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Abstract: Early and accurate detection of brain tumors remains a major challenge in medical imaging due to limited dataset
size, trained deep learning models, patient variability, and the complexity of manual interpretation; traditional approaches some-
times rely on lower-level feature extraction, which may not apply well to medical images. To address these challenges, we
propose a unique explainable deep learning model that integrates Tiny-ConvNeXt and DenseNet169 using multi-stage brain
tumor classification. Two clinically approved, open-access Magnetic Resonance Imaging (MRI) datasets were combined to gener-
ate a bigger, more customized dataset, and substantial data augmentation techniques were used to improve model generalization.
According to experimental results, our proposed model outperforms current state-of-the-art methods with a classification accu-
racy of 99.74%. Additionally, statistical significance tests confirmed the incremental contribution of each model component,
and ablation studies showed the robustness of the conclusions. Additionally, explainable artificial intelligence techniques like
Local Interpretable Model-agnostic Explanations and Gradient-weighted Class Activation Mapping++ were employed to enhance
interpretability, enabling visual explanations of tumor localization. These results indicate that the suggested model provides a
transparent and reliable framework for brain tumor detection, with potential applications in practical clinical decision support
systems.
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1. Introduction

The brain is an incredibly complex organ composed of
billions of cells. Brain tumors arise when certain cells begin to
divide uncontrollably, forming abnormal clusters. If not addressed
in time, these abnormal growths can harm healthy brain tis-
sue and impair normal brain functions [1]. As reported by the
World Health Organization in 2018, roughly 9.6 million individ-
uals globally succumbed to diagnosed cancer. Between 30% and
50% of individuals diagnosed with primary cancer succumbed to
the disease [2]. Among the various types of cancer, brain can-
cer stands out as particularly lethal. In 2019, statistics indicate
that about 17,760 adults died due to brain tumors. Early detec-
tion of cancer with quick and cost-effective diagnostic methods
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can greatly decrease mortality rates. Different types of tumors
necessitate varying treatment approaches, and accurate diagnosis
is crucial to avoid fatal consequences [3]. In the United States,
the prevalence of brain tumors surpasses that of many other
nations. In 2019 alone, approximately 86,970 cases of benign and
malignant brain tumors were identified through diagnosis. [4]. In
recent studies by Mehndiratta et al. [5], radiologists employ vari-
ous experimental techniques to diagnose brain tumors, including
biopsy, cerebrospinal fluid (CSF) analysis, and X-ray examina-
tion. A small tissue sample is surgically removed for examination
during a biopsy. This procedure includes significant risks, such
as inflammation and excessive bleeding, and achieves an accuracy
rate of only 49.1% [6]. On the other hand, the CSF is a clear
fluid found within the brain. Radiologists [7] utilize CSF test-
ing for detecting brain tumors. However, like biopsy procedures,
this method carries inherent risks such as bleeding from the inci-
sion site into the bloodstream, as well as the potential for allergic
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reactions following treatment [8]. Accurate detection requires spe-
cial skills, and complicated cases present additional challenges.
Therefore, in addition to human confirmation, the implementa-
tion of a computerized process is required for accurate detection.
Nowadays, modern imaging techniques are increasingly favored
by radiologists due to their higher accuracy and lower risk for
patients [9].

Deep learning (DL) makes the identification task auto-
mated and meticulous, greatly speeding up the global diagnosis
procedure. DL has significantly advanced various applications
[10], especially in medical image processing. Automating brain
tumor identification (BTI) is a crucial focus of ongoing research.
Asif et al. [11] recently investigated the early classification of
brain tumors utilizing Magnetic Resonance Imaging (MRI) and
DL methodologies, specifically Xception and NasNet Large.
Nonetheless, the Inception-ResNet-v2 demonstrated reduced sen-
sitivity, suggesting that it may not be universally applicable to
all brain tumors. Dawood et al. [12] proposed a Computed
Tomography (CT)-based detection method utilizing MobileNet-
V2, achieving an accuracy of 96%. They did not incorporate an
attention algorithm to improve performance.

Krisnapriya and Karuna [13] researched pre-trained deep
convolutional neural network (DCNN) models for the classifi-
cation of brain Magnetic Resonance (MR) images, identifying
difficulties in the manual assessment of MRI data. However, it
lacks comprehensive examination of transfer learning’s effective-
ness with smaller datasets, despite the elevated accuracy attained
by models such as VGG-19 and VGG-16. More research is
required to improve performance with limited data and evalu-
ate alternative models, including Inception V3. Most research
studies, including Anjum et al. [14] and Alanazi et al. [15],
employed transfer learning for brain tumor categorization. How-
ever, opportunities exist to surmount these challenges, improve
testing precision, and diminish the time complexity of current
machine learning (ML) and DL models.

The aim of our project is to create an effective BTI sys-
tem using a tailored dataset for the early detection of brain
tumors. This research proposes a multi-level feature extraction
model that concatenates two pre-trained DL models for the early
identification of brain tumors.

While previous research has indicated good performance
utilizing transfer learning and pre-trained convolutional neural
network (CNN) such as VGG, Inception, and ResNet, these
methods frequently have disadvantages, such as reliance on lim-
ited datasets, lack of interpretability, and inadequate validation
across a variety of MRI scans. On the other hand, by concate-
nating ConvNeXt-Tiny and DenseNet169, our proposed model
leverages their complementary features to present a multi-level
feature fusion architecture. While DenseNet169 uses superior gra-
dient flow to capture richer semantic features, ConvNeXt-Tiny
extracts low-level features in a lightweight and efficient manner.
Furthermore, we use explainable artificial intelligence (XAI) tech-
niques to facilitate interpretability and confidence, which is crucial
for medical applications.

This research’s primary contributions are as follows:

1) We have proposed an improved BTI model using a merged
dataset, which offers an effective solution and enhances the
ability to be generalized for precise early-stage identification.

2) Our approach combines ConvNeXt-Tiny and DenseNet169
layers for multi-level feature extraction and identification,
surpassing existing state-of-the-art models.

3) We used XAI by utilizing Local Interpretable Model-
agnostic Explanations (LIME) and Gradient-weighted Class
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Activation Mapping (Grad-CAM) to elucidate the decisions
of our proposed model.

The remaining part of the paper has been organized as fol-
lows: Section 2 presents relevant work, Section 3 outlines the
methodology, Section 4 details the results and findings, and
Section 5 continues with a summary of future work.

2. Literature Review

Models developed using DL and ML have the capacity to
address this issue. A wide range of relevant works have been
thoroughly researched in this area.

2.1. Machine learning techniques

ML has become a vital component in modern medical diag-
nosis, particularly for identifying and classifying brain tumors
through MRI scans. Manogaran et al. [16] presented an enhanced
method utilizing orthogonal gamma distribution-based ML to
tackle under-segmentation and over-segmentation issues in brain
tumor detection. However, that may face limitations regarding
the dataset’s quality, handling complex tumors, requiring further
validation on diverse datasets, and computational complexity for
real-time clinical diagnosis.

Similarly, Khaliki et al. [17] utilized CNN and transfer learn-
ing methods like Inception-V3 and EfficientNet-B4. Their studies
achieved high accuracy rates: VGG-19 at 96%, EfficientNet-B4
at 97%, Inception-V3 at 96%, and VGG-16 at 98%. This study
classifies glioma, meningioma, and pituitary tumors using brain
MRI, highlighting the effectiveness of these methods.

Anantharajan et al. [18] proposed the Ensemble Deep Neu-
ral Support Vector Machine (EDN-SVM) method, which achieves
an accuracy of 97.93% in differentiating abnormal from nor-
mal brain tissues in MRI images. Medical imaging analysis has
advanced significantly, as evidenced by the reported sensitivity
and specificity values of 92% and 98%, respectively.

Saeedi et al. [19] introduced DL and ML methodologies for
diagnostic purposes utilizing MRI data. The 2D CNN attained a
training accuracy of 96.47%. K-nearest neighbor (KNN) exhibits
the highest accuracy at 86% among ML methods, while Mul-
tilayer Perceptron (MLP) shows the lowest accuracy at 28%.
This contrast highlights the potential of advanced computational
methods to enhance diagnostic outcomes for brain tumors.

Mushtaq et al. [20] examined ML methods for brain tumor
detection using MRI, highlighting the critical importance of imag-
ing in diagnosis. A comparative analysis was conducted between
ANN and CNN models, demonstrating the superior effectiveness
of CNN. Recent studies have demonstrated that advanced DL
frameworks can significantly improve the accuracy of brain tumor
detection from MRI images.

2.2. Deep learning techniques

Medical image analysis utilizing DL, a subset of ML,
has shown outstanding outcomes, especially in identifying brain
tumors using MRI data. Archana and Komarasamy [21] pro-
posed a novel approach that combines U-Net for segmentation
with bagging ensemble and k-nearest neighbor (BKNN) for clas-
sification, achieving a classification accuracy of up to 97.7%.
The method is effective; however, it may encounter scalabil-
ity challenges with large datasets, indicating opportunities for
enhancement via supervised techniques such as CNNE.
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Noreen et al. [22] proposed a method for the early diag-
nosis of brain tumors through multi-level feature extraction
and concatenation utilizing pre-trained DL models, specifically
Inception-V3 and DenseNet201. The method, tested on a pub-
licly available brain tumor dataset, achieved a testing accuracy
of 99.34%, which is higher than existing methods. This study
emphasizes the efficacy of DL models, specifically DenseNet201,
in accurately detecting brain tumors, and recommends further
investigation into fine-tuning techniques and ensemble methods
for enhanced performance. Abdusalomov et al. [23] proposed a
refined YOLOvV7 model for brain tumor detection in MRI scans,
achieving an accuracy of 99.5% through transfer learning and data
augmentation. The addition of the Convolutional Block Atten-
tion Module and Spatial Pyramid Pooling Fast + layers improves
the model’s ability to extract features. We need to do research to
make sure this method really works because we still need to find
better ways to identify brain tumors so we can diagnose them
correctly and help people get better.

Selvy et al. [24] utilized a depthwise separable CNN for
MRI-based tumor detection, demonstrating superior perfor-
mance compared to traditional methods such as support vector
machines (SVMs) and KNN. DL, specifically CNN and depth-
wise separable methods, improves tumor detection accuracy,
with a depthwise separable CNN achieving an accuracy of
92%. Although effective in tumor detection, future improvements
should concentrate on identifying specific tumor types to facilitate
tailored treatment recommendations, thereby advancing health-
care. Shoaib et al. [25] investigated CNN-based models for brain
tumor classification, attaining an accuracy of 93.15% for trans-
fer learning and 91.24% for CNN-based models. The proposed
models utilize MR images to classify glioma, meningioma, pitu-
itary tumors, and normal cases effectively. The transfer learning
model demonstrates superior performance compared to other
CNN-based methods, yielding favorable outcomes for practical
applications and potential improvements in real-time detection
through Field-Programmable Gate Array (FPGA) or mobile plat-
forms. Future research will focus on expanding the database,
refining model structures, and enhancing the accuracy of tumor
localization in brain surgery.

Zeineldin et al. [26] presented NeuroXAI, an XAI frame-
work designed for DL networks in the context of medical image
analysis, with a specific emphasis on brain imaging. NeuroXAI
utilizes seven advanced explanation methods to generate visual-
ization maps, thereby improving the transparency of DL models.
NeuroXAlI’s experiments in image classification and segmenta-
tion tasks illustrate its capability to aid radiologists and medical
professionals in the detection and diagnosis of brain tumors. In
the future, research intends to quantitatively assess the quality
of explanation methods and investigate the extraction of quan-
titative features from these explanations, thereby enabling their
incorporation into clinical practice. Abdalla et al. [27] exam-
ined the effects of data augmentation techniques on the efficacy
of deep transfer learning networks (Inception-V3, VGG-16, and
DenseNet169) in identifying brain tumors from MRI scans.
The results indicate notable enhancements in accuracy following
augmentation, with VGG-16, Inception-V3, and DenseNet169
attaining accuracy rates of 96.88%, 98.44%, and 96.88%, respec-
tively. The findings highlight the significant impact of data
augmentation on improving the reliability of MRI-based brain
tumor diagnoses, thereby benefiting patient care. The study uti-
lizes different artificial intelligence (AI) models to make a better
system for finding brain tumors, and it shows that adding more

information to the pictures is a really good way to make the
system more accurate.

2.3. Hybrid techniques

Hybrid techniques that include multiple ML and DL mod-
els have drawn interest in their ability to improve brain tumor
detection efficiency. Biswas and Islam [28] introduced a hybrid
model that combines DCNN and SVM for the classification of
brain tumors. Preprocessing techniques and data augmentation
are utilized on MRI images to improve feature extraction. The
proposed model demonstrates enhanced performance relative to
transfer learning models (AlexNet, GoogleNet, VGG-16), achiev-
ing an accuracy of 96.0%, specificity of 98.0%, and sensitivity of
95.71%. Furthermore, it exhibited reduced processing time and effi-
cient feature extraction without overfitting, suggesting its capability
for precise and swift brain tumor classification. Khalid Alduraibi
[29] examined the effectiveness of deep features derived from 18 pre-
trained CNN:s for the classification of brain tumors in MRI images.
The proposed approach utilizes a combination of DenseNet201,
EfficientNet-B0, and DarkNet-53 deep features alongside SVM,
resulting in an accuracy of 97.1%, which exceeds that of other
models. ReliefF feature selection combined with particle swarm
optimization (PSO) improves performance, indicating its appli-
cability in real-time clinical settings. The incorporation of larger
datasets and data augmentation may enhance the model’s reliability
and accuracy in subsequent research endeavors.

Agarwal et al. [30] proposed an advanced method employing
DL for the detection of brain tumors from MRI images, tackling
the difficulties associated with manual detection and the necessity
for automated diagnostic systems. The fine-tuned EfficientNet-B0
model demonstrates enhanced performance, achieving an accu-
racy of 98.87%, exceeding that of other leading CNN models.
Future research will investigate further deep CNN models, refine
segmentation techniques, and extend applications to various med-
ical imaging modalities to improve accuracy and increase utility
in clinical practice. Islam et al. [31] proposed a novel ensem-
ble model that integrates three components: a 2D CNN with
13 layers, a 2D CNN with 9 layers, and a 2D CNN-LSTM,
aimed at classifying brain tumors from MRI images. Augmenting
the ensemble architecture with additional fully connected layers
results in a notable performance increase, achieving an accuracy
prediction of 98.82%. The results highlight the effectiveness of
ensemble learning in the classification of medical images, present-
ing favorable opportunities for precise diagnosis of brain tumors.
They could improve model interpretability and refine region of
interest detection to enhance efficacy in clinical applications.

Abbas et al. [32] introduced an automated method for
brain tumor classification utilizing a HYBRID CNN-LSTM
approach. This method includes preprocessing steps such as rota-
tion, cropping, and zooming, followed by tumor segmentation
and classification based on PSO with the hybrid CNN-LSTM
model. The method attains a peak accuracy of 92.03% through
the application of deep transfer learning and data augmenta-
tion. This research emphasizes the efficacy of integrating CNN
and Long Short-Term Memory (LSTM) architectures for effec-
tive brain tumor classification, providing valuable insights for the
development of future Computer-Aided Diagnosis (CAD) tools
in medical imaging.

Recent works regarding brain tumor detection are summa-
rized in Table 1, considering DL, classical ML, and ensemble
approaches.
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Table 1
Recent works on brain tumor identification based on deep learning, classical ML, and ensemble approach
Refs. Used technique Dataset Accuracy Limitation
[16] OGDMLA: Edge-based 994 MRI images 99.55% Segmentation limitations: com-
segmentation plex shapes, imaging variations,
dataset specificity
[17] CNN-based Inception-V3, 2870 MRI images 98% Lack of essential preprocessing
EfcientNetB4 steps impacts accuracy
[18] EDN-SVM model 253 MRI images 97.93% Limited applicability to gray-scale
images and 2D brain scans only
[19] 2D CNN-auto-encoder network 275 MRI images 96.47% Limited evaluation on diverse
MRI datasets and tumor types
[20] ANN and CNN-based models 2020 images 88.70% Preprocessing effect on imbal-
anced dataset accuracy
unexplored
[21] BKNN 3,064 MRI images 97.7% BKNN’s inefficiency hampers
real-time diagnosis scalability
[22] Inception-V3 and DenseNet201 3064 T1-weighted 99.34% Dependence on pre-trained
contrast MRI models hampers adaptability
images
[23] YOLOvV7 model 8232 MRI images 99.5% More validation needed for real-
world effectiveness
[24] KNN-CNN 253 MRI images 92% Future enhancements for tumor-
specific treatment suggestions
[25] CNN, Inception-ResNet-v2, 826 MRI images 93.15%, Database size limits findings,
Inception-V3 86.80%, 85.34% requiring expansion
[26] CNN-NeuroXAI framework 1251 MRI images - Quantitative XAl evaluation and
feature extraction planned
[27] Inception-V3, VGG-16, and 253 MRI images 96.88%, Small datasets necessitate fre-
DenseNet169 98.44%, 96.88% quent data augmentation
techniques
[28] CNN-SVM 2957 MRI images 96.0% Study lacks exploration of MRI
protocol impact
[29] DenseNet201 and DarkNet-53 2870 MRI images 97.1% Study lacks exploration of
MRI protocol impact on
classification
[30] Decision Tree (DT), Naive 4850 MRI images 99.58%, 99.59%, Study lacks consideration of
Bayes (NB), AdaBoost, KNN, 99.58%, 99.58% dataset biases for generalization
SVM-feature extraction
[31] 13-layer CNN 10470 MRI images 98.82% Ensemble learning’s inter-
pretability and biases not
addressed
[32] CNN-LSTM and 5712 MRI images CNN-LSTM: The small dataset limits generaliz-
CNN-BILSTM 97.86%, CNN- ability; future work will address
BiLSTM: 99.77% this with larger datasets
3. Methodology 3.1.1. Dataset a

An overview of the proposed approach is shown in Figure 1.
Two MRI datasets that were previously made public were com-
bined to make a new, more extensive dataset. Next, it was passed
into the feature extractor after being preprocessed. The next step
is to evaluate and fit our BTI model.

3.1. Classification dataset

In this paper, two datasets were used from Kaggle in the
public domain. Both datasets were clinically approved.
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The first set of data was the Br35H: Brain Tumor Detection
2020, which addresses the complexities of BTI due to variations in
size and location [33]. This dataset comprises a well-curated selec-

tion of tumors, organized into three folders labeled “yes,” “no,
and “pred,” containing a total of 3060 brain MRI images.

3.1.2. Dataset b

The second dataset was sourced from the Kaggle Brain MRI
Images for Brain Tumor Detection [34]. With advancements in
medical technology, MRI scans have emerged as a dependable
resource. This dataset comprises 253 images, classified into “yes”
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Figure 1
Methodology block diagram
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and “no” files, denoting the presence or absence of a tumor in
patients.

3.1.3. Merged dataset

The two publicly available MRI datasets were merged to cre-
ate a customized binary classification dataset consisting of two
classes: tumor (“yes”) and non-tumor (“no”). The final merged
dataset contained 3253 MRI images, including 1655 tumor images
and 1598 non-tumor images. The dataset was randomly divided
into training (2603 images, 80%), validation (325 images, 10%),
and testing (325 images, 10%) subsets, as summarized in Table 2.

Table 2
Overview of dataset distribution for training, test, and validation
Class Training Validation Test Total
Yes 1325 165 165 1655
No 1278 160 160 1598
Total 2603 325 325 3253

Besides, some random sample images of a merged dataset of
brain tumors are given in Figure 2. The upper four images have
brain tumors, and the lower four images are normal brain images.

3.2. Data preprocessing

1) Image augmentation: Image augmentation is an important pre-
processing method used to artificially increase the size and
diversity of the dataset. This procedure involves perform-
ing a sequence of arbitrary transformations to the original
images, including rotations, translations, zooming, shearing,
flipping, and further modifications. These changes are imple-
mented in real time during model training, ensuring the
model encounters a broader range of visual circumstances. The
objective of image augmentation is to mitigate overfitting by
enhancing the model’s generalization capabilities.

2) Image rotation: We used images captured from different ori-
entations due to variations in patient positioning or scanner
settings. To account for these differences, we applied image
rotation as a form of augmentation. Specifically, the images
were rotated 90 degrees clockwise using the rotation_range
parameter in the Keras ImageDataGenerator. This aug-
mentation simulates a variety of orientations, enabling our
proposed model to learn and recognize tumors from differ-
ent angles and perspectives. By training on rotated images,
the model improves its robustness to variations in brain struc-
tural orientation, resulting in an augmentation of its capacity
to generalize across diverse scanning settings and patient
locations.

3) Image shifting: This augmentation simulates minor movements
or misalignments of the MRI images, which can occur during
the imaging process or due to patient motion. Both horizontal
and vertical shifting are applied to the images within the range
defined by the “width_shift_range” and “height_shift_range”
parameters, respectively. This helps the proposed model to be
more effective in the detection of tumors regardless of their
position within the image. By applying horizontal and vertical
shifts to the images, the proposed model is able to concen-
trate on different areas of the brain for the detection of tumors
regardless of their position within the image.

4) Image shearing: Shearing transformations cause distortions
to the shape of the images, simulating possible deformations
that may be present in the images due to factors such as the
positioning of the patients, the equipment, and possible arti-
facts that may be present during the scanning process. The
“shear_range” parameter was used to have a better under-
standing of the images. This data augmentation technique
allows the model to learn from images that are distorted, hence
helping the model to recognize the presence of the tumor even
if the images are distorted to some extent. By allowing the
model to learn from sheared images, the proposed model is
able to detect the tumor even if the images are distorted to
some extent.

5) Image zooming: Zooming magnifies or shrinks specific parts
of the MRI images, allowing our proposed model to focus on
different regions with varying levels of detail. We have used
image zooms by scaling their dimensions by a factor of 1.5 in
both the x and y directions (f, = 1.5, f, = 1.5), a parameter
that controls the image. This helps our proposed model learn
to detect tumors of different sizes and ensures robustness to
variations in image resolution.

6) Image flipping: Horizontal flipping method creates mirror
images of the original MRI image, effectively doubling the
size of the training dataset. This data augmentation method
enables our proposed model to generalize even better, as the
model is exposed to images with reversed left-right orienta-
tion with a certain probability defined by the “horizontal_flip”
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Figure 2
Brain tumor “yes” and “no” images

Image 2

Image 3 Image 4

100

parameter, thereby enabling the model to detect tumors
regardless of orientation. This is particularly useful when deal-
ing with asymmetrical structures in the brain, where flipping
enables the model to detect tumors regardless of whether they
are on the left or right side of the brain. Table 3 shows the
result of data augmentation.

Table 3
Number of data in datasets 1 and 2 before and after augmentation

Dataset Yes No Total images
Br35H:2020 1500 1500 3000
Brain MRI images 155 98 253
Before augmentation 1655 1598 3253
After augmentation 3153 3058 6211

The original merged dataset contained 3253 MRI images. Data
augmentation was applied only to the training dataset to improve
model generalization, whereas the validation and testing datasets
were kept unchanged to ensure an unbiased evaluation of the
proposed model.

7) Outlier handling: Outliers refer to elements that vary signifi-
cantly from the majority. We have used the interquartile range
method to detect outliers based on the spread of the pixel
intensity values within the image. Then, finally, the outliers are
replaced with a more representative value, which then reduces
their impact on the model’s training. This ensures that the pro-
posed model does not get affected by the outlier pixel intensity
values present within the MRI images.
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Image 4

These preprocessing techniques not only increase the diversity
of the training data but also ensure that the model is not misled by
extreme pixel intensity values that could skew its learning process.
This contributes to the effectiveness and robustness of the model.

3.3. Feature extraction

Two pre-trained models were evaluated for feature extrac-
tion. All the feature extractors utilized in this study are illustrated
in Figures 3 and 4. Transfer learning is a methodology in which
a pre-trained model, originally developed for one task, is uti-
lized for a related one. This method decreases training duration
as the model has acquired knowledge from a comparable issue.
In image classification, multiple CNN models that achieved
prominence in the ImageNet challenge are commonly utilized
via transfer learning to tackle diverse image classification tasks.
This study employs two pre-trained CNN models for feature
extraction: ConvNeXt-Tiny [35] and DenseNet169 [29]. We have
utilized all these pre-trained models on the three aforementioned
datasets.

3.3.1. ConvNeXt-Tiny model

ConvNeXt, proposed by Facebook AI Research (FAIR)
in 2022, makes operations such as window shifting and rel-
ative position bias, resulting in improved performance and
reduced computational requirements relative to transformer
networks. It is important to note the significant role of
this model in comparison to other pre-trained alternatives.
ConvNeXt, inspired by the ResNet architecture, utilizes a
comparable structure that incorporates residual blocks. Fur-
thermore, it incorporates multiple advanced network design
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Figure 3
Pre-trained ConvNeXt-Tiny model architecture
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strategies to improve overall performance. Figure 3 illustrates
the detailed structure of ConvNeXt-Tiny and the ConvNeXt
Block.

3.3.2. DenseNetl69 model

DenseNet169 is a powerful CNN architecture. It tackles
vanishing gradients, a training hurdle, by connecting each layer
to all prior layers. This “dense connectivity” improves feature
reuse and learning efficiency. DenseNet169s depth and design
make it effective for complex image classification tasks, influ-
encing future network designs [30]. It is important to highlight
the significant role of this model compared to other pre-trained
CNNs. DenseNet-based architectures are widely used in fields
such as image classification, Natural Language Processing (NLP),
autonomous vehicles, earthquake prediction, object detection,
and speech recognition [36]. Figure 4 shows the architecture of
the DenseNet169 model.

These visualizations illustrate the intermediate feature maps
extracted from the ConvNeXt-Tiny and DenseNet169 models
during the processing of brain MRI images.

The ConvNeXt-Tiny feature maps in Figure 5(a) represent
early-stage activations from the model’s convolutional layers,
which are responsible for low-level spatial feature representations

Dense layer
flatten layers

such as edge, contour, and textural features. These types of
feature representations are essential for developing structural
awareness within the image, enabling the model to differen-
tiate between normal and abnormal brain regions based on
visual characteristics such as irregularities in shape and boundary
disruption. As a result of its lightweight design, ConvNeXt-
Tiny is computationally efficient in representing basic feature
representations.

In contrast, the DenseNetl169 feature maps in Figure 5(b)
display deeper-level representations, where each layer is connected
to all previous layers. These maps reflect more semantic and
abstract features associated with the presence of tumors, such
as variations in intensity, tissue density, and irregular anatom-
ical structures. DenseNet’s architecture facilitates more efficient
feature reuse, which is particularly important when examining
complex and subtle images, such as MRI scans of the human
brain.

Together, these visualizations underscore the complemen-
tary roles of both models in the proposed ensemble framework.
ConvNeXt-Tiny provides fast, efficient extraction of basic fea-
tures, while DenseNet169 contributes deeper interpretive power
and enhanced sensitivity to fine-grained tumor characteristics.
This multi-level feature fusion enriches the model’s overall rep-
resentation capability, leading to improved accuracy, robustness,
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Figure 5
ConvNeXt-Tiny feature heat map and (b) DenseNet feature heat map

Stage 3 Feature Maps

and generalization in classifying both tumor and non-tumor
cases.

3.3.3. Feature extractor selection

Analyzing the pre-trained models, we select ConvNeXt-Tiny
and DenseNet169 for their performance in datasets a and b and
the merged dataset.

3.4. Proposed ensemble model architecture

After selecting the feature extractor, we ensemble two pre-
trained base models, ConvNeXt-Tiny and DenseNetl69. By
combining the strengths of these two models, we concentrate on
and use techniques aiming to extract features from MRI images
and classify the accuracies. The models are used by freezing the
weights and enabling the model’s performance and generalization
ability. The proposed model architecture is given in Figure 5 and
described each layer below.

3.4.1. Pre-trained base models

As seen in Figure 6, the model’s architecture demonstrates
how we integrated two pre-trained base models—ConvNeXt-Tiny
and DenseNet169—to build an efficient brain tumor classification
model.

The second pre-trained base model is DenseNet169, where
each layer is only connected to the next subsequent layer in a
feed-forward fashion. This architecture enhances gradient flow
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throughout the network, improving parameter efficiency and
overall performance.

The merged dataset was randomly divided into training (2603
images, 80%), validation (325 images, 10%), and testing (325
images, 10%) subsets before model training. Data augmentation
was applied only to the training dataset, while the validation
and testing datasets remained unchanged. All MRI images were
resized to 224 x 224 pixels and normalized prior to feature extrac-
tion. The proposed model was trained using the Nadam optimizer
with the categorical cross-entropy loss function and a batch size
of 64. Training was performed for a maximum of 50 epochs. To
improve convergence and reduce overfitting, ReduceLROnPlateau
and Early Stopping (patience = 7) were employed, and the model
with the lowest validation loss was selected for final evaluation.

To adapt these models for brain tumor detection, we intro-
duced several custom layers. In ConvNeXt-Tiny, global average
pooling and fully connected layers were integrated to further
refine the feature maps and enable classification specific to MRI
images. For DenseNetl169, additional dropout and dense layers
were added to prevent overfitting, particularly important when
working with relatively small datasets like medical images.
Batch normalization layers and ReLU activation functions were
included in both models to stabilize learning, enhance conver-
gence, and allow the networks to capture more complex patterns
within the MRI data.

Both models underwent fine-tuning, where only the final lay-
ers were updated to adjust the models specifically for MRI scans.
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Figure 6
Proposed model architecture
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The number of epochs was determined effectively through early
stopping. Training was initially intended for 50 epochs; however,
validation accuracy dropped after the ninth epoch, triggering the
early termination condition at epoch 16. This guaranteed that the
model performed optimally, preventing overfitting and ensuring
that our proposed models could generalize well to unseen data.

The combined architecture of ConvNeXt-Tiny’s lightweight
efficiency and DenseNet169’s advanced feature reuse capabilities
significantly improves detection performance, leading to a robust
and accurate system for brain tumor detection across various
cases.

3.4.2. Frozen weights

The weights in the models were frozen to have more effective
processing of the two base models, which made the parameters
stop updating the pre-trained models during the training process.
We froze the weights to get the benefit and give a chance to learn
the features of an extensive dataset without implementing com-
putation functions. Some of the most crucial points of freezing
the weights are discussed below.

1) Preserving learned features: freezing the lower layers of pre-
trained models keeps useful basic features (like edges and
shapes) intact, allowing them to serve as reliable feature
extractors for new tasks.

2) Fine-tuning: the lower layers remain fixed, while the higher
layers near the output are actively adjusted or retrained to suit
the new task, with their weights updated based on training
gradients.

3) Preventing overfitting: freezing the lower layers of a pre-trained
model helps prevent overfitting, especially with limited training
data.

3.4.3. Concatenation of outputs and layers

First, MRI images were taken by the input layer contain-
ing arrays. These images were then fed into the model. The
ConvNeXt-Tiny model served as the foundation of the proposed
concatenated model. It included layers with activation and pool-
ing functions that extract hierarchical features, capturing patterns
at various spatial scales.

Next, the DenseNet model acted as the second base in the
proposed concatenated model. Its densely connected convolu-
tional layers let each layer receive feature maps from previous
layers. This dense connectivity enabled feature reuse, enhancing
gradient flow and promoting robust learning.

The feature fusion step merges the distinct features learned
by ConvNeXt-Tiny and DenseNet169, providing more varied and
diverse input data. Then, dense layers and group normalization
were applied, where concatenated features were passed through
several layers. Each layer applied a linear transformation to the
input features, followed by group normalization to support stable
training and improved generalization.

Dropout was then applied to help prevent overfitting by ran-
domly dropping units during training. Finally, the output layer,
containing two units, classifies images into two classes. A dense
layer with softmax activation generated final class probabilities
for brain tumor detection, ensuring the classes were correctly
classified.

3.5. Model evaluation parameters

We applied several performance evaluation metrics such as
accuracy, precision, recall, and Fl-score in order to validate the
performance of the proposed model.

Accuracy = TP+ 1N ey
TP+ TN+ FP+ FN

Precision = %3 (2

Recall = %\7 (3)

FL = seore = e o @

TPR = %\[ ®)

09



Artificial Intelligence and Applications Vol. 00 Iss. 00 2026
FPR = _FP 6) . Figure 7 ] o
FP+ TN Training progress: (a) accuracy value during the training and

After training, the best-performing model was evaluated using
the independent testing dataset consisting of 325 MRI images
that were not used during the training or validation stages. No
data augmentation was applied to the testing dataset. The model
performance was evaluated using accuracy, precision, recall, F1-
score, confusion matrix, and receiver operating characteristic
(ROC) curve with the corresponding area under the curve (AUC).
These evaluation metrics were computed on the unseen test-
ing dataset to ensure an objective assessment of the proposed
framework.

4. Results and Findings

Our proposed ensemble model has been validated through
various methods to accurately assess performance. The perfor-
mance is evaluated using various performance metrics. The effects
of ensemble learning are also discussed. The analysis includes
the performance improvements following augmentation. The pro-
posed model is validated to assess its generalization capability. We
integrate Grad-CAM++ and LIME to elucidate the transparency
of our proposed model. The proposed model is compared with
existing research.

4.1. Performance metrics

A wide range of performance indicators, including accuracy,
precision, recall, Fl-score, ROC, and AUC score, were used to
evaluate the proposed model. Upon training our proposed model,
the accuracy and loss curves for both training and validation are
illustrated in Figure 6. Figure 7(a) and (b) illustrate the training
and validation accuracy and loss curves, demonstrating the learn-
ing and generalization capabilities of our proposed model. Early
halting was implemented at the 16th epoch to mitigate overfit-
ting, with peak validation performance noted at approximately
the 9th epoch. The progressive rise in training accuracy signifies
an acquaintance with the training samples, whereas elevated vali-
dation accuracy validates the model’s efficacy on novel data. The
consistent decline in training and validation loss signifies effective
learning, with negligible disparity between predicted and actual
labels, suggesting that the model generalizes effectively without
overfitting.

4.2. Explainable Al (XAI) techniques

We carried out a comprehensive analysis of our preprocessed
MRI scans using sophisticated ML models to make predictions
regarding abnormalities. To make our model’s predictions more
comprehensible, we utilized XAI techniques such as LIME and
Grad-CAM. This involved the use of various algorithms to make
accurate and reliable predictions.

LIME provides interpretable explanations by highlighting
specific brain regions that significantly affected the model’s pre-
dictions. On the other hand, Grad-CAM generates heatmaps that
illustrate areas with the highest importance based on the model’s
gradient values. This method not only reveals which regions
of the MRI scan the model focuses on when making predic-
tions but also provides visual validation of the model’s reasoning
process. By visually depicting the relevant features that contribute
to a specific prediction, Grad-CAM enhances our understanding
of the model’s behavior, thereby offering deeper insights into the
decision-making process.
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In addition, we have also ensured the robustness of our
approach by incorporating custom layers within our ML mod-
els. These custom layers have been developed to adapt to the
unique characteristics of the MRI data, which often includes com-
plex patterns and variations that standard models might overlook.
By enhancing feature extraction and representation, these layers
allow the model to capture more relevant information from the
data.

Throughout the training process, we conducted iterative
model feature updates to refine the learning process continuously.
This iterative approach allowed the model to adapt dynami-
cally to the data, improving its performance on novel instances
while maintaining its ability to generalize across different cases.
By integrating advanced interpretability tools and a powerful
model architecture, we have been able to develop a reliable and
transparent framework for predicting brain abnormalities.

The inclusion of XAI is especially important for medical
applications, where black-box predictions cannot be fully reliable.
LIME and Grad-CAM++ provide transparency by showing
which regions of the scan influence the decision, enabling clin-
icians to validate the attention of the model. This can increase



Artificial Intelligence and Applications Vol. 00

Iss. 00 2026

trust, interpretability, and the likelihood of clinical adoption of
Al-assisted diagnosis systems.

In Figure 8(a) and (b), the leftmost image in both the
“yes” and “no” images of tumor and non-tumor MRI scans has
undergone several preprocessing steps. Then we applied Gaussian
filtering to use and reduce noise, enhancing image quality. Pixel
intensity normalization and segmentation removed non-brain tis-
sues, standardizing and isolating brain structures for accurate
analysis.

The middle image in Figure 8 in both tumor and non-tumor
images shows the results of applying LIME to the MRI scan.
LIME is a technique that we used to explain the predictions of ML
models by highlighting the regions of the input image that most
strongly influence the model’s decision. The LIME explanation is
visualized in this image as a heatmap overlay on the MRI scan.
The highlighted regions indicate the areas the model found most
significant when making its prediction. These regions are crucial
for understanding which parts of the brain the model considers
important.

The rightmost image in Figure 8 in both tumor and non-
tumor images presents a Grad-CAM heatmap applied to the same
MRI scan. We used Grad-CAM as a visualization technique that
provides insights into the DL model’s decisions by generating a
heatmap that highlights the regions of the image with the high-
est gradient values relative to the predicted class. In this image,
the Grad-CAM heatmap is overlaid on the MRI scan. The areas
with the highest importance (usually in warm colors like red and
yellow) indicate where the model is focusing its attention when
making a prediction. This helps in understanding the model’s
behavior and ensuring that its decisions are based on relevant
anatomical features.

4.3. Confusion matrix analysis

A confusion matrix is a table that visualizes the performance
of a model by displaying the counts of true positive (TP), true
negative (TN), false positive (FP), and false negative (FN) pre-
dictions. It also helps us to understand the types of errors made
by the model and identify the classes of the model. Figure 9
shows Actual Yes (positive class): TP: 613, FN: 2 and Actual No
(negative class): FP: 1, TN: 629.

The matrix shows the TP correctly predicted 613 instances as
“yes” when they were actually “yes.” The model incorrectly pre-
dicted two instances as “no” when actually “yes.” Again, for the
FP, the model incorrectly predicted one instance as “yes” when it
was actually “no,” and the model correctly predicted 629 instances
as “no” when they were actually “no.” According to the confusion
matrix, we calculate the accuracy, precision, recall (sensitivity),
and Fl-score of the model, as given in Figure 9.

4.4. ROC curve

The ROC is a graphic representation of the True Positive
Rate (TPR) against the False Positive Rate (FPR). It helps to
understand the trade-off between sensitivity and specificity for
different classification thresholds. The ROC curve represents the
model’s performance by plotting the True Positive Rate (TPR)
against the False Positive Rate (FPR). Each point on the ROC
curve represents the point (0,0) and ends at (1,1). In our model, the
ROC curve that passes through the point (0,1), indicating a TPR
of 1 (all positives correctly predicted) and an FPR of 0 (no false
positives). As seen in Figure 6, it has a colored curve; the blue line
represents one class, and the red line represents the other. The

Figure 8
(a) Brain tumor original image “yes,” LIME explanation and Grad-CAM image, and (b) brain tumor original image “no,” LIME
explanation and Grad-CAM image

(a) Original Image

Lime Explanation

Grad-CAM

Grad-CAM
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Figure 9
Confusion matrix
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AUC is also displayed in the legend. A higher AUC value sug-
gests better model performance between the positive and negative
classes. In our model, both classes have high AUC values close to
1, which indicates the excellent ability of the model.

Our hybrid model outperformed DenseNet169 with a 1.9%
higher accuracy, 2.3% higher recall, and 2.1% higher F1l-score.
When compared to ConvNeXt-Tiny, the improvements were more
significant, with a 4.1% increase in accuracy and a 5.8% increase in
recall. These constant increases across all performance parameters
demonstrate the benefits of feature fusion and augmentation in
our approach.

4.5. Computational performance

Our proposed hybrid model required approximately 3 h and
15 min of training on an NVIDIA RTX 3080 GPU (10 GB
VRAM). Although the maximum number of training epochs was
set to 50, the training process converged after 16 epochs due to
the Early Stopping criterion. The average inference time per MRI
image was 42 ms. These results demonstrate that the proposed
model achieves high computational efficiency while remaining
suitable for real-world clinical deployment.

5. Discussion

Among the evaluated architectures, ResNet50 V2 and
DenseNet169 achieved high classification accuracies of 98.97%
and 97.87%, respectively, demonstrating the effectiveness of
deeper, feature-rich networks. MobileNet V2 and ConvNeXt-
Tiny, both designed for computational efficiency, performed
robustly with accuracy exceeding 95%, making them strong can-
didates for deployment in resource-constrained environments. To
understand how our model and other models that use pre-trained
CNN models have worked and which combination of CNN pre-
trained models has given the best accuracy, we will discuss them
in Figures 8 and 9.

In Table 4, the highest performance was observed in the
hybrid model combining DenseNet169 and ConvNeXt-Tiny,
which achieved 99.74% accuracy. This suggests that integrating
the strengths of multiple architectures can lead to substantial
gains in model generalization and predictive accuracy. However,
these findings should be interpreted within the context of the
experimental design and dataset used. It is important to note
that these results are not intended as a comparative study with
existing state-of-the-art methods. The dataset and evaluation cri-
teria used in this work may differ from those reported in the
original papers of other methods. Therefore, unless future stud-
ies adopt a standardized benchmark or the reported methods
are re-implemented under identical conditions, such comparisons
would not be methodologically sound. Table 5 provides a com-
parative overview of selected brain tumor classification models
with respect to dataset size, classification accuracy, and inte-
gration of XAI methods. Models referenced in studies [23, 24,
31, 32] demonstrate high classification accuracy ranging from
98.82% to 99.5%, utilizing substantial MRI datasets. However,
none of these models incorporate XAl techniques, which are
increasingly important for enhancing model transparency and
clinical interpretability. In contrast, the proposed model achieves
a superior accuracy of 99.74% using a dataset of 3253 MRI images
and is the only approach in the comparison to integrate XAl.
This highlights its potential for supporting more interpretable and
trustworthy diagnostic systems in medical imaging.

To evaluate the contribution of each module in the pro-
posed explainable hybrid DL framework, an ablation study
was conducted. Different configurations of the model were
tested by progressively adding or removing key components—
feature fusion, data augmentation, regularization techniques, and
explainability integration. The performance was evaluated using
the merged MRI dataset, and the results are reported in terms of
accuracy and Fl-score (Table 6).

The results clearly indicate that each component contributes
incrementally to the overall performance. Feature fusion alone

Table 4
Performance of individual backbone architectures on our dataset

Model Accuracy (%) Precision (%) Recall (%) F1-score (%)
VGG-19 93.13 93.03 92.33 93.10
ResNet50 V2 98.97 98.77 98.07 98.01
Inception-V3 92.88 92.78 92.58 92.08
MobileNet V2 95.17 95.07 95.12 95.02
ConvNeXt-Tiny 95.65 94.65 95.35 95.45
DenseNet169 97.87 97.87 97.77 97.57
Proposed model 99.74 99.64 99.59 99.60
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Table 5
Comparison of the proposed framework and XAl integration with existing research

Refs. Dataset Accuracy Precision (%) Recall (%) Fl-score (%) XAl integration
[23] Public 3-class dataset 99.45 + 0.05% 99.38 99.35 99.36 No
[24] Public dataset (~10.3k 99.5% 99.5 99.3 99.4 No
images, 4 classes)
[31] Three open benchmark 99.58% 99.59 99.58 99.58 No
datasets
[32] Three merged datasets 98.82% 98 98 98 No
(Ensemble
DL)
Proposed 3253 MRI images 99.74% 99.64 99.59 99.60 Yes
model
Table 6
Ablation study showing the contribution of each component in the proposed hybrid model on the merged MRI dataset
Regularization
Feature (Dropout + Accuracy Fl-score

Model configuration fusion Augmentation Early Stopping) XAl (%) (%)

ConvNeXt-Tiny (baseline) X X X X 96.82 96.25

DenseNet169 (baseline) X X X X 97.10 96.72

ConvNeXt-Tiny + DenseNet169 v X X X 98.53 98.20

(fusion only)
Fusion + Augmentation 4 4 X X 99.02 98.85
Fusion + Augmentation v v v X 99.74 99.68

+ Regularization

significantly improved accuracy over single architectures, indi-
cating that multi-level representation learning enhances tumor
feature discrimination. Data augmentation further improved gen-
eralization and robustness, while regularization (dropout and
early stopping) stabilized training and prevented overfitting.
Lastly, the integration of XAI modules (LIME and Grad-
CAM++) not only improved interpretability but also helped
in identifying meaningful feature regions, indirectly enhancing
model reliability and confidence for clinical application.

Despite the fact that the suggested model showed high lev-
els of accuracy, we closely monitored for indicators of overfitting.
Early stopping and dropout were used to stabilize training, and
there is no substantial divergence in the training/validation curves
(Figure 7). However, given the small sample size, there is still
some risk of overfitting. To further validate generalization, future
research will look into additional tactics such as model pruning,
adversarial training, and large-scale validation.

While we report good accuracy, precision, recall, and F1-
scores, we acknowledge that this study did not include formal
statistical significance assessment or confidence interval estimates.
Incorporating such statistical validation would result in a more
rigorous measure of resilience. In the future, we plan to pro-
vide confidence intervals and hypothesis testing to back up the
observed improvements.

The improved experimental results can be directly attributed
to the research contributions embedded in our proposed
framework. The combination of multi-level feature fusion, data
augmentation, regularization, and XAl integration significantly
enhanced the model’s performance.

First, the feature fusion between ConvNeXt-Tiny and
DenseNet169 enabled the extraction of both low-level structural

and high-level semantic features, enriching the representational
capacity of the model and improving classification accuracy. Sec-
ond, data augmentation through rotation, shearing, zooming,
shifting, and flipping expanded dataset diversity and improved
generalization on unseen MRI scans. Third, regularization tech-
niques, such as dropout and early stopping, effectively mitigated
overfitting and stabilized training convergence. Finally, the inte-
gration of XAI methods (LIME and Grad-CAM++) provided
interpretability and transparency, indirectly supporting model
optimization through visual insights into decision-making regions.

Collectively, these contributions explain why our hybrid
model consistently outperformed baseline architectures across
all performance metrics, demonstrating superior robustness,
generalization, and clinical reliability.

6. Conclusion and Future Work

While our model achieved great accuracy on the merged
dataset, we acknowledge that the current validation is only appli-
cable to this dataset. External validation across independent
datasets is required to evaluate real-world generalizability and
diagnostic accuracy, as highlighted in recent studies [37, 38]. In the
future, we intend to expand testing to include multi-institutional
datasets and previously unseen individuals to assess robustness in
a variety of clinical contexts.

This study focused on identifying brain tumors from MRI
data via a hybrid model that integrates DenseNetl69 and
ConvNeXt-Tiny architectures. Although CNNs have demon-
strated efficacy in medical imaging applications, such as BTI,
the application of the ConvNeXt-Tiny model for this objec-
tive was unprecedented. The ConvNeXt-Tiny model attained an
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accuracy of 82.51% independently. Our hybrid model, which inte-
grates DenseNet169 and ConvNeXt-Tiny, attained an exceptional
accuracy of 99.74%. Furthermore, we employed a merged dataset
consisting of 3253 MRI images collected from two publicly avail-
able datasets to ensure comprehensive model training, validation,
and testing. Our principal objective was to develop a robust and
accurate hybrid framework for reliable brain tumor classification
from MRI scans while enhancing model transparency through
XAI techniques.

Future research should focus on larger and more diverse
datasets to improve robustness and clinical applicability of DL
models [39, 40]. This expanded dataset will enhance the model’s
accuracy and generalization potential. Moreover, recent stud-
ies have demonstrated that ML techniques are also effective in
diagnosing and assessing other neurological disorders, such as
Parkinson’s disease, indicating the broader potential of Al in
computer-aided medical diagnosis [41].
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