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ABSTRACT

The classification of brain tumors is crucial in the context of early intervention, as appropriate and timely diagnosis
can significantly influence treatment plans and patient outcomes. Radiologists have long relied on their own judgment
to read medical images, a process that can be subjective and time-consuming and can lead to inter-observer variability.
Artificial intelligence (AI), and particularly deep learning (DL), has transformed medical imaging and could automate
diagnosis by providing prompt, reliable, and unbiased assessments. Despite this progress, many AI-based systems
remain constrained in their classification accuracy and robustness across datasets. This paper presents a deep-learning
model designed to improve brain-tumor classification. Its preprocessing and normalization steps reduce noise and
equalize image intensity to support feature extraction. The proposed method adapts DenseNet201 for four-class
classification and replaces its conventional output layer with Global Average Pooling (GAP), aiming to address
vanishing gradients and overfitting while improving feature aggregation and generalization. The model was evaluated
on a public Figshare dataset and a local dataset comprising 3,504 T1-weighted contrast-enhanced MRI images. It
achieved 100% overall accuracy, outperforming the comparison methods. These results suggest that architectural
modifications combined with preprocessing can support automated brain-tumor classification under the evaluated
conditions.
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1. INTRODUCTION

A brain tumor is an abnormal proliferation of cells within the
brain and may be malignant or benign [1]. Malignant tumors
can expand uncontrollably, infiltrate nearby tissues, and in-
terfere with normal brain function, whereas benign tumors
generally remain localized. Even benign tumors can cause
severe complications because of the confined space of the cra-
nial cavity. Brain tumors therefore represent a diverse class
of diseases with different biological behaviors, prognoses,
and treatment responses. They are categorized by histolog-
ical features and clinical manifestations, making accurate
diagnosis and classification critical to treatment planning [2].

Multi-class classification can identify the specific tumor type,
with implications for treatment strategies and patient out-
comes. Common types include meningiomas, gliomas, and
pituitary tumors, which arise from the meninges, glial cells,
and pituitary region, respectively [3].

The epidemiological burden underscores the need for im-
proved diagnostic systems. The Central Brain Tumor Reg-
istry of the United States reported that an estimated 700,000
Americans live with a brain tumor, with almost 84,000 new
primary brain-tumor cases diagnosed in 2021 [4]. Brain tu-
mors also affect children, and primary malignant brain tumors
cause substantial mortality [5]. More than 120 primary brain
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and central nervous system tumor types have been identified,
nearly one-third of which are malignant. Radiological clas-
sification is challenging because tumors are heterogeneous
and may have overlapping imaging characteristics, including
isointense and hypointense regions and perilesional edema.
T1-weighted contrast-enhanced MRI is widely used for tumor
imaging; contrast agents such as gadolinium can improve le-
sion visibility and support diagnosis of primary and secondary
malignancies [6].

Tumor classification cannot rely solely on manual radiolog-
ical assessment. Traditional methods often use handcrafted
feature extraction and region-based segmentation, which re-
quire considerable effort and can be affected by inter-observer
variation [7]. Deep-learning models can learn hierarchical
feature representations directly from image data and build
increasingly abstract, discriminative patterns through nonlin-
ear transformations [8]. Transfer learning with pretrained
networks can also support training on comparatively small
medical datasets. Deep-learning computer-aided diagnosis
systems may therefore help reduce radiologists’ workload by
providing rapid, objective, and dependable classifications that
support early diagnosis and patient management [9, 10].

This study develops an automated brain-tumor detection and
classification system using publicly available and locally
collected MRI data. Its contributions are: (i) a modified
DenseNet201 transfer-learning framework that incorporates
a Global Average Pooling (GAP) layer to address overfitting
and vanishing-gradient issues; (ii) the use of pretrained Ima-
geNet weights for robust feature extraction; and (iii) extensive
experiments comparing the proposed model with state-of-the-
art methods. The remainder of the paper reviews related work,
describes the methodology, reports experimental results, and
concludes with future research directions.

2. RELATED WORK

Recent research on brain-tumor detection and classification
has used both traditional machine-learning techniques and
deep-learning architectures. Public Figshare data and lo-
cally collected images have been used to evaluate these ap-
proaches [11].

Conventional machine-learning methods commonly rely on
feature engineering and dimensionality reduction. A Support
Vector Machine (SVM) combined with Principal Component
Analysis (PCA) or Linear Discriminant Analysis (LDA) has
been used to classify brain tissues, including white matter,
gray matter, cerebrospinal fluid, and abnormal or normal
regions. Using handcrafted intensity, texture, and shape fea-
tures, this method reported 98.87% accuracy, although PCA
may remove discriminative texture information [12]. A hy-
brid Grey Wolf Optimization (GWO) and multiclass SVM
approach achieved 95.23% accuracy and outperformed other
metaheuristics in the reported experiment [13]. Other work
applied adaptive spatial and ring-form partitioning to regions
of interest, extracting intensity histograms, gray-level co-
occurrence matrices, and bag-of-words features; reported
accuracy ranged from 87.54% to 91.28% [14]. Wavelet and
Gabor features used with a back-propagation multilayer per-
ceptron achieved 91.9% accuracy [15], while gray-level co-
occurrence matrix features combined with a probabilistic neu-
ral network achieved 83.33% [16]. These studies demonstrate

the importance of feature extraction in brain MRI classifica-
tion.

Deep-learning methods learn image features directly rather
than relying on manually designed descriptors. Capsule net-
works intended to preserve spatial hierarchies of tumor struc-
tures reported 90.89% accuracy [17]. In a comparison of
CNN models, a design using ReLU activations and max-
pooling reported 98.5% training accuracy and 84.19% val-
idation accuracy [18]. Transfer-learning studies reported
98% patient-level accuracy on Figshare data [19], while a
fine-tuned VGG19 model achieved 94.82% [20]. Hybrid
Artificial Neural Network (ANN) and k-nearest-neighbor
(KNN) methods have also reported accuracies of 97% and
98%, respectively [21]. A hybrid method using normalized
GIST descriptors, PCA, and a regularized extreme learning
machine achieved 94.23% accuracy [22]; genetic-algorithm-
optimized CNNs have reported classification accuracy of up
to 94% [23].

Conventional CNNs can encounter vanishing gradients when
training deep networks. DenseNet201 addresses this issue
through dense connections, and prior work has combined
pretrained DenseNet201 models with global average pool-
ing to improve training and validation performance [24, 25].
The present study builds on this direction using a modified
DenseNet201 framework and evaluates it against several
transfer-learning baselines.

3. MATERIALS AND METHODS

The analysis pipeline comprises preprocessing and normal-
ization, CNN training and parameter optimization, and multi-
class classification. Figure 1 summarizes the proposed
methodology.

3.1 Dataset

The study combines publicly available data provided by
Cheng [11, 26] with a locally acquired dataset from the De-
partment of Diagnostic Radiology at Mansoura University,
Egypt. Together, the datasets contain 3,504 brain MR im-
ages: 1,003 glioma, 981 meningioma, 959 pituitary, and 561
no-tumor images. The original images are 512× 512 pixels.
Table 1 summarizes the class distribution, and Figure 2 shows
examples.

Table 1. Dataset distribution for each class.

Class Images

Glioma 1,003
Meningioma 981
Pituitary 959
No tumor 561
Total 3,504

3.2 Data Preprocessing

Preprocessing standardizes MRI inputs so that the neural net-
work can learn from consistent data. Raw MR images may
contain intensity values outside the conventional grayscale
range of [0,255], including negative values. We apply min–
max normalization to rescale image intensities to [0,1], re-
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Figure 1. Overview of the proposed methodology.

(a) Meningioma (b) Glioma (c) Pituitary (d) No tumor

Figure 2. Examples of axial T1-weighted contrast-enhanced brain images from the dataset.

moving negative and excessively large values and improving
numerical stability. The normalization is defined as

x′ =
x− xmin

xmax − xmin
, (1)

where x is the original pixel intensity, xmin and xmax are the
minimum and maximum intensity values, and x′ is the nor-
malized intensity. More generally, normalization over any
interval [a,b] is

x′ = a+
(x− xmin)(b−a)

xmax − xmin
. (2)

The interval [0,1] is used in this study. It is compatible with
deep-learning models using activation functions such as sig-
moid and ReLU, and it can improve optimization convergence
and the distinction between tumor regions and normal tissue.
Figure 3 shows an example of this step.

3.3 Proposed Model Architecture

Transfer learning can improve classification when the avail-
able dataset is limited. We use a hyper-tuned model based
on DenseNet201 because its compact design reuses features
across layers, increasing the diversity of inputs to deeper
layers and improving discriminative capability [24]. The
proposed model architecture is shown in Figure 4.

(a) Raw image (b) Normalized image

Figure 3. Input and output of the image-preprocessing step.

Algorithm 1. Proposed Model
• Input: Image dataset with input shape (224×224×3).
• Output: Probability scores for four classes, P(sclassn), n =

1, . . . ,4.

Begin
1. Read images in batches of 5 at size 224×224×3.
2. Rescale all images by a factor of 1/255.
3. Import and freeze the weights from the pretrained model.
4. Build the base model using the DenseNet201 architecture.
5. Modify the architecture for the specific classification prob-

lem.
6. Add a softmax classification layer as the output layer.
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Figure 4. Proposed model architecture.

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

8. Evaluate the model using test data and performance met-
rics.

End
DenseNet201 uses dense connectivity, in which each layer
connects to every subsequent layer in a feed-forward man-
ner. This design alleviates vanishing gradients, encourages
feature reuse, and reduces the number of parameters. Feature
maps from preceding layers are concatenated and passed to
subsequent layers, as illustrated in Figure 5 [25].

Figure 5. Layered dense block representing direct connections
between layers [25].

The transformation within a dense block can be expressed as

x′ = Hl

(
[x0,x1, . . . ,xl−1]

)
, (3)

where Hl is a nonlinear transformation consisting of batch
normalization, a rectified linear unit (ReLU), and a 3× 3
convolution. The concatenated term contains feature maps
from all preceding layers. Transition layers, comprising batch
normalization, a 1×1 convolution, and 2×2 average pooling,
control complexity and computational cost. The growth rate
k determines the number of feature maps added by each layer.
The total number of input feature maps at layer l is

(FM)′l = k0 + k(l −1). (4)

Bottleneck layers using 1×1 convolutions precede the 3×3
convolutions to reduce the number of input feature maps.
The classifier has two dense layers with 128 and 64 neurons,
respectively, followed by a multiclass softmax layer. The
fully connected layer is described by

T l−1 = Bernoulli(P),

ÿl−1 = T l−1 ∗ cl−1,

y′ = f
(

wkÿl−1 +ol
)
.

(5)

Here, the Bernoulli variable generates a vector T l−1 with
probability P, and cl−1 denotes the dimension of the vectors.
The model is optimized by minimizing categorical cross-
entropy:

H(p,q) =−∑
z

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

where q(z) is the estimated distribution of the true label p(z).
Figure 6 shows the layered DenseNet201 architecture [25].

Different optimization strategies were considered to improve
convergence.
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Figure 6. Layered architecture of DenseNet201 [25].

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

kt = γkt−1 +η∇θ H(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 mov-
ing 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 accu-
mulation window.

Adam [30]:

LT = β1LT−1 +(1−β1)GT ,

ST = β2ST−1 +(1−β2)G2
T .

(11)

Adam combines the benefits of AdaGrad and RMSProp, offer-
ing robust performance with minimal hyperparameter tuning.

Decisions on the hyperparameters for the proposed
DenseNet201-based model are summarized in Table 2. These
values were selected empirically to balance performance and
computational efficiency.

Table 2. Hyperparameters of the proposed classification model.

Hyperparameter Value Input size

Optimizer SGD 224×224
Loss Categorical cross-entropy –
Batch size 5 –
Pooling Global Average Pooling –
Initial learning rate 3×10−4 –
Epochs 36 –
Random state 123 –

4. EXPERIMENTAL RESULTS

We evaluate the proposed framework on the T1-weighted
MRI dataset described in Section 3.1. The objectives are to
measure generalization to hidden data and assess multiclass
tumor discrimination. We compare DenseNet201 with Incep-
tionV3, Xception, VGG19, and ResNet50, using the softmax
layer of each pretrained model for classification. Experiments
were performed in Python 3.6 with Keras 2.2.4 and Tensor-
Flow 1.13. The optimizers SGD, RMSProp, Adam, AdaGrad,
and AdaDelta were evaluated while other hyperparameters
were held constant.

Accuracy, sensitivity, and specificity are reported to charac-
terize predictive performance:

Accuracy =
T P+T N

T P+T N +FP+FN
,

Sensitivity =
T P

T P+FN
,

Specificity =
T N

T N +FP
.

(12)

Here, T P, T N, FP, and FN denote true positives, true nega-
tives, false positives, and false negatives, respectively. Accu-
racy summarizes overall performance, while sensitivity and
specificity measure positive-class detection and negative-class
rejection. Figure 7 shows training and validation accuracy
and loss by epoch. The proposed architecture converges faster
than the comparison networks and maintains low validation
loss; it achieves 100% accuracy on the training, validation,
and test splits.

The end-of-training metrics and processing times are summa-
rized in Table 3. The proposed model achieves 100% across
the reported metrics with a processing time of 5.4 seconds.
Although VGG19 and Xception are competitive in accuracy,
they may be more computationally expensive. ResNet50
reports lower accuracy and sensitivity. Table 4 isolates the
contribution of GAP: adding GAP improves accuracy and sen-
sitivity and reduces overfitting compared with DenseNet201
without GAP.

Figure 8 shows the class-wise predictions. The proposed
model has a perfect diagonal in its confusion matrix, while
the baselines show varying levels of confusion, most notably
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Table 3. Comparison of the proposed model with transfer-learning baselines under identical hyperparameters. Processing time is reported in
seconds.

Model Train accuracy Test accuracy Sensitivity Specificity Time (s)

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

Proposed model

InceptionV3

Xception

VGG19

ResNet50

Figure 7. Training and validation accuracy (left) and loss (right)
over epochs for the proposed model and transfer-learning baselines.

Table 4. Ablation study of DenseNet201 with and without Global
Average Pooling (GAP).
Model Train Test Sens. Spec.

Proposed model 100% 100% 100% 100%
DenseNet201 (without GAP) 79.5% 78.3% 68.9% 98.7%

(a) Proposed model (b) Xception

(c) InceptionV3 (d) VGG19

(e) ResNet50

Figure 8. Confusion matrices for the proposed model and transfer-
learning baselines. The proposed model’s perfect diagonal indicates
error-free class assignments in this evaluation.

ResNet50.

We also examine the optimizers’ effects on convergence and
final performance. Figure 9 shows their learning curves. SGD
gives the most stable descent and fastest approach to low
validation loss. Tables 5 and 6 show that SGD achieves the
lowest loss and perfect accuracy; the other optimizers are
competitive but less consistent in this 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 7 compares the proposed model with representative
methods from the literature. Reported accuracies range from
91.9% to 98.87%; the DenseNet201+GAP model achieves
100% for accuracy, sensitivity, and specificity in the present
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Table 6. Performance of the proposed architecture under different
optimizers.
Optimizer Train Test Sens. Spec.

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%

Adam

RMSProp

SGD

AdaGrad

AdaDelta

Figure 9. Training (left) and validation (right) accuracy and loss
across optimizers. SGD shows stable convergence and low final
error.

evaluation.

Table 7. Comparison with state-of-the-art models.
Ref. Model Accuracy Sens. Spec.

[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 DenseNet201+GAP 100% 100% 100%

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 discrimi-
native hidden features from medical images. Specially cre-
ated 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 classifica-
tion. The findings established the effectiveness of our model
over other methods of transfer learning and state-of-the-art
deep neural network designs reported in the literature.

One of the fundamental aspects of this study was the investiga-
tion of a range of network parameters, particularly the effects
of different optimizers on training performance. Through
extensive experimentation, optimizer selection was found to
have a significant impact on convergence behavior and model
generalization. Among the optimizers evaluated, Stochastic
Gradient Descent (SGD) proved most efficient, achieving the
lowest loss and 100% accuracy on the dataset. This result
underscores the optimizer’s ability to balance gradient up-
dates and achieve stable performance. The perfect accuracy
also highlights the potential of well-tuned transfer-learning
pipelines in medical image analysis, where improvements in
prediction may benefit clinical diagnosis.

Future work will incorporate more tumor classes and subtypes
and investigate other architectures, including Vision Trans-
formers, CNN–Transformer hybrids, and EfficientNet. Test-
ing on larger and more heterogeneous multi-center datasets
will help assess robustness across imaging protocols and pop-
ulations. These extensions may improve clinical applicability
and resilience in real-world workflows, supporting precision
medicine and patient care in neuro-oncology.
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