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Abstract: Brain cancer, with its varied nature, demands early detection for timely treatment.
This study aims to refine the diagnosis of brain tumors using convolutional neural network
algorithms. Currently, diagnostic accuracy is limited, therefore, our approach uses five
different CNN architectures to accurately identify and classify affected brain regions,
specifically glioma, meningioma, or pituitary tumors. The AlexNet architecture remarkably
achieved training accuracy (99.84%) and validation accuracy (95.19%). By employing
GradCAM, heat maps visually clarify the results. This research aims to improve the
diagnosis of brain tumors using advanced CNN algorithms. In particular, the success of
AlexNet indicates greater diagnostic and treatment potential, promising better outcomes
for patients.

Keywords: brain cancer; benign; malignant; resonance; tumor; tomography; convolutional
neural network; heat map

1. Introduction
Cancer, particularly brain and central nervous system tumors, has been a major focus

in scientific and medical research. In 2019, over 14,000 individuals in the U.S. died due to
these conditions, as reported by the CDC (Centers for Disease Control and Prevention) [1].
A brain tumor is an abnormal growth of cells in the brain that can either be benign (non-
cancerous) or malignant (cancerous). Benign tumors, in most cases, do not represent
a real danger since they do not spread or disseminate to nearby organs, invading or
compromising the regions localized around them. However, malignant tumors are usually
deeply dangerous, growing quickly and irregularly and spreading around all they have
next to them, contaminating following organs or cell structures if they are not treated
promptly [2]. This is a painful process which, to this day, has no cure. Early detection and
identifying potential causes of brain tumors are critical to maximize patient life expectancy.
Techniques like magnetic resonance imaging (MRI) and computerized tomography (CT)
provide detailed brain images for timely diagnosis and effective treatments.

The study by Carlos González [3] showcased considerable variability in the radiolo-
gists’ conclusions, ranging from 5% to 9%. Surprisingly, even the same radiologist may
differ by up to 20% in their interpretations, emphasizing the impact of human error. AI and
computer vision tools show potential in mitigating these errors, offering objective image
assessments, and minimizing human subjectivity in medical imaging, thereby enhancing
diagnoses through standardized protocols and continuous training.
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Currently, computer vision techniques using artificial intelligence (AI) are being widely
employed for a variety of tasks including image classification, object detection, semantic
segmentation, and facial recognition, among others. These networks are capable of learning
to identify relevant visual features in images from large training datasets. Once trained,
they can make accurate and automated predictions on new images.

One of the most promising techniques in AI is convolutional neural networks (CNNs).
Artificial neural networks provide a significant advantage in computer-based image recog-
nition. For example, they are fault-tolerant systems, adaptable to the working environment,
and improve the classification and prediction functions of two-dimensional data, auto-
matically extracting features [4]. These neural networks aim to emulate the functioning
of biological neural networks through an interconnected system of artificial neurons. Re-
garding CNNs, they are designed based on the visual cortex of the human brain and their
applications are diverse, for example, in automation and bioinformatics, the science that
studies various biological processes at the molecular level. Currently, it is the first choice
when it comes to medical diagnosis through radiography, magnetic resonance, and com-
puterized tomography analysis and comparison such as the early detection of symptoms
and risk factors of COVID-19 [5]. These are even being implemented in agriculture, where
the transfer learning (TL) technique aims to provide an effective way of identifying and
classifying different types of diseases in plants that affect, for example, crop plants [6].

2. Bibliographical Study
Numerous studies have been conducted on the detection and subsequent classification

of brain tumors using algorithms involving CNNs. Some of them are presented below.
Sunanda, Riaz, and Nishat [7] proposed a segmentation system using Gaussian filters

with kernel masks and histogram equalization. After this process, they implemented a CNN
with three convolutional layers and two pooling layers to achieve the proper classification
of three types of brain tumors: glioma, meningioma, and pituitary tumors. They used a
database of 3064 images that contained the three tumor types, and the model completed
the process with an accuracy of 94.39% and an average precision of 93.33%.

Deepak and Ameer [8] implemented a CNN model based on the “Google Net” archi-
tecture using a technique known as transfer learning. This involved extracting features
and then evaluating the classification using SVM and KNN algorithms. In their work, they
performed preprocessing on the images, which included normalization and resizing of
the images from the database, which contained 3064 images, the same as the previously
mentioned article. In the end, they achieved an accuracy of 98%, demonstrating high
efficacy even with a limited training image database, thanks to the application of transfer
learning for the neural networks.

To solve the problem of classifying pituitary, meningioma, and glioma tumors, a
deep pre-trained CNN model was used by Swati (et al.) [9] in conjunction with a fine-
tuning strategy based on transfer learning. Prior to classification, the intensities of the
images were normalized. Then, the CNN was applied using the VGG-19 architecture along
with the transfer learning method. The proposed method was evaluated on a dataset of
3064 reference MRI images from 233 patients and achieved an average accuracy of 94.82%.

Díaz-Pernas and colleagues [10] introduced an automatic brain tumor classification and
segmentation model using a deep CNN with a multiscale approach. Their method operated
on MRIs featuring three tumor types and eliminated the need for preprocessing, achieving
an impressive average accuracy of 97.3% on a dataset containing 3064 MRI images.

Sergaki et al. developed a custom CNN for glioma classification from 572 MRIs
without transfer learning, using both their model and pre-trained VGG16Net. Their dataset
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from St. George General Hospital and BraTS, split into 382 training and 190 testing images,
achieved 97% accuracy, outperforming VGG16Net significantly [11].

The main purpose of this article is to make a significant contribution to the current
field by providing a comprehensive and detailed analysis of various convolutional neural
network architectures used for the classification of specific brain tumors such as gliomas,
meningiomas, and pituitary tumors. To conduct this research, a highly reliable and widely
recognized database known as the Brain Tumor MRI Dataset was used, which is available
on the online platform Kaggle [12].

Various evaluation metrics like accuracy, sensitivity, and specificity gauge the perfor-
mance of the neural network architectures, validated through repeated experiments for
robustness. Additionally, the Grad-CAM technique aids in decision-making by generating
activation maps, highlighting crucial image areas for accurate classification by the chosen
convolutional neural network [13].

This comparative analysis of CNN architectures for brain tumor classification is ex-
pected to contribute to the advancement of neuroscience and oncology research. The
findings could improve diagnoses and treatments, benefiting medical care. Particularly
noteworthy is the article’s uniqueness in training CNNs without prior segmentation.

3. Methods
3.1. Magnetic Resonance Base (MR)

The paper employed the Brain Tumor MRI Dataset from Kaggle, encompassing
7023 images, with 4117 utilized for CNN training including glioma (1321), meningioma
(1339), and pituitary tumors (1457). These grayscale images with intensity values ranging
from 0 to 255 depict cancerous tumors. Assessing real effectiveness may differ between
training databases and real-world studies due to variations in tumor structures and other
factors [14]. Figure 1 show examples of tumors.
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Figure 1. RM images of a glioma on the left, meningioma in the center, and pituitary on the right.

3.2. Proposed System Model

In the present article, CNNs will serve as a support for radiologists by segmenting
and highlighting tumors that are not always easy to detect. From the previously mentioned
database, approx. 30% of images was extracted for each type of tumor. The block diagram
for the proposed analysis system is shown in Figure 2.
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1. RM Image Input: An image from the database’s 4117 selected images was input into
the program using MATLAB for system implementation. Specifically chosen images
encompassed diverse views of the human skull for CNN demonstration.

2. Image Resizing: To find the region of interest in each input image, it was conveniently
resized for the purpose of simplification and accuracy. For this, the Imresize function
was used, which allows a matrix or input image to acquire a new size for input into
the neural networks. The assigned value for the resulting square matrix size was 120.

3. Convolutional Neural Networks: Convolutional neural networks (CNNs, for its acronym
in English) stand as vital tools in computerized image analysis, characterized by their
structured layers and connections tailored for spatial data processing. These archi-
tectures integrate convolutional filters across network layers, refining and enhancing
outcomes, and are specifically devised for image and matrix-format data analysis.

Here are some popular CNN architectures implemented in this paper:
LeNet5-like: LeNet-5, introduced in 1998 by LeCun et al., marked the early era of CNNs.

Designed for recognizing handwritten digits on bank checks [15], this 7-layer architecture
laid a foundational role in visual recognition. Its success catalyzed widespread research and
applications of CNNs across various domains, pioneering the field’s advancements.

AlexNet: This was a groundbreaking architecture developed by Alex Krizhevsky in
2012, leveraging deep learning in image classification tasks [16]. The architecture com-
prised five convolutional and three fully connected layers, augmenting data by perturbing
original samples including lighting and size changes. Dropout regularization challenged
the network by excluding neurons. While newer CNN models evolve for improved image
classification, its moderate depth allows for shorter training times despite its age [15].

VGG Net: Renowned for its simplicity and depth, and comprises five convolutional
layers using 3 × 3 filters with Re LU activation. With a low error rate of 7.2%, its pub-
licly available weight configuration facilitates broad adaptation and implementation in
diverse projects.

ZFN Net: This architecture, named after its developers Zeiler and Fergus in 2013
has a very similar structure to AlexNet but improves its accuracy. A technique known as
deconvolution is used, which reverses the processes to visualize the layers. The subsequent
layers continue learning features from more general to more detailed as the depth of the
layer increases. ZFN Net intuitively demonstrates how these networks work, providing a
new way to understand them and improve their effectiveness [15].

These are just some of the popular architectures in convolutional neural networks.
Since then, many other variants and more advanced architectures have been proposed, such
as ZFN net, Mobile Net, and Efficient Net, among others, to address different challenges
in image processing and other related tasks. For the processing and necessary feedback,
we used five architectures that were tested with the sample from the available database:
AlexNet, LeNet, V GG Net 16, LeNet5-like, and ZFN Net.

3.3. Classification and Review of Architectures’ Results

A total of images was selected per tumor type, resulting in a total of 4117 images.
To evaluate the process, these images were divided into 920 images for training for each
tumor type, however, for validation, 401 images were used for glioma, 419 images for
meningioma, and 537 images for pituitary tumors. The procedure was repeated four times
to find the version with the highest accuracy percentage. The details of the process and the
respective results for the corresponding architectures are shown below:

1. AlexNet: After completing the fourth repetition of training and subsequent validation
of the CNN, a training accuracy of 99.93% was achieved and a validation accuracy
of 96.17%. The best version obtained in this architecture was version number 1.
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Regarding training, the algorithm correctly classified 920/920 for gliomas. For menin-
giomas, it was 919 images. In the case of pituitary gland tumors, it correctly identified
919/920 images. Moving on to the validation phase, 372/402 glioma images were cor-
rectly classified. For meningiomas, the algorithm accurately predicted 403/419 images.
Finally, in the case of pituitary tumors, it correctly identified 530/537 images.

2. LeNet: After completing the fourth repetition of training and subsequent validation
of the CNN, a training accuracy of 100% was achieved, while a validation accuracy
of 90.1% was observed. The best version obtained in this architecture was version
number 1. Regarding training, the algorithm correctly classified all 920 for gliomas.
For meningiomas, 919/920 images were correct, and in the case of pituitary gland
tumors, it correctly identified all 920 images. This resulted in a final match of 100%
between the predictions made by the network and the actual labels. Moving on to the
validation phase, 366/ 401 glioma images were correctly classified. For meningiomas,
the algorithm accurately predicted 330/419 images. Finally, in the case of pituitary
tumors, it correctly identified 527/ 537 images. This led to a validation accuracy of
90.1% in terms of matching the real labels with the predictions made by the network.

3. LeNet 5-like: After completing the fourth repetition of training and subsequent valida-
tion of the CNN, a training accuracy of 100% was achieved while a validation accuracy
of 90.13% was observed. The best version obtained in this architecture was version
number 1. Regarding training, the algorithm correctly classified all 920 selected im-
ages for gliomas. For meningiomas, the algorithm accurately predicted 920 images. In
the case of pituitary gland tumors, it correctly identified all 920 images. This resulted
in a final match of 100% between the predictions made by the network and the actual
labels. Moving on to the validation phase, 363/401 glioma images were correctly
classified. For meningiomas, the algorithm accurately predicted 333/419 images.
Finally, in the case of pituitary tumors, it correctly identified 527/537 images. This
led to a validation accuracy of 90.13% in terms of matching the real labels with the
predictions made by the network.

4. VGG Net: After completing the fourth repetition of training and subsequent validation
of the CNN, a training accuracy of 99.4% was achieved, while a validation accuracy of
94.8% was observed. The best version obtained in this architecture was version num-
ber 1. Regarding training, the algorithm correctly classified 919/920 selected images
for gliomas. For meningiomas, the algorithm accurately predicted 905/920 images.
In the case of pituitary gland tumors, it correctly identified 920/920 images. This
resulted in a final match of 99.42% between the predictions made by the network and
the actual labels. Moving on to the validation phase, 385/401 glioma images were
correctly classified. For meningiomas, the algorithm accurately predicted 373/419 im-
ages. Finally, in the case of pituitary tumors, it correctly identified 528/537 images.
This led to a validation accuracy of 94.8% in terms of matching the real labels with the
predictions made by the network.

5. ZFN Net: After completing the fourth repetition of training and subsequent validation
of the CNN, a training accuracy of 100% was achieved, while a validation accuracy
of 96.32% was observed. The best version obtained in this architecture was version
number 1. Regarding training, the algorithm correctly classified all 920 selected images
for gliomas. For meningiomas, the algorithm accurately predicted 920 images. In the
case of pituitary gland tumors, it correctly identified all 920 images. This resulted in
a final match of 100% between the predictions made by the network and the actual
labels. Moving on to the validation phase, 373/401 glioma images were correctly
classified. For meningiomas, the algorithm accurately predicted 401/419 images.
Finally, in the case of pituitary tumors, it correctly identified 533/537 images. This
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led to a validation accuracy of 96.32% in terms of matching the real labels with the
predictions made by the network.

3.4. CNN Explanation with GradCam Technique

Burak [17] effectively utilized GradCAM to detect tumor areas in MRI scans from
their database, producing informative heat maps that accurately highlighted the regions
of interest (tumors). With this technique, we were able to visualize and try to understand
which specific parts of the images are crucial for the accurate classification performed by
the CNN that achieved the best results in our project. By using GradCAM, we generated
heatmaps that highlighted the regions in the images that had the most influence on the
classification decision. To explore the regions of interest in each tumor category, we applied
the GradCAM technique to three representative images of each tumor type in our dataset.
The results revealed the specific regions in each image that influenced the final classification
made by the neural network. In Figure 3, Alex Net’s GradCAM analysis revealed its focus
on specific regions, notably the skull and tumors, vital for accurate tumor classification.
The highlighted areas, depicted in intense red tones, offer key visual cues for tumor
identification. This correlation between tumor position relative to the skull and CNN’s
classification implies significance in tumor type classification.
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4. Results
Table 1 presents the results of the training and validation algorithms for the five CNN

architectures used in this research. It compares the four versions of each CNN, and it is evi-
dent that the best result was achieved by the AlexNet architecture with an average training
accuracy of 99.84% and an average validation accuracy of 95.19%. Next, we compared the
performance of our method with the articles mentioned in the specific problem of brain tu-
mor classification including gliomas, meningiomas, and pituitary tumors. Table 2 presents
a comprehensive comparison of the number of images, epochs, and batch sizes used in the
top-performing architectures from each article. An essential distinction to emphasize is that
our method was developed using a distinct database comprising 4117 images, while the
related works listed in the table relied on an MRI database of 3064 images from 233 patients,
covering three types of tumors. Consequently, the superior performance of our algorithm
in this article can be attributed to the utilization of a different MRI database. Moreover,
it is crucial to note that Table 2 illustrates that the iterations (30 × 50), representing the
number of epochs and batch size, aligned with the range employed in the articles cited
as the state-of-the-art. This consistency in parameter selection ensures a proper and fair
comparison of our results with prior research, further bolstering the validity and relevance
of our study.

Table 3 provides a comprehensive comparison of the four aforementioned articles,
alongside our own research, showcasing the accuracy for each tumor type. Notably,
our proposed method attained the highest accuracy when employing version 1 of the
convolutional neural network architecture, specifically, the AlexNet architecture. The
table solely encompasses accuracy as a performance metric, as it is a common and widely
accepted measure utilized in all related works, apart from the ones mentioned. Moreover,
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the table shows that our article exhibited the highest percentage of accuracy in classifying
both meningioma and pituitary tumor types compared to the other referenced articles.
These remarkable findings demonstrate a significant advantage in terms of effectiveness
and precision in the field of brain tumor classification using CNNs.

Table 1. Architecture comparison results.

Architecture V Training Test Average Training Average Test

Alex Net

v1 99.93 96.17

99.84 95.19
v2 99.86 95.87

v3 99.60 94.62

v4 99.96 94.10

LeNet

v1 99.96 90.13

99.97 89.72
v2 99.93 89.02

v3 100 89.68

v4 100 90.05

LeNet5-like

v1 100 90.13

99.96 89.45
v2 99.93 89.39

v3 99.96 88.87

v4 99.93 89.39

VGG Net16

v1 99.42 94.77

98.73 92.78
v2 99.71 93.29

v3 97.90 91.53

v4 97.90 91.53

ZFN Net

v1 100 96.32

98.84 95.12
v2 100 96.02

v3 95.53 94.55

v4 99.82 93.59

Table 2. Comparison of parameters with related works.

Related Papers Qty. of Images Epochs Batch Architecture

Sunanda et al. [7] 2564 100 256 Custom

Deepak and Ameer [8] 3064 10 30 Google Net

Swati et al. [9] 3064 50 64 VGG-19

Diaz-Pernas et al. [10] 3064 80 - Custom

The present paper 4117 30 50 Alex Net

Table 3. Comparison of parameters with related works.

Related Papers
Tumor Types

Glioma Meningioma Pituitary

Sunanda et al. [7] 88.00% 94.00% 98.00%

Deepak and Ameer [8] 99.20% 94.70% 98.00%

Swati et al. [9] 94.52% 88.88% 91.80%

Diaz-Pernas et al. [10] 98.60% 93.80% 97.90%

The present paper 92.8% 96.20% 98.70%

In summary, specialists working with medical images can utilize the GradCAM
technique as a valuable tool to enhance clinical decision-making in tumor diagnosis and
treatment. Considering that specialists may have a human error rate estimated at 5% to
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9%, GradCAM plays a crucial role in increasing the precision and effectiveness of their
evaluations. By integrating GradCAM into their analysis, specialists can gain a clearer
visualization into regions of interest within medical images, enabling them to identify
tumor-related features and anomalies with greater accuracy. This technology provides
a more detailed and objective visual understanding, thereby compensating for potential
human errors and reducing the likelihood of misdiagnoses.

5. Discussion
This article demonstrates CNN utilization for brain tumor classification using the Grad-

CAM technique, and our approach, using a database of 4117 images, differs notably from
the related works in Table 2, which relied on databases with fewer images. This distinction
likely contributed to our algorithm’s superior performance. Additionally, aligning with
prior research, our iterations (30 × 50) for epochs and batch size ensured a fair comparison,
enhancing the validity and relevance of our findings.

Our table highlights accuracy as our primary metric, showcasing superior accuracy
in meningioma and pituitary tumor classification. Unlike referenced works employing
additional processes like preprocessing, our CNN-based approach avoids prior segmenta-
tion. For instance, Sunanda’s method includes Gaussian filter and histogram equalization,
while AlexNet employs five convolutional layers compared to three. Additionally, in
Deepak’s article, min–max normalization was utilized for image processing. They favored
Google Net’s superiority over AlexNet in their background, but our findings contradict
this claim. In Yang’s article [18,19], the results showed Google Net as the best, however,
it is worth noting that this has fewer parameters compared to AlexNet because it only
comprises two convolutional layers unlike AlexNet. In Swati’s article, they also applied
the min–max normalization processing technique, and the best result they obtained was
with the VGG 19 CNN, which has 16 convolutional layers, making it much larger than the
network we used; however, it also indicates a longer training time for that network. They
also compared two other networks, namely Alex Net and VGG 16. They mentioned that
the former is relatively shallow because it did not yield good results. Nevertheless, it is
important to note that the choice of parameters plays a significant role. The CNN-based
method by Diaz-Pernas mirrored ours without preprocessing but employed a three-layer
CNN. While Sergaki et al.’s method was not included in the final table since they had a
binary classification, their work emphasizes that high accuracy in image segmentation does
not always necessitate preprocessing.

In summary, specialists working with medical images can utilize the GradCAM
technique as a valuable tool to enhance clinical decision-making in tumor diagnosis and
treatment. Considering that specialists may have a human error rate estimated at 5% to
9%, GradCAM plays a crucial role in increasing the precision and effectiveness of their
evaluations. By integrating GradCAM into their analysis, specialists can gain clearer
visualizations into regions of interest within medical images, enabling them to identify
tumor- features and anomalies with greater accuracy. This technology pro-vides a more
detailed and objective visual understanding, thereby compensating for potential human
errors and reducing the likelihood of misdiagnoses.

6. Conclusions
In conclusion, CNN architectures have proven to be highly efficient and accurate in the

classification of medical images, as demonstrated in this project with the use of magnetic
resonance imaging (MRI) images. By training the CNN with a dataset of 4117 images for
each tumor type and using a 70% training and 30% validation approach, a high percentage
of accuracy was achieved in the classification.
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The use of CNN in computer vision can automate and streamline the process of
classifying medical images, providing consistent and reliable results, considering that a
specialist in diagnostics through medical images has an accuracy of about 91% to 95%.
The ability of CNNs to learn and extract relevant features from images has proven to be
essential in achieving accurate classification and distinguishing between different types of
tumors in MRI. The application of CNNs in this project has demonstrated their potential
to enhance precision and efficiency in medical diagnosis, providing valuable support to
healthcare professionals. This technology offers the possibility of early disease detection
and more informed decision-making in patient treatment.

Regarding the limitations of the article, we acknowledge that we did not incorporate
new techniques. However, to address this, we intend to introduce hyperparameters to
optimize the learning process of the networks, as suggested by Sergaki et al. Additionally,
we plan to implement ROC curve analysis for tumor identification and use other metrics
such as sensitivity and specificity. Furthermore, we are considering modifying the network
with new processes and employing cross-validation to enhance its performance in future
research works and tasks.
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