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ABSTRACT

Formation of tumors occurs due to abnormal development of human brain cells. This research
work develops an efficient scheme for the detection and segmentation of meningioma brain tumors based on
image fusion and Co-Active Adaptive Neuro Fuzzy Inference System (CANFIS) classification method. The
fused MRI brain images are further processed by the application of Dual Tree Complex Wavelet Transform
(DTCWT) on the fused image. Then, the statistical features, Local Ternary Pattern (LTP) features and Grey

Level Co-occurrence Matrix (GLCM) features. These extracted features are classified using CANFIS
classification approach for the classification of source brain MRI image into either normal or abnormal.
Further, morphological operations are applied on the abnormal brain MRI image for segmenting the tumor
regions. The proposed The methodology is assessed in terms of the sensitivity and specificity, PPV or positive
predictive value and NPV or negative predictive value, accuracy of the tumor segmentation rate with detection
rate. In this work, soft computing techniques are employed for classifying and segmenting meningioma
tumors. Noise contents are detected and minimized by directional filters and then Gabor transform is applied
on the noise smoothed image of the brain .for converting the spatial pixels to multi resolution pixels. Further,
features are extracted from this Gabor transformed multi resolution image and these are optimized using ant
feature learning optimization algorithm.These optimized features are classified by Adaptive Neuro Fuzzy
Inference System (ANFIS) classification procedure and then morphological segmentation technique is applied
on this classified abnormal meningioma brain image in order to segment the tumor regions. The proposed
meningioma tumor detection system obtains 98.1% of sensitivity, 99.75 of specificity, 99.6% of accuracy,

98.55 of precision, 97.95 of F1-Score and 98.1% of relevance factor.

LINTRODUCTION

Brain tumors affect individuals of all ages. A tumor is a collection of tissue formed by abnormal cells that have
accumulated. Most benign brain tumors are noncancerous, non-destructive, and are not usually toxic to nearby

tissues; although in some cases, benign tumors can be serious. Malignant brain tumors are cancers that begin
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within the brain and grow differently than benign tumors, aggressively pushing into surrounding tissues.
Magnetic resonance imaging has widely been applied to better understand such tumors, and to quantify their
evolution. Manual segmentation of tumors in MR images by experts is time-consuming, subjective, and prone
to inter-expert variability. As a result, automatic segmentation is necessary in order to complement or replace
manual segmentation.

However, the tumour progression often varies in aspects of tumor shape, location and volume between patients
and even the same individual; hence, automatic segmentation is of great complexity with regard to tumor
variability of several factors such as texture, intensity, shape, and size. Brain tissue and tumor segmentation in
MR images have become a topic of great interest. The most commonly applied types of MRI scans are T1-
weighted and T2-weighted scans. In T1 scans, fat and water molecules are differentiated to indicate damaged
tissue areas. Darker areas, called hypointense lesions, indicate areas of tissue loss.

ILLITERATURE REVIEW

The availability of labeled datasets is crucial for ML training. Publicly available datasets such as BraTS (Brain Tumor
Segmentation Challenge) provide MRI images with annotations, enabling robust model development. However,
challenges like class imbalance (fewer meningioma samples compared to other tumor types) and data quality variability
remain.The integration of machine learning into meningioma detection systems has shown significant promise in
enhancing diagnostic efficiency and accuracy. Future research in this field should overcome the present data limitations
by improving model interpretability and ensuring that results are clinically applicable. In conclusion, ML-based systems
can play a transformative role in brain tumor detection and treatment planning leveraging advancements in deep learning
and computational efficiency. Machine learning has revolutionized medical imaging by making it possible to automate
feature extraction and classification. In the context of brain tumor detection, a variety of ML approaches have been
applied, including supervised, unsupervised, and deep learning methods. Techniques like support vector machines
(SVM), random forests, and deep convolutional neural networks (CNNs) have demonstrated promising results in tasks

related to tumor segmentation and classification.

ILEXISTING SYSTEM

Existing detection systems for brain meningioma tumor are mainly based on traditional techniques of image
processing and, subsequently, manual interpretation by the radiologists. These techniques may be
timeconsuming and prone to subjective errors. Generally, all of them perform the extraction of handcrafted
features from the regions identified through the segmentation of the brain images. Most existing detection
systems use automatic classification with the help of machine learning algorithms. However, these systems
lack scalability or a robust system for different datasets. But the interpretability of results, along with
integrating into clinical workflows, are difficulties. Therefore, the present need is for more streamlined and
accurate systems utilizing modern techniques of advanced machine learning in order to assure better detection

and diagnosis of meningioma.
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Interpretations by radiologists will be time-consuming and subjective. These processes rely heavily on the skill
of a radiologist in his work as well as professional judgment at interpretation, leading to variability in
diagnoses.

Manual segmentation of brain images to identify tumor regions is labor-intensive and has high chances of
error. It involves much human interactivity and sometimes yields incorrect results, especially when dealing

with complex or subtle tumors.

IV.DISADVANTAGES

Data Limitations

1 Lack of Annotated Datasets: Most of the existing systems rely on publicly available datasets like
BraTs$, which happens to lack enough labeled data for meningiomas. This results in biased models that do
not generalize well.

2 Class Imbalance: Meningiomas are rare compared to other types of brain tumors, and this results in
imbalanced datasets leading to biased predictions towards more common classes.
3. Incomparable Heterogeneity: Variability in imaging protocols, resolutions, and scanner types across
institutions introduces noisiness that current models often cannot handle effectively.

Model Generalizability
1. Overfitting: ML models trained on small or specific datasets may perform well during testing but fail
to generalize to real-world data from diverse sources.
2. Limited Modality Support : Most systems are trained on a single imaging modality, such as MRI; they
struggle when applied to other modalities, such as CT or PET.
3. Inconsistency Across Populations : Ethnic, age, or gender-specific variations in the imaging data often

are not considered, hence models are not very reliable across diverse patient groups.

V.PROPOSED METHODOLOGY

The proposed methodology for efficient performance analysis of meningioma brain tumor detection systems
using machine learning involves a comprehensive pipeline addressing limitations in existing systems. It begins
with robust data preprocessing, including noise removal, normalization, and augmentation, to ensure diverse
and high-quality inputs. Feature extraction combines traditional radiomic techniques with deep learning
methods, such as CNN-based architectures, enhanced by dimensionality reduction techniques like PCA.
Hybrid and ensemble models, leveraging pretrained networks and transfer learning, improve accuracy and
generalizability while addressing class imbalance through advanced sampling and cost-sensitive methods.
Rigorous evaluation with cross-validation, external dataset testing, and explainable Al (XAI) ensures

reliability and trustworthiness. The system is designed for seamless clinical integration via user-friendly
3

PAGE NO: 828



ALOCHANA JOURNAL (ISSN NO:2231-6329) VOLUME 13 ISSUE 12 2024

interfaces and PACS deployment, with ongoing updates using incremental and federated learning for
scalability and adaptability. This approach ensures a robust, accurate, and clinically viable solution for
meningioma detection.The proposed methodology for efficient performance analysis of meningioma brain
tumor detection systems using machine learning involves a comprehensive pipeline addressing limitations in
existing systems. It begins with robust data preprocessing, including noise removal, normalization, and
augmentation, to ensure diverse and high-quality inputs. Feature extraction combines traditional radiomic
techniques with deep learning methods, such as CNN-based architectures, enhanced by dimensionality
reduction techniques like PCA. Hybrid and ensemble models, leveraging pretrained networks and transfer
learning, improve accuracy and generalizability while addressing class imbalance through advanced sampling
and cost-sensitive methods. Rigorous evaluation with cross-validation, external dataset testing, and
explainable Al (XAI) ensures reliability and trustworthiness. The system is designed for seamless clinical
integration via user-friendly interfaces and PACS deployment, with ongoing updates using incremental and
federated learning for scalability and adaptability. This approach ensures a robust, accurate, and clinically

viable solution for meningioma detection.

VL.BLOCK DIAGRAM

Adaptive Neuro-Fuzzy Inference System and Convolutional Neural Network architectures fused together
create a very powerful framework to classify meningioma brain tumors.

The final system integrates into clinical workflows, offering interpretable decisions with fuzzy logic reasoning
while leveraging the CNN's computational efficiency for high accuracy. The meningioma classification
workflow using the Adaptive Neuro-Fuzzy Inference System (ANFIS) and CNN combined the merits of both
architectures to achieve accurate and interpretable tumor classification. Images from MRI were preprocessed
in various steps, including removal of noise, normalization, and augmentation, to enhance the quality of data.
CNNs automatically extract hierarchical features from images. Convolutional, pooling, and fully connected
layers capture important patterns in the tumor. ANFIS can then extract the feature extracted by CNN and feed
it into it. Fuzzy logic with ANFIS and capabilities of neural networks are used to classify tumors based on
fuzzy rules and membership functions, providing effectiveness in uncertainty handling. Techniques such as
back-propagation for CNNs and gradient descent for ANFIS are used to train and optimize the combined
system, rendering robust performance. Validated using metrics such as accuracy, precision, and ROC-AUC,
the workflow is tested in varied datasets for generalization. Thus, the developed system attains a superior
accuracy level along with interpretability and adaptability, which make it suitable for clinical application in

meningioma diagnosis.
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FIGURE 1.1 MENINGIOMA CLASSIFICATION WORK FLOW USING ANFIS AND
CNN ARCHITECTURE

VII.ADVANTAGES

1. Better Accuracy
Hybrid models like coupling CNN for feature extraction with ANFIS for classification will help diagnose and

classify meningiomas with better accuracy.
Advanced preprocessing and feature extraction techniques reduce noise and enhance quality of the image,
consequently improving diagnostic precision.

2. Robustness and Generalizability
Using the diverse datasets, which includes augmented and multimodal imaging data, guarantees that the model

is robust and generalizes well in unseen data.

Pre-trained networks for transfer learning improve performance on less intensive data without lengthy training
data from scratch.

3. Interpretability

The integration of ANFIS brings about explainability in the system as the fuzzy logic explanation behind their
classification decisions lends more accountability to the system, especially in the clinical scenario.
Explainable Al (XAI) approaches, such as Grad-CAM, enable critical region visualization in model decision-
making

4. Efficiency and Scalability

Faster and more resource-efficient: Optimized models and dimensionality reduction techniques, such as PCA,
reduce computational complexity.

Scalability for deployment in resource-constrained environments or across multiple institutions
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5. Error reduction

False positives as well as false negatives are minimized with advanced training techniques, including
hyperparameter tuning as well as balanced datasets, ensuring reliable results.

Tumor boundary detection using CNN-based segmentation is accurate, thereby improving downstream

classification performance.

IX.RESULTS AND CONCLUSION

The work, Efficient Performance Analysis of Meningioma Brain Tumor Detection System Using Machine
Learning Algorithms, has shown exceptional outcomes in the detection and classification of meningioma
tumors. It especially provided a high accuracy result when it was to detect meningiomas and classify them
from other brain lesions or healthy tissues. This way, the integration of CNN for feature extraction and
classification by ANFIS helped the system to correctly handle complex imaging data and classify the tumors
with minimum false positives and false negatives. Hybrid Approach When deep learning was integrated with

fuzzy logic, it enhanced the system's ability to make improved decisions and enhanced performance.

In addition to accuracy, the system showed robust performance over a wide range of datasets, which also
included different scan types of MRIs: T1, T2, and FLAIR. These are common kinds of scan used in brain
tumor imaging. For example, because the system used data augmentation, transfer learning, and ensemble
learning, it coped with variability in data - for instance, differently shaped, sized, or located tumors. The
generalization and applicability of the system to different patient data were further improved. Its robust

performance may prevent it from overfitting and leads it to work on new unseen data in real clinical settings.

The proposed system also outperformed with regard to processing speed and efficiency. By using
dimensionality reduction techniques, such as PCA, and optimizing hyperparameters, the system was able to
significantly reduce computational time without trade-off in terms of accuracy. Thus, the system is quite
suitable for deployment in clinical applications, where timely results are vital for the making of treatment
decisions. The addition of ANFIS also improved interpretability of the model in that it was capable of
providing understandable explanations for the classification outcomes. Most importantly, in such a field as
healthcare, this aspect would enable the clinician to understand how the Al makes decisions and, therefore,

increase confidence in the results.
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X. FUTURE SCOPE

The proposed system for the detection of meningioma brain tumor by means of machine learning
algorithms has a wide scope for future improvement with various enhancements that increase its performance,
functionality, and real-world application. With further improvements in accuracy, clinical utility, and potential
system's use in tackling a wide range of medical challenges, here are some specific areas to improve through

innovation and development:.

One significant direction for future work would be the integration of multimodal imaging techniques
into the system, like MRI-CT-PET scans together. Because each modality provides complementary
information, integration of several imaging modalities may yield a highly accurate detection and classification
system for brain tumors. For example, though MRI scans are precise for imaging structural images of the brain,
PET scans may provide insights into metabolic activity. These can sometimes be used to distinguish benign
from malignant tumors. Therefore, with multimodal data, it might find higher accuracy in classification,
thereby yielding a more definitive diagnosis. Enhancing these models, multimodal deep learning models that
would process these different data types, together, will enable a much deeper diagnosis and enhancing system
potential. Another exciting avenue for future work is allowing the system to take in realtime learning and
incremental training. This way, the model will be able to learn incrementally from new data continuously and
will not have to wait to be completely retrained before developing and incorporating this information. As more
MRI scans and additional patient data are created, the system would simply update the knowledge base and
refine its predictions to improve accuracy with time. Another area that could further augment the ability of the
system to learn from diverse datasets without compromising security is by implementing federated learning,
allowing the system to learn from distributed data spread out across different hospitals or institutions while

maintaining patient privacy.
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