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Abstract. The timely and precise diagnosis of brain tumors is crucial in
reducing mortality rates. Although Magnetic Resonance Imaging (MRI)
is commonly used as a detection tool for brain tumors, the presence of
unwanted regions in MRI and multi-class brain MRI datasets may pose
challenges in accurately classifying tumors. This study proposed a two-
phase end-to-end framework comprising DenseNet-121-based deep learn-
ing to extract features and an ensemble of machine learning methodolo-
gies for precise classification. The deep learning-based feature extraction
phase effectively extracted essential and discriminant features that were
utilized by multiple machine learning models. Preprocessing MRI images
to eliminate unwanted regions enhanced the deep learning model’s fea-
ture extraction capabilities. The effectiveness of the proposed framework
was evaluated by measuring the classification performance of the ensem-
ble mechanism, which achieved an accuracy of 98.86% and an f1-score
of 98.76% without any data augmentation. Notably, the random forest
attained the utmost accuracy and f1-score among the machine-learning
approaches used in the ensemble technique.

Keywords: Brain MRI, Multiclass, Feature extraction, Transfer learn-
ing, Ensemble learning

1 Introduction

A brain tumor is a severe type of brain disorder caused by the abnormal growth
of cells within the skull. This condition is considered life-threatening and can lead
to fatal consequences. Two distinct classifications exist for brain tumors, namely
primary tumors and secondary tumors. It is projected that in the year 2023, ap-
proximately 18,990 individuals, comprising 11,020 males and 7,920 females, will
succumb to primary malignant tumors of the brain and central nervous system
(CNS) [1]. Meningioma and Pituitary tumors are the two most frequently oc-
curring types of brain tumors. Gliomas tumors are caused by abnormal growth
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in Glial cells constituting 80% of the brain. Compared to other primary tumors,
this tumor has the highest mortality rate. Meningioma tumors grow in the brain
and spinal cord’s protective membrane, known as the meninges. However, pi-
tuitary tumors are growths that form in the pituitary gland. Pituitary tumors,
though not cancerous, can cause hormonal abnormalities and irreversible visual
loss [2]. Hence, it is vital for the patient’s outcome to identify brain tumors in
their early stages.

Brain cancers are commonly detected using three diagnostic techniques: Ul-
trasonography (US), Magnetic Resonance Imaging (MRI), and Computed To-
mography (CT). Among these, MRI is preferred as it enables non-invasive imag-
ing without the potentially harmful effects of radiation exposure. Moreover, by
adjusting some parameters, MRI can capture various modalities such as FLAIR,
T1, and T2, thereby providing additional clinical information [3].

As tumors differ in form, intensity, volume, and area, distinguishing between
them can be challenging. Radiologists could benefit from assistance in effectively
evaluating and segmenting images due to the complex nature of this task, which
is often prone to errors. Thus, an automated computer-based method benefits
tumor detection [4]. Several researchers have proposed CAD-based approaches,
but traditional ML-based methods have the limitation of using hand-crafted
features, which is time-consuming for larger databases [5]. Meanwhile, Deep
learning, such as CNN, automates medical image analysis using automatic fea-
ture extraction from training data. This technique shows promise for brain tumor
detection and classification, with researchers exploring its potential.

This study has put forth a two-phase end-to-end framework, comprising a
feature extraction phase utilizing the DenseNet-121 [6] based deep learning ap-
proach and an ensemble of four machine learning approaches to ensure precise
classifications. The deep learning-based feature extraction phase showcased its
profound ability to extract the most distinctive and pivotal features for the
purpose of accurately classifying brain tumors across a plethora of classifica-
tion methods. Furthermore, this study made an invaluable contribution to the
preprocessing of MRI images by eliminating superfluous regions that served as
a catalyst for the deep learning model to extract discriminant features. The
effectiveness of the proposed framework was unequivocally validated by the en-
semble mechanism’s classification performances. The GradCAM-based feature
maps generated from the feature extraction phase solidified the efficiency of the
proposed framework. The proposed framework attained an astounding 98.86%
accuracy and 98.76% f1-score with ensemble technique, while the top performer
from the individual machine learning approach is random forest which achieved
98.80% accuracy and 98.69% f1-score.

2 Related Works

Several approaches for detecting brain cancers and tumors on MRI images have
been developed in recent years. These techniques primarily include classic Ma-
chine Learning and Deep Learning-based approaches.
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Shah et al. [7] utilized a fine-tuned version of EfficientNet-B0 to differentiate
and categorize normal and tumorous MRI images. They also improved the qual-
ity and quantity of the training samples by applying image enhancement and
data augmentation. The system achieved a validation accuracy of 98.87%. The
primary limitations of this study can be delineated as follows: Firstly, it solely
investigated binary brain tumor classifications and neglected the more complex
multi-class grades of glioma. Secondly, the model utilized in this study was fine-
tuned using the image augmentation technique, which is not recommended for
medical image analysis due to potential inaccuracies and errors. Sultan et al. [8]
designed a computer-aided diagnosis (CAD) system to distinguish three types
of brain tumor MR images along with four grades of glioma. Their method had
a classification accuracy of 96.13% for the three types and 98.7% for the glioma
grades. Their primary investigation(1st study) resulted in a comparatively lower
accuracy when juxtaposed with the average accuracy of 96.13%. Deepak et al. [9]
used CNN and SVM to categorize brain tumors with an MRI image dataset from
Figshare [10]. Their method comprises two distinct phases, where the first phase
involves acquiring CNN features from brain MRI images, and the second phase
involves utilizing SVM to analyze the obtained features. The authors in [11] in-
troduced a deep transfer learning framework utilizing VGG-19 for identifying
three prevalent brain tumor types from MRI images. An F1-score of 94% and
a high classification accuracy of 94% were attained by the proposed technique.
Alanazi et al. [12] proposed a unique CNN structure comprising 22 layers that
could aid in the early identification of brain tumors. An outstanding accuracy
rate of 96.8% was achieved using this approach. A pre-trained GAN model ap-
plied to two datasets of MRI brain images from Nanfang Hospital and General
Hospital in China and Tianjin Medical University in China between 2005 and
2010 achieved the highest accuracy of 95.60% in brain tumor segmentation, ac-
cording to Ghassemi et al. [13]. This approach significantly enhanced the overall
performance. One of the primary limitations of their study is the low resolution
of the images generated from the GAN model.

3 Materials and Methods

The dataset underwent preprocessing and partitioning into training, validation,
and testing sets. The transfer learning model based on DenseNet-121 was used
to extract features from the first dense layer after training it for 100 epochs. The
aforementioned features were fed into four machine learning classifiers, which
were tuned using the grid search method to optimize their hyperparameters.
Then, an ensemble of classifiers was devised by amalgamating all the classifiers
and predicting class labels based on the majority vote. Fig. 1 illustrates the
overall system architecture of this framework.

3.1 Dataset Description

The model was evaluated and analyzed using a publicly available brain tu-
mor dataset. The dataset [14] is composed of three publicly available datasets:
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Fig. 1. A comprehensive workflow for the proposed multi-class brain MRI classification.

Fig. 2. Brain MRI samples with multi-class from the dataset.

Figshare [10], SARTAJ [15], and Br35H [16]. The dataset has 7023 MRI images

Table 1. Tumor type-wise breakdown of total instances in the dataset.

Glioma Meningioma No-tumor Pituitary

Train dataset 1321 1339 1595 1457
Test dataset 300 306 405 300

of the human brain. It contains four types of brain tumors: glioma, Meningioma,
No-tumor, and Pituitary. The images were divided into 80% for training and
20% for validation. The dataset summary is given in Table 1. Fig. 2 demon-
strates some of the images from the dataset.
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3.2 Dataset Preprocessing

In brain MRI datasets, nearly all images have unwanted areas and spaces, which
can lead to inaccurate classification results. Therefore, it is crucial to crop the
images and keep only relevant information while removing unwanted areas. The

Fig. 3. Steps for cropping MRI images.

process of cropping MRI images through extreme point calculation is displayed
in Fig. 3. Initially, the original MRI images are loaded for pre-processing. Then,
the images are converted into binary images by applying thresholding, and image
noise is removed by performing dilation and erosion operations. Next, the biggest
outline of the threshold images is selected, and the four extreme points, including
extreme top, bottom, right, and left, are calculated. Finally, the image is cropped
using the information on contour and extreme points. Next, a bilateral filter
was applied to the images, which helped to reduce noise while preserving the
edges. The images were then resized to 224 × 224 pixels. Image augmentation
was not utilized to maintain the authenticity and diversity of the MRI images
used for brain tumor classification in this study. Despite its common application
in enhancing data size and model generalization, its use may be limited when
real-time data is necessary. The meticulous selection and preprocessing of the
training data resulted in accurate outcomes on the test set.

3.3 DenseNet-121 Based Transfer Learning

DenseNet-121 [6] was used as a transfer learning model in this study. The model
was trained on ImageNet [17], a dataset of over 1.4 million labeled images across
1000 different categories, covering a diverse range of objects and scenes found
in real-world settings. The architecture has four dense blocks and 121 layers
in total (117-conv, 3-transition, and one classification) [6]. This architecture
significantly reduces the number of parameters, making it more memory-efficient
than other CNN architectures while maintaining high accuracy. DenseNet-121’s
existing structure was insufficient for the chosen task. Therefore fine-tuning was
required [18]. Before being passed into the pre-trained DenseNet-121 model, the
images underwent preprocessing and resizing to 224× 224× 3. The model’s top
classification layer was removed to transform it into a feature extractor for a
new dataset.
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Fig. 4. DenseNet-121 transfer based feature extraction and classification technique.

The proposed transfer learning architecture with the DenseNet-121 model is
depicted in Fig. 4, incorporating a flattening layer, two fully connected layers, two
dropout layers, and a softmax classifier. The output of the pre-trained DenseNet-
121 model was first subjected to a transformation process that converted it into
a one-dimensional vector via a flattened layer. This vector was subsequently fed
through a fully connected layer that comprised 128 hidden units. To mitigate
overfitting, a dropout layer with a rate of 50% was introduced. A further fully
connected layer with 64 units was included, with an additional dropout of 30%
applied to improve model stability and generalization performance. The Softmax
activation function was then incorporated, allowing the four classification labels
to be generated for the target brain tumor types.

3.4 Machine Learning and Ensembling Techniques

Each individual MRI input image was processed by the trainable component
of the DenseNet-121-based transfer learning model, from which 64 flattened(1-
D) features of shape 1 × 64 were extracted from the final dense layer. These
1-D features were subsequently fed into four machine learning classifiers indi-
vidually, including Gaussian Näıve Bayes [19], Adaptive Boosting [20], Random
Forest [21], and Support Vector Machine [22]. Ultimately, an ensemble approach
was implemented that employed the aforementioned four classifiers using the
‘hard-voting’ method. Grid search and five-fold cross-validation techniques were
utilized to optimize the classifiers’ performance. By using multiple classifiers,
the accuracy of classification can be improved, as each classifier may be more
sensitive to certain types of data. For a decision problem x, an ensemble model
employs the hard voting rule as follows:

ŷ = maxidx

N∑
i=1

dxi (1)
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In (1), ŷ represents the class label that has been selected through the process of
hard voting on a decision problem x, N is the number of voters (base classifiers).
The classifier produces a binary vector dxi with the predicted class labels for the
input x. The index maxidx of the maximum value in the summation vector

∑
dxi

is identified. The index of the first maximum value is returned in case of multiple
maxima. The class label with the most votes from the combined predictions is
chosen using this technique. The ensemble technique improved performance by
utilizing multiple models.

The proposed method leverages ensemble learning to enhance tumor classifi-
cation accuracy, which introduces increased computational complexity compared
to individual classifiers. However, this concern is alleviated by the adoption of
the lightweight DenseNet-121 model as a feature extractor. With its compact
and efficient architecture, DenseNet-121 significantly reduces training time and
memory usage. Additionally, a streamlined majority voting approach is employed
to combine predictions from multiple ML classifiers, eliminating the need for ad-
ditional training or parameter estimation. As a result, the method achieves a
favorable trade-off between accuracy and computational complexity, owing to
the efficiency of the DenseNet-121 model.

4 Experimental Setup and Results Analysis

4.1 Training and Experimental Setup

This study employed transfer learning based on DenseNet-121, utilizing the
Adam optimizer with a learning rate of 0.0001 for training. Categorical cross-
entropy was used as the loss function. Four machine learning classifiers were
trained using the features extracted from the transfer learning model, and their
hyperparameters were fine-tuned via grid search, with the resulting values listed
in Table 2. The experiment was conducted on a computer system with a 2.50

Table 2. Grid search results of hyperparameters optimization for multiple machine
models.

ML classifiers Hyperparameters

Random Forest Bootstrap: True, max depth: 20,
criterion: ‘entropy’, min samples
leaf: 4, n estimators: 99

Support Vector Machine C: 10, Kernel: rbf, Gamma: 0.01

AdaBoost n estimators: 50

Gaussian Näıve Bayes var smoothing: 10−9

GHz Intel Core i9-11900 CPU, 32 GB memory and an NVIDIA RTX A4500
GPU with 20 GB VRAM was used for the experiments.
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4.2 Results Analysis

Fig. 5. Loss and accuracy curves of transfer learning(DenseNet-121).

Within this section, the experimental results and performance analysis of the
proposed framework were explored. Given that the framework consisted of two
distinct phases, a comprehensive analysis of the results was provided for each
phase individually as well as collectively for comparison purposes. Lastly, a com-
parative analysis of the framework was included with recent deep learning-based
research on brain tumors. Fig. 5 portrays the progression of loss and accuracy in-
dicator curves for the training and validation collections during a period of 100
epochs. The maximum training accuracy achieved by the model was 99.19%,
while the maximum validation accuracy was 98.42%. It can be inferred that
effective learning of the classification of four classes, including three brain tu-
mor types and one no tumor class, was achieved by the model. The training
loss was 0.0034, and the validation loss was 0.0625. Fig. 6 illustrates Gradient
Activation Maps generated by the transfer learning model, with red indicating
the most influential pixels and darker shades of blue indicating the least signif-
icant. The left images indicate the original scan, the center images display the
activation map, and the right images are the superimposition of the first two.
The aforementioned examples serve as evidence of the effective feature extrac-
tion and classification achieved by the first phase of the proposed framework,
which is based on transfer learning using DenseNet-121. Table. 3 presents the
classifiers’ performance across each class, evaluated using multiple metrics such
as accuracy, precision, recall, F1-score, FNR (False Negative Rate), and FDR
(False Discovery Rate). Incorporating FNR and FDR in evaluating the classi-
fiers’ performance is a valuable tool for identifying potential weaknesses of each
classifier by providing insight into the rate of missed and false positive instances.
According to the table, all classifiers achieved satisfactory results for each class.
Nevertheless, the ensemble of classifiers surpassed individual classifiers by re-
ducing false negative and false discovery rates for all classes, emphasizing the
effectiveness of the proposed ensemble approach. Fig. 7 presents the confusion
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Fig. 6. Class-specific GradCAM feature maps generated from DenseNet-121 feature
extraction phase.

matrix for each ML classifier. The misclassifications were 18, 19, 20, and 17 for
Support Vector Machine, Gaussian Naive Bayes, AdaBoost, and Random Forest
respectively.

Each classifier could precisely identify instances where there were no tumors
while correctly detecting Glioma tumors posed a significant challenge for all
models. The random forest algorithm emerged as the top-performing machine
learning classifier for the specified task, exhibiting an impressive accuracy rate
of 98.70% and the lowest misclassification rate of 1.30%. The confusion matrix
for the transfer learning technique and the ensemble of classifiers is depicted in
Fig. 8. The misclassification rate for the transfer learning and ensemble of clas-
sifiers was 1.22% and 1.14%, respectively. The proposed ensemble of classifiers
showed promising results with no misclassification observed for the no tumor
class and only 5 and 3 misclassifications observed for the Meningioma and Pi-
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Table 3. Class-specific classification report for transfer learning, random forest (Indi-
vidual top classifier), and the ensemble technique. FNR: False Negative Rate, FDR:
False Discovery Rate.

Class Precision(%) Recall(%) F1-score(%) FNR(%) FDR (%)

Transfer Learning

Glioma 98.33 98 98.16 2.00 1.67
Meningioma 97.40 98.04 97.72 1.96 2.60
No tumor 100 99.75 99.88 0.25 0
Pituitary 99 99 99 1.33 1

Support Vector Machine

Glioma 98.65 97.67 98.16 2.33 1.35
Meningioma 96.46 98.04 97.24 1.96 3.54
No tumor 99.75 99.75 99.75 0.25 0.25
Pituitary 99.33 98.67 99 1.33 0.67

Adaptive Boosting

Glioma 99.32 97.00 98.15 3.00 0.68
Meningioma 95.85 98.04 96.93 1.96 4.15
No tumor 99.75 99.75 99.75 0.25 0.25
Pituitary 98.67 98.67 98.67 1.33 1.33

Gaussian Naive Bayes

Glioma 98.98 96.67 97.81 3.33 1.02
Meningioma 95.56 98.37 96.94 1.63 4.44
No tumor 100 99.75 100 0 0
Pituitary 99.33 98.67 99 1.33 0.67

Random Forest

Glioma 98.65 97.33 97.99 2.67 1.35
Meningioma 96.78 98.37 98.57 1.63 3.22
No tumor 100 100 100 0 0
Pituitary 99 98.67 98.83 1.33 1

Ensemble of Classifiers

Glioma 98.65 97.67 98.16 2.33 1.35
Meningioma 97.10 98.37 97.73 1.63 2.90
No tumor 100 100 100 0 0
Pituitary 99.33 99 99.7 1 0.67

tuitary classes, respectively. However, the Glioma class was more challenging to
predict correctly for both models than the other classes. Table. 4 showcases the
precision, recall, accuracy, and F1-score of the classifiers utilized in the overall
system. The results indicate that transfer learning achieved impressive perfor-
mance, with a precision of 98.68%, recall of 98.70%, accuracy of 98.78%, and F1
score of 98.69%. Among the four machine learning models used, RF and SVM
exhibited the highest F1 scores and were pivotal in identifying various types of
brain tumors for ensembling. In this regard, the ensemble of classifiers proposed
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Fig. 7. Confusion matrix of four ML classifiers.

Table 4. Comparison of individual classifier performances with proposed ensemble
technique: An experimental evaluation.

Model Name Accuracy% Precision% Recall% F1-Score%

DenseNet-121 98.78 98.68 98.70 98.69
SVM 98.63 98.55 98.53 98.54
RF 98.70 98.61 98.59 98.60
AB 98.47 98.40 98.36 98.37
Gaussian NB 98.55 98.47 98.42 98.44
Ensembling 98.86 98.77 98.76 98.76

in the study attained the highest values of precision (98.77%), recall (98.76%),
accuracy (98.86%), and F1 score (98.76%). These results are visually represented
in Fig. 9 which displays a comparison bar chart of the metrics mentioned ear-
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Fig. 8. Confusion matrix of Transfer learning and Ensemble of classifiers.

Fig. 9. Graphical Representation of the performance of each model used in this study.

lier. Overall, the findings suggest that the proposed ensemble approach has the
potential to enhance the accuracy and effectiveness of automated brain tumor
diagnosis. A comparison of the performance of the suggested framework and
that of previous research in the field of automated detection of brain tumors
is given in Table 5. The results show that the suggested framework achieved
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Table 5. Comparison of brain tumor classification performance with recent studies.

Authors
Classification

Type
Approach

Data
Augmentation

Major findings
(best results)

Shah

et al.[7] Binary
Fine tuned

EfficientNet-B0
Yes Acc: 98.87%

Sultan
et al.[8] Multi Custom CNN Yes Acc: 98.7%

Deepak
et al.[9] Multi CNN and SVM No Acc: 95.82%

Mondal

et al.[11] Multi Transfer Learning Yes
Acc: 94%
F1-score: 94%

Alanazi
et al.[12] Multi Transfer Learning No Acc: 96.90%

Ghassemi

et al. [13] Multi GAN Yes
Acc: 95.60%.
F1-score: 95.10%

Proposed Multi
Trasnfer Learning+

Ensemble of
ML classifiers

No
Acc: 98.86%.
F1-score: 98.73%

better outcomes than all other studies that worked on multiclass classification.
This implies that the suggested approach has significant potential for practical
application in automated brain tumor diagnosis.

5 Conclusion and Future Works

Brain tumors endanger the well-being of a person, and manual detection de-
mands a lot of time and the expert knowledge of a radiologist. This study pro-
posed a comprehensive, two-phase end-to-end framework that incorporated a
feature extraction phase based on DenseNet-121 transfer learning, followed by
an ensemble of four distinct machine learning techniques to enable highly accu-
rate classification. The deep learning-based feature extraction phase was capable
of extracting discriminative and salient features, enabling precise classification
of brain tumors through multiple ML classification methods. Notably, the pro-
posed framework leveraged GradCAM-based feature maps generated during the
feature extraction phase, providing compelling evidence for the efficiency and
efficacy of the feature extraction process. These deep features were then fed into
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four machine-learning classifiers. The optimal hyper-parameters of each classi-
fier were fine-tuned using the grid search technique. An ensemble that utilizes
majority voting to predict class labels was developed by integrating all the clas-
sifiers. The proposed framework showed an exceptional ability to precisely clas-
sify three different tumor types and normal MRI brain images, achieving an
outstanding classification accuracy of 98.86%. Again, the high precision rate of
98.77%, recall rate of 98.76%, and F1-score of 98.76% further emphasized its
proficiency and adaptability, highlighting its potential in various applications.
The framework achieved this outcome without data augmentation techniques,
which is remarkable. This implies that the framework depended on its resilience
and adaptability rather than artificially enhancing the dataset’s size or variety.
However, this technique may have restricted applicability to other forms of med-
ical imaging besides MRI scans, which is a limitation of this study. The proposed
model demonstrated higher prediction accuracy for the Meningioma, Pituitary
and Normal class than the Glioma class, which is a limitation. Attention mecha-
nisms can be utilized to enhance feature extraction to overcome this issue in the
future. Moreover, the performance of this study can be evaluated on other large
medical imaging datasets to increase its effectiveness and reliability for real-time
detection and classification.
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