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Abstract — Detecting and classifying brain tumors are some of the most important things to do in medical imaging
because they directly affect how doctors plan treatment and how long patients live. People have looked into a lot of
different ways to use machine learning (ML), including preprocessing methods like homomorphic filtering,
morphological operations, and normalisation. Then, to make classification more accurate, they use feature extraction
and feature selection. These methods can work very well, but they often need a lot of work to make the features and
hyperparameters work well together. On the other hand, deep learning (DL) models like Convolutional Neural
Networks (CNN), DenseNet, and VGG16 have shown that they can automatically learn hierarchical features from raw
MRI images. This greatly improves accuracy, robustness, and generalization across different datasets. This review
offers a comparative examination of ML and DL methodologies, emphasising their techniques, advantages, and
constraints in the classification of brain tumors. The study highlights the significance of preprocessing and feature
optimisation in machine learning, while demonstrating that deep learning architectures provide a more dependable and
scalable solution for clinical applications.
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I. Introduction

Brain tumors are some of the most complicated and
potentially fatal neurological conditions. They are
brought on by the brain and central nervous system's
cells growing abnormally and uncontrollably. If they are
not identified in a timely manner, they can cause severe
impairment or even death by interfering with essential
brain processes including memory, motor coordination,
or cognitive processing. The World Health Organization,
or WHO, reports that malignancies of the brain along
with other central nervous systems (CNS) account for
around 3% of all cancers worldwide, but because of their
delicate position and biological complexity, they
disproportionately contribute to cancer-related death.
Because of this, enhancing treatment results and survival
rates requires early and precise identification.

Since magnetic resonance imaging (MRI) offers superior
soft-tissue contrast and precise viewing of brain
structures, it is often considered as the gold standard in
brain tumor identification. Clinicians can determine the
size, location, and kind of tumors using MRI. However,
manual MRI scan interpretation is time-consuming,
subjective, & prone to inter-observer variability—
particularly when distinguishing between various kinds
of tumors.  Artificial intelligence (AI) techniques,
including Machine Learning (ML) & Deep Learning
(DL), have been thoroughly investigated for automated
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tumor categorization in order to get beyond these
restrictions [1].

Four main processes are usually included in traditional
ML-based tumor detection: initial processing, feature
extraction, feature selection, & classification [2]. By
using morphological processes, lighting correction, noise
reduction, = homomorphic  filtering, and  pixel
normalization, preprocessing enhances the quality of
images. Using descriptors like the Gray-Level Co-
Occurrence Matrix (GLCM), Local Binary Patterns
(LBP), and Gabor filters, feature extraction computes
texture, shape, and intensity characteristics. Principal
Component Analysis (PCA) and other feature selection
techniques aid in dimensionality and redundancy
reduction, increasing computing efficiency. Lastly,
classifiers are used to determine the kind of tumor:
support vector machine (SVM), random forest (RF), K-
Nearest Neighbor (KNN), Naive Bayes (NB), XGBoost,
CatBoost, and Extra Trees.

Medical imaging has changed as a result of deep
learning, particularly convolutional neural networks
(CNNs), which do away with the necessity for human
feature engineering. CNNs use MRI images to directly
learn hierarchical patterns; deeper layers extract more
intricate tumor-related structures, while shallower levels
record edges and textures [3]. Research indicates that in
terms of classification accuracy and resilience, CNN-
based models trained on large datasets often perform
better than conventional ML approaches. In order to
extract and categorize significant characteristics from
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MRI images, a typical CNN architecture consists of
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IV. Machine Learning Approaches

Using a structured pipeline that includes preprocessing,
feature extraction, feature selection, and classification,
machine learning (ML) has long been used to identify
brain tumors. More dependable feature extraction is
made possible by preprocessing methods like
homomorphic filtering and normalization, which enhance
MRI quality. [14] To capture the texture and form
properties of tumors, machine learning techniques often
include handmade features such as GLCM, LBP, and
Gabor filters.  Model accuracy is increased, and
dimensionality is decreased with the use of feature
selection techniques like PCA. When paired with
appropriate preprocessing and feature tuning, classifiers
such as SVM, Random Forest, and XGBoost often
achieve excellent accuracy. But since ML models rely so
largely on manually created characteristics, they are less
successful for complicated tumor changes and less
flexible across datasets.

V. Deep Learning Approaches

By allowing end-to-end learning from raw MRI images
without the requirement for human feature engineering,
deep learning (DL) has completely changed the
categorization of brain tumors. Convolutional Neural
Networks (CNNs) are more successful than typical
machine learning techniques for capturing complicated
tumor patterns because they automatically learn
hierarchical features via convolution, activation, pooling,
and all connected layers.  Through deep feature
extraction, dense connectivity, along with residual
learning, transfer learning architectures like VGG16,
DenseNet, and ResNet50 significantly enhance
performance; when optimized on MRI datasets, they
often achieve accuracy exceeding 95%. Although DL
models need huge, labeled datasets, considerable
computing power, and have limited interpretability, they
are very scalable and generalize well across many tumor

types [15].

VI. Evaluation Metrics
Performance  Metrics  that  guarantee  clinical
dependability are used to assess the effectiveness of brain
tumor classification algorithms.  Medical diagnosis
depends more on precision, recall, and F1-score, which
more accurately represent a model's capacity to identify
tumor instances and manage class imbalance, while
accuracy shows the percentage of properly categorized
cases. A model's discriminative power over a range of
thresholds is further measured by metrics like ROC—
AUC, and confusion matrices aid in visualizing tumor
type misclassifications. ~ To avoid overfitting and
guarantee reliable performance, cross-validation and
training/validation loss monitoring are often used in both
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ML and DL models. [16] When combined, these
evaluation techniques provide a thorough analysis of the
model's performance in actual tumor categorization
situations.

Table 1 Metrics Used in Classification Problems
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still struggle with insufficient and non-diverse data,
which affects their real-world dependability, creating
bigger, multi-institutional datasets is a crucial necessity.
The use of Explainable Al (XAI) techniques, such Grad-
CAM, which assist physicians in comprehending the
reasons behind a model's prediction and boost clinical

Metric Formula Interpretation
TP+TN Overall performance
Accuracy
TP+TN+FP+FN of model
TP How accurate the positive
Precision
TP+FP predictions are
TP Coverage of actual
Recall .
TBE+FN positive sample
2TP Hybrid metric uzeful for
F1 score
ATP+FP+F N unbalanced clazzes

VII. Challenges & Limitations

There are still a number of difficulties in classifying
brain tumors using ML and DL, despite tremendous
advancements. The availability of large, labeled medical
datasets is a major drawback, as the generalizability of
deep learning models is restricted by data scarcity [17].
Hospital-specific ~ variations in  MRI  acquisition
procedures also cause domain shift, which weakens the
model's resilience. In-depth feature engineering is
necessary for machine learning techniques, which
necessitates domain knowledge and may not generalize
well across datasets [18]. Although DL reduces manual
labor, its high computing requirements limit its use in
healthcare settings with limited resources. Furthermore,
DL models are sometimes criticized for being "black
boxes" with little interpretability, which limits their use
in clinical processes. Class imbalance, in which
uncommon tumor types lack representation and result in
skewed forecasts, is another problem. Although they
increase pipeline complexity, hybrid ML-DL techniques
try to lessen this. Furthermore, several studies show
great accuracy on publicly available datasets; yet, real-
world implementation necessitates managing clinical
data that is noisy, diverse, and incomplete. Resolving
these issues is essential to converting research prototypes
into clinically applicable technologies that improve
radiologists' productivity and diagnostic precision.

VIII. Trends & Future Directions
The goal of brain tumor categorization in the future is to
develop research models that are really applicable in
medical settings. Since the majority of existing systems

adoption, is another significant avenue. [19] As the
discipline develops, the objective is to create models that
are clear, reliable, and prepared for incorporation into
actual clinical processes in addition to increasing
accuracy.

IX. Conclusion

Conventional machine learning methods for classifying
brain tumors mostly depend on manually created
characteristics from MRI image processing. The quality
of manually constructed features still limits the
effectiveness of machine learning models like SVM,
Random Forest, and XGBoost, even when preprocessing
& feature selection may attain high accuracy. On the
other hand, contemporary deep learning architectures,
including CNNs, DenseNet, and VGG16, are able to
enhance classification performance and lessen reliance
on feature engineering by automatically learning deep
hierarchical representations from raw MRI images [20].
Despite these developments, clinical application is
hampered by a number of issues, such as restricted
availability of big, annotated datasets, high computing
needs, and poor interpretability. To improve model
robustness and scalability, future research must
concentrate on explainable Al, cross-institutional dataset
validation, and effective transfer learning techniques. In
conclusion, this study offers a thorough comparison of
deep learning and machine learning techniques for
classifying brain tumors, showing how well each method
works in different scenarios and emphasizing the
potential of DL models for more precise and clinically
significant diagnosis.
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