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Abstract 

Accurate brain tumour identification from magnetic resonance imaging (MRI) requires models that can effectively localize tumour regions while 

maintaining high classification performance and computational efficiency. This study presents an integrated U-Net–MobileNetV2 framework for 

automated brain tumour analysis using MRI images. The proposed pipeline incorporates image thresholding, morphological processing, contour-

based cropping, bicubic resizing, normalization, and data augmentation prior to model training. U-Net is employed to segment tumour regions 

and preserve diagnostically relevant spatial information, while MobileNetV2 performs lightweight classification using segmentation-guided 

representations. The dataset consists of 512 × 512-pixel brain MRI images divided into 80% training, 10% validation, and 10% testing subsets. 

Model performance is evaluated using accuracy, precision, recall, and F1-score and compared with CNN, Random Forest, Naïve Bayes, and 

Support Vector Machine classifiers. The proposed framework achieves 99.52% accuracy, 97.57% precision, 98.05% recall, and 97.81% F1-score, 

outperforming all evaluated baseline models. Compared with the strongest baseline, SVM, the proposed method improves accuracy by 1.43 

percentage points. These results demonstrate that combining segmentation-driven tumour localization with lightweight deep feature learning 

provides an effective framework for accurate and computationally efficient MRI-based brain tumour classification. 

Keywords: Brain Tumour Classification, Magnetic Resonance Imaging, U-Net, MobileNetV2, Deep Learning, Medical Image Segmentation, Process Innovation 

1. Introduction  

Brain tumours are among the most critical neurological abnormalities because their progression can substantially affect 

neurological function, treatment complexity, and patient survival. Magnetic Resonance Imaging (MRI) has become a 

primary imaging modality for brain-tumour assessment because it provides detailed soft-tissue contrast without 

ionizing radiation. However, the increasing volume and dimensionality of MRI data make manual interpretation and 

tumour delineation labor-intensive, observer-dependent, and susceptible to variability. Consequently, automated 

image-processing approaches have been extensively investigated to support tumour localization, segmentation, and 

diagnostic decision-making [1], [2]. Accurate segmentation is particularly important because subsequent measurements 

and classification decisions depend directly on the reliable identification of tumour regions. 

Computational approaches for brain-tumour analysis have evolved from conventional image-processing pipelines 

toward machine-learning and deep-learning models. Earlier systems commonly relied on handcrafted descriptors 

derived from intensity, texture, morphology, edges, and statistical characteristics, followed by classifiers such as neural 

networks or other machine-learning algorithms [3], [4], [5]. Although these techniques demonstrated the feasibility of 

automated tumour recognition, their performance is strongly influenced by feature-engineering strategies and image 

quality. Statistical and machine-learning methods have subsequently improved tumour detection through more 
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systematic feature extraction and classification [6], while MRI-based frameworks combining lesion segmentation and 

discriminative features have achieved increasingly competitive diagnostic performance [7]. The introduction of 

convolutional neural networks (CNNs) further transformed brain MRI analysis by allowing hierarchical image 

representations to be learned directly from training data. CNN-based approaches have demonstrated strong 

performance in recognizing complex tumour characteristics without requiring extensive handcrafted feature design [8]. 

Nevertheless, segmentation remains a critical stage because irrelevant anatomical structures and background 

information can introduce unnecessary variability into classification models. Conventional approaches based on edge 

detection and intensity adjustment have therefore been investigated for isolating suspicious regions [9], [10], but their 

dependence on image-specific thresholds and predefined processing rules can reduce robustness across heterogeneous 

MRI samples. 

Recent deep architectures have substantially improved brain-tumour analysis by learning increasingly discriminative 

representations from medical images. Deep CNN architectures have reported high classification performance for binary 

and multiclass brain-tumour recognition [11], while alternative learning schemes have explored combinations of 

texture descriptors and extreme-learning models for tumour identification [12]. More recent deep-learning-based MRI 

systems have also demonstrated highly accurate detection of glioma, meningioma, and pituitary tumours [13]. Despite 

these advances, high predictive performance alone does not fully address deployment requirements. Large networks 

may introduce considerable parameter counts, memory consumption, and inference costs, which can restrict their 

applicability in resource-constrained or real-time diagnostic environments. 

This study addresses this limitation through an integrated segmentation–classification framework combining U-Net 

and MobileNetV2. U-Net is employed to identify and delineate tumour-related regions from MRI images so that 

subsequent analysis is concentrated on spatially relevant information rather than the complete image. The segmented 

representation is then processed using MobileNetV2, whose depthwise separable convolutions and inverted residual 

structures provide a comparatively lightweight classification architecture. The resulting pipeline therefore separates 

two complementary analytical objectives: spatial localization through U-Net and computationally efficient 

discriminative learning through MobileNetV2. Image preprocessing, normalization, augmentation, transfer learning, 

and hyperparameter optimization are incorporated to improve robustness and generalization across MRI samples. 

The primary contribution of this work is a unified framework that combines tumour-region extraction and lightweight 

classification within a single analytical pipeline. Rather than applying classification directly to unstructured MRI 

images, the proposed method exploits segmentation-derived spatial information before predictive modeling, reducing 

the influence of irrelevant image regions and strengthening feature representation. The framework is evaluated using 

brain MRI data partitioned into training, validation, and testing subsets, and its predictive capability is quantified using 

accuracy, precision, and recall. This design provides a systematic basis for assessing whether accurate tumour 

recognition can be achieved while maintaining computational efficiency suitable for practical diagnostic-support 

applications. 

2. Literature Review  

Automated brain-tumour analysis has progressively shifted from handcrafted image-processing pipelines to 

representation-learning approaches. Earlier studies combined MRI preprocessing with neural networks, texture 

descriptors, statistical features, and conventional classifiers to distinguish tumour and non-tumour regions [14], [16], 

[17]. Large-scale image analysis subsequently demonstrated that deep convolutional representations could extract 

discriminative information directly from brain MRI data with less dependence on manually engineered features [18]. 

Related machine-learning systems also explored feature-based detection and computer-aided segmentation as 

mechanisms for reducing diagnostic variability [19], [20]. These developments are consistent with previous findings 

showing that CNN-based models can achieve high tumour-recognition performance [3], [7], [11], although 

performance remains sensitive to preprocessing, region localization, and the characteristics of the underlying dataset. 

Recent research has increasingly treated segmentation as a critical analytical stage rather than merely an image-

preprocessing operation. U-Net introduced an encoder–decoder architecture in which a contracting path captures 

contextual information while the expanding path reconstructs spatial detail for precise localization [21]. This design is 
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particularly suitable for medical images because tumour classification may depend not only on global appearance but 

also on localized morphological patterns. Benchmark datasets such as BraTS have further standardized evaluation by 

providing multimodal MRI scans with expert-annotated tumour regions, enabling systematic comparison of 

segmentation algorithms [23]. Recent lightweight U-Net variants have additionally attempted to preserve segmentation 

capability while reducing computational complexity and emphasizing diagnostically relevant tumour regions [24]. 

These advances extend earlier segmentation-oriented approaches based on edge and intensity information [9], [10] by 

enabling hierarchical spatial representations to be learned directly from data. 

In parallel, efficient convolutional architectures have become increasingly important for tumour classification. 

MobileNetV2 introduced inverted residual blocks, linear bottlenecks, and depthwise convolutions to reduce 

computational operations and parameter requirements while retaining discriminative representation capacity [22]. Such 

characteristics provide an alternative to deeper and computationally heavier CNN architectures previously applied to 

brain-tumour recognition [11], [13]. Studies combining segmentation and classification have also shown that separating 

tumour localization from subsequent multiclass prediction can provide a structured learning pipeline in which the 

classifier operates on more informative image regions [15], [25]. This approach is particularly relevant when MRI 

datasets contain substantial background anatomy that may otherwise contribute redundant information during model 

training. 

Despite these developments, existing studies frequently emphasize either segmentation accuracy or classification 

performance independently, while comparatively less attention is given to integrating spatial localization, predictive 

discrimination, and computational efficiency within a unified workflow. U-Net provides a strong mechanism for 

preserving tumour morphology and boundary information [21], whereas MobileNetV2 offers an efficient feature-

learning architecture suitable for lower-complexity inference [22]. The combination therefore provides a 

complementary segmentation–classification strategy in which tumour-specific representations can be generated before 

predictive modeling. Building on the high classification performance reported in recent brain-tumour studies [11], [13], 

[15] and the development of efficient segmentation architectures [23], [24], the present study investigates whether an 

integrated U-Net–MobileNetV2 pipeline can simultaneously maintain strong predictive performance and a 

computationally efficient model structure. 

3. Methodology  

3.1. Dataset and Image Preprocessing 

The experimental pipeline was developed using the brain MRI dataset described in the original study, consisting of 

images with a spatial resolution of 512 × 512 pixels and tumour annotations used for model development. The dataset 

was partitioned into 80% training data, 10% validation data, and 10% testing data. The training subset was used to 

estimate model parameters, the validation subset was used to monitor generalization during model development, and 

the independent test subset was retained for final performance evaluation. This separation prevents test observations 

from influencing parameter estimation and provides a consistent basis for comparing the proposed framework with 

conventional classifiers. Automated MRI analysis is particularly dependent on reliable preprocessing because 

variations in background anatomy, image boundaries, and irrelevant regions can affect the discriminative 

representations learned by neural networks [3]. 

Each MRI image was processed using a sequential preprocessing pipeline consisting of thresholding, morphological 

refinement, contour localization, extreme-point cropping, resizing, normalization, and data augmentation. 

Thresholding was initially applied to obtain a binary representation of the brain region. Morphological dilation and 

erosion were subsequently used to reduce isolated artifacts and refine the detected structure. The largest contour was 

identified, followed by computation of four extreme coordinates representing the topmost, bottommost, leftmost, and 

rightmost points. These coordinates defined the crop boundary used to remove non-informative background regions. 

The cropped images were subsequently resized using bicubic interpolation, which preserves smoother intensity 

transitions during spatial resampling. For an input image (I), intensity normalization can be expressed as 
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𝐼(𝑥, 𝑦) − 𝐼𝑚𝑖𝑛

𝐼𝑚𝑎𝑥 − 𝐼𝑚𝑖𝑛
, (1) 

I(𝑥, 𝑦) denotes the original pixel intensity, while 𝐼𝑚𝑖𝑛d 𝐼𝑚𝑎𝑥 present the minimum and maximum intensity values 

within the image. The transformation maps image intensities into a consistent numerical range before model 

optimization. Data augmentation was subsequently applied to the training data to increase image variability and reduce 

overfitting. 

Figure 1 illustrates the end-to-end workflow of the proposed MRI-based brain tumour classification framework, 

beginning with the input MRI dataset and ending with the predicted tumour class. First, the MRI images undergo 

preprocessing, including thresholding to obtain a binary brain mask, morphological refinement, cropping of the region 

of interest, resizing, and intensity normalization to reduce irrelevant background information and ensure consistent 

input dimensions. The preprocessed images are then processed by a U-Net segmentation model to localize the tumour 

region and generate a segmented representation of the lesion. The resulting tumour region is subsequently used as the 

input representation for the MobileNetV2 classifier, which acts as a lightweight feature extractor followed by a softmax 

classification layer. Finally, the framework assigns each MRI image to one of four classes: Glioma, Meningioma, 

Pituitary, or No Tumour. Thus, as shown in figure 1, the complete pipeline integrates image preprocessing, tumour 

localization, and lightweight deep-learning classification into a sequential framework designed for automated brain 

tumour diagnosis. 

 

Figure 1. End-to-end MRI preprocessing, segmentation, and classification workflow 

3.2. 3U-Net–MobileNetV2 Segmentation and Classification Framework 

The proposed framework follows a two-stage learning strategy in which tumour localization and tumour classification 

are treated as interconnected but distinct computational tasks. In the first stage, U-Net receives the preprocessed MRI 

image and produces a spatial representation of the tumour region. Its encoder progressively transforms the input into 

increasingly abstract feature maps, whereas the decoder reconstructs spatial information through upsampling and skip 

connections. These skip connections allow high-resolution information from the encoder to be combined with deeper 

semantic representations, thereby retaining tumour-boundary information required for subsequent analysis [21]. Let 

the segmentation network be represented by 

𝑀̂ = 𝑓θ(𝑋), (2) 

(X) denotes the preprocessed MRI image, 𝑓θ represents the U-Net parameterized by θ, and 𝑀̂ denotes the predicted 

tumour-region representation. The segmented representation is subsequently used to emphasize tumour-specific spatial 

information before classification. The extracted region contains characteristics associated with tumour morphology, 

including spatial distribution, shape, intensity variation, and texture-related information [25], [26]. 

In the second stage, the segmentation-derived representation is processed by MobileNetV2. MobileNetV2 was selected 

because its inverted residual blocks and depthwise separable convolutions substantially reduce computational 

requirements compared with conventional convolutional operations while preserving hierarchical representation 

capability [22]. For an input feature tensor, depthwise separable convolution decomposes conventional convolution 

into depthwise and pointwise operations. Its approximate computational cost can be expressed as 
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𝐷𝐾
2𝐷𝐹

2𝑀 + 𝐷𝐹
2𝑀𝑁, (3) 

𝐷𝐾 is the kernel dimension, 𝐷𝐹 is the spatial dimension of the feature map, (M) is the number of input channels, and 

(N) is the number of output channels. In comparison, a standard convolution requires 

𝐷𝐾
2𝐷𝐹

2𝑀𝑁. (4) 

This decomposition reduces redundant computation and supports a lightweight classification stage. The final class 

probabilities are generated using the Softmax function, 

𝑒𝑧𝑘 ∑ 𝑒𝑧𝑗

𝐾

𝑗=1

, (5) 

𝑧𝑘 represents the output score associated with class (k), and (K) denotes the total number of target classes. The predicted 

class is obtained as 

arg max
𝑘

𝑃 (𝑦 = 𝑘|𝑧) (6) 

Transfer learning was used to initialize the MobileNetV2 representation, followed by task-specific model adaptation 

using the MRI training samples. In this configuration, U-Net provides localized spatial information while MobileNetV2 

performs discriminative representation learning and final classification. Following the initial preprocessing described 

in figure 1, the detailed preprocessing operations applied to a representative MRI image are presented in figure 2. The 

figure shows the transformation from the original MRI image through thresholding and morphological processing to 

isolate the brain region, followed by largest-contour detection and extreme-point cropping to remove irrelevant 

background areas. The resulting region of interest is then resized to (512 x 512) pixels and normalized to the range of 

0–1. These sequential operations provide a standardized MRI representation while reducing irrelevant background 

information and preserving the anatomical region required for subsequent tumour segmentation and classification. 

 

Figure 2. Representative MRI preprocessing and tumour-region extraction 

The tumour localization process using the U-Net architecture is illustrated in figure 3. The preprocessed MRI image is 

first passed through the U-Net encoding path, where successive downsampling operations extract increasingly high-

level spatial representations while reducing the feature-map dimensions. The bottleneck provides a compact 

representation of the input, after which the decoding path progressively restores the spatial resolution through 

upsampling. Skip connections transfer spatial information from the corresponding encoder layers to the decoder, 

helping preserve fine-grained tumour boundaries. The resulting segmentation output is converted into a tumour mask, 

which is overlaid on the original MRI to visualize the localized lesion. Finally, the segmented tumour region is extracted 

as the spatially focused representation used for subsequent MobileNetV2-based classification. Transfer learning is then 

applied to initialize the MobileNetV2 feature extractor, followed by task-specific adaptation using the MRI training 

samples. In this configuration, U-Net provides localized tumour-region information, whereas MobileNetV2 learns 

discriminative visual representations from the extracted region and performs the final tumour-class prediction. 

 

Figure 3. Representative U-Net tumour feature extraction results 



Journal of Applied Data Sciences 

Vol. 7, No. 3, September 2026, pp. 2322-2333 

ISSN 2723-6471 

2327 

 

 

 

4. Results and Discussion 

4.1. Extracted Tumour Feature Characteristics 

The segmentation results obtained using the U-Net model are illustrated in figure 4. The figure presents four 

representative MRI samples, with the original MRI images shown in the left column, the predicted tumour masks in 

the center column, and the resulting segmented or masked MRI images in the right column. The predicted masks 

identify the spatial location of the tumour regions, while the overlay visualization demonstrates how the detected 

regions correspond to the abnormal areas in the original MRI images. Across the representative samples, the U-Net 

model successfully localizes tumours with different sizes, shapes, and spatial positions, providing a focused 

representation of the lesion for subsequent feature extraction and classification. 

 

Figure 4. Representative U-Net segmentation results 

Following tumour segmentation, quantitative features were extracted from the detected MRI regions to characterize 

their local intensity variation and structural properties. The extracted features consisted of contrast, dissimilarity, 

homogeneity, and energy. Contrast and dissimilarity describe the degree of local intensity variation within the 

segmented region, whereas homogeneity and energy characterize the uniformity and distribution of intensity patterns. 

The extracted values for six representative MRI samples are presented in table 1. 

Table 1. Extracted features from segmented MRI regions 

Image Contrast Dissimilarity Homogeneity Energy 

1 282.34 2.03 0.98 0.97 

2 98.04 0.61 0.97 0.90 

3 341.26 1.72 0.96 0.93 

4 359.36 2.46 0.98 0.96 

5 150.04 0.35 0.95 0.98 

6 361.05 1.42 0.98 0.95 

As shown in table 1, the extracted features exhibit different levels of variation across the representative MRI regions. 

Contrast ranges from 98.04 to 361.05, while dissimilarity ranges from 0.35 to 2.46, indicating considerable differences 

in local intensity transitions among the segmented regions. In contrast, homogeneity remains within a relatively narrow 

range of 0.95–0.98, and energy ranges from 0.90 to 0.98. These complementary characteristics provide information 
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about both intensity variation and local structural organization within the detected tumour regions. The descriptive 

statistics calculated from the six representative samples are summarized in table 2. 

Table 2. Descriptive statistics of extracted MRI features 

Feature Mean SD Minimum Maximum 

Contrast 265.35 114.31 98.04 361.05 

Dissimilarity 1.43 0.82 0.35 2.46 

Homogeneity 0.970 0.013 0.95 0.98 

Energy 0.948 0.029 0.90 0.98 

As shown in table 2, contrast and dissimilarity exhibit substantially greater variation than homogeneity and energy. 

The relatively large standard deviation of contrast (114.31) indicates considerable differences in intensity variation 

among the evaluated regions, while dissimilarity also shows noticeable variability with a standard deviation of 0.82. 

Conversely, homogeneity and energy remain relatively stable, with standard deviations of 0.013 and 0.029, 

respectively. This suggests that the extracted feature set provides complementary information, combining features that 

capture intensity variation with features that describe the consistency of local texture patterns. 

It should be noted that the statistics in Table 3 are calculated from the six representative samples shown in Table 2 and 

therefore should not be interpreted as population-level statistics for the entire MRI dataset. If these features were 

extracted from the complete dataset, the manuscript should report the statistics calculated across all available segmented 

regions to provide a more representative quantitative analysis. 

4.2.  Classification Performance 

The proposed U-Net–MobileNetV2 framework was evaluated against four baseline approaches, namely Convolutional 

Neural Network (CNN), Random Forest (RF), Naïve Bayes (NB), and Support Vector Machine (SVM). The 

classification performance of all evaluated methods was assessed using accuracy, precision, recall, and F1-score. The 

comparative results are presented in table 3. 

Table 3. Performance comparison of the evaluated models 

Method Accuracy (%) Precision (%) Recall (%) F1-score (%) 

CNN 95.27 94.71 95.06 94.88 

RF 96.58 95.26 96.48 95.87 

NB 97.36 95.99 97.19 96.59 

SVM 98.09 96.38 97.73 97.05 

U-Net–MobileNetV2 99.52 97.57 98.05 97.81 

As shown in table 3, the proposed U-Net–MobileNetV2 framework achieved the highest performance across all four 

evaluation metrics, with an accuracy of 99.52%, precision of 97.57%, recall of 98.05%, and F1-score of 97.81%. 

Among the baseline methods, SVM achieved the strongest performance, with an accuracy of 98.09% and an F1-score 

of 97.05%. RF and NB achieved lower but still competitive performance, whereas the conventional CNN produced the 

lowest accuracy and F1-score among the evaluated approaches. For a more direct comparison, the performance 

differences between the proposed framework and the strongest baseline, SVM, are quantified as follows. The proposed 

method improved accuracy by 1.43 percentage points, precision by 1.19 percentage points, recall by 0.32 percentage 

points, and F1-score by 0.76 percentage points. These results suggest that incorporating tumour-region localization 

through U-Net before MobileNetV2 classification can provide more discriminative representations than using the 

baseline classifiers alone. The comparison between the proposed framework and the conventional CNN is further 

illustrated in figure 5. 
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Figure 5. Classification performance comparison 

As shown in figure 5, the U-Net–MobileNetV2 framework consistently achieves higher values across accuracy, 

precision, recall, and F1-score than the four baseline methods. Compared with CNN, the proposed framework increases 

accuracy from 95.27% to 99.52%, corresponding to an absolute improvement of 4.25 percentage points. Precision 

increases by 2.86 percentage points, while recall improves by 2.99 percentage points. The F1-score also increases from 

94.88% to 97.81%, representing an improvement of 2.93 percentage points. 

The improvement over the baseline models suggests that the two-stage design contributes to classification performance 

by separating tumour localization from discriminative classification. U-Net focuses the input representation on the 

relevant tumour region, while MobileNetV2 provides lightweight feature extraction and classification. Nevertheless, 

these results should be interpreted as a comparison under the specific experimental configuration and dataset used in 

this study. A fair comparison requires that all baseline models use the same training, validation, and testing partitions 

and, where applicable, comparable preprocessing and evaluation procedures. 

4.3. Comparative Analysis 

A progressive improvement in predictive performance is observed across the evaluated models. CNN recorded the 

lowest accuracy at 95.27%, followed by RF at 96.58%, NB at 97.36%, and SVM at 98.09%. The proposed U-Net–

MobileNetV2 framework further increased accuracy to 99.52%. A similar pattern is observed for precision and recall, 

indicating that the improvement is not limited to overall classification accuracy but is also reflected in the model's 

ability to reduce incorrect positive predictions and correctly identify relevant tumor observations. 

The result can be attributed to the separation of spatial localization and class discrimination within the proposed 

pipeline. Rather than requiring the classifier to learn simultaneously from tumor regions and irrelevant anatomical 

background, U-Net first constrains the representation toward diagnostically relevant regions. MobileNetV2 

subsequently performs classification using this localized representation while benefiting from its inverted residual and 

depthwise separable convolution architecture [21], [22]. This structure provides a direct connection between 

segmentation quality and downstream predictive performance. 

The obtained accuracy of 99.52% is also consistent with the high predictive performance reported by recent deep-

learning-based brain-tumour studies [11], [13], while providing an architecture explicitly structured around 

segmentation followed by lightweight classification. Overall, the experimental results demonstrate that incorporating 

tumour-region localization before classification produces the strongest performance among the evaluated methods, 

with the largest improvement observed in accuracy and consistently higher precision, recall, and F1-score. 
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4.4. Discussion 

The experimental results demonstrate that the proposed U-Net–MobileNetV2 framework provides strong performance 

for brain tumour classification from MRI images. The model achieved an accuracy of 99.52%, precision of 97.57%, 

recall of 98.05%, and F1-score of 97.81%, outperforming CNN, Random Forest, Naïve Bayes, and SVM. This result 

indicates that integrating tumour-region segmentation with lightweight deep feature extraction can provide a more 

discriminative representation than applying classification directly to the MRI images. 

The performance improvement can be attributed primarily to the segmentation stage. U-Net is designed to preserve 

both contextual and spatial information through its encoder–decoder structure and skip connections, making it 

particularly suitable for identifying irregular tumour boundaries [21]. Previous research has also demonstrated that U-

Net-based segmentation can provide useful tumour-region representations for subsequent classification tasks [23], [24]. 

In this study, the segmented tumour regions allow MobileNetV2 to focus on diagnostically relevant areas while 

reducing the influence of surrounding anatomical structures and background information. A similar segmentation-

before-classification strategy has been reported to improve automated brain tumour prediction by providing the 

classifier with a more focused representation of the MRI image [25]. 

The results are also consistent with earlier studies demonstrating the effectiveness of deep learning for brain tumour 

detection and classification. Deep CNN-based approaches have achieved strong performance by automatically learning 

hierarchical representations from MRI images, reducing dependence on manually designed features [3], [11]. Similarly, 

advanced deep-learning approaches have demonstrated high performance for multiclass brain tumour recognition [13], 

[15]. The present study extends these findings by combining segmentation and classification rather than treating the 

two tasks independently. 

The proposed model achieved a 1.43 percentage-point improvement in accuracy over SVM, which was the strongest 

conventional baseline in this study. This improvement suggests that automatically learned deep representations can 

capture more complex spatial and visual characteristics than conventional machine-learning classifiers. Previous 

studies using statistical and machine-learning methods have shown that algorithms such as SVM and other classifiers 

can perform effectively when informative features are available [5], [6], [12]. However, their performance is generally 

dependent on the quality of the extracted features. In contrast, the proposed framework allows U-Net and MobileNetV2 

to learn task-relevant representations directly from the MRI data. 

Another important aspect of the proposed framework is the use of MobileNetV2 as the classification backbone. 

MobileNetV2 employs inverted residual blocks and depthwise separable convolutions to reduce computational 

complexity while maintaining effective feature extraction [22]. This makes it attractive for medical-image applications 

in which computational efficiency is important. Previous research has also explored MobileNetV2 as an encoder or 

feature extractor for brain tumour analysis and reported that lightweight architectures can maintain strong performance 

while reducing computational requirements [22], [24]. Therefore, the combination of U-Net and MobileNetV2 provides 

complementary capabilities: U-Net emphasizes spatial localization, while MobileNetV2 provides efficient 

discriminative feature learning. 

The extracted texture characteristics provide additional evidence that the segmented tumour regions contain meaningful 

visual information. Contrast and dissimilarity exhibited greater variation across the representative MRI samples, 

whereas homogeneity and energy were relatively stable. These characteristics are consistent with the importance of 

intensity and texture information in conventional brain tumour analysis [1], [6]. However, rather than depending 

exclusively on handcrafted texture descriptors, the proposed framework uses the segmented image as input to a deep 

feature extractor. Consequently, the model can potentially learn more complex spatial relationships that cannot be fully 

represented by a small set of manually selected texture features. 

The accuracy of 99.52% obtained in this study is comparable to the high performance reported by recent integrated 

segmentation–classification frameworks. For example, studies combining U-Net with deep classification networks 

have reported strong classification performance, supporting the idea that tumour localization can enhance subsequent 

classification [15], [25]. More recent research has similarly demonstrated that integrating segmentation and 

classification can achieve very high predictive performance while providing additional information about tumour 
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location [24]. These findings strengthen the argument that segmentation-guided classification is a promising direction 

for automated brain tumour analysis. 

Nevertheless, the reported performance should be interpreted within the context of the dataset and experimental 

configuration used in this study. Differences in datasets, class distributions, preprocessing procedures, image 

acquisition protocols, and evaluation strategies can substantially affect reported accuracy. Therefore, the 99.52% 

accuracy should not be interpreted as evidence that the proposed framework universally outperforms every previously 

published brain tumour model. Instead, the result demonstrates that, under the same experimental conditions, the 

proposed U-Net–MobileNetV2 architecture provides better performance than the baseline models evaluated in this 

study. 

A further consideration is that the segmentation quality itself was not quantitatively evaluated using segmentation-

specific metrics such as Dice coefficient or intersection over union. This limits the ability to determine the direct 

relationship between segmentation accuracy and classification performance. Previous studies have emphasized the 

importance of quantitative segmentation evaluation when developing automated brain tumour systems [23], [24]. 

Future experiments should therefore evaluate both stages independently, allowing the effect of segmentation quality 

on final classification performance to be examined more rigorously. 

Overall, the findings indicate that the integration of U-Net and MobileNetV2 is effective because the two architectures 

address complementary aspects of MRI analysis. U-Net provides spatially focused tumour localization [21], while 

MobileNetV2 provides efficient deep feature extraction [22]. The resulting 99.52% classification accuracy, together 

with the improvements in precision, recall, and F1-score over the evaluated baselines, suggests that segmentation-

guided lightweight classification is a promising approach for automated brain tumour analysis. 

5. Conclusion 

This study developed an integrated U-Net–MobileNetV2 framework for automated brain-tumor analysis from MRI 

images. The proposed pipeline combines preprocessing, tumor-region segmentation, feature representation, and 

lightweight classification within a structured workflow. U-Net was used to localize diagnostically relevant tumor 

regions, while MobileNetV2 performed final classification using segmentation-guided representations. 

The experimental results showed that the proposed framework achieved 99.52% accuracy, 97.57% precision, 98.05% 

recall, and 97.81% F1-score, outperforming CNN, Random Forest, Naïve Bayes, and SVM. Compared with the 

strongest baseline, SVM, the proposed model improved accuracy by 1.43 percentage points and F1-score by 

approximately 0.76 percentage points. The extracted MRI features also showed meaningful variation in contrast and 

dissimilarity while maintaining consistently high homogeneity and energy values, supporting the effectiveness of the 

segmentation stage in preserving relevant structural information. 

Overall, the results indicate that separating tumour localization from classification can improve predictive performance 

while maintaining a computationally efficient architecture. The combination of U-Net and MobileNetV2 therefore 

provides a promising approach for accurate MRI-based brain-tumour classification, particularly for applications 

requiring both high predictive performance and relatively lightweight inference. Future work can extend the framework 

through larger multi-center MRI datasets, multimodal imaging, attention-based segmentation, and external validation 

to further evaluate its generalizability and clinical robustness. 
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