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1 Section 1: System Architecture Overview 
This section details the design and flow of the diagnostic system, which operates as a sequential, modular 

pipeline. The architecture is designed to prioritize interpretability and computational efficiency by utilizing 

classical image processing and feature-based classification. 

1.1 System Flow (Pipeline) 

The system executes a linear process to transform a raw MRI image into a final tumor classification: 

1. Input: Reads MRI slices from labeled folders. 

2. Preprocessing: Standardizes image format, contrast, and noise. 

3. Segmentation: Isolates the Region of Interest (ROI) using a hybrid approach. 

4. Feature Extraction: Quantifies structural and intensity properties of the ROI. 

5. Classification: Predicts one of the four tumor classes using a tuned machine learning model. 

2 Section 2: Data Handling and Preprocessing 

Configuration 

2.1 Data Source and Description 

Parameter Configuration 

Source Kaggle 

Modality Brain MRI Scans 

Classes Glioma, Meningioma, Pituitary, No-Tumor 

Data Split 80% Training / 20% Testing 

Training Records 5712 feature records 

Testing Records ~1311 images (e.g., Pituitary: 300, No-tumor: 405, Meningioma: 306, Glioma: 300) 
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Parameter Configuration 

Sampling Method Stratified Sampling 

Input Feature Count 5 radiomic features 

2.2 Preprocessing Pipeline Parameters 

The Preprocessing Pipeline: It is a sequence of reusable functions that generate a homogeneous and 

standardized dataset, which is essential to develop a strong analysis of medical images (Diaz et al., 2021). The 

logic can be applied to all images, which will allow one to maintain consistency and reduce the number of 

errors in the input data (Lathigara et al., 2025). The preprocessing is crucial to enhance reproducibility, which 

is a problem of radiomics research (Tabassum et al., 2023). The pictures are processed by four consecutive 

functions: they are first Resized to 256 x 256 pixels in order to make them input-standardized, and converted 

to Grayscale to store only the essential intensity data. The high-frequency noise is removed using an Adaptive 

Median Filter in order to deal with noise, but maintain structural edges. Lastly, Adaptive Histogram 

Equalization is used to increase the local contrast and sharpen blurred edges to produce clear and 

standardized inputs to the hybrid segmentation module. 

3 Section 3: Segmentation and Feature Configuration 
In the pipeline, there is a two-step procedure that starts with Segmentation and then Radiomic Feature 

Extraction. A Hybrid Sobel-Watershed algorithm was used to isolate the Region of Interest (ROI) and is an 

improved variant of classical segmentation methods (Xu et al., 2024). This technique was adopted to precisely 

outline the tumor boundaries, which has been already linked to high accuracy in the definition of brain tumors 

(Ejaz et al., 2022). The hybrid algorithm requires Sobel operator to identify strong edges first and Watershed 

procedure to use the gradient data to divide the image into clean and focused areas that will be further 

analyzed. After the isolation of the ROI, the Feature Extraction module transforms the visual properties into a 

five interpretable radiomic feature, namely the area, mean intensity, eccentricity, solidity, and perimeter 

(Wagner et al., 2021). Radiomics also offers the necessary quantitative values that are easy to reproduce and 

understand among clinicians, and it can be used to address the lack of transparency that is seen with deep 

learning models (Tabassum et al., 2023). These last numerical feature vectors are put to standard to the 

StandardScaler in order to have a uniform distribution, a requirement of the stability and performance of the 

classification models. 

 

4 Section 4: Model Configurement and Performance 

Benchmarking 
Three models with features, namely, XGBoost, Support Vector Machine (SVM), and a small Artificial Neural 

Network (ANN) were compared to identify the most viable and high-performing model to be used in the 
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pipeline. The XGBoost Classifier was the best set-up as it performed best on the test set with an accuracy of 

80.49% and a Macro ROC-AUC of 0.946. This high performance shows that the model can model non-linear 

interactions between features which are complex (Anitha et al., 2025). Moreover, it was highly efficient, and 

the inference time was about 0.01 ms/image. The analysis of the feature importance established that the 

perimeter and area were the most important features used to distinguish between the types of tumors. 

Compared to it, the optimized SVM model, which was set with the RBF kernel (C=10, γ=1) had an accuracy of 

79.79% and the lowest memory footprint of 0.22 Mb, which corresponded with the objective of resources-

constrained environment (Guido et al., 2024). The accuracy was lowest with the lightweight ANN at 76.82, 

indicating that the model was constrained by dimensionality of radiomic feature set. The XGBoost Classifier is 

preferred to be used because of the high balance of diagnostic accuracy and computing speed in the ultimate 

deployment. 

Comparative Performance Metrics (on Test Set) 

Metric 
XGBoost 

(Optimal) 
SVM (Optimal) ANN (Lightweight) 

Accuracy 80.49%  79.79%  76.82% 

Macro F1-Score 0.80 0.79 N/A (implied lower) 

ROC-AUC 0.946 N/A (implied lower) N/A (implied lower) 

Inference Time ~0.01 ms/image ~0.13 ms/image 
N/A (implied higher than 

XGB) 

Model Size 2.83 MB  0.22 Mb 
N/A (implied larger than 

SVM) 

Optimal 

Hyperparameters 

Tuned for best 

score 

RBF Kernel, C=10, 

Gamma=1 

3 Hidden Layers, ReLU, 

SoftMax 

Conclusion: The XGBoost Classifier is the recommended model for the final diagnostic pipeline due to its 

superior accuracy (80.49%) and exceptional inference speed (~0.01 ms/image), providing the best practical 

balance between performance and computational efficiency. The SVM remains a viable alternative if model 

size is the absolute priority (0.22 Mb). 
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