
Lecture Notes in Networks and Systems  1440

Xin-She Yang
R. Simon Sherratt
Nilanjan Dey
Amit Joshi   Editors

Proceedings of Tenth 
International 
Congress 
on Information and 
Communication 
Technology
ICICT 2025, London, Volume 1

Yang · Sherratt · Dey · 
Joshi   Eds.

Proceedings of Tenth International Congress  
on Inform

ation and Com
m

unication Technology



Lecture Notes in Networks and Systems 

Volume 1440 

Series Editor 

Janusz Kacprzyk , Systems Research Institute, Polish Academy of Sciences, 
Warsaw, Poland 

Advisory Editors 

Fernando Gomide, Department of Computer Engineering and Automation—DCA, 
School of Electrical and Computer Engineering—FEEC, University of Campinas— 
UNICAMP, São Paulo, Brazil 

Okyay Kaynak, Department of Electrical and Electronic Engineering, 
Bogazici University, Istanbul, Türkiye 

Derong Liu, Department of Electrical and Computer Engineering, University 
of Illinois at Chicago, Chicago, USA 

Institute of Automation, Chinese Academy of Sciences, Beijing, China 

Witold Pedrycz, Department of Electrical and Computer Engineering, University of 
Alberta, Alberta, Canada 

Systems Research Institute, Polish Academy of Sciences, Warsaw, Poland 

Marios M. Polycarpou, Department of Electrical and Computer Engineering, 
KIOS Research Center for Intelligent Systems and Networks, University of Cyprus, 
Nicosia, Cyprus 

Imre J. Rudas, Óbuda University, Budapest, Hungary 

Jun Wang, Department of Computer Science, City University of Hong Kong, 
Kowloon, Hong Kong

https://orcid.org/0000-0003-4187-5877


The series “Lecture Notes in Networks and Systems” publishes the latest 
developments in Networks and Systems—quickly, informally and with high quality. 
Original research reported in proceedings and post-proceedings represents the core 
of LNNS. 

Volumes published in LNNS embrace all aspects and subfields of, as well as new 
challenges in, Networks and Systems. 

The series contains proceedings and edited volumes in systems and networks, 
spanning the areas of Cyber-Physical Systems, Autonomous Systems, Sensor 
Networks, Control Systems, Energy Systems, Automotive Systems, Biological 
Systems, Vehicular Networking and Connected Vehicles, Aerospace Systems, 
Automation, Manufacturing, Smart Grids, Nonlinear Systems, Power Systems, 
Robotics, Social Systems, Economic Systems and other. Of particular value to both 
the contributors and the readership are the short publication timeframe and 
the world-wide distribution and exposure which enable both a wide and rapid 
dissemination of research output. 

The series covers the theory, applications, and perspectives on the state of the art 
and future developments relevant to systems and networks, decision making, control, 
complex processes and related areas, as embedded in the fields of interdisciplinary 
and applied sciences, engineering, computer science, physics, economics, social, and 
life sciences, as well as the paradigms and methodologies behind them. 

Indexed by SCOPUS, EI Compendex, INSPEC, WTI Frankfurt eG, zbMATH, 
SCImago. 

All books published in the series are submitted for consideration in Web of Science. 

For proposals from Asia please contact Aninda Bose (aninda.bose@springer.com).

mailto:aninda.bose@springer.com


Xin-She Yang · R. Simon Sherratt · Nilanjan Dey · 
Amit Joshi 
Editors 

Proceedings of Tenth 
International Congress 
on Information 
and Communication 
Technology 
ICICT 2025, London, Volume 1



Editors 
Xin-She Yang 
Middlesex University 
London, UK 

Nilanjan Dey 
Techno International New Town 
Kolkata, West Bengal, India 

R. Simon Sherratt 
Department of Biomedical Engineering 
University of Reading 
England, UK 

Amit Joshi 
Global Knowledge Research Foundation 
Ahmedabad, Gujarat, India 

ISSN 2367-3370 ISSN 2367-3389 (electronic) 
Lecture Notes in Networks and Systems 
ISBN 978-981-96-9708-3 ISBN 978-981-96-9709-0 (eBook) 
https://doi.org/10.1007/978-981-96-9709-0 

This work was supported by G R SCHOLASTIC LLP. 

© The Editor(s) (if applicable) and The Author(s) 2026. This book is an open access publication. 

Open Access This book is licensed under the terms of the Creative Commons Attribution 4.0 International 
License (http://creativecommons.org/licenses/by/4.0/), which permits use, sharing, adaptation, distribu-
tion and reproduction in any medium or format, as long as you give appropriate credit to the original 
author(s) and the source, provide a link to the Creative Commons license and indicate if changes were 
made. 
The images or other third party material in this book are included in the book’s Creative Commons license, 
unless indicated otherwise in a credit line to the material. If material is not included in the book’s Creative 
Commons license and your intended use is not permitted by statutory regulation or exceeds the permitted 
use, you will need to obtain permission directly from the copyright holder. 
The use of general descriptive names, registered names, trademarks, service marks, etc. in this publication 
does not imply, even in the absence of a specific statement, that such names are exempt from the relevant 
protective laws and regulations and therefore free for general use. 
The publisher, the authors and the editors are safe to assume that the advice and information in this book 
are believed to be true and accurate at the date of publication. Neither the publisher nor the authors or 
the editors give a warranty, expressed or implied, with respect to the material contained herein or for any 
errors or omissions that may have been made. The publisher remains neutral with regard to jurisdictional 
claims in published maps and institutional affiliations. 

This Springer imprint is published by the registered company Springer Nature Singapore Pte Ltd. 
The registered company address is: 152 Beach Road, #21-01/04 Gateway East, Singapore 189721, 
Singapore 

If disposing of this product, please recycle the paper.

https://doi.org/10.1007/978-981-96-9709-0
http://creativecommons.org/licenses/by/4.0/


Preface 

The Tenth International Congress on Information and Communication Technology 
will be held during 18–21 February 2025 in a hybrid mode, Physical at London, UK 
and Digital Platform: Zoom. ICICT 2025 organised by Global Knowledge Research 
Foundation and Managed by G R Scholastic LLP. The associated partners were 
Springer and Springer Nature. The conference will provide a useful and wide plat-
form both for display of the latest research and for exchange of research results and 
thoughts. The participants of the conference will be from almost every part of the 
world, with backgrounds of either academia or industry, allowing a real multinational 
multicultural exchange of experiences and ideas. 

A great pool of more than 2200 papers were received for this conference from 
across 115 countries among which around 433 papers were accepted and will be 
presented physically at London and digital platform Zoom during the four days. Due 
to the overwhelming response, we had to drop many papers in the hierarchy of the 
quality. Total 65 technical sessions will be organised in parallel in 4 days along with a 
few keynotes and panel discussions in hybrid mode. The conference will be involved 
in deep discussion and issues which will be intended to solve at global levels. New 
technologies will be proposed, experiences will be shared, and future solutions for 
design infrastructure for ICT will also be discussed. The final papers will be published 
in ten volumes of proceedings by Springer LNNS Series. Over the years, this congress 
has been organised and conceptualised with collective efforts of a large number of 
individuals. I would like to thank each of the committee members and the reviewers 
for their excellent work in reviewing the papers. Grateful acknowledgements are 
extended to the team of Global Knowledge Research Foundation for their valuable 
efforts and support. 

I look forward to welcoming you to the 11th Edition of this ICICT Congress 2026. 

London, UK 
England, UK 
Kolkata, India 
Ahmedabad, India 

Xin-She Yang 
R. Simon Sherratt 

Nilanjan Dey 
Amit Joshi
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BrainDetective: An Advanced Deep 
Learning Application for Early 
Detection, Segmentation 
and Classification of Brain Tumours 
Using MRI Images 

Nazlı Tokatlı, Mücahit Bayram, Hatice Ogur, Yusuf Kılıç, Vesile Han, 
Kutay Can Batur, and Halis Altun 

Abstract This study aims to create deep learning models for the early identification 
and classification of brain tumours. Models like U-Net, DAU-Net, DAU-Net 3D, 
and SGANet have been used to evaluate brain MRI images accurately. Magnetic 
resonance imaging (MRI) is the most commonly used method in brain tumour diag-
nosis, but it is a complicated procedure due to the brain’s complex structure. This 
study looked into the ability of deep learning architectures to increase the accuracy 
of brain tumour diagnosis. We used the BraTS 2020 dataset to segment and classify 
brain tumours. The U-Net model designed for the project achieved an accuracy rate 
of 97% with a loss of 47%, DAU-Net reached 90% accuracy with a loss of 33%, 
DAU-Net 3D achieved 99% accuracy with a loss of 35%, and SGANet achieved 
99% accuracy with a loss of 20%, all demonstrating effective outcomes. These find-
ings aim to improve patient care quality by speeding up medical diagnosis processes 
using computer-aided technology. Doctors can detect 3D tumours from MRI pictures 
using software developed as part of the research. The work packages correctly han-
dled project management throughout the study’s data collection, model creation, and 
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evaluation stages. Regarding brain tumour segmentation, 3D U-Net architecture with 
multi-head attention mechanisms provides doctors with the best tools for planning 
surgery and giving each patient the best treatment options. The user-friendly Turkish 
interface enables simple MRI picture uploads and quick, understandable findings. 

Keywords 3D brain tumour diagnosis · Deep learning models ·MR imaging · AI 
applications in Turkish health system 

1 Introduction 

This study’s scientific value comes from applying deep learning and computer-aided 
systems for the early detection and classification of brain cancers. According to the 
latest World Health Organization data, brain tumours are among the most common 
causes of cancer death globally and may develop at any age [ 1]. They are most fatal 
to those under the age of 40. Early diagnosis of brain tumours dramatically improves 
patient survival and treatment success. Rapid and precise picture assessment is criti-
cal; however, manual evaluations are time-consuming and prone to errorsAs a result, 
artificial intelligence applications have become prevalent in techniques such as com-
puted tomography (CT) and magnetic resonance (MR) [ 2]. The latest developments 
in deep learning and machine learning have significantly improved pattern iden-
tification in biological images [ 3]. These innovative approaches meet the needs of 
automated medical decision-making systems because human processes are expensive 
to accomplish, labour-intensive, and prone to errors [ 4]. 

In the present research, a multi-model approach developed with deep learning and 
machine learning algorithms outperformed existing methods for detecting and classi-
fying brain cancers in terms of accuracy and efficiency. The BraTS 2020 dataset was 
crucial in training and testing these algorithms. This dataset contains a large amount 
of data for finding and categorizing cancers in brain MR images. Advanced deep 
learning models were utilized to speed up and improve brain tumour diagnosis accu-
racy in these MRI scans. Modern deep learning structures such as U-Net, DAU-Net, 
DAU-Net 3D, and SGANet were used to analyse brain MRI scans. Each model’s per-
formance was evaluated by achieving high accuracy rates and low loss values while 
segmenting and classifying brain tumours. A user-friendly interface was created to 
upload MR images and retrieve quick conclusions. The application’s effectiveness 
was increased through case studies and testing procedures. This research is essential 
for precisely identifying the spatial extent and positioning of brain tumours using 3D 
brain models generated by MRI scans, which is required for brain telemetry device 
placement and surgical planning. The literature indicates that machine learning and 
deep learning algorithms are helpful in the diagnosis of brain tumours [ 5– 11]. How-
ever, there are places where these procedures might be increased for more precise 
and effective results. This study is planned to improve brain tumour detection by fill-
ing the gaps in the literature. Furthermore, segmenting brain tumours will improve 
surgical planning by preserving essential structures surrounding the tumour.
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The study’s contributions include early diagnosis, ob taining a 3D image of the 
brain, convenience in brain telemetry and neurosurgical applications, a user-friendly 
Turkish interface, and developing a clinical decision support system via the applica-
tion. The study’s sections cover related work, research methodology, data prepara-
tion, model designs, and findings. The results section presents the findings, and the 
conclusions section interprets the findings to conclude the study. 

2 Related Work 

The diagnosis and classification of brain tumours have been a topic of extensive 
research and experimentation in the field of medical imaging for many years. These 
studies recommend using various algorithms and deep learning methods to analyse 
brain MRI images. 

DAU-Net is a model that incorporates attention mechanisms along with U-Net. It 
is particularly effective in capturing detailed features in medical images. Introduced 
by Zhang et al., DAU-Net provides more detailed and precise segmentation results 
due to its attention mechanisms. This feature has made DAU-Net one of the models 
used in this project for distinguishing various types of brain tumours [ 12]. 

3D DAU-Net is a model optimized for volumetric data analysis and capable of 
working with 3D medical images. Developed by Zhao et al., this model offers high 
accuracy and reliability in 3D analysis of brain MRI images. Its 3D tumour seg-
mentation and classification capability has made it a significant component of the 
project [ 13]. 

SGANet is a model that combines generative adversarial networks (GANs) with 
U-Net. Proposed by Yu et al., this model has proven effective in improving the 
quality of medical images and achieving better results in segmentation tasks. The 
high performance of SGANet plays a crucial role in this project’s segmentation and 
classification of brain tumours [ 14]. 

Recent studies have examined deep learning techniques for brain tumour detec-
tion, segmentation, and classification using MRI images. Various models have been 
proposed in this field, such as U-Net [ 15] for segmentation and CNN [ 16] for clas-
sification. Advanced approaches like YOLOv5 and FastAi have yielded promising 
results with accuracy rates of 85.95% and 95.78%, respectively [ 17]. A custom 
Mask R-CNN model with a DenseNet-41 backbone demonstrated high accuracy in 
both segmentation (96.3%) and classification (98.34%) tasks [ 18]. Transfer learn-
ing techniques like AlexNet CNN have achieved an impressive accuracy rate of 
99.62% [ 19].Multi-task classification studies using CNN have also been explored for 
various tumoUr classification tasks [ 20]. Additionally, 3D-U-Net models have been 
used for volumetric segmentation, followed by CNN-based classification [ 21]. These 
advancements aim to improve the early detection and diagnosis of brain tumours.
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3 Proposed Design 

The proposed system aims to analyse brain MRI images using deep learning mod-
els. This system offers an innovative approach to brain tumour segmentation and 
detection by leveraging the BraTS 2020 dataset. The system utilizes a comprehen-
sive database consisting of T1, seg, T1ce, T2, and FLAIR modalities to accurately 
detect brain tumour types in both 3D and 2D. The BraTS 2020 dataset consists of a 
total of 369 patients, with each patient having five.nii files: flair.nii, t1.nii, t1ce.nii, 
t2.nii, and seg.nii, which contains the 3D-labelled tumour. Additionally, a .csv file 
provides information on whether the tumour is benign or malignant, along with 
another .csv file containing data such as the patient’s age, whether the tumour was 
removed, and survival time. During model training, these data were processed and 
converted into .npy and .tfRecord formats. The dataset is divided into two main cat-
egories: HGG (High-Grade Glioma) and LGG (Low-Grade Glioma). With augmen-
tation techniques, the dataset size was increased to over 100,000 samples. However, 
the BraTS 2020 dataset has significant limitations, such as the absence of impor-
tant clinical variables (volume, gender, histopathological data) and tumour subtypes. 
These limitations may restrict the model’s application in real-world scenarios. In 
the study, these limitations were considered, with a focus on the generalizability 
of the findings. To enhance applicability across a broader clinical range, the use of 
various datasets, along with techniques like transfer learning or domain adaptation, 
can enable the model to adapt to different data sources. The project’s software archi-
tecture is designed to be modular and scalable, with each model developed as an 
independent module and integrated into the application. The system architecture is 
shown in Fig. 1. 

3.1 Data Processing 

Data processing workflows were based on the Factory and Strategy design pat-
terns. The Factory pattern defines preprocessing stages across numerous modalities, 
whilst the Strategy style allows for the dynamic deployment of data augmentation 
approaches [ 22, 23]. These approaches ensure that data preparation operations are 
both flexible and efficient. Initially, the system meticulously processes each modality 
to improve data quality. Modality-based directories are built, and axis corrections 
and channel placements are performed. Normalization is carried out utilizing Z-score 
and Min-Max approaches. This allows the model to be trained using consistent, high-
quality data. Data augmentation techniques are subsequently applied to improve the 
model’s generalization capability, and the processed data is stored in NumPy arrays 
and TFRecord format for easy access and processing. This approach ensures that 
the data is displayed effectively. Figure 2 displays the data processing and storage 
procedures.
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Fig. 1 General design stages of the application 

3.2 Model Development 

The project focuses on deep learning architectures such as DAUNet, DAUNet 
3D, U-Net, and SGANet. Each model is evaluated and improved based on exist-
ing approaches in the literature, optimizing their segmentation capabilities. These 
models aim to achieve high accuracy rates while minimizing the risk of over-
fitting. Figure 3 explains the step-by-step process of the model development and 
improvement. 

4 Experimental Methodology 

In the experimental phase of the project, U-Net, DAU-Net, DAU-Net 3D, and 
SGANet models were trained with the BraTS 2020 dataset, and the hyperparameter
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Fig. 2 Data preparation process of the application 

Fig. 3 Processing stages of models 

settings of each model were carefully optimized. Throughout the training process, the 
performance of each model was evaluated based on accuracy rates and loss values. 

4.1 Data Preparation and Preprocessing Process 

In the experimental phase of the project, U-Net, DAU-Net, DAU-Net 3D, and 
SGANet models were trained with the BraTS 2020 dataset, and the hyperparam-
eter settings of each model were carefully optimized. Throughout the training pro-
cess, the performance of each model was evaluated based on accuracy rates and loss 
values [ 24, 25]. 

During the preparation phase, directories were established for each patient in 
the dataset, and data use and access were streamlined by categorizing directories 
by modality type. The modes in the files, which contained axis corrections and 
channel placements, were loaded and processed appropriately. Data was normalized 
using standardization (Z-score) and min-max normalization methods, with clipping
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operations used to limit the influence of outliers [ 26]. Data augmentation techniques 
such as rotation, shifting, cropping, and mirroring were used further to develop the 
model’s generalization capabilities [ 27]. Processed data was saved as NumPy arrays 
(.npy format) for quick access and then translated to TensorFlow’s TFRecord format. 
The TFRecord format was created for efficient processing of big datasets, and the 
data was serialized and saved in this format for use in training and testing [ 28, 29]. 

4.2 U-Net 

The U-Net layout is a highly effective structure for brain tumour segmentation and 
biomedical imaging. It uses an autoencoder-like structure to process the input image 
via encoding and decoding routes. While the encoding path collects contextual infor-
mation, the decoding path preserves details and returns the image to its original 
size [ 30, 31]. U-Net has shown outstanding performance, particularly in the precise 
identification of brain tumours, with high accuracy even with fragile datasets [32– 34]. 

4.3 DAUNet 3D 

The DAUNet 3D model uses attention mechanisms and deep learning techniques to 
achieve remarkable precision in brain tumour segmentation. Attention procedures 
increase segmentation accuracy by detecting key regions, but deep learning systems 
may learn complicated structures and fine details. 3D convolutional layers maintain 
the three-dimensional structure of brain images, allowing for more detailed analysis. 
Incremental learning techniques incorporate segmentation findings at many levels, 
improving overall accuracy. DAUNet 3D is a valuable tool for medical imaging 
applications that require volumetric analysis, and it performs excellently. 

4.4 DAUNet 

DAUNet and DAUNet 3D models can be helpful for medical image segmentation. 
DAUNet works with 2D slice data, but DAUNet 3D handles 3D volume data. DAUNet 
uses 2D convolutional, max pooling, and upsampling layers to improve accuracy 
using attention methods. Generalized Dice Loss and Categorical Crossentropy are 
utilized as loss functions. During the training phase, the model’s performance was 
measured using metrics such as the Dice coefficient, sensitivity, and specificity, 
and the training process was shown. The model produced effective results for brain 
tumour segmentation.
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4.5 SGANet 

SGANet is a deep learning model that provides excellent accuracy and precision in 
medical image segmentation. It improves segmentation problems by integrating Gen-
erative Adversarial Networks (GAN) and U-Net architectures [ 35, 36]. The model 
employs a U-Net-like generator network to turn images into segmentation masks and 
a discriminator network to evaluate the masks’ realism [ 37, 38]. The adversarial train-
ing technique improves segmentation accuracy through competition [ 39]. SGANet 
provides effective results in medical applications, such as the exact segmentation of 
brain tumours, and has demonstrated effectiveness in this study [ 40]. 

In this study, the models were not combined. Instead, the application includes four 
distinct models capable of detecting tumours in both 3D and 2D, allowing the user 
to select the desired model. The developed interface currently operates with the 3D 
DAU-Net model, which has demonstrated the highest performance. The comparison 
of multiple models was conducted to evaluate the performance of different mod-
els on the same dataset and to assess each model’s effectiveness in solving specific 
problems. Although this approach is rare in the literature, it is crucial for selecting 
the best-performing model or testing whether the integration of models provides 
new solutions. In future stages, the integration of other models used in the study is 
planned. The joint evaluation of the models aims to identify the strengths and weak-
nesses of various model architectures and develop solutions that are better suited 
to clinical applications. As shown in Table 1, the comparison criteria include per-
formance metrics, which allowed us to objectively assess the models’ segmentation 
success and overall performance. The attention mechanisms and multi-scale feature 
extraction capabilities of SGANet and DAU-Net enhanced their segmentation and 
classification performance. These models demonstrated higher accuracy and lower 
loss rates compared to others (Fig. 4). 

Table 1 Performance metrics of models 

Model Dice coefficient Sensitivity Specificity 

DAU-Net [0.9798, 0.8940, 
0.8950] 

[0.9846, 0.8878, 
0.8780] 

[0.9995, 0.9991, 
0.9970] 

3D DAU-Net [0.9798, 0.8940, 
0.8950] 

[0.9846, 0.8878, 
0.8780] 

[0.9995, 0.9991, 
0.9970] 

SGANet [0.9700, 0.9725, 
0.9610] 

[0.9846, 0.8878, 
0.8780] 

[0.9995, 0.9991, 
0.9970] 

U-Net [0.9826, 0.9753, 1.0] [0.9894, 0.9891, 1.0] [0.9986, 0.9969, 1.0]
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Fig. 4 General models and layers 

5 Experiment Results 

In conclusion, the developed models have demonstrated high accuracy rates and 
effective performance. Important metrics such as Dice Coefficient, Sensitivity 
(Recall), and Specificity were used to evaluate model performance. These metrics 
are commonly used to measure how close the model’s segmentation results are to the 
ground truth and their accuracy. The Dice Coefficient, Sensitivity, and Specificity 
calculations for the developed models were performed using the following formulas: 

.Dice Katsayısı = 2× TP

2× TP+ FP+ FN
(1) 

.Duyarlılık (Recall) = TP

TP+ FN
(2) 

.Özgüllük(Specificity) = TN

TN+ FP
(3) 

6 Discussion 

In recent years, significant progress has been made in using deep learning models for 
the detection and classification of brain tumours. This study presents a rare approach 
in the literature by integrating U-Net, DAU-Net, DAU-Net 3D, and SGANet models 
into a single platform, enabling the comparative evaluation of different models and 
techniques. In particular, the DAU-Net and SGANet models demonstrated superior 
performance due to their attention mechanisms and multi-scale feature extraction 
capabilities. One of the primary reasons for the observed loss rate is the class imbal-
ance in the BraTS 2020 dataset. In this study, 3D MRI images in .nii format were 
utilized. During the data preprocessing phase, the five .nii files obtained for each 
patient from the BraTS 2020 dataset were converted into .npy or .tfRecord formats. 
Subsequently, these data were segmented into 155 slices per patient. After the slic-
ing process, random data augmentation techniques were applied. However, including 
brain regions without tumours in this process led to the model’s insufficient learning
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of rare tumour classes. This issue may result in incorrect outcomes during tumour 
segmentation (Fig. 5). 

To mitigate the effects of this issue, improvements can be made during the model 
training phase, particularly in custom layers and preprocessing steps, taking class 
imbalance into account. Specifically, implementing oversampling for rare classes or 
undersampling for the majority class can improve the representation of rare classes, 
and advanced data augmentation techniques can enhance the overall performance 
of the model.The DAU-Net model, due to its attention-based architecture, achieved 
high success in brain tumour segmentation across metrics such as Dice coefficient, 
sensitivity, and specificity. 

On the other hand, the SGANet model achieved a 99% accuracy rate due to its 
enhanced generalization capacity, which was obtained through the use of ResNet 
blocks, Guided Attention Blocks, and the GaussianNoise layer. The integration of 
these four models into a single platform allowed for a comprehensive evaluation of 
their strengths and made a significant contribution to the literature. The user-friendly 
interface developed in the study enables healthcare professionals to quickly and 
accurately analyse MRI data. Additionally, offering the interface in Turkish provides 
localized benefits, enhancing accessibility within the Turkish healthcare system. The 

Fig. 5 Performance of models
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study has some limitations, particularly regarding the size and diversity of the BraTS 
2020 dataset, which may affect the generalizability of the findings. Future studies will 
use larger datasets, obtain the necessary ethical approvals from public hospitals in 
Turkey, and conduct large-scale clinical trials to increase the reliability of the results. 
In conclusion, this study demonstrates the potential of deep learning-based systems 
in medical image analysis and highlights the importance of these systems in clinical 
applications. These systems are particularly valuable in reducing the workload of 
doctors and alleviating the impact of the shortage of neurologists in public hospitals in 
Turkey. Further research supported by large datasets and clinical trials could enhance 
the effectiveness and applicability of these models even more. 

7 Future Work 

The developed Turkish interface and 3D imaging capabilities are expected to provide 
significant contributions in terms of accessibility and ease of use within the Turkish 
healthcare system. How the interface will be tested in practice and how user feed-
back will be collected are critical points for evaluating the software’s effectiveness. 
In future stages, pilot studies are planned to assess the software’s applicability in 
healthcare institutions. These studies will aim to ensure compatibility with interna-
tional health standards such as Health Level Seven (HL7) and Digital Imaging and 
Communications in Medicine (DICOM), enabling smooth integration of the software 
with existing hospital information management systems. Comprehensive tests will 
be conducted in partnership with healthcare institutions affiliated with our university 
to evaluate to what extent the software reduces the workload of doctors in clinical 
settings. Thanks to its automatic 3D imaging and analysis features, the software is 
expected to significantly reduce doctors’ workloads by speeding up diagnostic pro-
cesses compared to manual methods. The results of these tests will demonstrate how 
well the software aligns with its goals while providing valuable feedback to optimize 
clinical integration. Additionally, for economically disadvantaged citizens, the soft-
ware aims to contribute by reducing the number of tests needed for tumour detection, 
thus enabling access to healthcare services without financial concerns. Images of the 
current interface of the project can be found in Figs. 6 and 7. 

8 Conclusion 

In this research, brain tumours were quickly and accurately diagnosed using deep 
learning-based models. There is a chance that this system will raise the standard of 
healthcare. Deep learning techniques help in the early detection of brain tumours, 
which makes early and efficient treatments possible. Furthermore, the program and 
user interface that have been developed are user-friendly, allowing for 3D imaging
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Fig. 6 Application interface 

Fig. 7 3D tumour detection in practice 

and extensive analysis of the brain and tumours. This information is useful for clin-
ical evaluations and helps with treatment planning. The study has demonstrated the 
effectiveness of deep learning techniques in medical image analysis and has con-
tributed to the proliferation of artificial intelligence applications in healthcare. This
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project highlights the potential of artificial intelligence in the healthcare sector, form-
ing a crucial foundation for future research and clinical applications. The broader 
application of deep learning-based systems in healthcare will improve patient care 
and make medical diagnosis processes more effective. 
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