71 Meningioma, 86 Normal, and 78 Pituitary Tumor cases, resulting in high true positive rates. 

Misclassifications are few, mainly occurring between Glioma-Meningioma and Glioma-Pituitary Tumor classes, with 
rare confusion involving Normal. Normal classification is nearly perfect, indicating effective feature extraction. Overall, 

EfficientNetB4 is a high-quality classifier with well-balanced predictive performance and minimal inter-class overlap. 

The EfficiencyNetB0 confusion matrix shows excellent multiclass classification accuracy among Glioma, Meningioma, 

Normal, and Pituitary Tumor classes. The model achieves maximum accuracy with 87 correct predictions in Normal 

and 79 in Pituitary Tumor, with low misclassification rates. Some confusion occurs in Glioma (58 correct) and 

Meningioma (84 correct), primarily among related tumor classes. Misclassifications between Glioma-Meningioma and 

Glioma-Pituitary Tumor are relatively low. Overall, compared to other models, the confusion matrix indicates that 

EfficientNetB0 has high feature discrimination, characterized by high true positive rates and low inter-class overlap.  
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(a)                                                                                   (b) 

 

 
(c) 

Fig. 9. Confusion Matrix (a) MobileNetV3, (b) EfficientNetB4, (c) EfficientNetB0. 

From the above analysis it is clear that MobileNetV3 has the most balanced and robust classification results, with 

high true positive rates across all classes. While the EfficientNetB4 shows robust separability, EfficientNetB0 struggles 

to separate all class accurately. Overall, the MobileNetV3 and EfficientNetB4 demonstrate better class separability, 

while EfficientNetB0 exhibits slightly lower discriminability. 

4.4. McNemar’s test results 

Table 5. McNemar’s Test Results (p-values) for Pairwise Model Comparisons. 

Model Comparison P-value Significance 

MobileNetV3 vs EfficientNetB4 0.190 Not significant 

MobileNetV3 vs EfficientNetB0 0.021 Significant 

MobileNetV3 vs MobileNetV2 < 0.0001 Significant 

EfficientNetB4 vs EfficientNetB0 0.097 Not significant 

EfficientNetB4 vs MobileNetV2 0.0029 Significant 

EfficientNetB0 vs MobileNetV2 0.0002 Significant 

 

There are both significant and non-significant differences across the tested models, according to the McNemar test 

results are shown in Table 5. These models perform similarly, since there is no significant difference between 
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MobileNetV3 and EfficientNetB4 (p = 0.190) or between EfficientNetB4 and EfficientNetB0 (p = 0.097) at the 0.05 

level of significance. However, compared to EfficientNetB0 (p = 0.021) and MobileNetV2 (p < 0.0001), MobileNetV3 

is significantly more accurate. Additionally, compared to MobileNetV2, EfficientNetB4 (p = 0.0029) and 

EfficientNetB0 (p = 0.0002) are statistically significant gains. Overall, the primary results show that MobileNetV2 still 

lags behind all other models, MobileNetV3 outperforms all other models in multiple comparisons, and EfficientNetB4, 

EfficientNetB0, and MobileNetV3 all exhibit comparatively similar performance in certain situations where no 

discernible difference is found. 

4.5. Training Dynamics Analysis 

Table 6. Training Dynamics Analysis. 

Architecture Convergence Speed Stability Fine-tuning Response Overfitting Tendency 

MobileNetV3 Fast High Excellent Low 

EfficientNetB0 Fast Very High Good Very Low 

EfficientNetB4 Moderate Moderate Good Moderate 

MobileNetV2 Slow Low Poor High 

 

EfficientNetB4 exhibits rapid convergence, with training accuracy increasing from around 56 to approximately 88-

89 percent. Table 6. summarizes the comparative training dynamics across different architectures. MobileNetV3 shows 

quick convergence, high stability, strong fine-tuning response, and low potential for overfitting. Similar results are seen 

with EfficientNetB0, which converges quickly with high stability and minimal overfitting, indicating effective 

optimization. EfficientNetB4 achieves a reasonable convergence rate with moderate stability and some overfitting bias; 

however, its model complexity is relatively higher. In contrast, MobileNetV2 converges slowly, displays low stability, 

responds poorly to fine-tuning, and overfits significantly, highlighting its relatively lower training efficiency and 
generalization ability. 

4.6. Cross-Validation Performance 

Table 7. 5-Fold Cross-Validation Results. 

Selected Models Mean Accuracy (%) Std. Deviation (%) Best Fold (%) Worst Fold (%) 

MobileNetV3 96.86 ±1.38 99.86 93.86 

EfficientNetB0 92.00 ±0.84 94.14 89.86 

EfficientNetB4 94.22 ±1.89 96.29 92.14 

MobileNetV2 77.25 ±2.81 79.80 74.69 

 

Table 7. presents the results of 5-fold cross-validation, with MobileNetV3 standing out as the most effective, 

achieving an average accuracy of 96.86% and an impressive best-fold accuracy of 99.86%. EfficientNetB4 is close 

behind with 94.22% and a deviation of 1.89, while EfficientNetB0 shows steady performance at a lower level, with 
92.00% and a deviation of 0.84. In contrast, MobileNetV2 records the lowest accuracy at 77.25% with a deviation of 

2.81 and exhibits the highest variance, indicating weaker generalization and less robustness across the folds. 

4.7. Independent Test Performance 

Table 8. Test Set Performance Metrics. 

Selected Models Accuracy (%) Precision (%) Recall (%) F1-Score (%) 

MobileNetV3 98.76 96.07 95.94 97.60 

EfficientNetB4 97.89 95.14 95.87 96.76 

EfficientNetB0 93.48 90.07 93.86 92.30 

MobileNetV2 76.46 68.50 77.97 77.84 

 

Table 8. summarizes the test set results for four CNN models used to classify brain tumors. MobileNetV3 was the 
top performer overall, achieving the highest accuracy of 98.76 and an F1-score of 97.60, closely followed by 

EfficientNetB4. EfficientNetB0 showed average performance, while MobileNetV2 performed significantly worse. The 

results suggest that MobileNetV3 provides a better balance of precision, recall, and overall robustness compared to the 

other architectures. 

4.8. Computational Efficiency Assessment 

The parameters, training time, inference, and memory are presented using p, t, i, and m, respectively, which are 

used to calculate the efficiency score for supporting the assessment, which models performance is good. During 

calculation, the metrics are normalized first, then weights are added for each metric, where the summation of weights is 

1. Then the overall efficiency score is calculated. Consider the weights w1 = 0.20, w2 = 0.20, w3 = 0.35 and w4 = 0.25 
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where w1+w2+w3+w4 = 1. The normalization equation for cost matrices is  ́  = 
     −  

    −     
. The equation of the 

efficiency score is: 
 

 𝐸𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑐𝑦 𝑆𝑐𝑜𝑟𝑒 = (𝑤1𝑃 +𝑤2𝑇 + 𝑤3 + 𝑤4 ) 𝑥 100 (15) 

 

Where P, T, I, and M are normalized values for parameters, training time, inference times, and memory. From 

Table 9, the maximum and minimum values for p, t, i, and m are 3.4 -19.0, 2.5 – 4.7, 5.1 – 15.7, and 35 – 87, 

respectively. Normalized for MobileNetV3 is P = 
1 . −5.4

1 . −3.4
= 0.872, T = 0.864, I = 0.707 and M = 0.865. The Efficiency 

score for MobileNetV3 is: 𝑆𝑐𝑜𝑟𝑒 = (0.20𝑥0.872 + 0.20𝑥0.864 + 0.35 𝑥 0.707 + 0.25 𝑥 0.865)𝑥100 = 81.09 , next 

stage, when the weight is updated, the updated score is: 𝑆𝑐𝑜𝑟𝑒 = (0.35𝑥0.872 + 0.25𝑥0.864 + 0.15 𝑥 0.707 +
0.25 𝑥 0.865)𝑥100 = 84.87. The weight is updated continuously until the score is maximized. 

Table 9. Computational Efficiency Comparison. 

Selected Models Parameters (M) Training Time rs) Inference Time (ms) Memory (MB) Efficiency Score 

MobileNetV3 5.4 2.8 8.2 42 97 

EfficientNetB0 5.3 2.5 6.8 38 89 

EfficientNetB4 19.0 4.7 15.7 87 94 

MobileNetV2 3.4 3.1 5.1 35 74 

 

Table 9. compares the trend of computability among four CNN models. MobileNetV3 has the highest efficiency 

score (97) with moderate parameters and fast inference, whereas EfficientNetB4, despite higher accuracy, requires 

much more memory and training time. EfficientNetB0 is a smaller but equally efficient network, and MobileNetV2 is 

the least efficient overall, indicating that MobileNetV3 performs moderately well in terms of low resource usage. 

4.9. Ensemble Performance Analysis 

4.9.1. Full Ensemble Results 

Fig.10. presents the qualitative results of an ensemble deep learning model for multi-class MRI classification of the 

brain. It includes four categories: pituitary tumor, meningioma, glioma, and normal. Each sub-image shows the ground-

truth label (True) and the ensemble prediction (Pred), allowing visual assessment of classification consistency. Most 

samples are correctly predicted, demonstrating the ensemble’s strong ability to distinguish between different tumor 

types and anatomical planes (axial, coronal, and sagittal). Accurate detection of pituitary tumors, mass effects, and 

contrast enhancement indicates effective learning of region-specific features. Correct identification of glioma suggests 

sensitivity to abnormal infiltration patterns in brain tissue. One case where glioma was classified as normal highlights 

potential challenges in detecting low-contrast or diffuses tumors that may resemble normal tissue. Overall, the results 

show high model generalization and feature representation capacity; however, further refinement is necessary to reduce 
false negatives in clinically subtle cases. 

 

 

Fig. 10. Full ensemble learning qualitative performance. 
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Table 10. Full Ensemble Performance. 

Metrics Values Comparison to Best Individual 

Accuracy 84.40% -8.87% 

Precision 88.30% -5.16% 

Recall 84.40% -8.87% 

F1-Score 84.36% -8.85% 

Macro F1 84.49% -8.83% 

 

Table 10. shows the performance of the full ensemble model across various classification metrics. Overall, the 

ensemble achieved an accuracy of 84.40 and reported precision, recall, and F1-score of 88.30, 84.40, and 84.36, 

respectively, with a macro F1-score of 84.49. This indicates a fairly balanced performance across all classes. Although 

the ensemble demonstrated stable and consistent predictive behavior, it consistently underperformed compared to the 

best single model by slightly more than 8.87% in accuracy, 5.16% in precision, 8.87% in recall, 8.85% in F1-score, and 

8.83% in macro F1-score. The relative increase in accuracy suggests that the ensemble effectively manages false 

positives, but the lower recall affects overall accuracy and F1-based metrics. These findings imply that while the 

ensemble provides improved stability and class balance, it does not outperform the best individual model, likely 
because the model averaging process reduces the most discriminative features of the top-performing network.  

4.9.2. Selective Ensemble Results 

 

Fig. 11. The qualitative performance of selective ensemble learning. 

Fig.11. shows representative brain MRI scans that illustrate the results of multiclass classification of Meningioma, 

Glioma, and Normal categories using the subset ensemble model. The ground-truth label is displayed alongside the 

predicted label in each image, demonstrating correct classification across axial, coronal, and sagittal views. The tumor 

masses have distinct contrast-enhanced regions with different locations and shapes, which are visible in tumor cases 

compared to normal scans where anatomical structures are intact and lack abnormal lesions. The high level and 

consistency of agreement between the true and predicted labels indicate that the features extracted are strong, and the 

model's ability to distinguish between diseased and normal brain tissue in our ensemble is also quite dependable. 

Table 11.  Selective Ensemble Performance. 

Metric Value Comparison to Best 

Individual 

Comparison to 

Full Ensemble 

Accuracy 92.97% -0.30% +8.57% 

Precision 93.15% -0.31% +4.85% 

Recall 92.97% -0.30% +8.57% 

F1-Score 92.83% -0.38% +8.47% 

Macro F1 92.72% -0.50% +8.23% 

 

Table 11. presents the performance results of the selective ensemble model, which significantly exceeds the full 

ensemble and nearly matches the performance of the best individual model. The selective ensemble achieved accuracies 

of 92.97%, 93.15%, 92.97%, 92.83%, and 92.72% for accuracy, precision, recall, F1-score, and macro F1-score, 

respectively, demonstrating strong overall predictive ability and balanced performance across classes. The performance 
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decrease is minimal, with an average of up to 0.50% across all metrics, indicating that selective integration does not 

weaken the discriminative power of top models. Notably, the improvements compared to the full ensemble are 

substantial, with increases of +8.57% in accuracy and recall, +4.85% in precision, +8.47% in F1-score, and +8.23% in 

macro F1-score. These findings show that selective model aggregation effectively reduces the performance dilution 

caused by weaker performers, leading to better generalization, increased stability, and nearly optimal classification 

performance. 

The class-wise performance analysis of the selective ensemble model in Table 12. shows that the model 

demonstrates strong and balanced predictive skills across all four categories. It was notably highly accurate with glioma 

(95.59%), meningioma (91.25%), normal (96.67%), and pituitary tumor (88.76%), with generally low false-positive 

rates. The normal (100.00%) and pituitary tumor (88.76%) classes achieved perfect sensitivity on recall, meaning all 

samples in these groups were correctly identified. Meningioma also showed a strong recall of 90.12%. In contrast, 
glioma had a lower recall of 81.25%, indicating that some cases of this cancer are still difficult to detect due to its 

heterogeneous tumor morphology or overlap of intensity with surrounding tissues. The F1-scores- 87.84 for glioma, 

90.68 for meningioma, 98.31 for normal, and 94.05 for pituitary- reflect a good balance between accuracy and recall, 

especially for normal and pituitary classes. These results suggest that the selective ensemble offers consistent, high-

performance classification with desirable specificity and sensitivity, with potential for further improvement to enhance 

glioma detection sensitivity, supported by 7987 samples. 

Table 12. Selective Ensemble Class-Wise Performance. 

Class Precision Recall F1-Score Support 

Glioma 95.59% 81.25% 87.84% 80 

Meningioma 91.25% 90.12% 90.68% 81 

Normal 96.67% 100.00% 98.31% 87 

Pituitary 88.76% 100.00% 94.05% 79 

Table 13. Performance comparison between the proposed model and the existing study. 

Reference Study Models Accuracy F-1 score 

Rastogi et. al. [17] Xception 96.11 - 

Zahoor et al. [18] Res-BRNet + CNN 98.22 98.41 

Das et al. [19] CNN 94.39 93.00 

Tan and Le [20] EfficientNet 84.30 - 

Proposed Model MobileNetV3 98.76 97.60 

Selected Ensemble Learning 92.97 92.83 

 

Table 13. provides a comparative analysis of the proposed framework against the highest-scoring previously 

reported methods, emphasizing both accuracy and F1-score to reflect balanced classification metrics. The proposed 
MobileNetV3 achieves the highest overall accuracy (98.76%) and a strong F1-score (97.60%), indicating a good 

balance between accuracy and recall, as well as robust generalization. The model also shows noticeable improvements 

over Xception (96.11%) and EfficientNet (84.30%), with the 96.11% accuracy suggesting effective feature optimization 

in the dataset. Although Res-BRNet + CNN attains an equally high F1-score (98.41%) and accuracy (98.22%), the 

proposed approach's slightly higher accuracy indicates greater stability in classifications. The Selected Ensemble 

Learning model shows an accuracy of 92.97% and an F1-score of 92.83%, which, while lower than MobileNetV3, still 

provides reliable multiclass discrimination. Overall, the results confirm that the lightweight architecture achieves state-

of-the-art performance with high computational efficiency, making it suitable for clinical applications. 

Based on these test results, MobileNetV3 achieves the highest classification accuracy at 98.76% and maintains 

strong performance across precision, recall, and F1 scores. EfficientNetB4 also demonstrates competitive performance 

at 97.89%, with behavior similar to MobileNetV3, especially in distinguishing between pituitary tumors and normal 
cases. However, variations in recall and precision suggest some inconsistency in classifications. EfficientNetB0 

performs moderately at 93.48%, classifying normal and pituitary cases accurately but being less sensitive to 

meningioma and glioma. Conversely, MobileNetV2 performs notably worse at 76.46%, with erratic classification 

results across categories. These findings align with the confusion matrix analysis, which showed MobileNetV3 having 

the lowest misclassification rate and the highest true positive rates. Although slightly below MobileNetV3, 

EfficientNetB4 also exhibits strong class separability. These results confirm that MobileNetV3 is the most reliable and 

stable model for multi-class brain tumor classification. Interestingly, despite exploring ensemble techniques, the best 

individual model still outperforms the selective ensemble in peak accuracy. However, ensembles are known to enhance 

prediction stability and resilience, making them a supplementary approach rather than a replacement for high-

performing single models. 
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5. Conclusion 

It presents a multiclass brain tumor classification study utilizing four advanced transfer learning architectures: 

EfficientNetB4, MobileNetV3, MobileNetV2, and EfficientNetB0, based on a balanced MRI dataset. Through a two-

phase transfer learning approach with hyperparameter optimization, regularization, and 5-fold cross-validation, the 

study achieves high generalization, reproducibility, and minimizes overfitting. MobileNetV3 emerges as the most 

effective model, attaining the highest test accuracy (98.76%), a strong F1-score (97.60%), and excellent cross-validation 

stability (96.86% mean accuracy, 99.86% peak fold). Its high efficiency score indicates it provides the best balance 

between predictive accuracy and computational complexity, making it a practical tool for resource-limited clinical 
environments. According to the ensemble analysis, unselective model aggregation may result in poorer performance, as 

is the case with the entire ensemble. With fairly competitive performance (92. 97% accuracy), the selective ensemble 

approach, which combines only the top-performing models (MobileNetV3 and EfficientNetB4), is considerably more 

reliable and stable. However, it does not outperform the best single model, suggesting that, in this instance, ensemble 

techniques should be seen as a way to increase reliability rather than peak accuracy. Overall, the findings show that the 

development of clinically feasible AI systems depends critically on careful model selection, statistically supported 

analysis, and efficiency- conscious analysis. 

Implementing the research with a more comprehensive and generalizable solution to the proposed framework is a 

task that must be developed in the future. The use of multimodal and 3D volumetric MRI data could improve the 

representation of spatial features and enhance the accuracy of tumor characterization. Large-scale, multi-center 

validation is necessary to ensure robustness across diverse populations and imaging protocols. Additionally, integrating 

more advanced explainable AI tools would improve clinical interpretability and trust. Future exploration of hybrid 
CNN-Transformer models and lightweight real-time deployment strategies could also make the system more efficient, 

scalable, and applicable in real neuro-oncological decision-support systems.  
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