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sunulmasi esastir.*” degisikligine uygun diizenlenmistir. Bilgilerinize arz edilir.

Saygilarimla.

N
LY "r

W
Prof. Dr. Hasan CIFTCI
Head Of MeetCon Conference

MeetCon

www.meetcon.org

INTERNATIONAL CONFERENCE NETWORK




HARRAN UNIVERSITESI REKTORLUGU
Birecik Meslek Yiiksekokulu Midiirliigi

Say1 : E-23449751-900.001-564242 06.03.2026

Konu : Akademisyen Temsilci ve Diizenleme Kurulu
Uyeligi (Dr.Ogr. Uyesi Esra Nur AKPINAR)

HALKLA ILISKILER VE TANITIM PROGRAM BASKANLIGINA

lgi  :05.03.2026 tarihli ve E-26507229-209-563933 sayili yaziniz.

flgi yaz1 ile ; Meetcon Conference (INTERNATIONAL CONFERENCE NETWORK) tarafindan
organize edilen ve Uluslararasi diizenlenecek olan bilimsel etkinliklerde Diizenleme Kurulu Uyesi ve
Akademisyen Temsilci olarak gorev almaniz birimimiz tarafindan uygun karsilanmis olup;

Geregini rica ederim.

Dr. Ogr. Uyesi Mahmut Nedim AGACKESEN
Miidiir

Bu belge, giivenli elektronik imza ile imzalanmustir.

Karstyaka Mah.Prof.Dr.1.Halil Mutlu Cad. Birecik/Sanliurfa Telefon No.:414 318 3229 Faks No:0414 318 3228
e-posta:fatihy.27@harran.edu.tr Internet Adresi:http://birecik.harran.edu.tr/ Kep Adresi:harranuniversitesi@hs01.kep.tr
Bilgi I¢in: Fatih Siileyman YILMAZ Yiiksekokul Sekreteri Telefon No.: 3229


mailto:fatihy.27@harran.edu.tr
http://birecik.harran.edu.tr/
mailto:harranuniversitesi@hs01.kep.tr

INTERNATIONAL CONFERENCE NETWORK

NOTIFICATIONS

AUTHORS

TITLE

NO

Ahmet GUL Control Of Pressure Fluctuations In Industrial High-Pressure Systems: Use Of 1-12
asip TUNA Havva KOCA Flow-Restricting Siphon And Snubber In Booster Compressor Applications
erfin BELCIOGLU
Canan TASTIMUR An Explamable Lightweight Deep Learning Framework For Pharmaceutical 13-24
Tablet Defect Classification Using Espnetv2
Canan TASTIMUR Brain Tumor Segmentation And Classification With A Lightweight Cnn And U- 25-38
Net Based Framework
IElgin MUSTAFAYEV The Theme Of “Karabakh” in The Works Of Altay Hajiyev 39-52
Cemal GUMUS Regulation-Enabled Ai Transformation In Digital Identity And Remote Customer | 53-54
Onboarding
alil ibrahim OLUCAK The Transformation Of The Textile Industry From The Perspective Of Industry 55-65
ehmet KERTMEN 5.0: A Human-Centric, Sustainable, And Resilient Manufacturing Approach
Umut FINDIK
alil ibrahim OLUCAK The End Of The Traditional Textile Model: Value-Added Disruption And The 66-74
ehmet KERTMEN New Era Of Competition In The Turkish Textile Sector
Umut FINDIK
idil GOKGOZ A Bibliometric Analysis Of Marketing Communication And Sustainability 75-84
Fatma Sena YAMAN Research Between 2005 And 2026
ehmet GOKERIK
E“dil GOKGOZ Mapping The Scientific Landscape Of Social Marketing And Sustainability 85-97
atma Sena YAMAN Literature: A Bibliometric Review Based On The Scopus Database
Mehmet GOKERIK
|[Esra Memduha YASAR Anti-Dumping Measures Against China: Protection Or Trade Diversion? 98-110
'Yagiz Can BAYHAN Quantile Causality Between Electricity Demand And Industrial Production In 111-126
Tiirkiye: Evidence From Toda-Yamamoto And Bootstrap Fourier Granger
Approaches
Ahmet SENGONUL Analysis Of Traffic Crash Types By Road Characteristics In Sivas Province: A 127-141
'Yagiz Can BAYHAN Multinomial Logistic Regression Approach
Kemal Bugra YAMANOGLU Does Technology Intensity Shape Export Sensitivity To The Real Exchange Rate? | 142-157
The Case Of Tiirkiye
E)ila CAN Tokens Of Language Structures 158
librahim SULAIMAN The Problem Of Referring To The Same Morphological Term By Different 159-161
Designations: The Case Of The One-Letter Augmented Triliteral Verb
I Ahmet AVCI The Effect Of School Principals’ Toxic Leadership Behaviors On Teachers’ Levels | 162-163
Of Organizational Cynicism
Sezgin KIYMIK Granulomatous Mastitis As A Potential Mimicker Of Breast Infection And Breast | 164-165
Hiiseyin GARIP Carcinoma: A Case Report
Yasemin ATESEYAN Hpv Vaccines: Current Evidence, Vaccination Strategies, Vaccine Acceptance, And| 166-176
A Public Health Perspective
'Yasemin ATESEYAN Artificial Intelligence In Nursing Education: Applications, Educational 177-184
Zeynep GUNGORMUS Opportunities, Ethical Issues, And Future Perspectives
Sena KOK Hindering Psychological Help-Seeking After Divorce: A Qualitative Study 185-206
Mustafa Selim ALTINISIK
Metin KARA Ugur UZEL 207-208
Mehmet Vefa NARMAN Social Work Practices In Post-Disaster Temporary Shelter Areas
|Erkan DIKICI
Derya OCAL Humanity’s Effort To Conquer Death: Aging, Immortality, And Technology In 209-228
Transhumanist Literature
Defne OCAL KAPLAN Comparison Of The Physical Profiles And Performance Indicators Of The 229-238

Turkish Women’s National Volleyball Team At The World Championships: 2006,
2018, And 2025

XXII



canan
Highlight


MeeiCon INTERNATIONAL CONFERENCE NETWORK

ssssssss

BRAIN TUMOR SEGMENTATION AND CLASSIFICATION WITH A
LIGHTWEIGHT CNN AND U-NET BASED FRAMEWORK

Asst. Prof. Dr. Canan TASTIMUR

Erzincan Binali Yildirim University, Faculty of Engineering Architecture, Department of Computer
Engineering, Erzincan, Turkey

ORCID ID: 0000-0002-3714-6826

ABSTRACT

In brain tumor images, the rapid and safe detection of tumor regions and determination of
tumor types using computer-aided diagnostic tools is highly beneficial. Developed Al kits in
this area help prevent subjective interpretation during the diagnostic process and accelerate
the diagnostic process for the diagnoser. In this study, tumor segmentation and classification
from brain MRI images were performed using a lightweight U-Net and a lightweight CNN
architecture. Thanks to this integrated architecture, both tumor region detection and tumor
type determination were addressed within the same study. The public tumor brain version
used in the study includes glioma, meningioma, pituitary, and no tumor classifications. By
including tumor-free regions labeled as no tumor in the version, the model's training
contributes to differentiating non-tumor cases from tumor cases. In the first stage of the
proposed study, accurate segmentation of tumor regions was achieved with a low number of
parameters and reduced computational cost. Subsequently, classification was completed using
the images. The segmentation results showed an 87.66% Dice score and an 83.40%
Intersection over Union (IoU) score. The classification performance yielded a 99.92% train
accuracy and a 97.83% validation accuracy. These classification results demonstrate that the
proposed lightweight CNN architecture can provide high accuracy in distinguishing different
tumor classes. Furthermore, the proposed approach can be used as a real-time computer-
assisted diagnostic tool without requiring high computational power.

Keywords: Brain tumor, Magnetic resonance imaging, Tumor segmentation, Tumor
classification, Deep learning.

INTRODUCTION

Since brain tumors vary in their relationships with surrounding tissues, growth patterns, and
clinical characteristics from person to person, accurate diagnosis and treatment planning are
crucial. Early diagnosis is also critical for achieving highly positive treatment outcomes.
Recent advances in medical imaging technologies have increased the possibility of early
detection of diseases. Magnetic resonance imaging (MRI) allows for detailed examination of
brain tissue, and because the images show tumors of different sizes, densities, and anatomical

locations, these images must be analyzed individually for each patient. Tumor types such as
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glioma, meningioma, and pituitary tumors have different visual appearances, and the fact that
these tissues share similar characteristics with surrounding healthy cells complicates tumor
segmentation and classification. The irregularity of border shapes and varying sizes within
tumor regions also presents a significant problem in terms of generalizability in automated
image analysis systems. Traditional tumor diagnosis approaches include classical image
processing techniques such as edge detection, thresholding, and manual feature extraction.
However, the segmentation and classification success of these methods is highly dependent on
tumor contrast, image quality, and imaging conditions. The recent popularity and widespread
use of deep learning approaches have enabled automatic feature extraction and overcome the
limitations of peripheral imaging. Numerous deep learning-based studies on tumor
segmentation and classification exist in the literature.

Fateh et al. (2026) used 6000 public MRI brain images to solve the problem of brain tumor
segmentation and classification. They performed comparative segmentation of four classes—
glioma, meningioma, pituitary, and non-tumorous—using various transfer learning-based
approaches. U-Net, UNet++, DeepLabV3+, SaberNet, EU-Net, etc. were used. SaberNet
achieved the most successful segmentation with 80.6% weighted mloU. In the tumor
classification phase, various transfer learning architectures were utilized, such as VGG16/19,
EfficientNetB0/1/2, Xception, and MobileNetV2/V3. According to the results obtained,
EfficientNetBO0 achieved the highest classification success with 99.20% accuracy.

Alagarsamy et al. Shiny (2024) performed segmentation and classification of brain tumor
images from a dataset of public brain tumor MR images using U-Net. A CNN-based model
was used to classify glioma, meningioma, and pituitary tumors. A 76% Dice score was
obtained, achieving a 92% classification accuracy. Shiny (2024) processed images through
pre-processing and post-processing for tumor segmentation and classification from brain MRI
images. Pre-processing brought tumor regions to the forefront using the Region Growing
segmentation algorithm. Tumor classification was performed using the Honey Badger
Algorithm. The segmentation results were compared from pre- and post-operative images of
patients, and the presence of tumor formation was examined by comparing pixel changes in
the MR images. The classification accuracy reached 94.90%.

Yaseen et al. (2022) conducted a review of Al-assisted brain tumor segmentation studies. It
was noted that traditional segmentation approaches and deep learning approaches were more
prominent in brain tumor segmentation, and that learning-based approaches produced faster
and more successful results compared to traditional approaches. Alkharaan et al. (2026)
performed segmentation on 6000 MR brain images in four classes (glioma, meningioma,

pituitary, and no-tumor) using U-Net++ and achieved a 90.55% Dice score. With the
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EfficientNet-B1 architecture, an accuracy of 99.70% was achieved, enabling the detection of
small and low-contrast brain tumors in particular.

Sulochana and Priyadharsini (2026) used Improved Anisotropic Diffusion Filtering to
eliminate noise from brain tumor images in brain tumor segmentation and classification. In
the next step, data augmentation was applied, and a Swin Transformer U-shaped Network was
used for segmentation. In the classification of a four-class tumor dataset, they achieved a
classification accuracy of 98.67% using InceptionResNetv2. Mandle et al. (2022) proposed a
model for K-Means and a kernel-based support vector machine for segmentation and
classification. The method steps are preprocessing, feature extraction, segmentation, and
classification. A classification accuracy of 98.75% was achieved in a dataset of 160 MRI
images containing benign and malignant data.

Farajzadeh et al. (2023) used deep learning models to perform classification and segmentation
on MICCAI BraTS’20 benchmark brain tumor datasets. In the segmentation phase, 98.81%
pixel-level accuracy was achieved, and in the classification phase, 98.93% accuracy was
achieved. Ganesh et al. (2025) used deep learning-based models in brain tumor segmentation
and classification. In addition to performing tumor classification with a CNN architecture
from scratch, a comparison with transfer learning methods VGG16, GooglLeNet, and AlexNet
showed 80% accuracy with GoogLeNet and 75% with AlexNet. They achieved a DICE score
of 83.35% with binary classification and segmentation.

Saraswathi and Chakradhar (2025) presented a comparative review of methods in the
literature for brain tumor segmentation and classification. Here, mostly deep learning-based
approaches with high segmentation and classification success were found. Hossain et al.
(2023) created a version with 300 images using images obtained from microwave brain
imaging systems. As a result of preprocessing and data augmentation, they created a new deep
learning architecture called MicrowaveSegNet for segmentation with 6000 images. They
obtained 86.92% IoU and 93.10% Dice as a result of segmentation. With three-class
classification (non-tumor, single tumor, and double tumor), they achieved 98.33% accuracy.
Aslam et al. (2025) created a new model, Multi-Modal Multi-Scale Contextual Aggregation
with Attention Fusion, for segmentation of brain tumor images. In the Brats2020 version, they
compared the segmentation results with architectures such as U-Net, nnU-Net, and Attention
U-Net for four different classes: T1, T1Gd, T2, and T2-FLAIR. They achieved a Dice score of
85.89% in the total tumor region.

Zarenia et al. (2025) Data augmentation was first performed using the Hierarchical Multiscale
Deformable Attention Module for brain tumor segmentation and classification. Fourteen

tumor types that were morphologically similar to each other were classified using a public
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dataset from brain tumor images. The classification accuracy was 96.5%, and the

segmentation dice score reached 96.11%.

Table 1. Literature review for brain tumor segmentation and classification

Study

Method

Dataset

Metrics

Fateh et al. (2026)

Comparative segmentation using
U-Net, UNet++, DeepLabV3+,
SaberNet, EU-Net, and other
transfer learning-based
approaches. For classification,
VGG16, VGG19,
EfficientNetB0/B1/B2, Xception,
MobileNetV2, and MobileNetV3
were evaluated.

6,000 public brain MRI images
comprising four classes:
glioma, meningioma, pituitary,
and non-tumorous.

Segmentation: 80.60%
weighted mloU using
SaberNet.
Classification: 99.20%
accuracy using
EfficientNetBO.

Alagarsamy et al.

U-Net was employed for tumor

Publicly available brain tumor

Segmentation: 76%

Region Growing for tumor-region
segmentation. Tumor
classification was performed
using the Honey Badger
Algorithm. Preoperative and
postoperative images were
compared through pixel-level
analysis.

including preoperative and
postoperative images.

(2024) segmentation, while a CNN-based | MRI dataset containing glioma, Dice score.
model was used for classification. meningioma, and pituitary Classification: 92%
The study focused on tumor images accuracy.
distinguishing glioma,
meningioma, and pituitary
tumors.
Shiny (2024) Image preprocessing followed by | Public brain MRI tumor images, | Classification: 94.90%

accuracy.

Alkharaan et al. (2026)

U-Net++ for segmentation and
EfficientNet-B1 for tumor
classification. The approach was
designed to improve the detection
of small and low-contrast tumor
regions.

6,000 public brain MRI images
divided into four classes:
glioma, meningioma, pituitary,
and no-tumor.

Segmentation: 90.55%
Dice score.
Classification: 99.70%
accuracy using
EfficientNet-B1.

Sulochana and
Priyadharsini (2026)

Improved Anisotropic Diffusion
Filtering for noise reduction, data
augmentation, and Swin
Transformer U-shaped Network
(Swin-Unet) for segmentation.
InceptionResNetV2 was
employed for four-class
classification.

Public four-class brain tumor
MRI dataset containing glioma,
meningioma, pituitary, and no-

tumor classes.

Classification: 98.67%
accuracy.

Ganesh et al. (2025)

CNN architecture developed from
scratch and comparative
evaluation with VGG16,

GoogLeNet, and AlexNet for
classification. Deep learning-
based binary tumor segmentation
was also performed.

Brain tumor MRI dataset;
specific dataset size was NR.

Classification: 80%
accuracy with
GoogLeNet and 75%
with AlexNet.
Segmentation: 83.35%
Dice score

Hossain et al. (2023)

Preprocessing and data
augmentation followed by a
proposed deep learning
architecture named
MicrowaveSegNet for
segmentation and classification.

300 images, expanded to 6,000
images through
preprocessing/data
augmentation.

Segmentation: 86.92%
IoU and 93.10% Dice
score. Classification:

98.33% accuracy.

METHODOLOGY

In this section, a two-stage deep learning study is prepared for tumor detection and
classification from brain tumor images. A lightweight U-Net architecture is used for

segmentation, and a CNN architecture is designed from scratch for classification. The main
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goal of the study is to perform automated analysis of brain MR images using architectures
with a lower number of parameters and less computational load, instead of complex models
with high computational costs. In the first stage, tumor regions are detected, i.e., segmented,
and then the model is designed to classify these tumor types.

In the lightweight LightUNet architecture developed for tumor segmentation, low-level spatial
information and high-level semantic features can be used together. The encoder section of the
LightUNet architecture has four sequential feature extraction levels. In the first upsampling
process, the 128-channel bottleneck feature is reduced to 64 channels, while the spatial
dimension is doubled. Thanks to the skip connection structure, fine boundary and position
information that might be lost during pooling operations is directly transferred to the decoder
section. Figure 1 shows an overview of the LightUNet architecture.

In tumor classification, the CNN architecture built from scratch started with an initial layer of
32 channels and a 3x3 filter size, followed by 2x2 MaxPooling; then a 64-channel 3x3 filter
size with a convolution layer and continued with MaxPooling again. The number of channels
then increased to 128 and 256 respectively. To prevent overlearning in the proposed model,
Dropout layers were added to prevent the model from memorizing incoming training data.
Four different types of tumors were classified: glioma, meningioma, pituitary, and no tumor.

Figure 2 presents the CNN architecture built from scratch.

Encoder 1 Encoder 2 Encoder 3 Encoder 4 Bottleneck Decoder 4 Decoder 3 Decoder 2 Decoder 1
Input 16 2 64 128 128 64 32 16 8 Output
MRI Image
(I1xHxW)

Tumor Mask
(1 xHxW)

HxW H/2 xW/2 H/4 xW/4 H/8 x W/8 H/16 x W/16 H/8 x W/8 H/4 x Wi4 H2xW[2 HxW
\ 4 ConvBlock MaxPool A UpConv ~-p Skip Connection A Conv 1x1
} [ {Cony 3x3 + BN + Rel.U) 2x2 (Transposed Conv 2x2, stride=2) (Concatenation) [ (Output Layer)
L

Figure 1. The overall architecture of the proposed brain tumor segmentation

Input :
MRI Image Conv Block 1 Cony Block 2 Conv Block 3 Global T Output
(3 128 x 128) SE e 64 Channels 128 Channels Average  Flatten Fully Connected Layers (4 Classes)

Pooling

|
Wed No Tumor
|
(ﬂ Glioma
- ik
l @ Meningioma
£4 S (3) Pituitary
Ix1 (128) Linear BN Dropout  Linear
128 x 128 N2x32 (128) 12864 RelU  (0.3) 644
\ J
— ——
/- 2 -2 Vo |
= Conv3x3 MaxPool Global Average Flatt Linear | Batch Normalization “# Dropout
[_ + BN + ReLU 22 ) Pooling lJ - (Fully Connected) +ReLU 03)

Figure 2. The overall architecture of the proposed brain tumor classification
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EXPERIMENTAL RESULTS

In this study, classification metrics, complexity matrix, ROC curve, and classification score
for each class were evaluated to assess the performance of the proposed model. To prove that
the proposed model is quite lightweight and fast, in terms of model parameter number, model
size, computational complexity, CPU inference latency, GPU inference latency, and CPU
throughput. This study was conducted on a system with a 13th generation Intel Core 17-
13620H central processing unit (CPU) and an NVIDIA GeForce RTX 4060 Laptop GPU
graphics processing unit (GPU). Table 2 and Figure 3 shows the computational complexity of
the proposed model.

Parameter Distribution
Total: 296,548

CPU vs GPU Performance

i B57.2
Non-Trainable = CPU
800| s ey
600
400
200
Trainable 217 - 452
Latency (ms) hroughput
(imgs/sec)

Model Complexity,

GPU Memory Usage
D

BEDIRIU

2.5
300
2.0 E
©15 g
gL 200
3 g
1.0 B
< 100

Model Size (MB)

FLOPs

GPU Memm;%
GPU: NVIDIA GeFarce BTX A0 Laptop GPU

Figure 3. Comprehensive model comparsion

Table 2. Computational cost and inference performance of proposed model

Metric Value
Params (M) 296,548
Size (MB) 1.13 MB
FLOPs (G) 2.502G
CPU Latency (ms) 21.67 ms
CPU Latency (ms) 1.17 ms
CPU Throughput 46.2 images/sec
GPU Throughput 857.2 images/sec
GPU Memory 345.3 MB
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Figure 3. Sample brain tumor images belonging to the categories (a) glioma, (b) meningioma, (c)
pituitary, and (d) no tumor.
Figure 3 shows an example visualization of the public brain tumor dataset used in this study.
The training and validation accuracy curves and loss curves of the proposed model are shown
in Figure 4. It is clear that the model successfully completed the training and did not
experience overfitting. The ROC curve presented in Figure 5 supports this. In the confusion
matrix in Figure 6, only 6 test samples were mislabeled, while all other classes were correctly
labeled. The t-SNE visualization space presented in Figure 7 shows how well the model

differentiated and grouped the sample test images.
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Figure 4. (2)Training and validation curves and (b) performance metrics of the proposed model
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Figure 5. ROC curve of the proposed model
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Figure 6. Confusion matrix of the proposed model
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- t-SNE Visualization
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Figure 7. t-SNE visualization of the proposed model

The obtained results demonstrate that the proposed segmentation model achieves stable and
consistent performance throughout the training process. The increasing Dice and IoU scores,
together with the decreasing loss, indicate that the model effectively learns the tumor regions
and provides reliable segmentation performance on the validation data. Figure 8 presents the
training and validation curves of the segmentation model, including loss, Dice score, and IoU,
while Figure 9 presents the corresponding segmentation performance results. Figure 10
presents the ROC curve of the proposed segmentation model, illustrating its ability to
distinguish tumor and non-tumor pixels. Figure 11 presents the Dice and IoU scores together
with the tumor pixel distribution, providing a quantitative analysis of the segmentation
performance and the distribution of tumor regions. Figure 12 presents the visual comparison
between the ground-truth masks and the corresponding predicted segmentation results,
demonstrating the ability of the proposed model to accurately localize and delineate tumor

regions.
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Figure 8. Training and validation curves of loss, Dice score, and IoU during the segmentation training
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Figure 9. Segmentation Performance Evaluation of the Proposed LightUNet Model
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Figure 12. Ground-Truth and Predicted Tumor Segmentation Results

CONCLUSIONS

This study proposed a lightweight deep learning framework for automatic brain tumor
segmentation and four-class classification using magnetic resonance (MR) images. The
proposed framework consists of two complementary components: a lightweight U-Net-based
architecture, LightUNet, for tumor segmentation and a compact convolutional neural network
(CNN) for classification. The classification task considered four classes: glioma, meningioma,
pituitary, and no tumor. The main objective was to achieve reliable image analysis while
reducing unnecessary computational complexity. The proposed LightUNet achieved a Dice
score of 87.66% and an Intersection over Union (IoU) of 83.40% in tumor segmentation.
These results demonstrate that the model can effectively identify and delineate tumor regions

from MR images. The training and validation curves, ROC analysis, Dice and IoU
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evaluations, tumor pixel distributions, and visual comparisons between ground-truth and
predicted masks further supported the effectiveness of the segmentation model. The use of an
encoder-decoder structure with skip connections enabled the model to preserve important
spatial information while extracting higher-level image features. For the classification task,
the proposed lightweight CNN achieved 99.92% training accuracy and 97.83% validation
accuracy across the four classes. These results indicate that the model successfully learned
discriminative features for distinguishing different brain tumor types and tumor-free images.
The combination of convolutional blocks, batch normalization, global average pooling, and a
compact fully connected classifier provided an efficient architecture while maintaining strong
classification performance. A key advantage of the proposed framework is its lightweight
design. Both segmentation and classification models were developed with relatively simple
architectures to reduce computational requirements while maintaining satisfactory predictive
performance. This characteristic may facilitate the integration of the proposed approach into
computer-aided diagnostic systems, particularly in environments where computational
resources are limited.
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