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Abstract—Glioblastoma is the most aggressive primary brain
tumor and demands reliable image-based analysis for
accurate interpretation. This study analyzes how different
magnetic resonance image preprocessing strategies affect
visual representation learning and deep feature
discrimination in deep learning-based glioblastoma
detection. An EfficientNetB0 convolutional neural network
with transfer learning was employed to learn hierarchical
image features from brain magnetic resonance images. The
dataset consisted of 4465 images spanning 15 tumor classes,
including 204 glioblastoma cases. Five preprocessing
scenarios were evaluated: baseline (no preprocessing),
contrast enhancement (Contrast Limited Adaptive
Histogram Equalization (CLAHE)), image denoising, skull
stripping, and intensity normalization. The results indicate
that intensity normalization yields the most stable and
discriminative feature representations, achieving the highest
accuracy of 89.70% with balanced glioblastoma sensitivity
and precision. Conversely, aggressive preprocessing methods
distort image intensity distributions and spatial cues, leading
to degraded feature learning and reduced performance.
Visual interpretability analysis using Gradient-weighted
Class  Activation  Mapping (Grad-CAM) further
demonstrates that intensity normalization enables consistent
attention to tumor-relevant regions while preserving critical
morphological structures. These findings highlight that
simple intensity standardization is more effective than
complex enhancement techniques for robust and visually
meaningful glioblastoma image analysis.
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[.  INTRODUCTION

Glioblastoma Multiforme (GBM) is characterized by
rapid proliferation and marked intra-tumoral heterogeneity,
with a median patient survival of only 12—15 months.
While Magnetic Resonance Imaging (MRI) is the gold
standard for diagnosis, manual interpretation is
time-consuming and  prone to  inter-observer
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variability [1, 2]. These challenges motivate the
development of reliable computer-aided diagnosis systems
to support clinical decision-making.

In recent years, deep learning, particularly
Convolutional Neural Networks (CNNs), has achieved
state-of-the-art performance in brain tumor classification
and segmentation tasks using MRI data. Numerous studies
have demonstrated that CNN-based models can
automatically learn hierarchical spatial and textural
features, outperforming traditional machine learning
approaches in accuracy and robustness [3, 4]. Transfer
learning using pre-trained architectures such as ResNet,
DenseNet, and EfficientNet has further improved
performance by  leveraging large-scale  visual
representations and reducing the need for extensive
annotated medical datasets [5, 6]. More recently, hybrid
and ensemble models, as well as transformer-based
architectures, have been explored to further enhance
classification accuracy and generalization across
datasets [7, 8].

Despite these advances, a critical yet underexplored
aspect of deep learning-based MRI analysis lies in the
choice of image preprocessing techniques. MRI data are
inherently affected by scanner-dependent intensity
variations, noise, bias field inhomogeneity, and acquisition
protocol differences. Preprocessing is therefore commonly
applied to enhance image quality and reduce variability
prior to model training. Existing studies have employed a
wide range of preprocessing strategies, including intensity
normalization, histogram equalization, denoising, skull
stripping, and bias field correction [9, 10]. However, most
prior works adopt preprocessing pipelines in an ad hoc
manner, often combining multiple techniques without
systematically analyzing their individual impact on model
performance, particularly for clinically critical classes
such as glioblastoma.

Recent state-of-the-art studies primarily focus on
architectural innovation and optimization strategies, such
as attention mechanisms, metaheuristic optimization, or
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multimodal data fusion, while treating preprocessing as a
secondary or fixed component of the pipeline [8, 11, 12].
Moreover, several preprocessing techniques that improve
visual contrast for human observers may inadvertently
distort morphological or textural features that are essential
for CNN-based feature learning, especially when transfer
learning from natural image datasets is employed. Only a
limited number of recent works have highlighted that
aggressive  preprocessing can  degrade  model
generalization, yet comprehensive and controlled
evaluations remain scarce [13, 14]. This lack of systematic
analysis represents a significant research gap, particularly
for GBM detection, where false negatives may delay
life-saving interventions.

Therefore, there is a clear need for a systematic
investigation into how different MRI preprocessing
techniques influence deep learning-based glioblastoma
detection performance under identical experimental
conditions. Understanding this relationship is essential not
only for improving classification accuracy but also for
ensuring model reliability, interpretability, and clinical
applicability.  Furthermore,  Explainable  Artificial
Intelligence (XAI) methods such as Gradient-weighted
Class Activation Mapping (Grad-CAM) have recently
gained attention as tools to verify whether models focus on
clinically meaningful tumor regions rather than spurious
artifacts introduced during preprocessing [15]. Integrating
such interpretability analysis into preprocessing evaluation
remains an open challenge.

In this context, the present study aims to bridge the
identified research gap by providing a systematic and
clinically oriented evaluation of commonly used MRI
preprocessing techniques for glioblastoma detection using
a modern transfer learning architecture. The main
contributions of this work are summarized as follows:

(1) A comprehensive and controlled comparison of five
MRI preprocessing strategies, including baseline
resizing, contrast enhancement, denoising, skull
stripping, and intensity normalization, was evaluated
under identical training and testing conditions.

A focused analysis on glioblastoma-specific
performance using clinically relevant metrics such as
sensitivity and precision, in addition to overall
multi-class classification performance.

An interpretability study using Grad-CAM to analyze
how different preprocessing techniques influence
model attention and feature localization within tumor
regions.

Practical insights and evidence-based
recommendations for designing robust preprocessing
pipelines in deep learning-based brain tumor
classification, particularly when transfer learning is
employed.

By addressing preprocessing as a first-class research
component rather than a fixed precondition, this study
contributes to the development of more reliable,
interpretable, and clinically applicable deep learning
systems for glioblastoma detection from MRI images.
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II. LITERATURE REVIEW

Recent advances in deep learning have significantly
transformed brain tumor detection and classification from
MRI. A substantial body of research has investigated the
role of preprocessing techniques in enhancing model
performance, evolving from simple intensity adjustments
to complex, multi-stage pipelines. However, the
effectiveness of these preprocessing strategies varies
considerably depending on tumor type, dataset
characteristics, and model architecture.

Early studies in deep learning-based brain tumor
classification primarily relied on basic preprocessing
techniques such as intensity normalization and histogram
equalization. These approaches aimed to improve global
contrast and reduce inter-image intensity variability. For
instance, Aulia and Rahmat [16] demonstrated that
Contrast Limited Adaptive Histogram Equalization
(CLAHE) combined with a Visual Geometry Group
(VGG)-16 architecture achieved an accuracy of 90.37%
for general brain tumor identification, suggesting that local
contrast enhancement can benefit classification tasks.
Nevertheless, their work focused on binary or coarse
multi-class tumor categorization and did not specifically
evaluate Glioblastoma Multiforme (GBM) as a distinct
clinical entity. Moreover, the study did not provide a
systematic comparison across multiple preprocessing
methods, limiting conclusions about the relative
effectiveness of CLAHE versus alternative techniques.

As deep learning architectures matured, subsequent
studies increasingly emphasized sophisticated networks
and elaborate preprocessing pipelines. Jadhav and
Sudhagar [17] compared VGG-19, ResNet-50, and
GoogleNet architectures for brain tumor classification,
reporting a peak accuracy of 97.2% using VGG-19 in
conjunction with normalization, segmentation, and
extensive data augmentation. While their results
underscore the importance of preprocessing, the combined
use of multiple techniques makes it difficult to isolate the
contribution of individual preprocessing steps to the final
performance. Similarly, ZainEldin et al. [8] proposed a
hybrid deep learning framework based on
InceptionResNetV2  optimized using metaheuristic
algorithms, achieving 99.98% accuracy. Although this
study represents a strong state-of-the-art result, the
aggressive augmentation and optimization strategies
employed obscure the specific role of preprocessing, and
the focus remains largely on architectural and optimization
improvements rather than preprocessing analysis.

In contrast to general brain tumor classification,
relatively fewer studies have focused explicitly on GBM
detection. Contreras et al. [18] developed a custom CNN
model to detect glioblastoma while analyzing potential
demographic bias, achieving an F1-Score of 0.88 on the
Erasmus Glioma Database. Their work highlighted the
importance of model generalization and investigated the
impact of skull stripping by comparing skull-stripped and
non-skull-stripped images. However, the analysis was
limited to a small subset of preprocessing variations and
did not extend to a broader range of commonly used
techniques such as contrast enhancement, denoising, or
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intensity normalization. Consequently, the relative
effectiveness of different preprocessing strategies for
GBM detection remains insufficiently understood.

A limited number of recent studies have explicitly
examined the impact of individual preprocessing
techniques on model performance. Joseph [13]
investigated preprocessing strategies for multimodal brain
MRI classification in the context of stroke prognosis and
concluded that denoising yielded the best performance
improvements. While informative, these findings are
domain-specific and may not generalize to glioblastoma
detection, as GBM exhibits distinct morphological
heterogeneity, necrotic regions, and infiltrative growth
patterns that rely heavily on subtle textural cues.
Preprocessing techniques that are beneficial for stroke or
other neurological conditions may therefore degrade
performance when applied to GBM classification.

While recent studies have explored various
architectures, the systematic impact of individual
preprocessing steps remains under-analyzed. Unlike

existing works that often combine multiple techniques
without isolating their effects, this study treats
preprocessing as a first-class research component.
Furthermore, recent advancements such as those by
Kollem [19] have demonstrated the efficacy of optimized
support vector machines for tissue segmentation, yet the
specific compatibility of MRI preprocessing with transfer
learning architectures like EfficientNet requires deeper
investigation.

III. MATERIALS AND METHODS

A. Dataset

The dataset used in this study was obtained from the
publicly available Brain Tumor MRI Images collection
hosted on Kaggle [20]. The dataset consists of 4465 2D
axial MRI slices. While we acknowledge that 2D slices
from public repositories like Kaggle may not fully capture
the 3D volumetric complexity of institutional clinical data,
they provide a standardized benchmark for evaluating
feature discrimination. To ensure statistical robustness
despite the limited number of glioblastoma cases (204
total; 31 in the test set), we employed stratified sampling
to maintain consistent class distributions across training,
validation, and testing subsets. This approach ensures that
performance metrics for the minority GBM class are not
biased by random selection.

The dataset comprises a total of 4465 axial brain MRI
images categorized into 15 classes, including both
pathological and normal cases. The class distribution
consists of Astrocytoma (579 images), Carcinoma (248),
Ependymoma (150), Ganglioglioma (61), Germinoma
(90), Glioblastoma  (204), Granuloma  (78),
Medulloblastoma (131), Meningioma (874), Normal
(522), Neurocytoma (457), Oligodendroglioma (224),
Papilloma (237), Schwannoma (465), and Tuberculoma
(145). To ensure fair representation of all tumor types, the
dataset was partitioned using stratified sampling into
training (70%, 3,125 images), validation (15%, 670
images), and testing (15%, 670 images) subsets. This
strategy preserved the original class distribution across all
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splits, resulting in 31 glioblastoma images in the test set.
All MRI images were resized to 224 x 224 pixels to match
the input requirements of the EfficientNetB0 architecture.

B.  Preprocessing Techniques

The parameters for each technique were selected based
on established literature to balance enhancement and
artifact control: CLAHE used a clip limit of 3.0 to prevent
over-amplification of noise, while Non-Local Means
denoising used a filter strength of # = 15 to preserve
structural edges. Min-Max Intensity Normalization was
chosen over other methods (like Z-Score) because it
provides a global linear transformation that standardizes
the intensity range without distorting the relative intensity
relationships or the morphological feature hierarchies
required for ImageNet pre-trained weights.

To systematically investigate the influence of
preprocessing on model performance, five preprocessing
scenarios were evaluated independently. Each scenario
was applied uniformly across training, validation, and test
sets, except for data augmentation, which was restricted to
the training set.

(1) Baseline: No explicit preprocessing was applied
beyond resizing to 224 x 224 pixels. This scenario
served as a reference to evaluate the inherent
robustness of transfer learning with pre-trained CNNs.
CLAHE: CLAHE was employed to enhance local
contrast using a clip limit of 3.0 and a tile grid size of
16 x 16. The method divides the image into small
regions and performs histogram equalization
adaptively, aiming to improve local visibility while
limiting excessive noise amplification.

Denoising: Non-local means denoising was
implemented with filter strength & = 15, template
window size of 7, and search window size of 21. This
approach reduces noise by averaging similar patches
across the image while attempting to preserve
structural edges.

Skull stripping: Skull stripping was performed using
Otsu thresholding followed by morphological
operations (3 x 3 kernel, two erosion iterations and
three dilation iterations). Connected component
labeling was applied, and the largest connected region
was selected as the brain mask to remove non-brain
tissues.

Intensity normalization: Global min-max
normalization was applied to rescale pixel intensities
to the range [0, 255] according to Eq. (1):

(I_Imin)

normalized (1 7. )
max min

2

)

“4)

)

x 255 (1)

where / denotes the original pixel intensity, and Z,.» and Zyax
represent the minimum and maximum intensities within
the image.

Fig. 1 presents a visual comparison of the different
preprocessing techniques applied to the same glioblastoma
MRI sample.
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Fig. 1. Visual comparison of preprocessing techniques applied to the same glioblastoma MRI image.

C. Data Augmentation

To improve model generalization and mitigate
overfitting, data augmentation was applied exclusively to
the training set. The augmentation pipeline included
random rotations (£15°), width and height shifts (£10%),
horizontal flipping, random zoom (£10%), and brightness
adjustments within the range of 80—120%. Augmentation
was performed on-the-fly during training, effectively
increasing sample diversity without altering validation and
test distributions.

D. Model Architecture

The proposed classification model employs
EfficientNet-BO as the backbone CNN for feature
extraction. EfficientNet-BO0 is designed using a compound
scaling strategy that balances network depth, width, and
input resolution, enabling efficient feature learning with
relatively low computational cost. In this study, the
EfficientNet-BO backbone is initialized with ImageNet

pre-trained weights and utilized as a fixed feature extractor.

The convolutional layers of EfficientNet-BO remain
frozen throughout the entire training process, allowing the
model to preserve the general visual representations
learned from large-scale natural image datasets. Freezing
the backbone significantly reduces the number of
parameters that must be optimized during training and
helps mitigate overfitting, particularly when working with
relatively limited medical imaging datasets. Consequently,
only the newly added fully connected layers are trained to
adapt the extracted features to the target classification task.

The overall architecture, as shown in Fig. 2, consists of
the EfficientNet-BO backbone followed by a custom
classification head. After the final convolutional feature
maps are generated, a Global Average Pooling (GAP)
layer is applied to convert the spatial feature maps into a
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compact feature vector. This vector is then processed by
two fully connected layers consisting of Dense (256 units,
Rectified Linear Unit (ReLU)) and Dense (128 units,
ReLU), each followed by Dropout layers (0.5 and 0.3) to
improve model generalization. Finally, a SoftMax output
layer with 15 neurons is used to produce probability
predictions for the fifteen tumor classes.

The final architecture contains 4,412,331 parameters,
consisting of 362,767 trainable parameters and 4,049,564
non-trainable parameters corresponding to the frozen
EfficientNet-BO backbone as shown in Table I. This
configuration enables the model to leverage powerful
pre-trained representations while maintaining
computational efficiency and improving generalization
performance.

TABLE 1. MODEL PARAMETERS

Component Parameters Status

EfficientNet-BO backbone 4,049,564 Frozen
Global Average Pooling 0 Trainable
Dense (256 units) 327,936 Trainable
Dense (128 units) 32,896 Trainable
Dense Output (15 units) 1935 Trainable

EfficientNet-BO is particularly suitable for medical
image analysis due to its Mobile Inverted Bottleneck
Convolution (MBConv) blocks combined with
Squeeze-and-Excitation (SE) attention mechanisms,
which allow the network to capture both spatial and
channel-wise feature relationships efficiently. In MRI
analysis, these capabilities help the model learn
discriminative representations of tumor morphology,
texture heterogeneity, and intensity patterns, which are
essential for accurate multi-class brain  tumor
classification.
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Fig. 2. Block diagram of the proposed EfficientNetB0-based architecture for brain tumor classification.

E.  Training Configuration reduction on a plateau decreased the learning rate by a
All models were trained under identical conditions to  factor of 0.5 after five epochs without improvement.
ensure a fair comparison between preprocessing strategies. g pyaluation Metrics

The Adam optimizer was used with a learning rate of
1 x 107* and categorical cross-entropy loss. Training was
conducted with a batch size of 16 for a maximum of 500
epochs. Early stopping was applied by monitoring
validation loss with a patience of 10 epochs, restoring the
best-performing weights. Additionally, a learning rate

Model performance was assessed using multiple metrics
derived from the confusion matrix, including accuracy,
precision, recall, and F1-Score as defined in Table II.
Accuracy measured overall classification correctness
across all 15 classes, while precision, recall, and F1-Score
were computed per class and averaged.

TABLE II. CONFUSION MATRIX COMPONENTS

Metric Definition Description
True Positive (TP) Correctly predicted as positive Model correctly identifies a tumor as belonging to the target class
True-Negative (TN)  Correctly predicted as negative Model correctly identifies a tumor as not belonging to the target class
False Positive (FP)  Incorrectly predicted as positive Model incorrectly identifies a tumor as belonging to the target class (Type I error)

False-Negative (FN)  Incorrectly predicted as negative ~ Model incorrectly identifies a tumor as not belonging to the target class (Type II error)

For clinical relevance, glioblastoma-specific metrics
were computed independently. Glioblastoma sensitivity TP
(recall) quantified the proportion of true glioblastoma Precision = TPLEP (3)
cases correctly identified, whereas glioblastoma precision
measured the reliability of positive glioblastoma
predictions. Confusion matrices were generated for each
preprocessing  scenario  to  visualize  detailed
misclassification patterns across tumor types.

Based on these fundamental metrics, overall accuracy is
measured by the proportion of correctly classified images
across all 15 classes, as shown in Eq. (2), providing a

Recall computed for each class measured the model’s
ability to identify positive cases, representing the
proportion of actual positive cases that were correctly
detected, as shown in Eq. (4). Average recall was
calculated as the mean recall across all 15 classes.

ingle- i i P
single-number summary of general classification Recall = )
performance. TP + FN
4 _ TP + TN ) F1-Score calculated as the harmonic mean of precision
ceuracy = TP+ TN + FP + FN @) and recall provided a balanced metric that accounts for

both false positives and false negatives, as expressed in

Precision computed for each class indicated the Eq. (3)-
reliability of positive predictions, representing the
proportion of predicted positive cases that were truly Fl— Score — 2 x Lrecision x Recall 5)
positive, as defined in Eq. (3). Average precision was Precision + Recall
calculated as the mean precision across all 15 classes.
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In addition to accuracy and F1-Score, we included
specificity to evaluate the model’s ability to correctly
identify non-glioblastoma cases, which is critical for
minimizing false alarms in clinical settings. Specificity is
defined as in Eq. (6).

N

S — 6
TN + FP ©

Specificity =

For clinical relevance, glioblastoma-specific metrics
were computed independently of the overall multi-class
metrics. Glioblastoma sensitivity, equivalent to recall
specifically for the glioblastoma class, measured the
proportion of actual glioblastoma cases correctly identified
by the model, representing the true positive rate for this
critical tumor type. This metric is particularly important
clinically because false negatives missing glioblastoma
cases, could delay urgent treatment. Glioblastoma
precision measured the proportion of images predicted as
glioblastoma that were truly glioblastoma, indicating the
reliability of positive glioblastoma predictions. High
precision is clinically valuable as it reduces unnecessary
anxiety and additional testing for patients incorrectly
flagged as having glioblastoma. Confusion matrices were
generated for each model to visualize the detailed pattern
of correct classifications and misclassifications across all
class pairs, enabling identification of which tumor types
are most confused with each other.

G. Interpretability Analysis

To enhance model transparency, Gradient-weighted
Class  Activation  Mapping (Grad-CAM)  was
employed [15]. Grad-CAM generates heatmaps by
computing gradients of the predicted class with respect to
the final convolutional layer, highlighting regions that
contribute most strongly to the model’s decision. This
analysis enabled qualitative comparison of attention
patterns across preprocessing methods and ensured that
predictions were grounded in medically relevant tumor
regions.

IV. RESULT AND DISCUSSION

A.  Overall Performance Comparison

The comparative evaluation revealed that preprocessing
choices have a profound impact on classification
performance. Intensity normalization and the baseline
model both achieved a high glioblastoma specificity of
96.77%. While the accuracy improvement of intensity
normalization (89.70%) over baseline (88.51%) is 1.19
percentage points, it represents a more stable and clinically
reliable feature representation. In contrast, aggressive
preprocessing techniques such as CLAHE, denoising, and
skull stripping led to substantial performance degradation.
Tables III and IV present comprehensive performance
metrics across all preprocessing scenarios evaluated on the
670-image test set.

B. Baseline Performance Analysis
The baseline model, which applied only image resizing
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without additional preprocessing, achieved a strong
overall accuracy of 88.51%, demonstrating the
effectiveness of transfer learning from large-scale natural
image data to the medical imaging domain. In
glioblastoma detection, the model correctly identified 26
out of 31 cases, yielding a sensitivity of 83.87% and a
precision of 81.00%. The confusion matrix presented in
Fig. 3 shows pronounced diagonal dominance, indicating
robust classification performance across most tumor
categories, with 593 correct predictions out of 670 test
images. Misclassified glioblastoma samples were
predominantly confused with meningioma, suggesting
partial overlap in visual appearance between these tumor
types. Specifically, glioblastoma classification resulted in
26 true positives and 5 false negatives, with most errors
arising from meningioma-related misclassification. Visual
interpretability analysis using Grad-CAM further supports
these quantitative findings. As illustrated in Fig. 4, the
model consistently attends to diagnostically relevant tumor
regions in correctly classified glioblastoma samples. The
activation heatmaps, shown as cyan-to-blue gradients,
exhibit focused responses over tumor masses with high
confidence scores of 99.7% and 99.4%, indicating
effective feature localization and the absence of severe
overfitting.

TABLE III. OVERALL PERFORMANCE METRICS

Scenario Accuracy Precision Recall F1-Score
(%) (%) (%) (%)
Baseline 88.51 91.56 83.13 87.14
CLAHE 68.21 71.14 64.46 67.64
Denoise 58.96 63.31 46.03 53.30
Skull Stripping 40.15 37.93 30.37 33.73
Intensity Norm. 89.70 90.84 85.07 87.86

TABLE IV. GLIOBLASTOMA PERFORMANCE METRICS

Scenario GBM Recall (%) GBM Precision (%)
Baseline 83.87 81.00
CLAHE 22.58 77.78
Denoise 64.52 44.44
Skull Stripping 48.39 34.88
Intensity Norm. 80.65 83.33

C. Effect of Aggressive Preprocessing Techniques

CLAHE preprocessing led to a substantial performance
degradation, with overall accuracy decreasing to 68.21%
and glioblastoma sensitivity collapsing to 22.58%. The
confusion matrix in Fig. 5 highlights extensive
misclassification across tumor categories, with only 457
out of 670 test images correctly classified. Glioblastoma
detection was particularly affected, yielding just 7 true
positives alongside 24 false negatives. Visual
interpretability analysis further explains this decline.

As shown in Fig. 6, Grad-CAM reveals diffuse and
unstable attention patterns extending beyond tumor
regions. This indicates that aggressive local contrast
enhancement distorted global intensity relationships
critical for consistent feature extraction. The resulting
model uncertainty is reflected in reduced confidence
scores of 44.1% and 31.1%.
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Fig. 3. Confusion matrix for baseline model.
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Fig. 4. Grad-CAM visualization for baseline model.
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Fig. 5. Confusion matrix for CLAHE preprocessing.
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Fig. 6. Grad-CAM visualization for CLAHE preprocessing.

Similarly, Non-Local Means denoising substantially
degraded classification performance, resulting in an
overall accuracy of 58.96%. While the denoising process
effectively reduced random noise, it also suppressed
fine-grained textural patterns that are essential for
discriminating glioblastoma from other tumor types. The
confusion matrix in Fig. 7 reveals pronounced
misclassification behavior, characterized by elevated false

positive and false negative rates for glioblastoma.
Specifically, only 395 samples were correctly classified
overall, with glioblastoma detection yielding 20 true
positives, 11 false negatives, and 25 false positives
incorrectly labeled as glioblastoma. Complementary visual
evidence is provided by the activation map analysis in
Fig. 8, which shows overly homogeneous activation
regions across tumor areas. Despite producing high
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confidence scores of 98.2% and 93.2%, the model fails to  denoising removes subtle texture variations that are critical
capture internal heterogeneity within glioblastoma  for meaningful visual representation and accurate tumor
regions. This excessive smoothing effect indicates that  characterization.
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Fig. 7. Confusion matrix for denoising preprocessing.
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Fig. 8. Grad-CAM visualization for denoising preprocessing.

The failure of aggressive methods like skull stripping  fine-grained textures. Glioblastomas are characterized by
(40.15% accuracy) and denoising (58.96% accuracy) is infiltrative growth and internal heterogeneity (necrotic
attributed to the loss of anatomical context and  cores); denoising smooths these subtle textural cues, while
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skull stripping removes the spatial context required for the
CNN to localize the tumor relative to the brain boundaries.
As shown in Fig. 9, the confusion matrix exhibits highly
disorganized misclassification patterns, with only 269
correct predictions out of 670 test images. Glioblastoma
detection was severely affected, producing 15 true
positives, 16 false negatives, and 28 false positives.

The Grad-CAM analysis in Fig. 10 further explains this
degradation, revealing model attention concentrated on
artificial brain mask boundaries rather than pathological
regions. These anomalous activation patterns indicate
reliance on spurious edge features instead of
tumor-specific characteristics, which is corroborated by
reduced confidence scores of 64.3% and 58.0% by skull

stripping.
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Fig. 9. Confusion matrix for skull stripping preprocessing.
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Fig.10. Grad-CAM visualization for skull stripping preprocessing.
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D. Intensity Normalization as an Optimal Strategy

Intensity normalization consistently outperformed all
other preprocessing techniques, achieving an overall
accuracy of 89.70%, with average precision, recall, and
F1-Score 0of 90.84%, 85.07%, and 87.86%, respectively. In
glioblastoma detection, the model correctly identified 25
out of 31 cases, resulting in a sensitivity of 80.65% and a
precision of 83.33%. The confusion matrix shown in
Fig. 11 exhibits the strongest diagonal dominance among
all evaluated scenarios, indicating reliable and balanced

classification  across tumor  categories.  Visual
interpretability analysis further supports these findings. As
illustrated in Fig. 12, Grad-CAM reveals precise and
well-localized attention on tumor regions, capturing
heterogeneous internal structures characteristic of
glioblastoma. The activation maps display sharply defined
tumor boundaries and internal heterogeneity, including
solid enhancing regions, necrotic cores, and infiltrative
margins, with very high confidence scores of 99.9% and
99.6%.
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Fig. 11. Confusion matrix for intensity normalization.
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Fig. 12. Grad-CAM visualization for intensity normalization.
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The superior performance of intensity normalization
can be attributed to its ability to mitigate
scanner-dependent intensity variability while preserving
morphological and textural features. Unlike CLAHE or
denoising, this global linear transformation maintains
compatibility with ImageNet pre-trained weights by
preserving relative intensity relationships. Intensity
normalization yields the most stable and discriminative
feature representations. Therefore, Min-Max Intensity
Normalization was chosen because it provides a global
linear transformation that standardizes the intensity range
without distorting the relative intensity relationships or the
morphological feature hierarchies required for ImageNet
pre-trained weights.

E.  Comparative Analysis and Clinical Implications

The comparative results demonstrate that preprocessing
strategies designed to enhance human visual perception do
not necessarily translate to improved deep learning
performance. Aggressive transformations introduced
artifacts or removed contextual information, ultimately
degrading model reliability.

From a clinical perspective, the intensity
normalization-based model shows potential as a
decision-support system rather than an autonomous
diagnostic tool. While its GBM sensitivity of 80.65% is
promising, the remaining false negatives necessitate
radiologist oversight. Importantly, the high specificity
minimizes unnecessary false alarms, supporting practical
clinical deployment.

Although this study focuses on 2D slices for
computational efficiency, the findings serve as a
foundation for 3D volumetric analysis, where intensity
normalization would likely remain the most compatible
strategy for deep learning. Future work should focus on
model-aware preprocessing and  multi-institutional
validation for clinical deployment.

V. CONCLUSION

This study demonstrates that MRI preprocessing is a
critical design factor in deep learning. While aggressive
techniques often improve visual quality for humans, they
can degrade model performance by distorting intensity
distributions and suppressing discriminative textures.
Global intensity normalization is the most effective
strategy, yielding the highest accuracy while maintaining
alignment between learned representations and
pathological regions. Future work should focus on
model-aware preprocessing and multi-institutional
validation for clinical deployment.
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