
 

50 

 

Power System Technology 
Volume 50, No. 1, 2026 
ISSN: 1000-3673 

 

 

Twin-View: A Hybrid MRI Analysis Framework 
for Integrated Brain Tumor Segmentation and 

Classification 
 
 

Bijoy Kumer Karmaker,  
Department of Electrical and Electronic Engineering, Jatiya Kabi Kazi Nazrul Islam 

University, Trishal, Mymensingh, Bangladesh 

Pranjal Chakraborty Parbo 
Department of Electrical and Electronic Engineering, Jatiya Kabi Kazi Nazrul Islam 

University, Trishal, Mymensingh, Bangladesh 

Kazi Md. Shahiduzzaman 
Department of Electrical and Electronic Engineering, Jatiya Kabi Kazi Nazrul Islam 

University, Trishal, Mymensingh, Bangladesh 

Md. Mahbubur Rahman  
Department of Electrical and Electronic Engineering, Jatiya Kabi Kazi Nazrul Islam 

University, Trishal, Mymensingh, Bangladesh 

Ileas Pramanik 
Department of Computer Science and Engineering, Begum Rokeya University, Rangpur, 

Bangladesh 

       
 
 

Abstract 
 

Accurate detection of brain tumors is vital for effective clinical diagnosis and treatment 

planning. However, manual detection is challenging and time-consuming due to the wide 

variability in tumor images, which differ in shape and texture. Magnetic Resonance 

Imaging (MRI) is a common modality used for detecting brain tumors. An automated 

approach is essential for precise tumor identification. This paper introduces a hybrid 

framework called Twin-View that utilizes machine learning and deep learning techniques 

to both segment and classify brain tumors from 2D MRI data. The model was trained 

and evaluated on 7,023 T1 and T2-weighted contrast-enhanced MRI images, 

categorized into four classes: glioma, meningioma, pituitary tumor, and non-tumor. The 

proposed approach uses ResNet50, K-Nearest Neighbors (KNN), Support Vector 

Machine (SVM), and Random Forest for comparative classification, while a hybrid 

segmentation model integrates Random Forest with a U-Net architecture. The ResNet50 

model achieved an accuracy of 94% on its own. The final hybrid model can assist 

medical practitioners in verifying the presence, location, and type of a brain tumor, 

thereby accelerating the treatment procedure. 

 

Key Words: Brain tumor, MRI, Deep learning, U-Net, ResNet50, Machine learning, 

Segmentation, Classification. 
 

 
 

1. Introduction 

A tumor is a mass or tissue formation resulting from uncontrolled cell division. Tumors can develop in several 

physiological structures, including muscles, connective tissues, glands, and organs. There exist two categories of 

tumors: benign and malignant. Benign tumors remain localized and do not metastasize to other regions of the body. 
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They do not disseminate to distant organs or adjacent tissues. Benign tumors generally have distinct margins and 

exhibit gradual growth [1–3]. They generally possess a fibrous capsule and exhibit slow growth. Malignant tumors, 

capable of infiltrating adjacent tissues, disseminating via metastasis to distant sites, and proliferating 

uncontrollably, are classified as malignant [4]. They may also produce a range of symptoms. In 2002, the Central 

Brain Tumor Registry of the United States (CBTRUS) documented around 39,550 new instances of primary benign 

and malignant brain tumors. The results indicate that there are 14 primary brain tumors recorded per 100,000 

individuals, regardless of their classification as benign or malignant [2,3,5]. Recent studies on brain tumors in 

Bangladesh indicate a daily increase in the number of persons afflicted by this condition. Sarkar et al. conducted a 

survey on the spectrum of brain tumors among patients at a tertiary care hospital in Bangladesh. The study was 

performed on 92 people.  

The male-to-female ratio in this survey was 1.3:1, indicating a predominance of men. In addition to other brain 

cancers, the prevalence rates of astrocytic tu mors (42.50%), meningiomas (14.17%), oligodendrogliomas (10%), 

and embryonal tumors (7.50%) were significant in the analysis of the spectrum of brain tumors identified [6]. In a 

separate investigation, Rahman et al. examined 320 instances of brain tumors. The patients in this study ranged in 

age from 10 months to 75 years. The ratio of men to women is 2:1. Adults had 20% infra-tentorial tumors and 80% 

supra tentorial malignancies. Children constituted 29.8% of supratentorial tumors and 71.25% of infratentorial 

tumors. Additionally, each year, primary CNS malignancies result in the deaths of between 11,000 and 13,000 

Americans [7]. Various techniques exist for detecting brain tumors. Clinical evaluation, imaging techniques, and 

biopsy are frequently employed. Clinical examinations involve a physical assessment by a healthcare practitioner 

to identify signs and symptoms of malignancies, including masses, alterations in skin color or texture, and 

abnormalities in organ function. Nonetheless, a basic clinical diagnosis is insufficient; a thorough examination of 

the body is essential [8]. X-rays, CT scans, and MRIs are used for tumor detection [9]. MRI is a superior method 

for identifying malignancies compared to other procedures. MRI has superior soft-tissue resolution compared to 

X-ray and CT scans, and it can acquire images in multiple planes (axial, coronal, and sagittal)[9]. Magnetic 

Resonance Imaging (MRI) enables the simultaneous visualization of the size, shape, and location of individual 

tumors from many perspectives. MRI is a non-invasive imaging modality that does not necessitate invasive tissue 

sampling, such as a biopsy, and does not subject individuals to ionizing radiation.  

Artificial intelligence (AI), now a standard approach in medical diagnostics, is essential for identifying brain 

cancers. It demonstrates tools for generational segmentation. The conventional approach prevails in the first 

generation of brain lesion segmentation (BLS). Machine learning (ML) and deep learning (DL)-based artificial 

intelligence systems prevailed in the second and third generations [10–12]. The methodologies employed by 

machine learning and deep learn ing to extract properties from examples vary. Numerous machine learning (ML) 

classification models are developed as 

independent analytical learning systems that yield precise predictions, contingent upon the data’s attributes. 

Research has shown that machine learning enhances tissue characterization in medical imaging applications [12–

14]. This research proposes a model utilizing deep learning and machine learning methods for the categorization 

and segmentation of brain tumor MRI data. Machine learning algorithms, including Support Vector Machines, K-

Nearest Neighbors, and Random Forests, have been extensively used for tumor classification. They employ 

characteristics including texture, shape, intensity histograms, and frequency-domain descriptors [15,16]. These 

models are predominantly effective on smaller datasets, frequently depend on domain expertise for feature 

selection, and may exhibit limited generalizability. Conversely, deep learning models, including Convolutional 

Neural Networks and their advanced variants such as ResNet50, can learn hierarchical feature representations 

directly from raw MRI data, thereby enhancing classification accuracy across multiple imaging domains[9,12,17–

21].  

In tumor segmentation, U-Net has established itself as the benchmark architecture for precisely delineating tumor 

boundaries at the pixel level. U-Net employs an encoder-decoder architecture with skip connections to maintain 

spatial information and context across scales, a method initially introduced for biomedical segmentation tasks [22–

24]. In scenarios with little labeled data, such as liver, lung, and brain tumor segmentation, it has demonstrated 

remarkable efficacy [25,26]. The performance of U-Net has been enhanced through modifications that include 

contextual attention and volumetric learning, such as the attention U-Net, ResU-Net, and 3D U-Net [27].  

This study presents and assesses a hybrid framework for comprehensive brain tumor analysis using 2D MRI data 

that integrates machine learning (ML) and deep learning (DL) methodologies. We utilize ResNet50, SVM, KNN, 

and Random Forest classifiers to differentiate among glioma, meningioma, pituitary tumor, and non-tumor cases. 

We uti lize the U-Net architecture to delineate tumor regions from the input slices. We developed an end-to-end 

pipeline that combines U-Net-based segmentation with a Random Forest classifier to harness the advantages of 

both deep learning and traditional machine learning. This hybrid method facilitates precise tumor identification 

and subsequent classification uti lizing extracted region-specific information, with the objec tive of balancing 

performance, interpretability, and computing efficiency.  
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2. Related Works  

The categorization of brain tumors employing both machine learning (ML) and deep learning (DL) techniques has 

been thoroughly investigated. Sharma et al. [28] presented a brain tumor detection method employing machine 

learning techniques. The suggested methodology consists of three stages: preprocessing of brain MRI images, 

extraction of texture features via the Gray Level Co-occurrence Matrix (GLCM), and classification of images via 

machine learning techniques. The classification of Brain MRI images was accomplished using a Multi-Layer 

Perceptron (MLP) and Naive Bayes, resulting in accuracies of 98.6% and 97.6%, respectively. Kshirsagar et al. 

[29] developed a machine learning system for detecting brain tumors using MRI data. The study used 212 instances 

of magnetic resonance images for data processing. The Multi-layer Perceptron and Naive Bayes algorithms attain 

accuracies of 98.6% and 91.6%, respectively. Siddique et al. [30] built a deep convolutional neural network model 

for brain tumor identification utilizing brain MRI images. A total of 253 brain MRI pictures were utilized, with 

155 designated as malignancies. Their proposed model has an overall classification accuracy of 96%. 

Abdusalomov et al.[31] suggested a method for detecting brain tumors that employs MRI images to train a deep 

neural network. The research employed the YOLOv7 model to identify glioma, meningioma, and pituitary cancers. 

The model exhibits an overall accuracy of 99.5%. Sadad et al. [32] devised a methodology for brain tumor detection 

and multi-classification employing sophisticated deep learning techniques. The authors employed ResNet50, 

DenseNet201, MobileNet V2, and InceptionV3 deep learning techniques for multi-class classification in this work. 

Of these, NASNet exhibits the best accuracy at 99.6%.  

Sajid et al.[33] devised a system for the detection and segmentation of brain tumors in MR images via deep learning 

algorithms. This study introduces a deep learning approach that employs various MRI modalities for brain tumor 

segmentation. They suggested a hybrid convolutional neural network architecture utilizing a patch-based approach 

to predict the output label, including both local and contextual information. The proposed method is validated with 

the BRATS 2013 dataset, showing enhancements over leading techniques, achieving dice scores, sensitivities, and 

specificities of 0.86, 0.91, and 0.86 for the entire tumor region. Jia and Chen suggested a method for the 

identification and categorization of brain tumors via deep learning techniques applied to MRI images[34]. This 

study introduces a completely automated heterogeneous segmentation method for brain tumor delineation, 

employing deep learning techniques and a support vector machine (FAHS-SVM). The quantitative results indicate 

the system’s efficacy, achieving an accuracy of around 98.51% in distinguishing between sick and normal tissues 

in brain magnetic resonance imaging.  

 Methil and Aryan Sagar[35] introduced a technique for brain tumor identification via deep learning and image 

processing. This study employed a convolutional neural network (CNN) for classification purposes. CNN exhibited 

an impressive recall of 98.55% on the training set and 99.73% on the validation set. ResNet101v2 served as the 

foundational model for transfer learning, an alternative to pre-trained models. Subsequent training was conducted 

to enhance the task.  

Numerous studies have investigated feature fusion and hybrid methodologies. Amin et al.[36] devised a 

methodology for the detection of brain cancers via feature fusion and machine learning approaches. They employed 

an unsupervised clustering methodology for tumor segmentation in their research. A fusion of Gabor wavelet 

features (GWF), local binary patterns (LBP), histograms of oriented gradients (HOG), and segmentation-based 

fractal texture analysis (SFTA) characteristics is employed to construct a composite feature vector. A Random 

Forest classifier was used to classify tumor types. Mathiyalagan et al.[37] proposed a machine learning method for 

the classification of glioma brain tumors. This study employed a ridgelet filter to identify and eliminate noise from 

the original brain MRI image. Fuzzy logic is employed to identify edges in the noise-reduced image, followed by 

contrast-adaptive local histogram equalization to enhance the edge pixels of the edge-detected brain image. The 

enhanced brain image undergoes a Gabor transformation, and characteristics are retrieved from the resultant image. 

The genetic algorithm (GA) optimizes the computed features. The refined features are further categorized utilizing 

the adaptive neuro-fuzzy inference system (ANFIS) classification approach, which segregates the source brain 

MRI image into two classifications: pictures with gliomas and images without gliomas.  

In the context of segmentation, U-Net remains the predominant design for medical imaging. Despite a limited 

dataset, the model’s encoder-decoder architecture with skip connections facilitates dependable border 

identification. For intricate segmentation jobs, we currently possess variations such as U-Net++, Attention U-Net 

[38], and 3D U- Net [39], which have enhanced performance. The BraTS challenge[40] has been utilized as a 

standard specifically for brain tumor segmentation. It advocates for architectures capable of multi-modal MRI 

analysis and multi-class tumor classification.  

Despite considerable advancements in tumor analysis, the majority of current research emphasizes on classification 

or segmentation, rather than integrating both methodologies. Limited methodologies provide a cohesive solution 

that addresses both responsibilities within a singular framework. Furthermore, while 3D deep learning models 

frequently attain great accuracy, they are resource-intensive and generally necessitate substantial data and robust 

technology. We mitigate these constraints by employing machine learning and deep learning classifiers, namely 

ResNet50, SVM, Random Forest, and KNN, for tumor type classification. We employ the U-Net architecture for 
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segmentation to delineate tumor areas at the pixel level from 2D MRI slices. This hybrid technique facilitates 

dependable classification and precise geographical localization while preserving a comparatively cheap 

computational expense. This is particularly crucial in environments with restricted data or hardware limitations.  

3. Methodology: The Twin-View Framework 

A literature study indicated that automated brain tumor diagnosis is essential due to its implications for human life 

and the necessity for high precision. Tumors can be autonomously identified in magnetic resonance imaging by 

the application of machine learning and deep learning algorithms for feature extraction, classification, and 

segmentation. This work presents the development of an automated system utilizing machine learning and deep 

learning techniques for the precise classification and segmentation of brain tumors.  

A. Data Collection  

Extensive image datasets are essential for machine learning training. While numerous databases are accessible to 

researchers, additional resources are required. Public platforms like Kaggle provide an extensive array of annotated 

medical imaging datasets, rendering them a significant resource for the development and validation of machine 

learning models. The dataset comprises 7,023 pictures [41]. They are categorized into four classes. 

 

• Glioma 

• Meningioma 

• Pituitary Tumor 

• Non-Tumor 

 

Each image possesses a resolution of 256 by 256 pixels and is stored in JPEG format. The OpenCV Python library 

is utilized to transform all photos into designated shapes. Fig 1.  illustrates the entire quantity of photos inside each 

class of the dataset whereas Fig. 2 displays the initial image of each class in both the test and training sets. 

 

 

Fig.  1: Dataset profile: Total sample and class distribution. 

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

Fig.  2: Multi-modal neuroimaging samples across dataset classes: (a)–(c) Contrast-enhanced MRI slices 

showcasing glioma, meningioma, and pituitary tumors respectively, and (d) non-tumor CT scan. 
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B. Textural Characteristics of the Dataset 

Texture features are quantitative metrics or descriptors that encapsulate diverse characteristics of texture patterns 

in a picture. These features are derived from the spatial distribution of pixel intensity values and are utilized to 

define the visual characteristics, structure, and qualities of textures within the image. Standard texturing features 

comprise: 

 

• Gray Level Co-occurrence Matrix (GLCM), 

• Local Binary Patterns (LBP), 

• Gabor Filters, 

• Mask. 

 

Gray Level Co-occurrence Matrix (GLCM): Fig. 3 illustrates the GLCM textural characteristics of an image 

inside the collection. The Gray Level Co-occurrence Matrix is a statistical technique employed for texture analysis 

in digital imagery. It delineates the spatial relationships among pixel intensity values in a picture and estimates the 

frequency of certain intensity value pairs at designated spatial relationships. Elevated contrast levels signify that 

the intensity values inside the image fluctuate swiftly across adjacent pixels, producing pronounced transitions or 

edges. Low contrast levels signify that the intensity values in the image either vary gradually or remain stable. 

 

 

Fig.  3: GLCM texture descriptors as a function of orientation: Variations in contrast, homogeneity, energy, and 

entropy derived from a sample neuroimage across four directional angles (in radians). 

Local Binary Patterns (LBP): It is a texture descriptor that encapsulates local variations in pixel intensity. It 

measures the local association between a pixel and its adjacent pixels by recording the binary patterns generated 

from comparing the intensity values of the pixel with those of its neighbors.  
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Fig.  4: Local Binary Pattern (LBP) texture extraction on representative brain scans: Comparison between original 

multi-view MRI slices (left panels) and their corresponding LBP feature representations (right panels), 

demonstrating localized surface texture variation in tumor regions 

 

The LBP representation elucidates the texture patterns inherent in the image. Dark colors signify regions with 

analogous texture patterns, whilst lighter parts suggest greater variability in texture patterns. Fig. 4 illustrates the 

LBP representation of tumor brain images, while Fig. 5 depicts the LBP representation of non-neoplastic images. 

 

 

 

 

 

Fig.  5: Local Binary Pattern (LBP) feature maps for non-neoplastic control samples: Side-by-side comparison of 

original structural brain MRI slices and their corresponding LBP feature representations, highlighting the baseline 

micro-texture distribution of healthy tissue. 

 

The LBP procedure for feature extraction was implemented on the gray-level MRI slices of all tumor 

classifications. The photos were downsized to a consistent resolution of 128x128 pixels and converted to grayscale 

if not previously completed. LBP patterns were derived with a circular neighborhood of 8 sample points with a 

radius of 1 pixel to ensure rotational invariance. The LBP-encoded images were subsequently utilized to calculate 

the histogram of LBP values, serving as compact feature vectors for machine learning classifiers including SVM, 

KNN, and Random Forest. 
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Gabor Filter: Orientation-sensitive texture characteristics from brain MRI images were recovered utilizing Gabor 

filters. Gabor filters effectively emulate the responses of the human visual system to spatial frequencies and 

orientations, making them adept in detecting local structures such as edges and ridges. A Gabor filter integrates a 

Gaussian envelope with a sinusoidal carrier, enabling the simultaneous recording of spatial and frequency 

information. 

The subsequent equation delineates the intricate representation of the Gabor filter Eq. (1): 

 

𝐺(𝑥, 𝑦; 𝜆, 𝜃, 𝜓, 𝜎, 𝛾) = 𝑒𝑥𝑝 (−
𝑥′2+𝛾2𝑦′2

2𝜎2 ) 𝑐𝑜𝑠 (
2𝜋𝑥′

𝜆
+ 𝜓)        (1) 

                                               

Here 𝜆, 𝜃, 𝜓, 𝜎, 𝛾 is the response of the Gabor filter at pixel location (x,y). They are the spatial coordinates. 𝜆 is the 

wavelength of the sinusoidal component of the Gabor function, 𝜃 represents normal's orientation to the Gabor 

function's parallel stripes, 𝜓 is the phase offset, 𝜎 specifies the standard deviation of the Gaussian envelope, and  

𝛾 accounts for the spatial aspect ratio, for the ellipticity of the support of the Gabor function. 

This model employs a bank of Gabor filters at four orientations (0°, 45°, 90°, and 135°) for each gray-scale MRI 

slice. Distinct output images are generated from each Gabor response, resulting in diverse directional patterns 

applied to images, hence enhancing edge and structural differences, particularly in tumor regions. Statistical 

features, including the mean, variance, and energy, are calculated for each Gabor response, resulting in a 

descriptive feature vector. Fig. 6 shows the response of this filter on an original MRI image. 

 

 

Fig.  6: Texture and edge enhancement via directional Gabor filters: Visual demonstration of convolving a baseline 

neuroimage with filter kernels at distinct orientations to extract orientation-sensitive pathological patterns. 

 

Binary Mask: Binary tumor masks served as the ground truth annotations in the segmentation pipeline. Masks are 

two-dimensional binary pictures in which 1 denotes the tumor and 0 signifies the non-tumor backdrop. The masks 

are either pre-labeled or manually subdivided and utilized to supervise the training of the U-Net model. Binary 

masks, spatially anchored to the tumor structure, enable the model to acquire pixel-wise correspondences between 

raw MRI images and tumor regions. During training, the model optimizes a loss function (binary cross-entropy or 

Dice loss) between the anticipated mask and the ground truth (depicted in grey), facilitating precise border 

identification and tumor localization. Fig. 7 presents an illustration of brain MRI scans accompanied by their 

respective binary mask. 
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Fig.  7: Comparison of original MRI slices and matching binary segmentation masks for tumor localization. 

Performance Metrics (Dice Coefficient and IoU: To quantitatively evaluate the performance of the U-Net 

segmentation model, we presented two widely utilized metrics in medical picture segmentation: the Dice Similarity 

Coefficient (DSC) and Intersection over Union (IoU). The Dice coefficient quantifies the intersection between the 

anticipated segmentation mask and the ground truth mask, defined as Eq. (2): 

𝐷𝑖𝑐𝑒 =
2|𝐴∩𝐵|

|𝐴|+|𝐵|
                                                                            (2) 

In this context, A and B denote the sets of expected and actual tumor pixels, respectively; a Dice score of 1 signifies 

complete overlap, whereas a score of 0 implies no overlap.  

The Intersection over Union (IoU), sometimes referred to as the Jaccard Index, is defined as follows Eq. (3): 

𝐼𝑜𝑈 =
|𝐴∩𝐵|

|𝐴∪𝐵|
                                                                               (3) 

This metric is more conservative than the Dice coefficient and assesses the extent of overlap between the 

anticipated mask and the annotated tumor region. Both were observed during training to assess model convergence 

and generalization. 

 

C. Brain Tumor Classification Framework  

 

This research employs deep learning and three machine learning models to compare their performance with the 

test data and to find which algorithm works better with three distinct tumor categories and one non-tumor category. 

 

Resnet-50: We have developed a ResNet50 model for the classification of brain tumor pictures, utilizing the robust 

capabilities of residual networks to attain enhanced performance. The architecture of our ResNet50 model is 

engineered to classify complex aspects within photos represented in Fig.8. 

 

 

Fig.  8: ResNet-50 Modified Architecture 

We employed a modified ResNet50 architecture to classify brain cancers utilizing grayscale magnetic resonance 

imaging (MRI) images downsized to 100 × 100 pixels. The model was engineered to accept input tensors with 
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dimensions 100 × 100 × 1, representing single-channel grayscale images. To modify the conventional ResNet50 

for our reduced input dimensions and decrease model complexity, we substituted the final Flatten operation with 

a Global Average Pooling2D layer, which mitigates overfitting by consolidating spatial features. The architecture 

consists of a primary convolution layer featuring a 7 × 7 kernel and a stride of 2, succeeded by batch normalization, 

ReLU activation, and max pooling. A sequence of convolutional and identity residual blocks is implemented, 

structured into five stages, with progressively increasing filter dimensions of [64, 128, 256, 512]. The residual 

learning framework incorporates skip connections, whereby the output of a residual block is defined as Eq. (4): 

 

𝑦 = 𝐹(𝑥, 𝑊𝑖) + 𝑥                                                                       (4) 

 

Here, 𝑥 is the input tensor, 𝐹(𝑥, {𝑊𝑖}) represents the stacked convolution–batchnorm–ReLU operations with 

weights {𝑊𝑖}, and the addition corresponds to the identity shortcut. 

Each convolutional layer in the network performs the operation Eq. (5): 

 

𝐶𝑜𝑛𝑣(𝑥) = (𝑥 ∗ 𝑊) + 𝑏                                                           (5) 

 

Where, 𝑥 is the input feature map, 𝑊 the convolution kernel, 𝑏 the bias, and ∗ denotes the convolution operation. 

Following each convolution, batch normalization is applied Eq. (6): 

 

𝐵𝑁(𝑧) = 𝛾
𝑧−𝜇

√𝜎2+𝜖
+ 𝛽                                                               (6) 

 

where 𝑧 is the activation, 𝜇  and 𝜎2are the mean and variance of the batch, and 𝛾, 𝛽 are learned scale and shift 

parameters. ReLU activation is applied as Eq. (7): 

𝑅𝑒𝐿𝑈(𝑥) = 𝑚𝑎𝑥(0, 𝑥)                                                              (7) 

 

After the final convolutional stage, Global Average Pooling2D is applied to reduce each feature map to a scalar by 

averaging all spatial elements Eq. (8): 

 

𝑦𝑘 =
1

𝐻×𝑊
∑ ∑ 𝑥𝑖𝑗𝑘

𝑊
𝑗=1

𝐻
𝑖=1                                                            (8) 

 

Where 𝑥𝑖𝑗𝑘 is the value at position (𝑖, 𝑗) in channel 𝑘, and 𝐻, 𝑊 are the height and width of the feature map. 

The pooled features are passed to a fully connected softmax layer for classification Eq. (9): 

 

𝑦𝑖̂ =
𝑒𝑥𝑝(𝑧𝑖)

∑ 𝑒𝑥𝑝(𝑧𝑗)𝐶
𝑗=1

                                                                         (9) 

 

Where 𝑦̂𝑖  is the predicted probability of class 𝑖, 𝑧𝑖 is the logit (input to softmax), and 𝐶 is the number of tumor 

classes (in this case the value is 4). 

To enhance convergence and generalization, we utilized the Adam optimizer with a specified learning rate. All 

layers and parameters were started with default TensorFlow initializers, and the model was trained for 30 epochs 

with a batch size of 32. Table.1 describes the ResNet50 blocks. 
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Table 1: Layer-by-layer architectural breakdown and output shape transformations of the proposed ResNet-50 

classifier 

Stage Layer Type Kernel / Stride Output Shape Blocks Operation 

Input Input - 100 × 100 × 1 - Grayscale MRI Image 

Conv1 Conv2D + 

BatchNorm + ReLU 

7 × 7, stride 2 47 × 47 × 64 1 Initial feature extraction 

Conv2_x Max Pooling 3 × 3, stride 2 23 × 23 × 64 1 Spatial down-sampling 

Conv2_x Residual Block 1 × 1, 3 × 3, 1 × 1 23 × 23 × 256 3 Feature learning with 

identity mapping 

Conv3_x Residual Block 1 × 1, 3 × 3, 1 × 1 12 × 12 × 512 4 Deeper feature 

extraction 

Conv4_x Residual Block 1 × 1, 3 × 3, 1 × 1 12 × 12 × 1024 6 High-level feature 

representation 

Conv5_x Residual Block 1 × 1, 3 × 3, 1 × 1 12 × 12 × 2048 3 Semantic feature 

extraction 

Output Global Average 

Pooling + Dense + 

Softmax 

- 4 1 Four-class brain tumor 

classification 

 

Random Forest: The Random Forest model, an ensemble learning technique, constructs many decision trees 

during training to obtain the class that signifies the mean prediction (regression) or the mode of the classes 

(classification) for each tree. Features are extracted from images utilizing the Histogram of Oriented Gradients 

(HOG) approach during the feature extraction procedure. HOG descriptors include the distribution of local gradient 

orientations inside a picture, hence conveying information regarding object forms and textures. The extraction of 

HOG features occurs in multiple stages: 

Gradient Calculation: The gradient components in the x and y directions are determined as follows Eq. (10): 

               

 
𝜕𝐺

𝜕𝑥
=

𝜕𝐼

𝜕𝑥
, 

 

𝜕𝐺

𝜕𝑦
=

𝜕𝐼

𝜕𝑦
                                                                                       (10) 

 

The gradient magnitude M is calculated as the square root of the sum of the squares of the gradients in the 𝑥 and y 

axes. This magnitude denotes the comprehensive intensity of the gradient at every pixel. The gradient orientation 

𝜃 is calculated as the arctangent of the ratio of the y-gradient to the x-gradient. It denotes the direction of the fastest 

intensity variation. 

The gradient magnitude M and orientation 𝜃 are computed as Eq. (11): 

𝑀 = √𝐺𝑥
2 + 𝐺𝑦

2 

𝜃 = 𝑎𝑟𝑐𝑡𝑎𝑛 (
𝐺𝑥

𝐺𝑦
)                                                                       (11) 

Normalization often entails dividing the histogram by a factor obtained from the histogram values inside a certain 

block Eq. (12). 

 

𝑣 =
1

|𝐻|2+𝜖
                                                                                   (12) 

 

In this context, 𝜖 represents a negligible constant to prevent division by zero. 

The random forest classifier computes decision trees, Gini impurity, and entropy. Decision trees within a Random 

Forest are generally depicted as a sequence of if-else statements that partition the feature space according to specific 

criteria. At every internal node t, a decision is rendered based on the feature 𝑥𝑖  and the threshold 𝜃. If 𝑥𝑖 is less 

than or equal to 𝜃, proceed to the left child; otherwise, proceed to the right child. The decision tree systematically 
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divides the feature space until predetermined halting criteria are satisfied. Gini impurity quantifies node impurity 

in decision trees Eq. (13). 

 

𝐺(𝑡) = 1 − ∑ 𝑝𝐶
𝑖=1 (𝑖|𝑡)2                                                           (13) 

 

where 𝐶 is the number of classes and 𝑝(𝑖 ∣ 𝑡) is the proportion of samples of class 𝑖 at node 𝑡. Entropy is another 

measure of node impurity Eq. (14). 

 

𝐻(𝑡) = − ∑ 𝑝𝐶
𝑖=1 (𝑖|𝑡) 𝑙𝑜𝑔2(𝑝(𝑖|𝑡)))                                         (14) 

 

Like Gini impurity, lower entropy indicates higher purity. 

 

Support Vector Machine: The SVM model is a supervised learning method employed for classification purposes. 

It functions by identifying the optimal hyperplane in the feature space to segregate several classes. For brain tumor 

classification, the SVM model is trained using a collection of labeled images, with each image represented by a 

feature vector derived from the image data. Features are generally retrieved via approaches such as Histogram of 

Oriented Gradients (HOG), which encapsulates the shape and texture information of images. Upon training, the 

SVM model is capable of categorizing novel brain tumor images into distinct classes according to their extracted 

attributes. The essential elements of the Support Vector Machine employed in classification are: 

Decision Function: The decision function in SVM calculates the sign of a linear combination of input 

characteristics weighted by Lagrange multipliers, incorporating a bias term. This function identifies the class 

boundary or hyperplane that distinguishes various classes inside the feature space Eq. (15). 

 

𝑓(𝑥) = 𝑠𝑖𝑔𝑛(∑ 𝛼𝑖
𝑁
𝑖=1 𝑦𝑖𝐾(𝑥𝑖 , 𝑥) + 𝑏)                                       (15) 

 

In this context, 𝑥𝑖 represents the training samples, 𝑦𝑖  denotes the associated class labels, 𝛼𝑖 signifies the Lagrange 

multipliers, and b refers to the bias term. 𝐾(𝑥𝑖 , 𝑥) is the kernel function that calculates the inner product between 

𝑥𝑖 and 𝑥. 

Kernel Function: The kernel function is a technique employed to map input data into a higher-dimensional space, 

enabling the Support Vector Machine (SVM) to identify a hyperplane that distinguishes the data when a linear 

boundary is absent in the original feature space. It calculates the inner product between pairs of input data points 

within this elevated-dimensional space. The kernel functions employed for brain image categorization are Eq.(16), 

(17), (18): 

Linear Kernel: 

𝐾(𝑥𝑖 , 𝑥) = 𝑥𝑖
𝑇𝑥                                                                          (16) 

Polynomial Kernel: 

𝐾(𝑥𝑖 , 𝑥) = (𝑥𝑖
𝑇𝑥 + 𝑐)𝑑                                                              (17) 

Radial Basis Function (RBF) Kernel: 

𝐾(𝑥𝑖 , 𝑥) = 𝑒𝑥𝑝(−𝛾|𝑥𝑖 − 𝑥|2)                                                   (18) 

Optimization: The optimization method in SVM entails identifying the best hyperplane that increases the margin 

between distinct classes while minimizing classification errors. 

This is accomplished by resolving a convex optimization problem, generally structured as a quadratic programming 

(QP) problem, where the objective is to minimize a loss function Eq. (19). 

 

𝑚𝑖𝑛
𝛼

[
1

2
∑ ∑ 𝛼𝑖

𝑁
𝑗=1

𝑁
𝑖=1 𝛼𝑗𝑦𝑖𝑦𝑗𝐾(𝑥𝑖 , 𝑥𝑗) − ∑ 𝛼𝑖

𝑁
𝑖=1 ]                       (19) 

 

Subject to the constraint Eq. (20): 
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0 ≤ 𝛼𝑖 ≤ 𝐶,        ∑ 𝛼𝑖
𝑁
𝑖=1 𝑦𝑖 = 0                                                       (20) 

 

Here, 𝛼𝑖 are the Lagrange multipliers, 𝐶 is the regularization parameter controlling the trade-off between 

maximizing the margin and minimizing the classification error, 𝑦𝑖 are the class labels. The SVM model is trained 

by solving this optimization. 

 

KNN: It is a non-parametric, slow learning method employed for classification and regression tasks. It retains all 

existing cases and categorizes new cases according to a similarity metric (e.g., distance functions like Euclidean 

distance). The Euclidean distance formula is frequently employed as the distance metric in KNN Eq. (21): 

 

𝑑(𝑥, 𝑦) = √∑ (𝑥𝑖 − 𝑦𝑖)2𝑛
𝑖=1                                                        (21) 

 

Here, 𝑥 and 𝑦 are two data points in n-dimensional space. 𝑥𝑖 and 𝑦𝑖  are the i-th features of data points 𝑥 and 𝑦, 

respectively. The algorithm selects the k nearest neighbors of a given data point x based on the computed distances. 

It then assigns the majority class label among these k neighbors to the data point 𝑥. After identifying the k nearest 

neighbors, the algorithm determines the class label for the new data point by selecting the label that appears most 

frequently among the k neighbors. 

LBP encodes texture by applying thresholding to the local neighborhood of each pixel. A binary code is generated 

for each pixel by comparing it with its neighboring pixels using Eq. (22): 

 

𝐿𝐵𝑃(𝑥𝑐 , 𝑦𝑐) = ∑ 𝑠𝑃−1
𝑝=0 (𝑔𝑝 − 𝑔𝑐) ⋅ 2𝑝                                        (22) 

 

where 𝑔𝑐 is the center pixel and 𝑔𝑝 are the neighboring pixels. We employed uniform patterns with 𝑃 = 24 and 

𝑅 = 3, yielding 26 histogram bins. LBP detects nuanced differences in brain texture that are frequently 

imperceptible to the naked eye. 

 

Fig.  9: Schematic overview of the proposed classification framework from raw MRI input to performance 

evaluation. 

 

Fig. 9 depicts the architecture of machine learning models, specifically Random Forest, Support Vector Machine 

(SVM), and K-Nearest Neighbors (KNN).  

 

 



 

62 

 

D. Segmentation Model 

We employed a U-Net architecture for the pixel-wise segmentation of brain tumors in grayscale MRI slices. U-

Net is a symmetrical architecture with an encoder-decoder convolutional neural network (CNN) specifically 

developed for biomedical picture segmentation. The network received a preprocessed 128 × 128 grayscale MRI 

image along with binary masks representing identified tumor areas. The encoder path (contraction path) 

progressively acquires contextual features via a sequence of two 3 × 3 convolutional layers (including ReLU 

activation and appropriate padding) and 2 × 2 max pooling. The quantity of filters doubles at each down-sampling 

stage, commencing at 64 and reaching 1024 throughout five levels of resolution. The decoder path, akin to the 

encoder, comprises up-sampling via 2 × 2transposed convolutions, succeeded by two 3 × 3 convolutions, and 

concatenation with the corresponding encoder layer using skip connections. This integration preserves the spatial 

continuity and edge information essential for effective segmentation. The final output layer consists of a1 × 1 

convolution with a sigmoid activation function to generate a binary segmentation mask. 

The model was constructed utilizing the Adam optimizer with a learning rate of 0.0001 and trained for 20 epochs 

with a batch size of 16. The employed loss function was binary cross-entropy, articulated as Eq. (23): 

 

𝐿𝐵𝐶𝐸 = −
1

𝑁
∑ [𝑦𝑖 𝑙𝑜𝑔(𝑦̂𝑖) + (1 − 𝑦𝑖) 𝑙𝑜𝑔(1 − 𝑦̂𝑖)]𝑁

𝑖=1               (23) 

 

where 𝑦𝑖  is the true binary mask level and  𝑦̂𝑖 is the predicted probability at pixel i. evaluates segmentation 

performance, we incorporated two custom metrics: the Dice coefficient and the Intersection over Union (IoU). 

Table 2 illustrates the design of the U-Net model. 

Table 2: Architectural details and feature map dimensions of the proposed U-Net model. 

Stage Layer(s) Kernel Output Shape Description 

Input Input Layer - (128,128,1) Raw grayscale 

MRI image 

Encoder Block 1 2× Conv2D + 

MaxPool 

3×3, ReLU (128,128,64) Low-level feature 

extraction 

Encoder Block 2 2× Conv2D + 

MaxPool 

3×3, ReLU (64,64,128) MRI tissue 

representation and 

edge detection 

Encoder Block 3 2× Conv2D + 

MaxPool 

3×3, ReLU (32,32,256) Capturing deeper 

contextual 

features 

Encoder Block 4 2× Conv2D + 

MaxPool 

3×3, ReLU (16,16,512) Encoding high-

level semantic 

features 

Bottleneck 2× Conv2D 3×3, ReLU (8,8,1024) Bridge between 

encoder and 

decoder 

Decoder Block 1 UpSampling + 

Conv2D 

2×2, 3×3 (16,16,512) Upsampling and 

feature restoration 

Decoder Block 2 UpSampling + 

Conv2D 

2×2, 3×3 (32,32,256) Recovering spatial 

information 

Decoder Block 3 UpSampling + 

Conv2D 

2×2, 3×3 (64,64,128) Refining tumor 

boundary 

representation 

Decoder Block 4 UpSampling + 

Conv2D 

2×2, 3×3 (128,128,64) Producing fine 

segmentation 

maps 

Output Conv2D 

(Sigmoid) 

1×1 (128,128,1) Final binary 

segmentation 

mask 
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E. Adaptive Segmentation via Otsu’s Method  

Even though the output of the U-Net is an accurate probability maps, the transition from continuous values to a 

binary mask depends on an efficient threshold-based approach to allow contour extraction. Fixed threshold 

strategies are usually not very effective when dealing with intensity changes across multi-center MRI data. 

Therefore, in order to perform adaptive segmentation, Otsu’s thresholding approach was used. 

Otsu’s thresholding is based on finding the best possible threshold which will minimize the intra-class variance 

𝜎𝐵
2(𝑘): 

 

𝜎𝐵
2(𝑘) = 𝜔0(𝑘)𝜔1(𝑘)[𝜇0(𝑘) − 𝜇1(𝑘)]2                                   (24) 

 

where 𝜔0 and 𝜔1 represent the probabilities of the two classes separated by a threshold 𝑘, and 𝜇0 and 𝜇1 denote 

their respective mean intensities. Since the thresholding is performed on an individual level for each image slice, 

the obtained segmentation mask corresponds to the specific distribution of intensity of each MRI image. As a 

result, reliable tumor localization is achieved, removing background noise and preserving the geometry of the 

region under consideration and creating a proper Region of Interest (ROI). 

 

F. Proposed "Twin-View" Brain Analyzer Model 

Fig. 10 presents the proposed ‘Twin-View’ architectural design depicting a hybrid framework for brain tumor 

analysis that combines segmentation and classification. Despite the ResNet50 model attaining superior standalone 

accuracy (94%) in image classification, we incorporated a Random Forest classifier (90% accuracy) into our hybrid 

pipeline owing to its compatibility with structured features derived from U-Net segmentation output, expedited 

inference, and enhanced interpretability Table 3. The procedure commences with the entry of a 2D MRI image. 

The image is concurrently processed through two pathways: one for segmentation utilizing the U-Net model, which 

produces a binary tumor mask, and the other for classification employing Random Forest, where textural features 

such as HOG and LBP are retrieved to ascertain tumor kind. If the model predicts "Non-Tumor," the pipeline 

concludes after the labeling process. For tumor-positive predictions, the binary mask is analyzed to delineate 

contours that define tumor boundaries. The contours are filtered to remove noise. Upon the identification of valid 

contours, they are superimposed on the original picture alongside the anticipated tumor classification, yielding a 

visual representation of both tumor localization and categorization.  The Twin-View model utilizes adaptive 

thresholding methods such as Otsu’s algorithm to convert the probability map into a binary mask, defined as a 

decision function where pixels exceeding the threshold are classified as tumor regions and others as background. 

This cohesive method improves diagnostic precision and clarity in brain tumor identification. 

 

Fig.  10: Operational workflow of the proposed multi-task Twin-View hybrid model for concurrent brain tumor 

categorization and pixel-level delineation. 
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IV. Experimental Results and Comparative Analysis 

This section presents a comprehensive analysis and discussion of the experimental results obtained from the "Twin-

View" hybrid framework for brain tumor analysis. The primary objective is to evaluate the performance of the 

proposed models for both tumor classification and segmentation. We begin by detailing the performance metrics 

used for quantitative assessment of the deep learning and machine learning models, including accuracy, precision, 

recall, and F1-score for classification, and the Dice coefficient and Intersection over Union (IoU) for segmentation. 

Subsequently, we present the confusion matrices and learning curves to illustrate the performance and training 

behavior of each model. A comparative analysis of our results with existing methodologies is also provided to 

highlight the contributions of this study. The discussion concludes with an examination of the hybrid model's 

effectiveness in providing both a classification label and a visual segmentation of the tumor. The Confusion 

Matrices of our proposed models are illustrated in Fig. 11 to 14. 

 

 

Fig.  11: Confusion Matrix of ResNet50 
 

Fig.  12: Confusion Matrix of SVM 

 

Fig.  13: Confusion Matrix of KNN 

 

Fig.  14: Confusion Matrix of Random Forest 

 

A. Performance Evaluation Metrics  

Performance evaluation measures are essential for evaluating the efficacy of models across many domains. These 

measures assess accuracy, precision, recall, and F1 score, offering insights into categorization or predictive 

capabilities. Accuracy evaluates overall correctness, precision reflects the model's ability to minimize false 

positives, recall measures its effectiveness in identifying all pertinent instances, and the F1 score reconciles 

precision and recall. This research presents a model of 7023 brain MRI scans. Our methodology is designed for 

multiclass categorization, encompassing four distinct classes. The confusion matrix has dimensions of [4 × 4] and 

can be expressed as Eq. (25): 

 

[

𝑇𝑃1 𝐹𝑁12 𝐹𝑁13 𝐹𝑁14

𝐹𝑃21 𝑇𝑃2 𝐹𝑁23 𝐹𝑁24

𝐹𝑃31 𝐹𝑃32 𝑇𝑃3 𝐹𝑁34

𝐹𝑃41 𝐹𝑃42 𝐹𝑃43 𝑇𝑃4

]                                                  (25) 

The TNs are not immediately displayed in the matrix as they are distributed over the complimentary locations. 
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Let 𝑎𝑖𝑗  be the element in the row 𝑖, column 𝑗 of the confusion matrix, where: 

𝑖 is the true class and 𝑗 is the predicted class. 𝑘 is the targeted class. 

Let, 

𝑇𝑃𝑘 = 𝑎𝑘𝑘, 𝐹𝑃𝑘 = ∑ 𝑎𝑖𝑘𝑖≠𝑘 , 𝐹𝑁𝑘 = ∑ 𝑎𝑘𝑗𝑗≠𝑘  

𝑇𝑁𝑘 = ∑ ∑ 𝑎𝑖𝑗,𝑗≠𝑘𝑖≠𝑘  (i.e., all values not in row 𝑘 or column 𝑘) 

For our model, the overall accuracy can be calculated by the following metrics: 

 

Accuracy = 
∑ akk

4
k=1

∑ ∑ aij
4
j=1

4
i=1

;                                                              (26) 

Precisionk= 
TPk

TPk+FPk
=

akk

∑ aiki
;                                                      (27) 

 

Recallk = 
TPk

TPk+∑ F4
j=1 Nj

=
akk

∑ akjj
;                                                    (28) 

 

F1-Score= 2 ×
Precisionk×Recallk

Precisionk+Recallk
;                                                   (29) 

The classification report of our algorithms is being calculated by using these confusion matrices.  

 

B. Model Selection and Justification for the Classification Stage 

 

The proposed Twin-View hybrid framework comprises both classification and segmentation algorithms. In 

medical image analysis, the choice of a model must be guided not only by accuracy but also by stability, 

generalization, computational efficiency, and compatibility with downstream tasks, such as segmentation. Based 

on a literature review that establishes the research baseline, we have selected four algorithms. These algorithms 

are compared by their classification report to select the best one for the Twin-View model.  

Although the ResNet-50 model achieved the highest overall classification accuracy of 94%, the Random Forest 

(RF) classifier was selected as the primary classification model due to several critical methodological and practical 

considerations. 

Table 3 reveals that ResNet-50 slightly outperforms Random Forest in overall accuracy (0.94 vs. 0.90). The 

performance difference between the two models is quite small when assessed using class-based metrics. There are 

several factors to consider when choosing a Random Forest classifier, but one of the key factors is its stability and 

generalization. The Random Forest algorithm is an ensemble technique that combines the output of several decision 

trees. It reduces the variance and prevents overfitting. This property is especially valuable in medical datasets, 

where the number of training samples is often limited, and class distributions may be imbalanced. 

Another reason is that the Random Forest classifier utilizes a hybrid feature vector composed of Histogram of 

Oriented Gradients (HOG) and Local Binary Patterns (LBP), which capture both structural and textural 

characteristics of MRI images. Each decision tree uses a randomly selected subset of features from the dataset, 

allowing the algorithm to identify the most valuable variables without performing any dimensionality reduction. 

Besides, interpretability is another important factor to consider. The classification report of our algorithms is shown 

in Table 3: 

Table 3: Class-specific and overall performance metrics of evaluated deep learning and classical machine learning 

models for multi-class brain tumor classification. 

Model Class Precision Recall F1-score Accuracy 

ResNet50 Glioma 0.97 0.91 0.94 0.94 

Meningioma 0.95 0.99 0.97 

Non-tumor 0.97 0.95 0.96 

Pituitary 0.92 0.90 0.91 
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KNN Glioma 0.83 0.84 0.83 0.90 

Meningioma 0.84 0.98 0.91 

Non-tumor 0.97 0.98 0.97 

Pituitary 0.89 0.88 0.89 

SVM Glioma 0.83 0.84 0.83 0.86 

Meningioma 0.84 0.97 0.90 

Non-tumor 0.96 0.91 0.90 

Pituitary 0.84 0.95 0.89 

Random Forest Glioma 0.92 0.77 0.84 0.90 

Meningioma 0.84 0.97 0.90 

Non-tumor 0.96 0.96 0.96 

Pituitary 0.82 0.96 0.89 

 

Another reason is that the Random Forest classifier utilizes a hybrid feature vector composed of Histogram of 

Oriented Gradients (HOG) and Local Binary Patterns (LBP), which capture both structural and textural 

characteristics of MRI images. Each decision tree uses a randomly selected subset of features from the dataset, 

allowing the algorithm to identify the most valuable variables without performing any dimensionality reduction. 

Besides, interpretability is another important factor to consider. 

C. Learning Curves 

Fig. 15 illustrates the training and validation accuracy of the updated ResNet50 model throughout 30 epochs. The 

model's accuracy on the training set progressively rose and stabilized at 99%, whereas the validation accuracy 

exhibited fluctuations yet continuously remained elevated, converging between 85% and 90\% in the later epochs. 

This signifies that the model effectively acquired distinguishing features from the MRI images while preserving 

generalization on novel input. This indicates that the model successfully learned discriminative features from the 

MRI images while maintaining generalization on unseen data. 

Likewise, Fig. 16 illustrates the training and validation loss trajectories. The training loss steadily diminished, 

indicating successful optimization of the model on the training dataset. The validation loss demonstrated 

fluctuations across epochs, a common occurrence in medical imaging tasks with very limited and imbalanced 

datasets. Notwithstanding the fluctuations, there was no substantial increase in validation loss, and the overall 

disparity between training and validation losses remained small, indicating that the model successfully evaded 

pronounced overfitting. 

 

 

Fig.  15: Epoch-wise training and validation accuracy 

trajectories for the ResNet50 classification model. 

 

Fig.  16: Convergence profile of training and 

validation loss function values across training 

epochs for the ResNet50 model. 
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Fig. 17. illustrates the learning curves for the U-Net segmentation model, depicting the trends in loss and accuracy 

throughout 20 training epochs. The training and validation loss curves (right panel) demonstrate a consistent and 

gradual decline over time, ultimately converging to values beneath 0.04. This demonstrates the efficient reduction 

of the binary cross-entropy loss function employed in pixel-level tumor segmentation. The close proximity of 

training and validation loss indicates that the model generalizes effectively to unknown data and is not prone to 

overfitting. 

 

Fig.  17: Training and validation learning curves for the U-Net architecture: Dual-panel plot depicting epoch-wise 

transitions in classification accuracy and objective loss values. 

 

The left panel displays the training and validation accuracy curves, which show a steady and incremental rise, with 

training accuracy nearing 93% and validation accuracy stabilizing at roughly 92%. The minimum gap between the 

two curves indicates consistency and implies that the model acquires robust characteristics applicable to the 

validation set. This pattern suggests that the U-Net has attained convergence without oscillations or instability, 

typically signifying an optimally adjusted learning rate and batch size. 

 

Fig.  18: Epoch-wise tracking of Dice coefficient and Intersection over Union (IoU) curves for the U-Net 

segmentation framework. 

Fig. 18 represents the evolution of the Dice coefficient and Intersection over Union (IoU) metrics for training and 

validation sets throughout the U-Net model training. These metrics provide a more granular and task-specific 

measure of segmentation performance, particularly suited for medical image analysis where precise region 

boundaries are essential. As shown in the left panel, the Dice coefficient starts around 0.15 and improves steadily 

across epochs, eventually reaching approximately 0.80 for training and 0.75 for validation. This strong upward 

trend indicates that the model consistently learns to maximize the overlap between the predicted and ground truth 

tumor masks. The minimal gap between the training and validation Dice curves confirms that the model generalizes 

well, with little sign of overfitting. Similarly, the IoU curves (right panel) consistently increase over the epochs, 

with training IoU reaching around 0.70 and validation IoU stabilizing near 0.62. The convergence of both curves 

indicates that the model not only captures the presence of tumor regions but also aligns well with their precise 

boundaries, making it suitable for accurate medical segmentation tasks. 
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The overall trajectory of Dice and IoU metrics affirms the effectiveness of U-Net’s encoder-decoder structure with 

skip connections in learning complex spatial relationships. High Dice and IoU values approaching 0.8 and 0.7, 

respectively, reflect a strong segmentation capability, validating the model's robustness in detecting and delineating 

tumor regions from 2D brain MRI images. 

 

D. Decision Boundary 

A decision boundary represents the boundary that separates different classes or categories in a feature space. The 

model determines it during training and defines where one class transitions into another. The clarity and position 

of the decision boundary influence a model’s ability to classify new instances accurately, as illustrated in Figs. 19 

to 21. 

Support Vector Machines (SVMs) often provide better decision boundaries in certain cases compared to k-Nearest 

Neighbors (KNN) or Random Forests due to their ability to find a hyperplane that maximally separates different 

classes. SVM aims to maximize the margin between classes, which can lead to better generalization to unseen data. 

 

 

Fig.  19: K-Nearest Neighbors (KNN) decision 

boundaries projected onto the first two principal 

components (𝑷𝑪𝟏 and 𝑷𝑪𝟐) of the texture feature space. 

 

Fig.  20: Decision surface and partition boundaries 

generated by the Random Forest classifier within 

the reduced PCA feature dimensions. 

 

 

Fig.  21: Multi-class Support Vector Machine (SVM) decision boundaries illustrating hyper-plane partitioning 

on the 𝑷𝑪𝟏 versus 𝑷𝑪𝟐 feature plane. 
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E. Segmentation and Classification Hybrid model result 

Table 4: Exemplar brain tumor segmentation and classification outputs for different pathological classes. 

Original Image Binary Mask Segmented Tumor Tumor Type 

 

  Meningioma 

 

  Meningioma 

 

  Glioma 

  

 

Glioma 

 

 

 

Pituitary tumor 

  

 

Pituitary tumor 

 

The "Tumor Type" column in Table 4 presents the final classification output from the hybrid "Twin-View" 

framework. This result is generated by the Random Forest classifier component of the model, which determines 

the specific category of the tumor (e.g., Glioma, Meningioma, or Pituitary Tumor) for each MRI image. By 
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providing this definitive label, the column complements the visual segmentation shown in the "Segmented Tumor" 

column, offering a complete diagnostic output that includes both the location and type of the detected brain tumor. 

F. Comparison of the proposed ‘Twin-View’ with alternative models 

Our suggested approach employs both classification and segmentation methodologies to identify the tumor. 

Previous studies have developed alternative approaches, such as MLP and NB algorithm [28], Deep neural network 

[14] and CNN [30] that utilize binary classification to differentiate between tumor and non-neoplastic brain 

pictures. Mathaiyalagan and Devaraj [37] presents a model capable of exclusively detecting Glioma. Our model 

can identify three distinct tumor variants: Glioma, Meningioma, and Pituitary Tumor, positioning it superior to 

other models. 

G. Model check with real-time image 

We have collected an MRI image from a hospital. The image contains tumor slices of different axes in Fig. 22. 

After providing that to our model, the model has successfully predicted the tumor class. The MRI image is collected 

from a healthy person, and our model successfully predicted that in Fig. 23. 

 

 

Fig.  22: Representative sample of the digitized raw multi-slice clinical MRI film dataset collected for 

independent validation. 

 

Fig.  23: Individual axial slices extracted from the clinical dataset and their corresponding model inference 

outputs indicating diagnostic class predictions. 

4. Conclusion 

The proposed "Twin-View" framework addresses the critical need for a comprehensive and automated system for 

brain tumor analysis by integrating both segmentation and classification functionalities. Unlike many existing 

studies that focus on either classification or segmentation alone, our hybrid model provides a cohesive solution 

that offers both a definitive tumor class and a precise visual localization of the tumor region. The research employed 

a modified ResNet50 architecture and machine learning models (KNN, SVM, and Random Forest) for 

classification, as well as a U-Net model for pixel-level segmentation.  

Our findings confirm the effectiveness of this hybrid approach. The U-Net model demonstrated strong performance 

in segmentation, with high Dice and IoU scores (approximately 0.8 and 0.7, respectively), indicating its ability to 

accurately delineate tumor boundaries. For classification, the ResNet50 model achieved the highest standalone 

accuracy at 94%, while the Random Forest classifier, chosen for its compatibility with the hybrid pipeline, also 

performed well with 90% accuracy. The "Twin-View" framework successfully uses the U-Net's segmentation 

output to inform and enhance the Random Forest classification, providing a complete diagnostic output that 
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includes the tumor type and its precise location on the MRI image. The model was also successfully tested with 

real-time MRI images, correctly identifying both a non-tumor case and a tumor case, demonstrating its potential 

for real-world clinical application. The ability to classify three distinct tumor variants, glioma, meningioma, and 

pituitary tumor, sets this model apart from other approaches that only perform binary classification or detect a 

single type of tumor. This comprehensive, two-pronged analysis provides a valuable tool that can assist medical 

professionals in making faster, more accurate diagnoses. 
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