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Abstract: Early detection of brain tumors through medical imaging is crucial to improving treatment success 
rates. This study aims to classify brain tumors using two deep learning models, AlexNet and GoogleNet, by 
testing three image sizes. The dataset used consists of four classes: glioma, no tumor, meningioma, and 
pituitary. The test results show that the AlexNet model achieves the best accuracy of 98% at a resolution of 
150x150, while GoogleNet shows stable performance with the highest accuracy of 96% at both 150x150 and 
200x200 resolutions. The medium resolution (150x150) proves to be optimal for both models, providing the 
best balance between visual information and processing efficiency. This study highlights the potential use 
of AlexNet and GoogleNet in brain tumor classification, with opportunities for performance improvement 
through further development, such as ensemble techniques and the use of a larger dataset. 
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1. Introduction 
According to the World Health Organization (WHO) 

[1], brain tumors are the second most lethal disease world-
wide [2]. Brain tumors result from the abnormal growth of 
cells within the brain [3], which can disrupt the normal 
functioning of the nervous system. Brain tumors are clas-
sified into two categories: malignant and benign. Benign 
brain tumors grow more slowly and are less likely to 
spread to surrounding tissues, whereas malignant brain 
tumors can spread and damage adjacent tissues. The exact 
causes of brain tumors remain unknown; however, several 
studies have identified factors involved in tumor for-
mation. These factors include exposure to ionizing radia-
tion, a family history of brain tumors, and certain rare ge-
netic conditions. Nevertheless, most brain tumor cases 
have no clear risk factors and may occur sporadically. The 

symptoms of brain tumors vary depending on their loca-
tion, size, and type. Common symptoms include worsen-
ing headaches, vision disturbances, seizures, limb weak-
ness, changes in behavior or personality, speech difficul-
ties, and cognitive impairments. These symptoms may de-
velop gradually or appear suddenly, depending on the tu-
mor's characteristics. 

The diagnosis of brain tumors involves a series of 
tests and procedures. Imaging techniques such as Mag-
netic Resonance Imaging (MRI) or Computed Tomogra-
phy (CT) scans are used to obtain detailed views of the 
brain and identify the presence of tumors. Another com-
mon diagnostic method is a biopsy, which involves taking 
a tissue sample from the tumor for microscopic analysis. 
This procedure is often performed to determine the type 
and malignancy of the tumor; however, it is time-
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consuming and incurs significant costs [4]. Treatment for 
brain tumors depends on the type, size, and location of the 
tumor, as well as the patient’s overall health condition. 
Additionally, brain tumor patients often undergo therapy. 
Common therapeutic approaches include tumor removal 
surgery to reduce tumor size, radiotherapy using high-en-
ergy X-rays or particles to destroy tumor cells, and chem-
otherapy with anticancer drugs to inhibit cell growth. In 
some cases, a combination of several treatment methods is 
required [5]. 

Brain tumors can have a significant impact on the 
lives of patients and their families. Patients require strong 
physical, emotional, and social support, which includes 
assistance from doctors, nurses, and other healthcare pro-
fessionals, as well as support from family and close rela-
tives. This support is essential to help patients cope with 
the challenges they face during diagnosis, treatment, and 
recovery. The prognosis and life expectancy of brain tu-
mor patients vary widely depending on several factors, in-
cluding the type of tumor, its severity, and the patient’s 
response to treatment. Some benign brain tumors that can 
be completely removed through surgery have a favorable 
prognosis. However, malignant brain tumors have a 
poorer prognosis due to their aggressive growth and 
spread. Brain tumor patients require long-term monitor-
ing and follow-up care to manage tumor growth and min-
imize the risk of recurrence. 

The issues outlined above highlight the importance of 
properly addressing brain tumors. Early diagnosis of brain 
tumors is crucial as it determines the type of treatment re-
quired if a brain tumor is detected. Therefore, there is a 
significant need for precise and accurate diagnostic tech-
niques for brain tumors. Doctors typically diagnose brain 
tumors by analyzing MRI and CT scan results. This analy-
sis is often performed manually, which increases the like-
lihood of diagnostic errors [6]. Manual analysis involves 
observing images produced by MRI or CT scans. Another 
diagnostic method, biopsy, is also commonly used; how-
ever, this approach requires a considerable amount of time 
and incurs high costs, whereas timely and accurate treat-
ment is critical for patients with brain tumors. Biopsy in-
volves extracting brain tissue for microscopic examination 
[7]. This underscores the need to develop accurate and re-
liable brain tumor classification techniques. One promis-
ing approach is to leverage classification methods using 
machine learning, a branch of artificial intelligence [8]. 

Brain tumor classification using machine learning is a 
highly effective approach for diagnosing and categorizing 
brain tumors. Brain tumors exhibit various types and com-
plex characteristics, making accurate identification and 
classification a challenging task for doctors and radiolo-
gists. Therefore, the use of machine learning [9] techniques 
can provide significant assistance in understanding and 
classifying  brain  tumors by  recognizing  patterns  within  

medical images. 
Machine learning, a branch of artificial intelligence, 

enables computers to learn from data and make decisions 
or predictions without being explicitly programmed [10]. 
In the context of brain tumor classification, machine learn-
ing can be applied to analyze medical data, including MRI 
images, CT scans, and clinical patient data, to identify pat-
terns associated with specific types of brain tumors. One 
commonly used machine learning approach for brain tu-
mor classification is the application of deep learning algo-
rithms, such as artificial neural networks and Convolu-
tional Neural Networks (CNNs) [11]. These algorithms 
can learn to recognize critical features within image data 
and extract relevant information to differentiate between 
various types of brain tumors. The development of a brain 
tumor classification model using machine learning re-
quires a large, high-quality dataset. This dataset should in-
clude medical images accompanied by precise annotations 
detailing the type and characteristics of the brain tumors. 
MRI images are particularly valuable in this context, as 
they provide high-quality imaging that facilitates machine 
learning [12] algorithms in accurately classifying brain tu-
mors [13]. Based on this premise, the images used in this 
study consist of brain tumor medical images produced by 
MRI. 

2. Related work 
Research on medical image classification has become 

increasingly popular as it helps to reduce errors in disease 
diagnosis. Numerous studies have integrated machine 
learning with medical imaging, demonstrating that ma-
chine learning can be effectively applied in the healthcare 
field. Research utilizing medical images is particularly 
compelling as it assists doctors in making diagnoses. Ad-
ditionally, diagnoses become highly accurate with the aid 
of machines capable of recognizing patterns in each medi-
cal image. One of the most accurate studies used medical 
images of women's breasts to detect breast cancer, achiev-
ing a classification accuracy of 99.7% [14]. This study clas-
sified 261 images with breast cancer and 745 images with-
out breast cancer. Figure 8 in the article shows that 245 
healthy images were correctly classified, with only one 
misclassification. Meanwhile, 60 breast cancer images 
were correctly classified without any misclassification in 
that category. These findings confirm that disease diagno-
sis using machine learning is highly feasible and can sig-
nificantly enhance diagnostic precision [9]. 

The classification of brain tumors using CNN is not a 
novel area of research; numerous studies have been con-
ducted to diagnose brain tumors using MRI-generated 
brain images. Shafi et al. (2021) [15] classified glioma, men-
ingioma, pituitary, and multiple sclerosis brain tumors. 
Table 1 of their study presented a dataset comprising 2,399 
brain images obtained from MRI scans. The algorithm  
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Table 1. Related work using machine learning. 

Authors Deep Model Dataset Dataset Size Accuracy 

M. Alqhatani (2022) CNN Breast Cancer (MRI) 1006 99.70% 
Shafi et al., (2021) SVM Brain Ttumor (MRI) 2399 97.74% 
Inan et al., (2023) KNN, 

XgB, 
SVM, 
LR, 
MLP, 
TabNet 

Breast Cancer (MRI) 767 91.39%, 
94.90%,  
91.56%,  
90.33%,  
92.44%,  
96.99% 

Kabir Anaraki et al., (2019) CNN Brain Tumor (MRI) 3064 94.20% 
Baranwal et al., (2020) CNN, 

Linear SVM, 
Poly Nomial SVM 

Brain Tumor (MRI) 3064 94.00% 
81.00% 
84.00% 

 
chosen for their research was Support Vector Machine 
(SVM). The results showed training and testing accuracies 
of 97.95% and 97.74%, respectively. This study stands out 
as one of the highest accuracy achievements using SVM. 
However, the study did not specify the division between 
training and testing datasets. Their research achieved a 
higher accuracy in brain tumor classification using SVM 
compared to the study by Inan et al. (2023) [16] which re-
ported an accuracy of 91.56% for their SVM model (Table 
7 in their study). 

Another study on the use of CNN was conducted by 
Kabir Anaraki et al. (2019) [17], focusing on the classifica-
tion of brain tumor medical images. This research classi-
fied three types of brain tumors: glioma, meningioma, and 
pituitary tumors. The study utilized two different feature 

extraction models, as shown in Figure 8 of their research. 
The distinction between the models lies in the input image 
sizes: the first model used 48x48 input images, while the 
second model used 128x128 input images. The study 
achieved an accuracy of 94.2%, which is higher compared 
to the research conducted by Baranwal et al. (2020) [18]. 
Baranwal et al.'s study also classified brain tumor medical 
images using a CNN model. Their research utilized 3,064 
MRI-generated brain tumor images. The original image 
size of 512x512 pixels was resized to 384x384 pixels. The 
accuracy obtained in their study was 94%. 

Previous research highlights the role of machine 
learning in diagnosing diseases from MRI-generated im-
ages. A summary of these studies can be found in Table 1.

 

 
Figure 1. Before preprocessing datasets. 

 

 
Figure 2. After preprocessing datasets.
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Previous research, as shown in Table 1, demonstrates 
that medical images can be classified using machine learn-
ing. Various machine learning architectures are employed 
to classify diseases in humans. One of the most commonly 
used medical images for disease classification is brain tu-
mor images obtained from MRI scans. The machine learn-
ing architectures frequently used for disease classification 
based on images are CNN and SVM. Based on this, we 
conducted a study on medical image classification using 
CNN, but with a larger dataset compared to previous 
studies. Our research focuses on analyzing the use of input 
image sizes, emphasizing the importance of selecting the 
right image size to ensure precise and accurate diagnosis, 
particularly for brain tumor classification. 

3. Proposed Methodology 
Based on the related work, the classification of medi-

cal images using CNN in machine learning has been more 
widely applied compared to other architectures, which is 
why this study uses CNN. This research tests the perfor-
mance of CNN in classifying brain tumors with a large da-
taset. Several CNN architectures that can classify images 
with large amounts of data include AlexNet, GoogleNet, 
and VGG. This architecture can extract features very 
clearly [19][20]. These architectures have been proven to 
successfully classify images with large datasets and nu-
merous classes, as they have won the ImageNet classifica-
tion contest. Therefore, these architectures are highly suit-
able for this research. However, these architectures are de-
signed to classify images with a large number of classes. 
Thus, this study will analyze the performance of the archi-
tecture used to classify images with fewer classes and un-
der different image size scenarios. 
 
3.1 Brain Datasets 

The development of a machine learning model for 
brain tumor classification requires a dataset containing ac-
curately labeled medical images of brain tumors. This da-
taset plays a crucial role in training and testing the ma-
chine learning model to recognize patterns associated with 
specific types of brain tumors. The brain tumor dataset in-
cludes various types of tumors, both benign and malig-
nant, with variations in size, location, and morphological 
characteristics. High-quality and representative data is es-
sential to ensure that the machine learning model can learn 
and generalize effectively on unseen data. A rich and di-
versified dataset allows the model to learn the distinctive 
visual features of brain tumors, such as shape changes, tex-
ture, and intensity distribution in medical images. In addi-
tion to medical images, the brain tumor dataset for ma-
chine learning can also include clinical patient data, such 
as age, gender, health history, and results from additional 
tests like biopsies and genetic analysis. Integrating this 
clinical data can help enhance brain tumor classification by 
considering other factors that may influence the tumor's 

characteristics and development. High-quality and repre-
sentative brain tumor datasets play a critical role in devel-
oping machine learning models for tumor classification. 
The collection of well-rounded and diverse datasets ena-
bles the model to learn and recognize the distinctive pat-
terns that can assist in diagnosing and grouping brain tu-
mors more accurately. 

The collection of brain tumor datasets for machine 
learning in Indonesia is challenging due to the need for 
collaboration between medical institutions, research agen-
cies, and experts in radiology and oncology. Additionally, 
acquiring MRI scan images of the brain in Indonesia re-
quires consent from the patient or their family. Since the 
collection of brain tumor data must be done with respect 
to privacy and ethics, patient data must be kept confiden-
tial in accordance with applicable guidelines and regula-
tions for medical data protection. Given these challenges, 
acquiring a brain tumor dataset became a significant ob-
stacle for this research. Therefore, we decided to use a da-
taset provided by Kaggle. The datasets available on 
Kaggle can be freely downloaded and used for research 
purposes in various fields of machine learning, including 
healthcare. The dataset collected consists of 7,023 brain im-
ages across four classes: glioma, meningioma, no tumor, 
and pituitary. Brain images without tumors are included 
to help the model learn to distinguish between tumor and 
non-tumor images. The entire dataset was split into train-
ing and testing data. The training dataset consists of 90% 
of the total dataset, while the testing dataset makes up 
10%. A larger portion of data is allocated to training be-
cause the model requires more data to learn and recognize 
patterns effectively. 
 
3.2 Image Preprocessing 

Image preprocessing is a crucial step in preparing im-
age data before it is processed by a machine learning 
model. The purpose of image preprocessing is to enhance 
the quality and representation of image data, making it 
easier for the model to recognize patterns and features in 
the brain images. The first step in preprocessing is labeling 
the images according to their respective classes. Labeling 
images is a critical step in machine learning model devel-
opment because the quality and accuracy of labels directly 
impact the model's ability to understand and differentiate 
objects or patterns in the images. The labeling process is 
performed according to the categories in the dataset, 
which are glioma, meningioma, no tumor, and pituitary. 
By providing these labels, the model can learn to recognize 
visual patterns corresponding to each class. This allows 
the model to classify the images correctly during both the 
training and testing phases. Proper labeling ensures that 
the model can distinguish between the different types of 
brain tumors and identify non-tumor images effectively. 
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Figure 3. Fully connected layer. 
 

One of the crucial steps in the image preprocessing 
phase is resizing the images. This process ensures that all 
images have uniform dimensions, facilitating the model’s 
ability to efficiently extract features from the images. 
Resizing also reduces computational complexity, thereby 
speeding up the training and testing processes of the 
model. As shown in Figure 1, the original image size is 
quite large (greater than 500x500 pixels), requiring consid-
erable computational time for both training and testing. 
Therefore, resizing techniques are applied to adjust the im-
age dimensions to better suit the model’s needs, enabling 
it to recognize patterns in the images more swiftly. In this 
study, three different resizing scenarios are tested: 
100x100, 150x150, and 200x200 pixels. While these resized 
images are smaller than the original size, they retain all the 
critical information within the images, and no significant 
features are lost. Figure 2 demonstrates an example of an 
image resized to 150x150 pixels. Despite the reduction in 
size, the image still retains all necessary information for 
tumor classification. Smaller image sizes enable the model 
to process images more rapidly, without compromising 
the time required for diagnosis. This resizing technique 
proves to be beneficial in optimizing the performance of 
the machine learning model, without diminishing the ac-
curacy of brain tumor classification. 
 
3.3 Feature Extraction 

The use of feature extraction in brain tumor classifi-
cation must employ an architecture capable of working 
with high-dimensional images to produce accurate diag-
noses. The feature extraction proposed in this study is 
CNN, as this architecture is capable of extracting each fea-
ture present in the image. The neural network in CNN con-
tains neurons that are interconnected. In general, CNN has 
several layers, namely convolutional layers, pooling lay-
ers, and fully connected layers. 
 
3.3.1 Convolution Layer 

The convolutional layer serves as the first layer in ex-
tracting the input image. The convolutional layer shifts the 

filter used according to the given stride (s) value until the 
entire matrix is passed by the kernel. This is done repeat-
edly using different filters to obtain accurate information 
from the input image. The following is the mathematical 
Equation 1 for performing convolution [21]. 
 

 x	 = 	φ(𝑊 ∗	𝑌("#) 	+ 	𝑏) (1) 
 

The value of x in equation (1) represents the output of 
the neuron, φ is the activation function applied to the ar-
gument within the parentheses, 𝑊 is the weight matrix 
used to multiply the input 𝑌("#), and 𝑌("#) is the input of the 
node or neuron. This can be the output from the previous 
layer or the original input, depending on the position of 
the formula in the network architecture, and 𝑏 is the bias 
(bias vector) added to the result of the multiplication 𝑊 ∗ 
𝑌("#). 
 
3.3.2 Pooling 

The convolutional layer produces a feature map that 
is still quite large. This affects the computation speed dur-
ing training. The pooling layer is one way to address this 
issue. The main function of the pooling layer is to simplify 
the image or feature representation by taking the maxi-
mum or average value from a specific region within the 
input matrix. Pooling layers in deep learning are usually 
applied after the convolutional layer to reduce the size of 
the feature map and eliminate some irrelevant spatial in-
formation. The mathematical equation to compute the new 
feature map can be used in Equation 2. 
 

 𝑛%&' =	 -
𝑛"( + 2𝑝 − 𝑘

𝑆 3 + 1 (2) 

 
The value 𝑛%&' represents the new feature map value 

generated by each convolution, 𝑛"( is the input layer or the 
size of the image used, p is the padding size applied during 
convolution, k is the size of the kernel used, and S is the 
stride value, which refers to the horizontal or vertical 
movement of the kernel. The research we propose will use 
different input images, resulting in different feature maps 
generated from the convolution process. 
 
3.3.3 Fully Connected Layer 

The Fully Connected (FC) layer, also known as the 
Dense layer, is a key component in the architecture of arti-
ficial neural networks. The Fully Connected layer is where 
each neuron in this layer is directly connected to every 
neuron in the previous layer. In other words, each neuron 
in the Fully Connected layer receives input from all neu-
rons in the previous layer. The main function of the Fully 
Connected layer is to combine the information extracted 
from the previous layers and perform a linear transfor-
mation on the input. Each connection between neurons in 
this layer has a weight and bias that represent the 
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importance of each feature in the data. During the training 
process, these weights and biases are adjusted so that the 
model can learn to represent complex patterns in the data 
and produce an output that is aligned with the given task. 
The Fully Connected layer is typically followed by an ac-
tivation function such as ReLU, Sigmoid, or Softmax to in-
troduce non-linearity into the model. This non-linearity al-
lows the neural network to represent more complex pat-
terns and capture non-linear relationships in the data. 
While the Fully Connected layer has been successfully 
used in various tasks such as image classification [22], nat-
ural language processing, and speech recognition, it also 
has its drawbacks. One of them is the very large number 
of parameters, especially in models with deep architec-
tures. This can lead to overfitting and requires a larger 
amount of training data. Below is Figure 3 showing the 
process of the Fully Connected layer performing classifi-
cation. 

Based on Figure 3, it can be concluded that Equation 
3 is: 
 

 
𝑌! = [(𝑊!!. 𝑋!) + (𝑊"!. 𝑋") + (𝑊#!. 𝑋#)] 

𝑌" = [(𝑊!". 𝑋!) + (𝑊"". 𝑋") + (𝑊#". 𝑋#)] 
(3) 

 
Equation 3 can be represented in a matrix form as fol-

lows in Equation 4: 
 

 +𝑌!𝑌"
, = +𝑊!! 𝑊"! 𝑊#!

𝑊!" 𝑊"" 𝑊#"
, . -

𝑋!
𝑋"
𝑋#
. + +𝑏!𝑏"

, (4) 

 
Equation 4 shows that the input significantly influ-

ences the output. The use of brain tumor image size will 
affect the accuracy and precision in diagnosing brain tu-
mors. To better illustrate the impact of input on output, we 
attempt to present it in Figure 4. 

Figure 4 shows that the value X represents the input 
image, the value W represents the weight of the input im-
age, and b is the bias value resulting from the mathemati-
cal operation between the input and the weights. Mean-
while, Y represents the output of the classification result 
after the image has passed through each stage of feature 
extraction. The results obtained are analyzed by compar-
ing the labels of the given image. 
 
3.4 Model evaluation 

The results of the testing are displayed in a confusion 
matrix, which facilitates the analysis. The confusion matrix 
used is shown in Table 2 [23]. 

The confusion matrix is a commonly used evaluation 
tool in modeling and classification. It serves to analyze the 
model's performance by comparing the model's predic-
tions with the ground truth. The confusion matrix has four 
main components: True Positive (TP), True Negative (TN), 
False Negative (FN), and False Positive (FP). TP represents 
the number of positive observations that were correctly 
predicted by the model. In classification, TP indicates the 
number of positive cases that were correctly detected as 
positive by the model. TN represents the number of nega-
tive observations that were correctly predicted by the 
model. In classification, TN indicates the number of nega-
tive cases that were correctly detected as negative by the 
model. FN represents the number of positive observations 
that were incorrectly predicted as negative by the model. 
In classification, FN indicates positive cases that were not 
detected as positive by the model. FP represents the num-
ber of negative observations that were incorrectly pre-
dicted as positive by the model. In classification, FP indi-
cates negative cases that were incorrectly detected as pos-
itive by the model. Based on the values of TP, TN, FN, and 
FP, precision, recall, F1-score, and accuracy can be de-
rived. These results are obtained using formulas 5-8 
[24][25]. 
 

 
Figure 4. backpropagation illustration. 
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 a) X = 100x100 b) X = 150x150 c) X = 200x200 
 
Figure  5. Confusion matrix result of AlexNet Architecture. 
 
Table 2. Confusion matrix. 
 Prediction 

0 1 
True 0 TN (True Negative) FP (False Positive) 

1 FN (False Negative) TP (True Positive) 
 
 

 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃 (5) 

 

 𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁 (6) 

 

 𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2	𝑋	
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛	𝑋	𝑅𝑒𝑐𝑎𝑙𝑙
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 	𝑅𝑒𝑐𝑎𝑙𝑙 

(7) 

   

 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
∑𝑇𝑃

𝑇𝑜𝑡𝑎𝑙	𝐷𝑎𝑡𝑎 (8) 

4. Result and Discussion 
This study focuses on the use of Deep Learning meth-

ods in brain tumor classification, which presents a signifi-
cant challenge in the field of medical science and 
healthcare technology. Brain tumor diseases are among 
the most serious and complex health problems, affecting 
the quality of life and life expectancy of patients. In an ef-
fort to improve diagnosis and treatment, medical technol-
ogy has shown rapid advancements, and particularly, 
Deep Learning technology has garnered attention due to 
its remarkable ability to process complex medical data. 
This research presents the latest results from the use of 
Deep Learning algorithms in classifying brain tumors 

based on medical images generated from MRI scans. This 
method promises great potential for ensuring more accu-
rate tumor identification, reducing diagnostic errors, and 
facilitating more precise decision-making in treatment 
planning. By using extensive and high-quality patient 
data, we trained and evaluated various deep neural net-
work architectures, including CNN. This training process 
allows the algorithm to understand the distinctive features 
of brain tumor images, enabling it to distinguish between 
images with tumors and those without. 
4.1 Result 

This study analyzes the results of the influence of in-
put image size on the accuracy level in classifying brain 
images using neural networks, which can assist doctors in 
diagnosing brain tumors. The neural network architec-
tures tested are AlexNet and GoogleNet. The training pro-
cess for both architectures was conducted in the same 
manner, using a batch size of 32 and 20 epochs. The input 
image sizes (X) tested were 100x100, 150x150, and 200x200. 
 
4.1.1 AlexNet Model 

This study focuses on analyzing the results of testing 
the effect of input images on the accuracy of classifying 
brain tumor medical images. Figure 5 shows the testing re-
sults of the AlexNet model using a 10% dataset from 7023 
images. 

Figure 5 shows the brain tumor classification results 
based on previously unseen data. The data indicates that 
the AlexNet architecture can predict medical images with 
and without tumors. With an input size of 100x100, the 
AlexNet    model   correctly   predicted   202   images   and 

 

Table 3. Testing result of AlexNet. 

Classes 
X = 100x100 X = 150x150 X = 200x200 

TP FP FN TP FP FN TP FP FN 
Glioma 166 4 16 161 9 3 156 14 2 
No tumor 202 1 3 203 0 1 203 0 3 
Meningioma  154 20 5 171 3 10 170 4 16 
Pituitary 153 3 4 153 3 15 152 4 1 
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 a) X = 100x100 b) X = 150x150 c) X = 200x200 
 

Figure 6. Confusion matrix result of GoogleNet Architecture. 
 
Table 4. Testing result of GoogleNet. 

Classes 
X = 100x100 X = 150x150 X = 200x200 

TP FP FN TP FP FN TP FP FN 
Glioma 156 14 10 157 13 3 159 11 8 
No tumor 202 1 2 201 2 1 198 5 2 
Meningioma  160 14 19 166 8 16 164 10 18 
Pituitary 150 6 4 151 5 8 153 3 1 
 
Table 5. Result of AlexNet model. 

Image Size Precision Recall F1-Score Akurasi 
100 96% 96% 96% 96% 
150 98% 96% 97% 98% 
200 97% 97% 97% 97% 

 
Table 6. Result of GoogleNet model. 

Image Size Precision Recall F1-Score Akurasi 
100 95% 95% 95% 95% 
150 96% 96% 96% 96% 
200 96% 96% 96% 96% 

 
misclassified one image in the "no tumor" class. Mean-
while, for input sizes of 150x150 and 200x200, the model 
was able to correctly predict all images without brain tu-
mors. These results demonstrate that AlexNet can accu-
rately predict both brain tumor and non-tumor images, 
which is highly beneficial in assisting doctors with precise 
brain tumor diagnoses. 

Table 3 shows excellent accuracy for the "no tumor" 
class with an input size of 150x150. The 200x200 input size 
yielded the same result for the "no tumor" class, but for the 
glioma, meningioma, and pituitary classes, the 150x150 in-
put size demonstrated higher accuracy compared to the 
200x200 input size. 
 
4.1.2 GoogleNet model 

The development of the model for image classifica-
tion using GoogleNet went through the same prepro-
cessing steps, with three different models created based on 
varying image sizes: 100x100, 150x150, and 200x200 pixels. 

Therefore, the resulting models consist of three models 
based on image size groups. The Figure 6 shows the train-
ing results of the model using the GoogleNet architecture. 

Based on Figure 6, the results show the classification 
outcomes for each class of images with different sizes. 
These results indicate that there is an impact on the classi-
fication outcomes based on the varying image sizes. Table 
4 shows the distribution of results based on formula 8. 

The results of the tests show the model's performance 
in classifying brain tumors into four classes (glioma, no tu-
mor, meningioma, and pituitary) using three different im-
age input resolutions: 100x100, 150x150, and 200x200 pix-
els. Each class has varying values of True Positive (TP), 
False Positive (FP), and False Negative (FN), which reflect 
the model's sensitivity to changes in image resolution. 
Overall, the model demonstrates consistent results in de-
tecting tumors with relatively low error rates, although 
there are performance differences between classes and res-
olutions. For the glioma class, the model shows improved 
performance at the 150x150 resolution, with the highest TP 
of 157 and the lowest FP of 13. However, at the 200x200 
resolution, while TP increases to 159, there is a rise in FN 
to 8, indicating that increasing the resolution might cause 
the model to miss some truly positive samples. This could 
be due to the increased texture complexity in the glioma 
class, which is more effectively captured at the medium 
resolution. 

The meningioma class shows the best performance 
among all classes, with the highest TP (202 at 100x100) and 
very low FP (only 1 at 100x100). Although there is a slight 
decrease in TP at the 200x200 resolution, FP remains low 
(5 at 200x200). This indicates that the model has a good 
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ability to recognize specific patterns in meningioma, even 
with varying resolutions. For the pituitary class, the model 
shows significant performance improvement at the 
200x200 resolution, with TP reaching 153 and the lowest 
FP of 3. FN also decreased significantly compared to other 
resolutions, indicating that this class is more sensitive to 
high resolution. In contrast, the no tumor class shows 
more stable results, with only slight variation in FN and 
TP across resolutions. In conclusion, the input image reso-
lution has varying impacts depending on the complexity 
of patterns within each class, and medium to high resolu-
tions tend to provide better overall results. 
 
4.2 Discussion 

Model training is performed to assess the perfor-
mance of each generated model. This serves as a reference 
in making decisions to determine the appropriate image 
size for classification tasks. Based on Table 5, the results of 
testing the model using AlexNet are presented. 

Table 5 shows the results of testing the AlexNet 
model with three different image input sizes, highlighting 
variations in performance across the metrics of Precision, 
Recall, F1-Score, and overall accuracy. In general, the 
model performs well across all image sizes, with accuracy 
values above 96% for each size. However, there are some 
significant differences that require further analysis regard-
ing the impact of image resolution on the model's classifi-
cation ability. For the 100x100 image size, the model 
achieves consistent metric values, with Precision, Recall, 
and F1-Score each at 0.96, and an overall accuracy of 96%. 
This indicates that the model is able to make fairly accurate 
predictions at a lower resolution. However, this resolution 
may not be sufficient to capture more complex details of 
brain tumor patterns, which is why the metric values are 
slightly lower compared to higher resolutions. 

The 150x150 image size yielded the best performance, 
with Precision increasing to 0.98, while recall remained at 
0.96. The F1-Score improved to 0.97, and the overall accu-
racy reached 98%. This indicates that the medium resolu-
tion allowed the model to capture more relevant visual in-
formation without significantly increasing the error rate. 
These results suggest that the 150x150 size provides the 
best balance between model complexity and available im-
age information. At the 200x200 image size, all metrics 
(Precision, Recall, and F1-Score) were recorded at 0.97, 
with an overall accuracy of 97%. Although this perfor-
mance was slightly lower than at 150x150, the increased 
resolution still provided consistent results. However, this 
resolution increases likely added complexity to the model 
without delivering significant improvement in classifica-
tion performance. This suggests that the model may have 
reached its optimal capability in capturing patterns at the 
medium resolution. Overall, the test results indicate that 
the 150x150 image size is the optimal resolution for the 

AlexNet model in this brain tumor classification task. This 
resolution offers the best combination of processing effi-
ciency and prediction accuracy, which could be an im-
portant consideration in real-world model deployment. 

Table 6 presents the results of the GoogleNet model 
testing with three different input image sizes (100x100, 
150x150, and 200x200). The performance across all sizes 
was excellent, with Precision, Recall, F1-Score, and overall 
accuracy ranging from 95% to 96%. Although the differ-
ences between the metrics were small, the analysis of each 
image size provides insight into the effect of input resolu-
tion on the model's effectiveness. At the 100x100 image 
size, the model achieved Precision, Recall, and F1-Score 
values of 0.95, with an overall accuracy of 95%. Although 
the performance is high, this resolution may not be opti-
mal for capturing the complex details of brain tumor im-
ages. GoogleNet, with its deeper and more complex archi-
tecture, likely requires a slightly higher resolution to fully 
utilize its ability to recognize patterns. The 150x150 image 
size showed an improvement in all metrics, with Precision, 
Recall, F1-Score, and accuracy reaching 0.96. This im-
provement suggests that the medium resolution allowed 
the model to capture more visual information, leading to 
more accurate predictions. This resolution appears to 
strike a good balance between data complexity and the 
model's ability to process information. At the 200x200 im-
age size, the metric values remained consistent with those 
of the 150x150 resolution, all at 0.96. This indicates that the 
increased resolution did not provide significant additional 
benefits to the model's performance. The additional infor-
mation obtained from this higher resolution might not 
have been significant enough to enhance the model's abil-
ity, or the model may have reached its optimal limit in uti-
lizing the visual features of the data. Overall, the Goog-
leNet model showed stable and reliable performance 
across different image sizes, with the best results achieved 
at both 150x150 and 200x200 resolutions. This suggests 
that medium to high resolutions are well-suited for the ar-
chitecture of this model in the brain tumor classification 
task. Considering processing efficiency, a resolution of 
150x150 can be regarded as the optimal choice for imple-
menting the GoogleNet model for this task. 

5. Conclusion and Future Work 
Based on the test results of the AlexNet and Goog-

leNet models with three different image input sizes, both 
models demonstrated excellent performance with accu-
racy above 95% for all resolutions. The AlexNet model 
achieved optimal performance at a resolution of 150x150, 
with an accuracy of 98%, while GoogleNet showed stable 
performance at both 150x150 and 200x200 resolutions, 
with an accuracy of 96%. The medium resolution (150x150) 
proved to offer the best balance between visual infor-
mation and processing efficiency for both models. For 
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future research, it is suggested to test other models with 
more modern architectures or utilize ensemble techniques 
combining AlexNet and GoogleNet to improve accuracy. 
Additionally, using a larger and more diverse dataset 

could help enhance the generalization of the model, lead-
ing to better performance across various tumor classifica-
tions and conditions.

 

5. Conflicts of Interest 
The authors declare no conflicts of interest. 
 
6. References 
[1] S. Patil and D. Kirange, “Ensemble of Deep Learning Models for Brain Tumor Detection,” 

International Conference on Machine Learning and Data Engineering, vol. 218, pp. 2468–2479, 
2023, doi: 10.1016/j.procs.2023.01.222. 

[2] D. Ting, I. Hasan, S. Roy, Y. Liu, B. Zhang, and B. Guo, “Advances in mRNA nanomedicines 
for malignant brain tumor therapy,” Smart Mater Med, vol. 4, pp. 257–265, 2023, doi: 
10.1016/j.smaim.2022.11.001. 

[3] S. Sangui, T. Iqbal, C. P. Chandra, S. K. Ghosh, and A. Ghosh, “3D MRI Segmentation using 
U-Net Architecture for the detection of Brain Tumor,” Procedia Comput Sci, vol. 218, pp. 542–
553, 2023, doi: 10.1016/j.procs.2023.01.036. 

[4] Y. Peng and J. Sun, “The multimodal MRI brain tumor segmentation based on AD-Net,” 
Biomed Signal Process Control, vol. 80, no. September 2022, 2023, doi: 
10.1016/j.bspc.2022.104336. 

[5] M. Kaddes, Y. M. Ayid, A. M. Elshewey, and Y. Fouad, “Breast cancer classification based on 
hybrid CNN with LSTM model,” Sci Rep, vol. 15, no. 4409, pp. 1–14, 2025, doi: 10.1038/s41598-
025-88459-6. 

[6] D. Daimary, M. B. Bora, K. Amitab, and D. Kandar, “Brain Tumor Segmentation from MRI 
Images using Hybrid Convolutional Neural Networks,” Procedia Comput Sci, vol. 167, no. 
2019, pp. 2419–2428, 2020, doi: 10.1016/j.procs.2020.03.295. 

[7] S. Tripathy, R. Singh, and M. Ray, “Automation of Brain Tumor Identification using 
EfficientNet on Magnetic Resonance Images,” Procedia Comput Sci, vol. 218, no. 2022, pp. 
1551–1560, 2023, doi: 10.1016/j.procs.2023.01.133. 

[8] S. J. Mataraso et al., “A machine learning approach to leveraging electronic health records for 
enhanced omics analysis,” Nat Mach Intell, vol. 7, no. February, pp. 293–306, 2025, doi: 
10.1038/s42256-024-00974-9. 

[9] Z. Zhang, A. Ghavasieh, and J. Zhang, “Coarse-graining network flow through statistical 
physics and machine learning,” Nat Commun, vol. 16, no. October 2023, pp. 1–11, 2025, doi: 
10.1038/s41467-025-56034-2. 

[10] J. Li et al., “Accelerated photonic design of coolhouse film for photosynthesis via machine 
learning,” Nat Commun, vol. 16, no. 1, pp. 1–11, 2025, doi: 10.1038/s41467-024-54983-8. 

[11] W. Baccouch, S. Oueslati, B. Solaiman, and S. Labidi, “A comparative study of CNN and U-
Net performance for automatic segmentation of of medical medical images: application 
application to cardiac MRI,” Procedia Comput Sci, vol. 219, no. 2022, pp. 1089–1096, 2023, doi: 
10.1016/j.procs.2023.01.388. 

[12] Z. Liu, C. Ma, W. She, and M. Xie, “Innovative multi-class segmentation for brain tumor MRI 
using noise diffusion probability models and enhancing tumor boundary recognition,” Sci 
Rep, vol. 14, no. 1, pp. 1–9, 2024, doi: 10.1038/s41598-024-78688-6. 

[13] Y. Li, J. Zhao, Z. Lv, and J. Li, “Medical image fusion method by deep learning,” International 
Journal of Cognitive Computing in Engineering, vol. 2, no. December 2020, pp. 21–29, 2021, doi: 
10.1016/j.ijcce.2020.12.004. 

[14] S. M. Alqhtani, “BreastCNN : A Novel Layer-based Convolutional Neural Network for Breast 
Cancer Diagnosis in DMR-Thermogram Images BreastCNN : A Novel Layer-based 
Convolutional Neural Network for Breast Cancer Diagnosis in DMR-Thermogram Images,” 
Applied Artificial Intelligence, vol. 36, no. 1, 2022, doi: 10.1080/08839514.2022.2067631. 

[15] A. S. M. Shafi, M. B. Rahman, T. Anwar, R. S. Halder, and H. M. E. Kays, “Classification of 
brain tumors and auto-immune disease using ensemble learning,” Inform Med Unlocked, vol. 
24, 2021, doi: 10.1016/j.imu.2021.100608. 



Muis et. al, Early Detection of Brain Tumors: Performance Evaluation of AlexNet and GoogleNet on Different Medical Image Resolutions 
 

 
Scientific Journal of Engineering Research 2025, 1, 3 https://journal.futuristech.co.id/index.php/sjer 

130 

[16] M. S. K. Inan, S. Hossain, and M. N. Uddin, “Data augmentation guided breast cancer 
diagnosis and prognosis using an integrated deep-generative framework based on breast 
tumor’s morphological information,” Inform Med Unlocked, vol. 37, no. January, 2023, doi: 
10.1016/j.imu.2023.101171. 

[17] A. K. Anaraki, M. Ayati, and F. Kazemi, “Magnetic resonance imaging-based brain tumor 
grades classification and grading via convolutional neural networks and genetic algorithms,” 
Biocybern Biomed Eng, vol. 39, no. 1, pp. 63–74, Jan. 2019, doi: 10.1016/j.bbe.2018.10.004. 

[18] S. K. Baranwal, K. Jaiswal, K. Vaibhav, A. Kumar, and R. Srikantaswamy, “Performance 
analysis of Brain Tumour Image Classification using CNN and SVM,” Proceedings of the 2nd 
International Conference on Inventive Research in Computing Applications, ICIRCA 2020, pp. 537–
542, 2020, doi: 10.1109/ICIRCA48905.2020.9183023. 

[19] S. A. Shiney and R. Seetharaman, “Deep learning based gasket fault detection : a CNN 
approach,” Sci Rep, vol. 15, no. 4776, pp. 1–14, 2025, doi: 10.1038/s41598-025-85223-8. 

[20] Y. Liu et al., “Integrating deformable CNN and attention mechanism into multi-scale graph 
neural network for few-shot image classification,” Sci Rep, vol. 15, no. 1, p. 1306, 2025, doi: 
10.1038/s41598-025-85467-4. 

[21] H. Hu et al., “Content-based gastric image retrieval using convolutional neural networks.” 
doi: 10.1002/ima.22470. 

[22] W. Hussain et al., “Ensemble genetic and CNN model-based image classification by 
enhancing hyperparameter tuning,” Sci Rep, vol. 15, no. 1, pp. 1–24, 2025, doi: 10.1038/s41598-
024-76178-3. 

[23] J. Wang and L. Liu, “A multi-attention deep neural network model base on embedding and 
matrix factorization for recommendation,” International Journal of Cognitive Computing in 
Engineering, vol. 1, no. November, pp. 70–77, 2020, doi: 10.1016/j.ijcce.2020.11.002. 

[24] F. J. M. Shamrat, S. Azam, A. Karim, K. Ahmed, F. M. Bui, and F. De Boer, “High-precision 
multiclass classification of lung disease through customized MobileNetV2 from chest X-ray 
images,” Comput Biol Med, vol. 155, no. June 2022, p. 106646, 2023, doi: 
10.1016/j.compbiomed.2023.106646. 

[25] S. Alzughaibi and S. El Khediri, “A Cloud Intrusion Detection Systems Based on DNN Using 
Backpropagation and PSO on the CSE-CIC-IDS2018 Dataset,” applied sciences, vol. 13, p. 2276, 
2023, doi: https://doi.org/10.3390/app13042276. 

  


