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ORIGINAL STUDY

Meningioma Detection from MRI: A Comparative
Study of Deep Learning Models

A. H. Doha *, Sandi Jennifer, Fatima Alabdaly

University of southern Queensland, School of Health science and Medical, Australia, 4350

ABSTRACT

This study compares several deep learning models including DenseNet20, CNN, ResNet50, VGG19, EfficientNet-B3,
MobileNetV2, NASNetMobile, Xception to automatically classify brain meningiomas from MRI scans. A public dataset
was used to evaluate the proposed model. All models were trained, validated, and tested on this dataset. Because
meningiomas are common and manual reads, the goal is to speed and standardize diagnosis. Our main contribution is
pairing a high-accuracy classifier with deep learning models. Among all models, DenseNet201 performed best, reaching
0.991% accuracy and reliably separating tumorous from non-tumorous MRIs. Future work will expand the dataset and
incorporate stronger segmentation to further boost performance and robustness.

Keywords: Meningioma, Deep learning, Magnetic resonance imaging (MRI), Explainable artificial intelligence (XAI),
Grad-CAM

1. Introduction

Meningioma arises from the meninges the pro-
tective membranes around the brain and spinal
cord—and is among the most common central ner-
vous system tumors [1]. While many cases are benign,
some subtypes grow aggressively [2], compressing
neural tissue and causing serious neurological symp-
toms [3]. Given the global incidence, timely and
accurate diagnosis is critical [4]; delayed detection
or misread imaging can lead to more complex, late-
stage surgical management [5]. Magnetic resonance
imaging (MRI) is the primary tool for meningioma
assessment, revealing tumor location, size, and mor-
phology [6]. However, routine diagnosis relies on
manual reads, which are time-consuming, subject to
inter-reader variability, and sometimes confounded
by conditions with similar imaging appearances
[7–20].

Meningioma Detection from MRI is a critical task
in neuro oncology, as early and accurate detection of
meningiomas significantly enhance treatment plan-

ning and patient outcomes. Meningiomas are among
the most common primary brain tumours, appearing
from the meninges and often staging with symptoms
only after substantial growth. MRI is the preferred
modality for brain tumour assessment due to its su-
perior soft tissue contrast and non-invasive nature.
However, manual interpretation of MRI scans is time
consuming and prone to experts variability, espe-
cially when distinguishing meningiomas from other
intracranial abnormalities. Recent advancements in
artificial intelligence and deep learning have enabled
automated systems to analyse complex imaging pat-
terns, improving diagnostic accuracy, and assisting
radiologists in clinical decision making. Therefore,
developing an efficient and accurate deep learning–
based model for meningioma detection from MRI
images is essential for enhancing early diagnosis,
reducing workload, and advancing computer-aided
medical imaging applications.

We employed different deep learning models that
automatically classifies meningioma on MRI. The
dataset combines patient scans from the Faculty of
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Medicine with publicly available healthy controls,
labelled into two classes (“tumorous” vs. “non-
tumorous”) and split for training, validation, and
testing. We compared DenseNet20, CNN, ResNet50,
VGG19, EfficientNet-B3, MobileNetV2„ NASNetMo-
bile, Xception, under a consistent protocol [20–30].
DenseNet201 achieved the best performance. To
make the model’s decisions transparent, we apply
Grad-CAM, which highlights image regions that drive
predictions and aligns with clinically relevant areas,
improving trust and interpretability.

Beyond high accuracy using MRI alone, our con-
tribution is coupling strong classification with deep
learning models to support clinical decision-making.
Future work will expand the dataset and incorporate
advanced segmentation to further improve robustness
and generalization.

2. Experimental dataset

The Brain Tumour MRI dataset, sourced from Rob
flow Universe, is an extensive collection intended for
developing and evaluating computer vision models
in brain tumour detection and classification. It con-
tains 3,903 MRI scans, organized into four major
categories:

• Glioma: Tumours that develop from the brain’s
glial cells.

• Meningioma: Tumours that originate in the
meninges, the protective membranes surrounding
the brain and spinal cord.

• Pituitary Tumour: Growths occurring in the
pituitary gland, which can disrupt hormonal
regulation.

• No Tumour: MRI images showing normal brain
tissue without any signs of tumour formation.

The images and data utilized in this study were
acquired from Medical Image DataSet: Brain Tumor
Detection. All data and images were fully anonymized
in compliance with ethical guidelines before use. Fig-
ure displays a sample of the collected images.

3. Methodology

To overcome dataset limitations and improve the
model’s generalization capability, various data aug-
mentation methods were applied. During prepro-
cessing, all images were scaled to meet the input
specifications of the selected CNN architectures, and
the data pool was separated into training (70%),
validation (20%), and testing (10%) sections. Sev-
eral strategies, including arbitrary rotations up to 30
degrees, horizontal flipping, brightness adjustments,
and the addition of Gaussian noise, were applied
to optimize the model’s performance. Additionally,

Fig. 1. This figure presents T1-weighted axial MRI scans illustrating the presence and absence of meningioma tumours: (a) Meningioma-
positive cases, (b) Meningioma-negative cases.
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Fig. 2. The proposed model for Meningioma detection from MRI.

pixel values were scaled within the [0, 1] range
to ensure stable learning. Preprocessing layers were
added to maintain compatibility with the model’s
input specifications, and each step was executed
systematically to optimize accuracy and efficiency.
Finally, the performance of several CNN-based deep
learning models, including ResNet50, VGG19, Ef-
ficientNet, MobileNetV2, DenseNet201, NASNetMo-
bile, Xception, and InceptionV3, was evaluated
[30–40].

• ResNet50 is a deep learning model that utilizes
residual connections to mitigate the diminishing
gradient issue observed in deep neural networks
[10].

• VGG19 features a 19-layer architecture and is
characterized by its use of small filter sizes
[11]. EfficientNet enhances parameter efficiency
through a model scaling strategy that systemati-
cally balances factors such as network size, width,
and depth [12].

• MobileNetV2 is specifically optimized for mobile
and embedded applications, reducing computa-
tional overhead using depthwise separable convo-
lutions and linear bottleneck layers [13].

• DenseNet201 improves gradient flow and en-
hances parameter efficiency by establishing dense
connections between layers [14].

• InceptionV3 is a computationally efficient model
that leverages inception modules to enable multi-
scale feature extraction [15].

• NASNetMobile, designed through neural architec-
ture search (NAS), is optimized for mobile plat-
forms, utilizing efficient factorized convolutions
to achieve high accuracy with lower computa-
tional complexity [25].

• Xception extends the Inception architecture by
replacing conventional convolutions with depth
wise separable convolutions, improving effi-
ciency and performance while reducing parameter
count [24]. These models were chosen due to
their high accuracy in medical image classifica-
tion applications and their varied architectural
methodologies.

The models were refined to optimize medical im-
age classification by adjusting their final layers. To
ensure accurate differentiation between ’tumorous’
and ’non-tumorous’ cases in binary classification, the
Sigmoid activation function was integrated. Vari-
ous layer configurations and compilation techniques
were implemented to enhance efficiency and max-
imize classification performance [16]. Initially, a
Global Average Pooling layer was incorporated to
improve feature extraction and reduce redundant
parameters. The output unit employed the Sigmoid
activation function to estimate predicted class scores
(tumorous/non-tumorous). To establish a stable and
efficient training process, the Stochastic Gradient De-
scent optimization algorithm was utilized

[17]. The Binary Cross-Entropy loss function
was applied to minimize classification errors [18].
To assess the model’s classification efficiency, key
performance indicators including accuracy, recall,
precision, Receiver Operating Characteristic (ROC),
F1-Score, and Area Under the Curve (AUC) were
calculated, and the model’s overall capability was
examined in depth [1725]. The training process was
meticulously designed to ensure effective learning for
deep learning models. Most models were trained for
a total of 10 epochs, with cross-validation applied in
certain cases to enhance overall performance [19].
During training, fine-tuning techniques were utilized
by unfreezing specific layers of pre-trained models.
This approach leveraged transfer learning to improve
the models’ adaptability to the training dataset. To
Mitigate Overfitting, early stopping and data aug-
mentation techniques were consistently implemented
throughout the learning process [20]. The weight
optimization process was conducted using the SGD al-
gorithm, while the Binary Cross-Entropy loss function
was implemented as the error measure to effectively
guide the learning process.

Upon the completion of the learning stage, the ac-
curacy of the primary model, which incorporates a
pre-trained base architecture, was assessed using the
test dataset. A thorough assessment was conducted to
rigorously analyse the model’s classification effective-
ness. To achieve this, a wide selection of performance
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Table 1. Performance evaluation of deep learning models using Accuracy, Loss, Precision, Recall, F1-Score, Specificity
and AUC.

Base Model Acc Loss Precision Recall F1-Score Specificity AUC

VGG19 0.944 0.154 0.963 0.933 0.951 0.991 0.950
ResNet50 0.922 0.256 0.960 0.930 0.930 0.980 0.920
EfficientNet-B3 0.972 0.113 0.950 0.970 0.950 0.970 0.970
DenseNet201 0.991 0.0679 0.950 0.970 0.970 0.980 0.990
MobileNet-V2 0.981 0.1911 0.950 0.960 0.970 0.980 0.980
Inception-V3 0.982 0.1739 0.970 0.970 0.970 0.980 0.970
NASNetMobile 0.991 0.0719 0.970 0.970 0.970 0.970 0.970
Xception 0.990 0.1090 0.960 0.980 0.980 0.980 0.980

measures was utilized. These metrics are derived from
fundamental classification outcomes and are defined
as follows:

4. Experimental results

This study was conducted entirely on a local
machine, leveraging high-performance computing
resources to train and evaluate deep learning mod-
els. Eight different deep learning architectures were
employed for the classification of brain MRI im-
ages including VGG19, EfficientNetB3, ResNet50,
DenseNet201, MobileNetV2, NASNetMobile, Xcep-
tion, and InceptionV3. The MRI images were pre-
processed to enhance feature extraction and improve
model performance. Unlike multiclass classification
tasks, this study focused on binary classification.
Accordingly, the final layer of each model was de-
signed with a sigmoid activation function instead of
SoftMax.

To evaluate model performance, the data sample
was divided into training, validation, and test sets,
guaranteeing that the models were tested on unseen
data. Critical assessment measures like accuracy, loss,
precision, recall, F1-score, AUC, and cross-entropy
loss were computed for each model to facilitate com-
parisons. Results from eight different architectures
are summarized in Table 1, which presents a sum-
mary of classification performance on the test dataset,
serving as a comparative reference for measuring the
effectiveness of each model.

Table 1 offers a systematic comparison eight deep
learning models according to fundamental assess-
ment metrics, such as accuracy, loss, precision, recall,
F1-score, specificity, and AUC. Amongst the assessed
models, DenseNet201 emerged as the top-performing
architecture, it was closely followed by NASNetMo-
bile These results highlight the strong generalization
capabilities of these models. Additionally, Xception
and Inception-V3 demonstrated notable performance,
both attaining an F1-score close to 0.97.

EfficientNet-B3 achieved a respectable accuracy of
0.972%, though its precision and recall values were

Fig. 3. performance evaluation using ROC curves for all models.

marginally lower compared to the top-performing
models.

On the other hand, VGG19 exhibited relatively
lower performance compared to other models. Specif-
ically, VGG19 achieved an accuracy of 0.944%, while
ResNet50 recorded the lowest accuracy among all
models at 0.922%. This suggests that these architec-
tures face challenges in maintaining balanced classifi-
cation performance, particularly regarding precision
and recall. Fig. 3 reports the results in term of ROC.
The results in Fig. 3 support our findings in Table 1.

This work developed and compared deep learning
models for meningioma classification from MRI scans
[26, 27]. The main findings were discussed in this sec-
tion. The complexity time of all models was reported
in Fig. 4. From the results obtained, it can be noticed
that all models showed accepted complexity time.

Across metrics accuracy, precision, recall,
DenseNet201 outperformed all models. It delivered
the highest results among all models. Relative
to prior studies that often examine a single CNN
or hand-engineered features, our multi models’
comparison achieved ≥0.99 % top-line accuracy
and incorporated explainable several deep learning
models. The dataset combined real patient scans from
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Fig. 4. Complexity time comparison of all models used in this study.

Medical Image Dataset. Future directions. Integrating
tumour segmentation prior to classification,
leveraging multi-modal imaging (e.g., MRI+CT),
and adding attention mechanisms may further
improve accuracy and stability. Larger, multi-centre
datasets and standardized evaluation will be key to
reliable deployment.

5. Conclusion

Deep learning models can classify meningioma
on MRI with high accuracy. In our comparison,
DenseNet201 gained the best accuracy (0.997%)
compared to several models. Beyond accuracy, pair-
ing classification with seep learning models offers
interpretable outputs that can support radiological
workflows. To strengthen clinical reliability, models
should be trained on broader, more diverse cohorts
and, where possible, multi-modal data (MRI, CT,
PET). Hybrid systems that combine deep learning
with classical image processing may add robustness.
Future studies should extend comparative evaluations
to other brain tumour types. Explore transfer learning
for data-efficient training and incorporate expert-in-
the-loop explainability to align model rationales with
clinical judgment. These steps will help translate AI-
assisted diagnosis into routine practice.
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