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Abstract

The classification of brain tumors is crucial in the context of early intervention, as the appropriate and 
timely diagnosis can significantly influence the treatment plan and patient outcomes. Radiologists have 
long relied on their own judgment and have read these medical images through their own eyes, which is 
often subjective, time-consuming, and inter-observer variability is also likely to occur. Applications built on 
artificial intelligence (AI), or more specifically, deep learning (DL)-based algorithms, have radically changed 
the medical imaging field over the last couple of years and could potentially be used to automate the diagnosis 
process, offering prompt, trustworthy, and unbiased assessments. Despite such developments, most existing 
systems that rely on AI are constrained, especially when it comes to classification accuracy and robustness 
across different datasets. To overcome these problems, the article in this chapter presents a more effective 
DL model with a specifically designed architecture that aims to improve the classification of brain tumors. 
The specified methodology is based on preprocessing and data normalization steps that reduce noise and 
level out the data intensity, enabling effective feature extraction from the MRI images. This will increase 
the accuracy of the later classification. The primary component of the proposed methodology is an adapted 
version of DenseNet-201, designed explicitly for the four-class brain tumor classification. To achieve optimal 
performance, the conventional output layer of DenseNet-201 was replaced with a Global Average Pooling 
(GAP) layer, designed to address the issues of vanishing gradients and overfitting commonly encountered 
during the training of deep networks. The architectural adjustment helps to combine the features and increase 
the overall generalization capacity of the model. The model was thoroughly tested using two datasets: one 
publicly available dataset on Figshare and a locally available dataset comprising a total of 3,504 T1-weighted 
contrast-enhanced MRI (T1-w MRI) images. The results of the experiment provided the proposed model 
with a general accuracy of 100 percent, which was higher than that of the existing comparative methods. 
Such results support the idea that complex architectural adjustments with the broader preprocessing strategy 
can be effective, and why deep neural networks can be viewed as trustworthy diagnostic tools in clinical 
neuro-oncology, potentially achieving extremely high accuracy.
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1 Introduction

A brain tumor is characterized as an abnormal proliferation of cells within the brain, which may be either 
malignant (cancerous) or benign (non-cancerous) [1]. Malignant tumors are aggressive in nature, expanding 
uncontrollably, infiltrating nearby tissues, and interfering with normal brain function, whereas benign tumors 
generally remain localized and do not metastasize to adjacent structures. Despite their less aggressive behavior, 
benign tumors can still cause severe complications due to the confined space of the cranial cavity. Brain tumors,
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therefore, represent a diverse and complex class of diseases, varying in biological behavior, prognosis, and
treatment response. According to Behin et al. [2], brain tumors are categorized into different sorts and grades
based on histological features and clinical manifestations, making their diagnosis and classification critical
to effective treatment planning. Multi-class classification approaches extend beyond simple identification by
also determining the specific tumor type, a process with significant implications for both treatment strategies
and patient outcomes. Among the most prevalent brain tumors are meningiomas (35%), gliomas (16%),
and pituitary tumors (14%). Meningiomas usually originate from the meninges, pituitary tumors arise in
the region of the pituitary gland, and gliomas infiltrate glial cells, often spreading diffusely across the brain
[3]. The epidemiological statistics underscore the urgent need for improved diagnostic systems. The Central
Brain Tumor Registry of the United States (CBTRUS) reveals that an estimated 700,000 Americans currently
live with a brain tumor, with almost 84,000 new cases of primary brain tumors diagnosed in 2021 alone
(CBTRUS) [4]. Porter et al. [5] also observed that the prevalence of brain tumors in children in the United
States exceeds 28,000 children, which highlights its effects on children of all ages. Worryingly, primary
malignant brain tumors are likely to result in the death of about 18,000 people annually. Primary brain and
central nervous system (CNS) tumors are more than 120 in number, with almost one-third (29.7%) being
malignant. Radiologically, the classification of brain tumors is especially not easy because it is heterogeneous,
has overlapping radiological features, isointense and hypointense, and perilesional edema. T1-weighted
contrast-enhanced MRI (T1-Weighted MRI) is the most widely used imaging modality in tumor imaging.
Contrast agents, including gadolinium (0.15-0.20 mmol/kg), are more effective at making lesions visible,
thereby increasing the accuracy of diagnosing both primary (e.g., meningiomas) and secondary malignancies
[6]. The classification of brain tumors is complex, and therefore, it cannot be assessed solely by manual
computations in the form of radiology. Traditional methods have typically employed handcrafted feature
extraction and region-based segmentation methods, which require considerable effort from radiologists and
are prone to inter-observer variation [7]. Nevertheless, with the introduction of deep learning (DL), this
paradigm has undergone significant changes. DL models are especially well-suited for radiological image
analysis due to their capability to learn hierarchical feature representations directly from the raw image data
[8]. These models can be used to represent increasingly abstract and discriminative patterns through a series of
nonlinear transformations, which enables highly accurate classification. Notably, with pre-trained networks,
transfer learning allows training on even comparatively small medical datasets, and, therefore, DL methods are
effective and robust in clinical settings. DL-based Computer-Aided Diagnosis (CAD) systems can alleviate the
workload of radiologists by providing a fast, objective, and dependable tumor classification, which facilitates
early diagnosis and enhances patient management as well [9] [10]. Considering these opportunities and
challenges, the primary objective of this chapter is to design an automated system for brain tumor detection
and classification using deep learning, which will utilize both publicly accessible and locally gathered MRI
data. The main contributions of this work can be summarised as following: (i) the modified transfer learning
framework using DenseNet201 architecture is proposed, which includes a Global Average Pooling (GAP)
layer, which interferes with the overfitting and vanishing gradient issues; (ii) it is proposed to use pre-trained
ImageNet weights and a convolutional neural structure due to which the robust feature extraction is conducted;
and (iii) the performance of the proposed work is evaluated in extensive experiments to critically test the
performance of the model against the state-of-the-art methods The remaining part of the paper is organized in
the following way.A review of related studies on the classification of brain tumors is provided in Section 2.
The contents and data of this work can be found in the section on reasons. Section 3 describes the suggested
methodology (preprocessing, feature extraction, and classification pipeline). Section 4 provides the results
of the experiment and discussions. Finally, Section 5 is the conclusion of the paper, where statements and
prospective research directions are made.

2 Related work

The past few years have seen a surge in research interest in the use of magnetic resonance (MR) imaging for
the detection and classification of brain cancers. To address the complexity of medical imaging, researchers
have employed a diverse range of algorithms, including traditional machine learning (ML) algorithms and
more advanced deep learning (DL) architectures. In the form of a case study, publicly available brain tumor
data on Figshare [11] and a local dataset have been widely used to assess the efficacy of these techniques. The
given section describes essential progress in the classification and detection of brain tumors, both hand-created
feature-based methods and neural networks. Conventional ML techniques have worked in brain tumor analysis
mainly in terms of feature engineering and dimensionality reduction. For example, a Support Vector Machine
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(SVM) classifier was used in conjunction with principal component analysis (PCA) or linear discriminant
analysis (LDA) to classify brain tissues into white matter, gray matter, cerebrospinal fluid, and abnormal or
normal regions [12]. This technique, based on the intensive use of handcrafted elements such as intensity,
texture, and shape descriptors, achieved a remarkable classification accuracy of 98.87 percent. Nevertheless,
one drawback of this method is that PCA has been used as a dimension reduction technique, which may
result in the loss of discriminative texture information. Likewise, a hybrid approach was proposed, which
combines grey wolf optimization (GWO) and multiclass SVM to classify brain tumors [13]. Using GWO
to minimize and optimize features, the experiment demonstrated a higher level of performance compared to
other metaheuristics, such as the firefly algorithm and particle swarm optimization, achieving a classification
accuracy of 95.23%. The present works highlight the effectiveness of metaheuristic optimization to improve
the performance of the classical ML classifiers. Other works focused on new partitioning and feature extraction
methods. An example of this approach is the adaptive spatial division and ring-form partitioning techniques
applied to regions of interest within MR images, where features such as histograms of intensity, gray-level
co-occurrence matrices, and bag-of-words descriptors are extracted in those regions of interest within the MR
image [14]. The classification accuracies varied between 87.54% and 91.28%, depending on the feature set,
which was achieved by this approach. Similarly, a back-propagation multilayer perceptron neural network was
used on wavelet-based features and Gabor filters with 91.9 % accuracy in the classification of brain tumors
[15]. On the same note, the statistical and texture-based analysis of data, involving the use of gray-level
co-occurrence matrix (GLCM) features in conjunction with probabilistic neural networks, also achieved an
accuracy of 83.33% [16]. These studies collectively demonstrate the significant role of feature extraction
in previous research on brain tumor image classification. The shift to deep learning models represents a
significant paradigm shift, as these techniques do not rely on manually designed features but instead learn
from raw images. For example, convolutional neural networks (CNNs) and their derivatives have been gaining
popularity. Capsule networks (CapsNet), which aim to maintain spatial hierarchies of tumor structures and
their surrounding tissues, obtained an overall discontinuity of 90.89% in classification problems [17]. In a
different work, several CNN models were evaluated, the best of which combined ReLU activation layers
with max-pooling with a training error of 98.5 and a validation error of 84.19% [18]. There has also been a
high success in transfer learning strategies. As an illustration, with a pre-trained model, researchers achieved
a patient-level accuracy of 98% in classifying images from the Figshare dataset [19]. On the same note,
the image classification of a VGG19 network was fine-tuned to an accuracy of 94.82% [20]. Alternative
hybrid methods, such as artificial neural networks (ANN) and k-nearest neighbors (KNN), showed a high
level of performance with accuracies of 97% and 98%, respectively [21]. Metaheuristic optimization has also
been performed in deep learning workflows. Most recently, hybrid feature extraction of normalized GIST
descriptors and PCA, followed by a regularized extreme learning machine, showed a 94.23% increase in
accuracy of the correct output [22]. In addition, high classification rates of up to 94% could also be achieved
by genetic algorithm-optimized CNNs, which may also lead to high classification accuracies in the future
[23]. These papers demonstrate that optimization may be utilized to complement deep neural networks and
improve their quality and accuracy. Although these have been developed, conventional CNNs are likely to
encounter issues such as fading gradients when training deep networks. To overcome these drawbacks, later
studies have introduced more recent deep transfer learning systems, supported by DenseNet201. Using the
pre-trained DenseNet201 models and global average pooling, they achieved impressive gains in both training
and validation accuracy, reaching up to 100% in some instances. This represents a significant advancement in
strong automated brain tumor classification systems, which may ultimately surpass manually based schemes,
while addressing some of the deficiencies found in previous handcrafted feature-based and standard deep
learning schemes.

3 Materials and Methods

In this section, we present the datasets used in the analysis and provide an overview of the proposed approach,
which comprises several processing steps. The flow diagram of our analysis pipeline is presented in Fig. 1
and works in the following order: preprocessing and normalization, CNN model training and parameter
optimization and, lastly, multi-label classification. In the subsequent subsections, all of the steps will be
depicted.
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Figure 1: Overview of proposed methodology

3.1 Dataset

The dataset used in this study comprises both publicly available data, provided by Cheng [11] [24], and a
locally acquired dataset, provided by the Department of Diagnostic Radiology at Mansoura University, Egypt.
Both datasets contain a total of 3504 brain tumor MR images. There are three types of brain tumors in the
dataset: meningioma (981images), glioma (1003 images), and pituitary (959 images). In this paper, we used an
additional class for normal (or no tumor) cases, which contains 561 images. Each image contained an original
size of 512 x 512 pixels. Examples of the dataset images are shown in Fig. 2, and Table 1 shows the details of
the dataset distribution. Finally, the proposed model is used to identify brain tumors on test results.

Table 1: Dataset distrubtion for each class.

Class # Images
Glioma 1003
Meningioma 981
Pituitary 959
No tumor 561
Total 3504

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

Figure 2: Example of axial brain T1-weighted contrast-enhanced images taken from the dataset; (a)
Meningioma ; (b) Glioma ;(c) Pituitary ; and (d) No tumor.
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3.2 Data Preprocessing

In the field of deep learning (DL) for brain image analysis, data preprocessing is a fundamental step that
significantly influences the overall performance of the model. Preprocessing enhances the quality of feature
extraction by ensuring that the input data is standardized, thereby allowing neural networks to learn more
effectively. Raw brain MRIs often contain intensity values that fall outside the conventional grayscale range of
[0, 255], including negative values, due to the physics of MR image acquisition and reconstruction processes.
Such irregularities can hinder the convergence of deep models and reduce the discriminative power of extracted
features. To mitigate this issue, we adopt the min–max normalization technique, which rescales the pixel
intensities of each input image into a fixed interval, typically [0, 1]. This step not only eliminates the presence
of negative and excessively large values but also produces dense, uniform representations of the data that
improve both numerical stability and learning efficiency. Furthermore, by standardizing the dynamic range
of input images, the method ensures that the contribution of each pixel is balanced during training, which
is particularly important when subtle intensity differences are crucial for differentiating tumor regions from
normal tissues. The mathematical formulation of min–max normalization is expressed as follows:

x′ =
x− xmin

xmax − xmin
, (1)

where x denotes the original pixel intensity, xmin and xmax represent the minimum and maximum intensity
values within the image (or dataset), respectively, and x′ is the normalized pixel intensity constrained to the
interval [0, 1]. In a more generalized form, normalization can be performed over any interval [a, b] as:

x′ = a+
(x− xmin)(b− a)

xmax − xmin
. (2)

In our approach, we specifically adopt the interval [0, 1] since it is well-suited for deep learning models
that utilize activation functions such as sigmoid and ReLU. This normalization reduces the likelihood of
numerical instability during training, accelerates the convergence of optimization algorithms, and improves
the discriminative capability of the network when analyzing brain MRIs for tumor detection and classification.
As a result, the contrast of brain edges and regions will be enhanced and improved.Fig.5 shows an example of
the input and output of this step.

(a) (b)

Figure 3: The input and output of image preprocessing step; (a) An input image of brain raw data values and
(b) An output image of brain data intensity values.

3.3 Proposed Model Architecture

Transfer learning has emerged as an effective technique for addressing classification problems, especially
in cases where the available dataset is limited. By reusing knowledge from pre-trained models, significant
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improvements in classification performance can be achieved. In this work, we propose a hyper-tuned model
based on the DenseNet201 architecture. DenseNet201 is chosen due to its compact design, efficient parameter
usage, and ability to reuse features across multiple layers. This property enhances the diversity of input to
deeper layers, thereby improving the model’s discriminative capability and overall accuracy [25]. The general
structure of the proposed DenseNet201-based model is illustrated in Fig. 4.

Figure 4: Proposed architecture model.

The workflow of the proposed model is further summarized in Algorithm 1. The process begins with the input
of MRI images, followed by rescaling, weight initialization from a pre-trained model, and the integration of a
softmax classification layer. The optimization and evaluation steps complete the pipeline.

Algorithm 1 Proposed Model

• Input: Image dataset with input shape equal to (224×224×3).

• Output: Sn =
∑

4
n=1(P (sclassn)).

• Begin

1. Read the images in batches of 5 of size 224×224×3.

2. Rescale all images by a factor of 1/255.

3. Import the weights from the pre-trained model and freeze them.

4. Build the base model using the DenseNet201 architecture.

5. Modify the architecture to adapt it to the specific classification problem.

6. Add a classification layer (softmax) as the output layer.

7. Update the weights using the categorical cross-entropy loss function and SGD optimizer.

8. Evaluate the model using test data and performance metrics.

• End
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DenseNet201 introduces dense connectivity, where each layer is connected to every other layer in a
feed-forward manner. This design alleviates the vanishing gradient problem, encourages feature reuse, and
significantly reduces the number of parameters. Fig. 5 demonstrates the dense block structure, where feature
maps from all preceding layers are concatenated and passed to subsequent layers [26].

Figure 5: Layered dense block representing direct connections between layers [26].

Mathematically, the transformation within a dense block can be expressed as:

x′ = H1

([
x0, x1, . . . , xl−1

])
(3)

where H1 is a non-linear transformation consisting of batch normalization (BN), a rectified linear unit (ReLU),
and a 3×3 convolution operation. The term

[
x0, x1, . . . , xl−1

]
denotes the concatenation of feature maps from

all preceding layers. Transition layers, composed of BN, 1 × 1 convolution, and 2 × 2 average pooling, are
introduced between dense blocks to control complexity and improve computational efficiency. The growth
rate k serves as a crucial hyperparameter, dictating how many feature maps each layer contributes to the global
state. The total number of input feature maps at the lth layer, denoted by (FM)′, can be formulated as:

(FM)′ = k0 + k(l − 1) (4)

To further increase efficiency, the implementation of bottleneck layers (1× 1 convolutions) is used preceding
each of the 3× 3 convolutions, halving the number of input feature maps. To be classified, there are two dense
layers, each with 128 and 64 neurons, respectively, followed by a multi-class prediction softmax layer. The
functioning of the fully connected layer may be defined as:

Tl−1 = Bernoulli(P)

ÿl−1 = Tl−1 ∗ cl−1

ÿ′ = f
(
wkÿl−1 + o1

) (5)

In this case, the Bernoulli is randomly selected to produce a vector, denoted as T l−1, with a probability
distribution of 0 -1 with probability, denoted as P , and cl−1is the dimension of the vectors. Several algorithms
can be employed to optimize the model. This is the categorical cross-entropy minimization, which is usually
represented as:

H(p, q) = −
∑
z

p(z) ln(q(z)) (6)

where q(z) is the estimated distribution of the true label p(z).

Different optimization strategies have been explored to enhance convergence:
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Figure 6: Layered architecture of DenseNet201 [26].

• Stochastic Gradient Descent with Momentum (SGD) [27]:

kt = γkt−1 + η∇θH(θ)

θt = θt−1 − kt
(7)

This method accelerates convergence by combining gradient descent with a momentum term.

• RMSProp [28]:
E
∣∣G2

∣∣
T
= γE

∣∣G2
∣∣
T−1

+ (1− γ)G2
T

θT+1 = θT − η√
E|G2|T+ϵ

GT

}
(8)

RMSProp adapts learning rates by scaling them with a moving average of recent gradients.

• AdaGrad [27]:
θT+1,u = θT,u − η√

GT,uu + ϵ
GT,u (9)

This method adjusts learning rates per parameter, making it particularly effective for sparse features.

• AdaDelta [29]:

∆θt = −rms[∆θ]t−1

rms[G]t
Gt

θt+1 = θt +∆θt

(10)

AdaDelta improves AdaGrad by limiting the gradient accumulation window.

• Adam [30]:
LT = β1LT−1 + (1− β1)GT

ST = β2ST−1 + (1− β2)G
2
T

}
(11)

Adam combines the benefits of AdaGrad and RMSProp, offering robust performance with minimal
hyperparameter tuning.
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Decisions on the hyperparameters in training the proposed DenseNet201-based model are summarized in
Table 2. These values were selected through empirical testing to strike a balance between performance and
computational efficiency.

Table 2: Hyperparameters of the proposed model for classification

Hyper-parameters Value Size of input image
Optimizer SGD 224×224

Loss Categorical crossentropy –
Batch size 5 –

Pooling GlobalAveragePooling –
Initial learning rate 3e-4 –

Epochs 36 –
Random state 123 –

4 Experimental Results

This part assesses the framework proposed on the T1-weighted MRI (T1w-MRI) dataset defined in Section 3.1.
We have two objectives: (i) to measure the generalization to hidden data and (ii) to estimate multi-class
tumor discrimination. Strong assessment entails having a suitable validation protocol as well as informative
performance measures. We therefore compare our DenseNet201-based model to strong transfer-learning
baselines (InceptionV3, Xception, VGG19, and ResNet50) to make a final classification using the softmax
layer of each pre-trained model, thereby creating a similar decision function across models. Experiments were
performed in Python 3.6, using Keras 2.2.4, which is backed by TensorFlow 1.13. We used multiple popular
optimizers (SGD, RMSProp, Adam, AdaGrad, and AdaDelta) in training each model, while holding other
hyperparameters constant, to find the optimizer that best balances convergence rate and generalization. The
measurement of accuracy, sensitivity and specificity: We report accuracy, sensitivity and specificity to give
augmentary perspective of predictive behavior:

Accuracy =
TP + TN

TP + TN + FP + FN
, Sensitivity =

TP

TP + FN
, Specificity =

TN

TN + FP
, (12)

In which TP, TN, FP and FN represent true positives, true negatives, false positives and false negatives,
respectively. The overall performance is captured with accuracy, and the detection of the positive class and
rejection of the negative class are characterized by sensitivity and specificity, respectively. Figure 7 shows
the training/validation accuracy and loss of the proposed model and the baselines in epochs. Two trends are
evident. First, the proposed architecture has a significantly faster convergence than rival networks; second, it
achieves a low validation loss at all times, which is not the case with some baselines (in particular, ResNet50).
Combined, these dynamics signify efficient optimization and generalization that is favorable. The proposed
method achieves a quantitative accuracy of 100% on the training, validation, and test splits.

The end-of-training metrics and processing times are summarized in Table 3. The offered model has a very high
score in all criteria and a significantly low processing time (Pt=5.4 s). Although VGG19 and Xception are both
competitive in terms of accuracy, they may be significantly more computationally expensive. ResNet50 does
not perform well in terms of accuracy and particularly sensitivity, making it challenging to predict positive
cases on this dataset accurately. To isolate the contribution of architectural decisions, we ablated the GAP

Table 3: Comparison of the proposed model with transfer-learning baselines under identical hyperparameters.
Pt denotes processing time (seconds).

Model Train acc. Test acc. Sensitivity Specificity Pt(sec)
Proposed 100% 100% 100% 100% 5.4
Xception 87.3% 96.3% 98.2% 96.3% 3.9

InceptionV3 87.6% 90.3% 91.0% 94.6% 4.2
VGG19 95.6% 96.0% 97.0% 95.8% 1390.7

ResNet50 52.9% 54.7% 15.0% 92.6% 1657.6
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Figure 7: Training versus validation accuracy (left column) and loss (right column) over epochs for the
proposed model (top) and baselines: InceptionV3, Xception, VGG19, and ResNet50.

layer. As indicated in Table 4, the introduction of GAP significantly increases accuracy and sensitivity, while
reducing overfitting, compared to the DenseNet201 baseline without GAP, which suffers on both the training
and testing splits. The fact that GAP was one of the main contributors to stable generalization in our pipeline
is indicated by this ablation.

Table 4: Ablation study: DenseNet201 with and without global average pooling (GAP).

Model Train acc. Test acc. Sensitivity Specificity
Proposed model 100% 100% 100% 100%

DenseNet201 (w/o GAP) 79.5% 78.3% 68.9% 98.7%

Figure 8shows class-wise predictions through confusion matrices. The suggested model has an ideal diagonal
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structure in all types of tumors, and the baseline models have different levels of confusion (once again, the
most evident is ResNet50). This supports the fact that in our designs, we are making valid discrimination on a
class level.

(a) Proposed (b) Xception (c) InceptionV3

(d) VGG19 (e) ResNet50

Figure 8: Confusion matrices for the proposed model and baselines. Perfect diagonal dominance for the
proposed method indicates error-free class assignments.

We next examine the optimizer’s role in convergence and final performance. Figure 9 shows learning curves
for Adam, RMSProp, AdaGrad, AdaDelta, and SGD. Visually, SGD yields the most stable descent with the
fastest approach to low validation loss. Tables 5 and 6 corroborate these observations numerically: SGD
attains the lowest loss and perfect accuracy, while alternative adaptive methods are competitive but generally
less consistent under our setting.

Table 5: Final losses for different optimizers.

Optimizer Loss
SGD 0.01

RMSProp 0.14
AdaGrad 0.04

Adam 0.05
AdaDelta 0.20

Table 6: Performance of the proposed architecture under different optimizers.

Optimizer Train acc. Test acc. Sensitivity Specificity
Adam 98.4% 99.8% 100% 100%

RMSProp 97.8% 95.5% 93.3% 100%
AdaGrad 98.7% 100% 100% 100%
AdaDelta 91.9% 98.2% 100% 99.4%

SGD 100% 100% 100% 100%

Lastly, we situate our approach within the existing literature. Table 7 presents the results of representative
methods in terms of accuracy (and, where possible, sensitivity/specificity). It builds upon previous work in
classical ML pipelines and deep transfer learning, with reported accuracy ranging between 91.9% and 98.87%.
When using the same data and assessment parameters, our DenseNet201+GAP structure achieves a 100% score
in all measures, representing a significant improvement over existing systems.
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Figure 9: Training (left) and validation (right) accuracy/loss across optimizers: Adam, RMSProp, SGD,
AdaGrad, and AdaDelta. SGD exhibits the fastest stable convergence and lowest final error.

5 Conclusion

This paper presents a deep neural network architecture that utilizes transfer learning to classify brain tumors on
a multi-label basis. We utilized the DenseNet-201 base model, which features dense connectivity and practical
feature propagation, thereby facilitating the derivation of both rich and discriminative hidden features from
medical images. Specially created top layers later inherited these characteristics, including Global Average
Pooling (GAP), fully connected layers, and a softmax classifier, to classify the input tumor images into
three broad categories: glioma, meningioma, and pituitary tumors. The proposed framework was capable
of reflecting minor spatial changes among tumor classes, as it adopted a design that increased the strength
and accuracy of classification. The findings established the effectiveness of our model over other methods
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Table 7: Comparison with state-of-the-art models.

Ref Model Accuracy Sensitivity Specificity
[12] SVM 98.87% NA NA
[13] SVM 95.23% NA NA
[15] DWT–Gabor–NN 91.9% NA NA
[22] RELM 94.23% NA NA
[23] CNN+GA 94.20% NA NA
[20] Pretrained VGG19 94.82% 93.0% 94.6%
[19] GoogleNet+TL 97.1% NA NA

Proposed model DenseNet201+GAP 100% 100% 100%

of transfer learning and state-of-the-art deep neural network designs reported in the literature. One of the
fundamental aspects of our study was the investigation of a range of network parameters, as well as the
effects of different optimizers on training performance, in particular. Through extensive experimentation,
it was observed that the selection of the optimizer had a significant impact on convergence behavior and
model generalization. Out of the optimizers evaluated, Stochastic Gradient Descent (SGD) proved to be the
most efficient, with the lowest loss rates and providing an excellent accuracy of 100 percent on the dataset
used. The result underscores the optimizer’s capability to balance gradient updates and achieve better stability
and performance. The fact that the experiment achieved perfect accuracy highlights the power of well-tuned
transfer learning pipelines in medical image analysis, where even a minor increase in prediction power can
translate into significant clinical benefits to aid in diagnosis. In the future, we recognize that our work can
be further developed to enhance its clinical applicability. The following steps will include incorporating
more classes and subtypes of tumors to develop a more complex and easier-to-use diagnostic tool that will
provide the ability to cope with the heterogeneity of brain tumors. In addition, it may be possible to discover
new performance improvements by examining other deep architecture designs, such as Vision Transformers,
CNN-Transformer hybrids, and more efficient designs like EfficientNet. Another important measure will
be testing the model on larger and more heterogeneous multi-center data to ensure the model’s strength
across various imaging regimens and populations. Besides increasing the diagnostic potential of the system,
these expansions will also make it more resilient to integration into the real-world clinical workflow, thereby
benefiting the application of precision medicine and patient care in the field of neuro-oncology.
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