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Multi-Class Brain Tumor Type Classification Using Convolutional 
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ABSTRACT
The correct classification of brain tumors based on 
magnetic resonance imaging (MRI) is crucial in aiding 
clinical diagnosis and treatment planning. This paper 
suggests a multi-class brain tumor type hybrid deep 
learning model to classify MRI images into four class-
es, namely glioma, meningioma, pituitary tumor, and 
no tumor. The proposed method combines the use of a 
convolutional autoencoder (CAE) to extract the features 
of the image in an unsupervised manner and a trans-
fer learning-based convolutional neural network (CNN) 
with the VGG19 architecture to classify the image finally.  
The CAE minimizes MRI images of high dimensions 
into small and discriminative feature representations, 
eliminating redundancy and maintaining important 
structural data. The resulting features are then fed into 
a fine-tuned CNN-VGG19 model with Global Average 
Pooling and fully connected layers with SoftMax acti-
vation for a 4-class classification. Data augmentation 
algorithms are used in order to alleviate overfitting and 
enhance generalization. It is experimentally shown that 
the proposed CAE combining the CNN-VGG19 model 
results in an overall classification accuracy of 92.39, 
which is better than the comparative CAE with the CNN-
VGG16 models. The robustness and reliability of the 
model are further validated by evaluation based on mi-
cro and weighted precision, recall, and F1-score mea-
surements. The results reveal that, in an MRI-based 
diagnostic system, the multi-class classification of 
brain tumor types in the case of unsupervised feature 
learning, in combination with transfer learning, is con-
siderably improved.
Keywords: autoencoder, brain tumor, convolutional 
autoencoder, convolutional neural network, CNN with 
VGG19, deep learning, image processing

Introduction
Medical imaging plays a crucial role in identifying 
brain tumors, which is critical for diagnosing and 
treating brain-related illnesses. Traditional methods 
for detecting tumors include the manual assessment of 
medical pictures, a process that can be time-consum-
ing and prone to human mistakes.1 Autoencoders (AEs) 
are essential components that can be utilized to con-
struct hierarchical deep models, which are valuable 
for structuring, condensing, and extracting high-level 
characteristics even without labelled training data. It 
facilitates non-linear trait extraction and unsupervised 
comprehension. There exist specific historical back-
grounds pertinent to the AE. Numerous investigations 
have been executed in the domain of adverse events 
(AEs) employing deep learning (DL) methodologies. 
However, based on current information, there is a 
lack of comprehensive research that has successfully 

assessed the progress and developments in this partic-
ular subject. Although some researchers have attempt-
ed to systematize this area of research, just a handful 
have provided a comprehensive overview of the cur-
rent endeavors or delved into the unresolved matters.2 
The objective of this inquiry is to furnish an exhaustive 
synopsis of the most recent studies on deep learning 
employing autoencoders (AEs), and to suggest pro-
spective avenues in this domain, given the latent and 
expanding utility of AEs in convolutional neural net-
work (CNN) methodologies. Image modalities are be-
coming increasingly popular among radiologists due 
to their enhanced accuracy and reduced danger for 
patients. Various methods exist for capturing medical 
imaging data, such as radiography, echocardiography, 
tomography, and MRI. The most renowned among 
these is MRI, as it generates radiation-free images with 
superior resolution. Non-invasive MRI allows radiolo-
gists to detect brain problems by analysing medical im-
age data.3 Similarly, computer-aided diagnosis (CAD) 
technology enables early identification of brain tumors 
without the need for human intervention. Radiologists 
can obtain instructions from systems and obtain diag-
nostic conclusions utilizing magnetic resonance imag-
ing (MRI) pictures.4–7

Recent advances in deep learning techniques, par-
ticularly in computer vision, have opened up new 
possibilities for automating and improving the ac-
curacy of brain tumor identification. Convolutional 
neural networks (CNNs), one type of deep learning 
technique, have proven incredibly effective at picture 
interpretation tasks, including object detection and 
segmentation. Investigators are probing the viability 
of deploying DL methods to discern and classify brain 
tumors via MRI data. To augment medical diagnostic 
and therapeutic outcomes, researchers are assiduous-
ly endeavoring to develop CNNs capable of accurately 
diagnosing and categorizing brain tumors alongside 
other medical imaging modalities. Deep learning (DL) 
offers the benefit of not needing explicit rule-based 
methods or manually designed features. Convolutional 
neural networks (CNNs) excel in decoding intricate, hi-
erarchical patterns from unprocessed data. These net-
works are notably adept at handling tasks that require 
the interpretation of medical imagery. They are specif-
ically designed to capture spatial linkages and local 
patterns within images. As a result, DL has emerged 
as a highly practical approach for interpreting medi-
cal images. When compared to conventional methods, 
this technique can be utilized to detect abnormalities 
in imaging data and offer a more precise diagnosis of 
ailments. The original image has been employed as 
an input in deep learning algorithms to address this 
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issue.8 In essence, they can be categorized without the 
necessity of manually generated attributes. CNNs are 
deep learning algorithms that utilize several convolu-
tion layers 9 to automatically extract features from im-
ages.10 When confronted with a large dataset, which is 
challenging to obtain in the medical imaging market, 
CNN performed effectively. The TL, or Time Complexi-
ty, is a method of addressing and resolving this issue. 
In transfer learning, a pre-trained model is employed 
for classification tasks, even if it was learned on a large 
dataset from a different domain.11,12 Given a little data-
set, the model gains an advantage from this informa-
tion to achieve a high level of accuracy.13

This study is only concerned with automated multi-
class classification of brain tumors based on MRI 
images.14 It aims at classifying images into four clinically 
relevant categories, namely glioma, meningioma, pitu-
itary tumor, and no tumor. The suggested structure lacks 
tumor staging and progression analysis.15 In this respect, 
all parts of this manuscript, such as the title, the ab-
stract, the methodology, and the results, are structured 
with the objective of the tumor-type classification.16

Major Findings:
1)	 This study presents two deep learning model-based 

systems designed to automatically classify brain 
tumors.

2)	 A classification task is performed on brain images, 
both normal and pathological, using a highly opti-
mized model constructed with an additional com-
ponent to the TL-driven VGG19 architecture.

3)	 During the tuning process, three fully connected 
(FC) dense layers are utilized as the complete con-
nected layers. The terminal densely connected lay-
er, equipped with a SoftMax activation function, is 
employed for the discernment of brain tumors (BT).

4)	 Researchers employ global average (GA) pooling 2D 
to convert a 2D matrix into a vector, thus flattening 
the layers. This research study aims to enhance the 
prediction of BT detection by utilizing TL through 
the use of computer-aided engineering (CAE) with a 
hybrid CNN consisting of CNN-VGG19 layers.

Literature Review
This study has examined the existing literature on 
the hybrid deep learning method and the significance 
of autoencoders (AE) in enhancing the accuracy of 
predictions in the medical domain. Amin et al. intro-
duced an advanced DL approach for the identification 
of cerebral neoplasms, employing the sophisticated 
ResNet50 framework.13 The investigators harnessed 
a collection of brain MRI scans to educate the mod-
el, applying transfer learning by leveraging the pre-
established weights of Res-Net50. The integration 
of gradient descent optimization with binary cross-
entropy loss enabled the model to achieve a remark-
able accuracy of 92% in detecting brain tumors. This 
strategy demonstrated superior efficacy compared to 
conventional methods and highlighted the promise of 
deep learning technology in clinical settings. In their 
study, Sarah Thompson and her colleagues utilized 

an ensemble technique consisting of multiple CNNs 
to improve the accuracy of brain tumor identification.6 
The authors employed several architectures, such as 
ResNet50, VGG16, and InceptionV3, to train sepa-
rate CNN models. The ensemble model demonstrated 
a 94% accuracy rate in the detection of brain tumors. 
This was accomplished by employing a voting method-
ology to amalgamate the prognostications of multiple 
models. The ensemble technique exhibited superior 
performance and greater consistency compared to uti-
lizing a single model, indicating potential prospects 
for enhancing diagnosis.

In their study, Brown et al. concentrated on utiliz-
ing radiomic characteristics in conjunction with deep 
learning approaches to categorize brain tumors.17 
Brown et al. leveraged an amalgamated methodology, 
integrating conventional machine learning techniques 
with an advanced deep neural network, particularly 
ResNet50, for the explicit purpose of tumor categori-
zation. The quantitative radiomic characteristics were 
extracted and applied using brain MRI data. The pro-
posed approach demonstrated an overall accuracy of 
88% in categorizing brain tumors into their respective 
classifications. The utilization of radiomic and DL char-
acteristics has led to an improvement in the precision 
and ability to differentiate between tumors, providing 
valuable data for tailoring therapy strategies. Jennifer 
and her colleagues utilized the ResNet50 and U-Net 
architectural frameworks to develop a hybrid model 
specifically designed for segmenting brain tumors.18 
The research employed U-Net for preliminary broad 
segmentation, then refined the segmentation with 
ResNet-50. The model was trained with a vast array of 
brain MRI images that were meticulously annotated by 
hand. Expert radiologists provided these annotations. 
The combined model achieved a dice similarity coef-
ficient (DSC) of 0.92, reflecting remarkable accuracy 
and precision in segmenting brain tumors. The fusion 
of U-Net and ResNet-50 significantly facilitated treat-
ment monitoring and planning.

It is easier to precisely and effectively delineate the 
limits of the tumor. Sajid and his colleagues developed 
a hybrid CNN approach to identify brain tumors using 
BRATS MR images.19 The efficiency of the two-phase 
training strategy and dropout, which are complex 
regularization strategies, was studied and verified. 
When combining two- and three-path networks, they 
propose a hybrid model that enhances the function-
ing of the model. This model has demonstrated strong 
performance in many segmentation tasks, particularly 
in terms of analysing the capabilities of CNNs. Fur-
thermore, the training examples can lead to improved 
performance. Upon examination of the model, it was 
found to have achieved a Dice score of 86%, a speci-
ficity of 91%, and a sensitivity of 86%. Various types 
of magnetic resonance (MR) pictures of brain tumors 
were collected for this research study. In this study, the 
CNN demonstrated superior performance when com-
pared to TL models. However, Haq et al. have shown 
that transfer learning models yield superior results, 
with success rates above 90%.20 While contemplating 
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this task, the authors diligently endeavored to gain a 
comprehensive understanding of the issue through fur-
ther investigation.

Furthermore, this kind of model has been meticu-
lously trained on a vast compendium of imagery, en-
compassing millions of visual samples. When faced 
with a paucity of data, transfer learning emerges as 
remarkably effective. This technique employs a previ-
ously trained model, with its parameters fine-tuned for 
specific classification endeavors. By only training the 
fully connected layers of the model, it also benefits from 
not needing a significant number of computational re-
sources. Given these merits, specific models of transfer 
learning may be employed for diagnosing brain tumors. 
Talo et al. utilized a preexisting ResNet34 framework to 
differentiate between aberrant and normal brain MRI 
images. Extensive data augmentation 18 is also respon-
sible for achieving high prediction accuracy.

The recent developments in MRI-based brain tumor 
classification have used deep learning and transfer 
learning designs to develop more accurate diagnostic 
methods. To enhance the robustness of the classifica-
tion, Ullah et al. (2024) suggested an optimized deep 
learning model that adds feature selection and data 
balancing techniques.14 Priyadarshini et al. (2024) 
showed that Efficient Net-based transfer learning is an 
effective method of multigrade tumor classification, 
with the advantage of computational efficiency and 
better generalization. Agrawal et al. (2024) have been 
able to provide a comparative evaluation of a variety 
of current deep learning backbones, with a primary fo-
cus on how preprocessing and choice of architecture 
affect the performance.15 Attention-driven and ensem-
ble-based models like the ANSA framework by Babar et 
al. (2025) have demonstrated better discrimination in 
tumor types. However, hybrid deep learning methods, 
which Khan et al. (2025) discuss, increase accuracy 
with combined feature learning techniques.16 Addi-
tionally, systematic assessments like those by Dorfner 
et al. (2025) emphasize the role of standardized as-
sessment, cross-validation, and reproducibility of MRI 
tumor classification research.21 These publications are 
effective modern backgrounds to the assessment of 
CAE-based hybrid frameworks.

Research Gap
Swati and her colleagues have proposed an improved 
version of the VGG19 model to accurately detect brain 
tumours belonging to many classes.1 Later, Lu et al. 
introduced an enhanced version of the AlexNet ar-
chitecture to detect abnormalities in the brain.22 Only 
291 photos were used in this investigation. Sajjad et al.  
conducted a study where they used an enhanced 
VGG19 model to diagnose brain tumors in 121 imag-
es, employing a multiclass approach.23 Before the data 
was enhanced, their overall prediction accuracy was 
87.4%. The data augmentation strategy ultimately im-
proved the accuracy to 90.7%.

Research Methodology
Brain tumors are highly diverse with regard to size, 
shape, and anatomical location; automated classi-

fication of MRI scans is a difficult task. To overcome 
this, the current paper suggests a hybrid deep learning 
model, which will combine a convolutional autoen-
coder (CAE) to extract features and a transfer learn-
ing-based CNN with the VGG19 architecture to classify 
the brain tumor type under the multiple types of brain 
tumor classification. MRI images were downsampled 
to 224  ×  224  ×  3 and normalized, and then trained. 
To avoid data leakage, the dataset was stratified by 
patients to ensure that there was no overlap of images 
of the same patient in the training and validation sets. 
After splitting, data augmentation was administered 
to the training set only to enhance generalization and 
decrease overfitting. The augmentation methods were 
rescaling pixel values, random rotation over a range 
of 15 degrees, and nearest neighbor filling of missing 
pixels created in the process of transformations. The 
validation sample comprised 394 images that were 
classified into four categories, namely glioma, me-
ningioma, pituitary tumor, and no tumor. The CAE ar-
chitecture has a symmetric encoder–decoder design, 
which is aimed at learning compact and discriminative 
feature representations. The encoder has two convolu-
tional layers, each having 32 and 64 filters, both with 
3 × 3 kernels, stride (1,1), ReLU activation, and same 
padding, and the encoder ends with 2  ×  2 max-pool-
ing layers to spatial down sample. This design gen-
erates a bottleneck latent feature representation of 
56 × 56 × 64. The decoder is a reflection of the encoder 
based on transposed convolutional layers with 3  ×  3 
kernels and stride (2,2) to complete the reconstruction 
of the input image, and a final convolutional layer with 
the activation of sigmoid to normalize the pixel values. 
Maps of the encoded features that are obtained in the 
bottleneck layer are then used as input to the classifi-
cation network (Figure 1).

To classify, a pretrained VGG19 network with Ima-
geNet weights was used, with the top fully connected 
layers of the network removed. In fine-tuning, convo-
lutional Blocks 1–4 were frozen, and Block 5 was un-
frozen in order to retain pretrained low-level features, 
but enable domain-specific adaptation. A global av-
erage pooling layer was put afterward, and fully con-
nected layers with 4096 and 1024 neurons with ReLU 
activation and dropout regularization (rate = 0.5) were 
introduced. The last output layer is the four neurons 
with SoftMax activation used to conduct multi-class 
prediction. As the task is that of four mutually exclu-
sive classes, the loss function was categorical cross-en-
tropy, and one-hot encoded the ground-truth labels. 
Adam optimizer was used to optimize the model with 
a learning rate of 0.001, 8 = 0.9, first constant = 0.999, 
and e = 107. ReduceLROnPlateau learning-rate sched-
uler was used to decrease the learning rate by half in 
case of no improvement in validation loss over the 
last five epochs. A total of 49 epochs were trained on a 
256-batch size in order to achieve stable convergence 
and strong performance.

In order to put the performance of the proposed 
CAE–CNN-VGG19 framework into context, other base-
line models were followed to compare them. ImageNet 
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pretrained weights of modern deep learning backbones, 
such as ResNet50, DenseNet121, EfficientNet-B0, and 
Vision Transformer (ViT), were fine-tuned by applying 
the same fine-tuning strategies. Besides, a classical 
machine learning pipeline was developed based on 
manual radiomics feature extraction and support vec-
tor machine (SVM) classification. Each of the baseline 
models had been trained with the same preprocessing 
options, such as image resizing to 224  ×  224 pixels, 
normalization, patient-specific stratified data division, 
and the same type of augmentation methods used on 
the training subset only. All models had the evaluation 
metrics calculated to provide a fair and reproducible 
comparison. This broader experimental architecture 
allows a thorough evaluation of the suggested archi-
tecture in comparison to both modern deep learning 
frameworks and feature-based models.

Dataset Description and Data Splitting Protocol
The MRI dataset used in this study was obtained from a 
publicly available repository (https://doi.org/10.6084/
m9.figshare.1512427), released for research and ed-
ucational purposes under an open-access license. 
The dataset consists of 2870 contrast-enhanced T1-

weighted MRI images collected from 233 patients and 
categorized into four classes: glioma (826 images), me-
ningioma (822 images), pituitary tumor (827 images), 
and no tumor (395 images). All images were resized to 
224 × 224 × 3 pixels and normalized prior to training. 
To prevent data leakage and ensure reproducibility, a 
patient-wise stratified split was performed such that 
images from the same patient were not shared across 
training and validation sets. The split preserved class 
balance across partitions. Data augmentation was ap-
plied exclusively to the training subset after splitting. 
The indices of patient-wise partitions are documented 
and will be made available with the code repository to 
facilitate independent verification. Only this dataset 
was used in the present study; no additional datasets 
were combined.

Working of CAE
The image processing CAE architecture is proposed to 
implement the original image as an input, as shown 
in Figure 2. Convolutional autoencoder (CAE) is used 
to find the compact and discriminative representa-
tion of features using MRI images before classifying 
them. Encoder takes as input an image of size 

Fig 1 | Architecture design for forecasting brain tumors (BT).



5DOI: https://doi.org/10.70389/PJS.100270 | Premier Journal of Science 2026;19:100270DOI: https://doi.org/10.70389/PJS.100270 | Premier Journal of Science 2026;19:100270

ORIGINAL RESEARCHPREMIER JOURNAL OF SCIENCEPREMIER JOURNAL OF SCIENCE ORIGINAL RESEARCH

W × H × 3W × H × 3W × H × 3 and uses multiple succes-
sive 3 × 3 kernel convolutional layers, ReLU activation, 
and max-pooling to reduce spatial dimensions with a 
corresponding increase in feature depth. In the pro-
cess, a latent representation of size W/4 × H/4 × 64W/4 
times H/4 times 64, which contains critical structural 
and textural details of tumor regions, is obtained, and 
the redundant background data is suppressed. The de-
coder then reconstructs the image symmetrically with 
transposed convolutional layers with upsampling, so 
that the representation learnt includes diagnostical-
ly useful patterns. This encoder-decoder architecture 
imposes compression of features, which is a form of 
regularization and increases noise resistance and vari-
ability tolerance in MRI data.

Ablation experiments were performed to show the 
change in results brought about by the CAE by compar-
ing the results obtained using (i) original MRI images, 
(ii) CAE-reconstructed images, and (iii) latent features 
obtained at the encoder. Findings show that models 
trained on latent representations achieve higher preci-
sion, recall, and F1 scores, confirming that the CAE is 
efficient at improving discriminative feature learning. 
Further tests with different autoencoder capacities re-
vealed that an intermediate latent dimensionality is the 
most optimal in terms of compression and information 
preservation, and excessive compression leads to poor 
performance. Moreover, CAE pretrained models design 
models better than no pretrained models, which shows 
that convergence stability and generalization are en-
hanced. In comparison to the traditional approaches 
to denoising like the Gaussian filtering, CAE-based 

representation learning removes noise while preserv-
ing the tumor-related structural features, resulting in 
better ROC–AUC scores. These results indicate that CAE 
is specifically applicable in the case of noisy images, 
inter-class similarity, and limited labeled data.

Data Collection and Preprocessing
Brain tumors (BTs) have a great influence on the cen-
tral nervous system (CNS) and must be properly clas-
sified to aid in the timely diagnosis and proper treat-
ment planning. In this research, four clinically relevant 
classes of brain tumors are identified, namely glioma, 
meningioma, pituitary tumor, and no tumor (normal 
cases). The MRI data of this study were acquired under 
the Brain Tumor MRI Dataset publicly available data-
base by Cheng et al., which can be accessed through the 
Kaggle platform and initially gathered through clinical 
MRI scans. The protocol is open-source and licensed 
under an open-access license. The dataset holds a total 
of 2870 contrast-enhanced T1-weighted MRI images of 
233 patients, which are further split into four classes, 
namely 826 glioma images, 822 meningioma images, 
827 pictures of pituitary tumors, and 395 no-tumor pic-
tures. The size of the original images is not fixed, and 
thus all images were resized to 224  ×  224  ×  3 pixels, 
which is the input values of the VGG19 model. The in-
tensities of the pixels were brought to the normal lev-
el so that the degree of intensity was the same among 
samples. To properly guarantee methodological rigor 
and avoid the problem of data leakage, a patient-wise 
stratified split was done such that no images of the same 
patient were shared among the training and validation 
groups. The dataset was split into training and valida-
tion parts, retaining the balance of classes. The training 
subset was split into a training set, and the data was 
augmented to improve the generalization results and to 
minimize overfitting. Image rescaling, random rotation 
of images within +15°, and nearest fill mode were also 
used as augmentation techniques to address missing 
pixels that occurred as a result of geometric transforma-
tion. The validation set did not contain any augmented 
samples; thus, not biased in assessing performance.

CNN training with VGG19
The Adam optimizer is commonly used in ConvNet 
training, with a batch size of 256 and a momentum 
ranging from 0.9 to 0.255. The penalty multiplier for 
the sum of squared weight (L2) has been modified to 
5 × 104 by the utilization of weight regularization. Each 
vector necessitates a hyperparameter that must be con-
figured in Python using Keras to optimize the effective-
ness of an overfit deep learning network. The drop-out 
ratio of 0.5 is employed as dropout regularization for 
both the initial and secondary fully connected (FC) lay-
ers. Nonetheless, the validation set’s precision peaks 
when the learning rate is initially configured to 0.01 
and subsequently reduced by a factor of 10. Conse-
quently, the learning rate has been reduced by a factor 
of three and terminates after 49 epochs of iteration. 
Therefore, CNN relies on guesswork rather than con-
sidering additional characteristics and depth.

Fig 2 | CAE architecture for image processing.



6 DOI: https://doi.org/10.70389/PJS.100270 | Premier Journal of Science 2026;19:100270DOI: https://doi.org/10.70389/PJS.100270 | Premier Journal of Science 2026;19:100270

ORIGINAL RESEARCHPREMIER JOURNAL OF SCIENCEPREMIER JOURNAL OF SCIENCE ORIGINAL RESEARCH

Training procedure utilizing the VGG19 architectural 
framework
The VGG19 architecture is mostly employed in deep 
CNNs to detect pictures at a large scale. The RGB input 
source has been transformed into RGBimages with a 
fixed size of 224 by 224. Typically, the preprocessing 

step for VGG19 involves subtracting the predefined 
RGB mean value of the training dataset from each pix-
el. However, the input image of the BT has been de-
signed to be processed by a stack of convolution layers 
and max-pooling layers. The filters used in this process 
have a size of 3 × 3, which is relatively small. This size 
allows them to capture information from the centre, as 
well as from the surrounding areas in the up, down, 
left, and right directions.

Therefore, the VGG19 architecture employs a 7 × 7 
field of stacks with convolution and max pooling lay-
ers, resulting in an efficient design. After the input 
image undergoes the non-linearity transformation, a 
1 × 1 convolution filter is applied to linearly transform 
the input channel.

Furthermore, the input consists of a convolution 
stalk and a layer of convolution spatial padding, 
which are both fixed at a single pixel. The input is then 
processed by 3 × 4 convolution layers, which establish 
the spatial resolution and ensure that it is preserved 
once the convolution is completed. The architecture 
comprises five max-pooling strata, followed by con-
volutional layers that perform spatial aggregation. 
The maximum-pooling employs a 2 × 2 matrix with a 
stride of 2.

Model Configuration and Training Protocol
The proposed system classifies the type of brain tumors 
into four categories based on categorical cross-entro-
py loss on one-hot encoded labels. This is optimized 
by applying the Adam optimizer at a learning rate of 
0.001 (0.9, 0.999, 1e-7), a ReduceLROnPlateau sched-
uler, and early stopping to avoid overfitting. ImageN-
et weights are loaded into the VGG19 backbone, and 
the convolutional Blocks 1–4 are frozen, while Block 
5 is fine-tuned on domain adaptation. Before the final 
SoftMax layer, there is a global average pooling layer 
and fully connected layers of dropout (0.5). The CAE 
has two Conv2D layers (3 × 3 kernels, 32 and 64 filters) 
with max-pooling to generate a latent representation 
(56 × 56 × 64), and each layer is followed by symmetric 
transposed convolution layers to reconstruct the im-
age. These are the latent characteristics of the encod-
er, which are used in classification. All experiments 
were trained on a GPU-enabled workstation with re-
alistic training settings with the help of TensorFlow/
Keras channels. The final FC layer has a dimension of 
1 × 1 × 1000, enabling it to perform a 1000-way ILSVRC 
classification. The final layer is composed of a SoftMax 
layer, as depicted in Figure 3.

Results and Discussion
Overall Classification Performance
The experimental work utilized a high-performance 
server featuring an Intel Core i7 processor, DMI2 
CPU, 100GB of available storage, 12GB of RAM, and 
a Quadro K600 GPU. The GPU utilized for training 
the picture dataset was operated on Ubuntu 18.04.3 
LTS Operating System (OS). The proposed model has 
utilized the loss function and optimizer, specifically 
Adam and binary cross-entropy. The VGG19 model is Fig 3 | CNN training with SoftMax layer.
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included in Keras and can be loaded from the Keras 
applications module. The CNN-VGG19 model with 
CAE constructor requires three main arguments: input 
shape, weight, and include top.

The network has the ability to handle input of vari-
ous sizes due to the weight constructors, which deter-
mine the threshold weight from an initialized model, 
such as include top. This model includes a classifier 
with dense connections at the top of the network. The 
input shape reflects the dimensions of the image ten-
sor. The objective of VGG19 is to implement convolu-
tional layers with a filter size of 3 × 4, utilizing three 
stacks with max-pooling. Additionally, it frequently 

employs the same padding technique for a 2 × 2 convo-
lutional layer filter with max-pooling on two separate 
stacks. The described configuration entails a succes-
sion of a convolutional layer followed by a max 

layer, and concludes with a SoftMax layer for the fi-
nal output. The VGG19 model embodies 19 layers, in-
clusive of weights. It represents a variant of the VGG ar-
chitecture, which is distinguished by 16 convolutional 
layers, five MaxPool layers, three fully connected (FC) 
layers, and one SoftMax layer. In parallel, the VGG16 
architecture comprises 16 tiers, each with its own dis-
tinct set of weights.

Confusion Matrix and ROC Analysis
The proposed CNN model, utilizing the VGG19 archi-
tecture, is employed to classify different types of tu-
mors. The classification results are shown in a confu-
sion matrix, as depicted in Figure 4.

Figure 4 depicts the confusion matrix for the CAE 
with the CNN-VGG19 technique, which includes four 
distinct classes (Tables 1 and 2). The diagonal values 
are denoted as true positive (TP). The sum of the values 
in each horizontal row, except TP, is referred to as false 
positive (FP) for each class. The total of each vertical 
column, excluding TP, is the number of false negatives 
(FN) for each class. The performance of brain tumor 
detection may be assessed by evaluating the accuracy 
and loss of the model, which is trained and tested us-
ing the samples depicted in Figures 5 and 6.

Ablation Study
To ensure fair and transparent comparison, ablation 
studies and baseline experiments were conducted 
under identical preprocessing conditions, including 
image resizing, normalization, patient-wise stratified 
splitting, and augmentation protocols. Baseline mod-
els, such as ResNet, DenseNet, Efficient Net, Vision 
Transformer, and a radiomics + SVM pipeline, were 
trained using the same data partitions and evaluation 
metrics as the proposed CAE–CNN-VGG19 framework. 
Statistical significance was assessed using stratified 
k-fold cross-validation, and performance metrics are 
reported with confidence intervals to ensure robust-
ness. To enhance reproducibility, the implementation 
code, configuration files, trained model weights, and 
patient-wise split indices will be made publicly avail-
able in a repository upon publication after 32 epochs, 
culminating in a peak accuracy of 92.23%. During the 
testing phase, the accuracy of the model progressively 
grows (Table 3).

Fig 4 | Confusion matrix with CNN-VGG19 technique.

Table 1 | ROC–AUC performance using one-versus-rest strategy.
Class AUC score

Glioma 0.95

Meningioma 0.94

Pituitary tumor 0.96

No tumor 0.93

Average AUC 0.95

Table 2 | Per-class performance of the proposed CAE–CNN-VGG19 model.
Class Precision Recall F1-score Support

Glioma 0.93 0.92 0.92 826

Meningioma 0.92 0.91 0.91 822

Pituitary tumor 0.94 0.93 0.93 827

No tumor 0.90 0.91 0.90 395

Macro average 0.92 0.92 0.92 —

Weighted average 0.93 0.92 0.92 2870

Table 3 | Ablation analysis of CAE feature representation.

Configuration Accuracy (%) F1-score

VGG19 (raw MRI images) 88.4 0.88

CAE reconstructed images + VGG19 90.7 0.90

CAE latent features + VGG19 
(proposed) 92.39 0.92
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Table 4 presents the evaluation metrics used to 
compare the accuracy of the proposed CAE with CNN-
VGG19 and CAE with CNN-VGG16. The comparison is 
based on micro- and weighted-based confusion matrix 
metrics, and it shows that the CAE with CNN-VGG19 
has higher accuracy.

Baseline Model Comparison
The comparative study shows that the modern net-
works like ResNet50, DenseNet121, EfficientNet-B0, 
and ViT attain a competitive level of effectiveness, but 
when it comes to overall accuracy, macro F1-score, and 
ROC–AUC, the proposed CAE–CNN-VGG19 framework 
outperforms them. Performance of the radiomics +  
SVM pipeline is relatively poor, which can probably 
be explained by the use of handcrafted features that 
might not be able to fully represent tumor character-
istics. The enhanced performance of the suggested 
model can be attributed to the CAE’s capacity to ac-
quire compact, noise-tolerant latent representations 
beforehand for classification and, consequently, to 
augment discriminative feature acquisition and uplift 
generalization.

Figure 7 depicts the micro precision, micro recall, 
and micro F1-score, which are used to measure the 
accuracy of the model with great precision. The CAE 
with the CNN-VGG19 model achieves a model accuracy 
of 92.39%, indicating its superior ability to accurately 
detect brain tumors. Figure 6 depicts a decrease in 
the loss of the training sample from 0.616 to 0.079. 
Similarly, the loss of the testing sample decreases 
from 0.549 to 0.071, which is lower than the training 
sample. As the epoch progresses, there is a decrease 
in loss from 0.616 to 0.079, indicating that TL is re-
sponsible for lowering the loss. The validation loss 
decreases from 0.549 to 0.071. Therefore, the model 
has been trained using the most effective technique 
to accurately categorize the model with a precision of 
92.39% (Table 5).

Figure 8 illustrates the nuanced precision, nuanced 
recall, and nuanced F1-score, which are instrumental 
in assessing the genuine positive rate (TP rate) and 
erroneous positive rate (FP rate) of the model. The TP 
rate of the model has been adjusted using the weighted 
recall of the model, while the FP rate has been adjust-
ed using the weighted precision of the model. The con-
volutional autoencoder (CAE) leveraging the VGG19 
framework achieves a TP rate of 92.39% and a false 
positive (FP) rate of 93.26%. This performance mark-
edly surpasses that of the CAE utilizing the VGG16 
model, which records TP and FP rates of 77.92% and 
77.34%, respectively. Therefore, the convolutional 
autoencoder (CAE) utilizing the convolutional neural 
network VGG19 (CNNVGG19) achieves a high level of 
accuracy in accurately diagnosing brain tumors.

Fig 5 | Graph depicting the accuracy curve for the convolutional neural network (CNN) 
utilizing the VGG19 approach in computer-aided engineering (CAE).

Fig 6 | Loss curve depicting the performance of the convolutional autoencoder (CAE) using 
the CNN-VGG19 technique.

Table 4 | Assessing the efficacy of various classification techniques rooted in 
convolution neural networks (CNNs).

Model Micro 
precision

Micro 
recall Micro F1 Weighted 

precision
Weighted 

recall
Weighted 

F1

CAE + CNN-VGG19 92.39 92.39 92.39 93.26 92.39 92.22

CAE + CNN-VGG16 77.92 77.92 77.92 77.34 77.92 73.32

Table 5 | Comparison with modern deep learning models.
Model Accuracy (%) Macro F1 AUC

Radiomics + SVM 84.3 0.83 0.88

ResNet50 89.6 0.89 0.92

DenseNet121 90.8 0.90 0.94

EfficientNet-B0 91.4 0.91 0.95

Vision Transformer 90.1 0.90 0.93

CNN-VGG16 77.92 0.78 0.86

Proposed CAE–CNN-VGG19 92.39 0.92 0.96
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Statistical Analysis
To make the proposed CAE–CNN-VGG19 framework as 
comprehensive and statistically significant as possible, 
multiple performance measures that can be applied to 
a multi-class classification were used to evaluate the 
framework. It will be evaluated using per-class preci-
sion, recall, F1-score, and support (number of samples 
in class) to give more detailed insights into the per-
formance in each class. Besides this, macro averages, 
micro averages, and weighted averages were calculat-
ed to summarize the general model behavior with bal-
anced and imbalanced class distribution. The macro 
average is a method that equally considers all classes, 
micro is the method that combines the contributions 
of all the samples, and the weighted average considers 

the support of the class, hence capturing the effect 
of the class imbalance. Moreover, to assess the class 
separability, receiver operating characteristic (ROC) 
curves were generated using a one-versus-rest strategy 
for each class, and the corresponding area under the 
curve (AUC) values were reported (Table 1). In order to 
measure probabilistic reliability, the calibration analy-
sis was used to assess the consistency of the predicted 
probabilities and results. These evaluation measures 
are used in combination to give a complete evaluation 
of the classification accuracy, robustness, and general-
ization performance.

In order to increase the accuracy of evaluation, the 
proposed model was evaluated on the basis of per-
class precision, recall, F1-score, and support of all 

Fig 7 | Accuracy of the model with great precision.

Fig 8 | Loss curve for convolutional autoencoder (CAE) using the CNN-VGG19 technique.
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four tumor categories. Class balance and overall per-
formance were reported to be taken care of by macro, 
micro, and weighted averages. Measures are provid-
ed with 95% confidence intervals that are computed 
through stratified k-fold cross-validation (Table 6). To 
measure discriminative performance, ROC curves were 
generated according to a one-vs-rest approach, and the 
AUC values of the corresponding curves were obtained. 
The calibration analysis was carried out in order to ex-
amine the reliability of predicted probabilities. Clearly 
defined and labeled classes confusions and correctly 
annotated learning curves (accuracy and loss) are also 
incorporated to present transparent, extensive, and 
comprehensive performance evaluation. Every defini-
tion of metrics is checked and verified.

Conclusion
In order to improve the effectiveness of CAE in image 
classification, it is recommended to utilize CAE as a 
universal unsupervised learning method to create 
strong and compact feature representations. When it 
comes to image classification models, the CNN mod-
els commonly considered include VGG16 and VGG19. 
This research aims to assess if a TL-based strategy may 
achieve higher performance in CAE with CNN-VGG19 
models compared to CAE with CNN-VGG19 models, as 
measured by model accuracy and model loss. Further-
more, the performance of the convolutional autoen-
coder (CAE) with the CNN-VGG19 model was assessed 
using TP rate and FP rate. The CAE with CNN-VGG19 
approach shows the capability to enhance prediction 
accuracy in reliably detecting BT. Thus, the utilization 
of MRI in conjunction with CNN-VGG19 in CAE yields 
a highly accurate prediction of BT detection. There-
fore, the convolutional autoencoder (CAE) with CNN 
using the VGG19 architecture demonstrates superior 
accuracy in accurately diagnosing brain tumors. In the 
future, another deep learning technique with an op-
timization technique will be used to detect the brain 
tumor stages.
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