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ABSTRACT

Brain tumor detection from magnetic resonance imaging (MRI) scans is crucial for early
diagnosis and effective treatment planning. However, manual interpretation is slow,
subjective and error-prone. With the rapid advancement of deep learning and object
detection methods in recent years, automated methods have shown significant potential
to overcome these challenges. This study evaluated the YOLOv12 architecture for
automated brain tumor detection and compared its performance with YOLOv11, SSD
and RT-DETR using a publicly available dataset. Among these models YOLOv12
demonstrated the highest performance, achieving 89.7% accuracy and 92.0% F1-score.
In particular, significant improvements were observed in the detection of glioma, which
are clinically challenging due to their irregular shapes and diverse textures. Architectural
innovations in YOLOv12 models such as attention mechanisms, dynamic anchor boxes
and advanced augmentation techniques played important roles in enhancing its
robustness across multiple tumor classes. Also, YOLOv12 maintains strong
computational efficiency, making it suitable for deployment in low-resource medical
environments where real-time analysis is required. The comparative analysis highlights
that SSD and Rt-DETR provided competitive results and YOLOvV11 provided a strong
baseline. YOLOv12 outperformed all other models in terms of accuracy, reliability and
efficiency. These results provide the effectiveness of YOLOv12 in medical imaging
strongly highlighting its research significance and practical value as a diagnostic support
tool. Incorporating YOLOV12 into clinical workflows could help radiologists diagnose

brain tumors faster more consistently and reliably.
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CHAPTER 1

INTRODUCTION

1.1  Background

One of the most deadly diseases is a brain tumor, which occurs when brain tissue
grows inside the skull suddenly and uncontrollably. It may be malignant or benign.
Benign tumors typically grow slowly, but malignant tumors can spread quickly
throughout the surrounding brain tissue. Benign tumors can be hazardous, though,
because they have the potential to spread and impact nearby brain tissues. Approximately
30% of the tumors are malignant, and 70% are benign [1]. The most commonly used MRI
sequences for brain analysis are T1c, T1, FLAIR, and T2. These sequences offer various
details about the brain tumor. The radio frequency (RF) used in the MRI test is used to
calculate the time of echo (TE) and time of repetition (TR). T1c and T1 MRI are produced
through short TR and TE times, and cerebrospinal fluid (CSF) is dark in these sequences.
The brain and spinal cord contain colorless CSF. CSF is bright in T2 MRI since it is
generated by longer TR and TE times. The abnormal region stays bright, and the CSF is
dark because Fleuri is created by extremely long TR and TE times [2]. Although manual
tumor detection can yield precise diagnosis and prediction, it becomes a laborious process
when there is a lot of data [3]. The YOLO model was used to detect objects in both real-
time and artwork images. It was then contrasted with other object detectors like R-CNN,
faster R-CNN, and the deformable parts model (DPM). All of the earlier architectures
have excellent classification results, but in addition to their high accuracy, there is a
significant time processing problem. Since it may be addressing this problem, this study
employs the CNN-YOLO (You Look Only Once) model. Unlike the convolutional neural
network (CNN) architecture, which uses a sliding window method for classification, the
YOLO could locate objects in the input image and process the entire image at once [3].
The main benefit of the deep learning model YOLO (YYou Only Look Once), which is

©Daffodil International University 13



frequently used in real-time object detection, is its capacity to carry out both object

detection and classification in a single forward pass, resulting in high detection speed [4].

1.2 Problem Statement

Brain tumors can vary in size, shape, location, and signal intensity on MRI,
making manual detection and accurate labeling difficult. Many areas lack experienced
neuroradiologists, resulting in delays in diagnosis and treatment. Manually reviewing
hundreds of MRI images of a patient is a very difficult and time-consuming task for
radiologists. Skilled radiologists, like humans, get tired. Excessive workload increases
the risk of missing subtle tumors. The sooner a tumor is identified and properly analyzed,
the sooner appropriate treatment can be initiated, which increases the patient's chance of
survival. Interpretation of MRI scans is often subjective. Different radiologists may
interpret the same image differently, leading to differences in diagnosis, tumor
segmentation, and grading. Knowing the exact location and boundaries of a tumor is
essential, as it helps in complete tumor removal and preservation of healthy tissue during
surgery. Similarly, it is essential in radiation therapy. So that the target can be targeted
accurately and the surrounding vital organs are not damaged. Timely and accurate

diagnosis directly reduces mortality and reduces long-term neurological complications.

1.3 Motivation

Recent advances in deep learning have transformed computer vision applications,
especially in the medical field. Among these advances, the You Only Look Once (YOLO)
family of object detection models has shown remarkable potential for quickly and
accurately identifying tumors in medical images. Magnetic resonance imaging (MRI) is
the gold standard for diagnosing brain tumors, as it provides high levels of detail and
accuracy. However, manual analysis of MRI scans is time-consuming, prone to inter-
observer variability, and highly dependent on the skill of radiologists.

YOLOV12, the latest version of the YOLO architecture, adds new features such as
attention modules, dynamic anchor box selection, and advanced data augmentation

techniques. These improvements are aimed at improving the detection accuracy and

©Daffodil International University 14



generalization capabilities of the model, especially in complex medical image analysis.
The main objective of this research is to evaluate and compare the potential of YOLOv12
for brain tumor detection. It will be evaluated against established models such as
YOLOv11, SSD, RetinaNet, and RT-DETR. This will contribute to the Al research

community on the one hand and assist in clinical diagnostic practice on the other.

1.4 Significance of the Study

This study addresses a critical gap in current literature and practice, the evaluation
of YOLOvV12 for brain tumor detection in MRI images. By conducting experiments on
the latest version, this research offers an early, real-world assessment of its performance

in a high-stakes medical imaging scenario.

The results have several implications:

e For the Al research community: This provides the first known experimental
results where YOLOV12 has been used for brain tumor detection.

o For the medical field: Faster and more accurate tumor detection can help
radiologists with early diagnosis. It improves patient outcomes.

o For low-resource settings: The availability of YOLOv12’s lightweight variant
(YOLOv12n) offers high-accuracy detection even on hardware with limited
computational power.

Ultimately, this work could pave the way for broader adoption of advanced Al-based

diagnostic tools, reducing diagnostic delays and aiding in improved treatment planning.

1.5 Research Questions
This research tries to find answers to the following questions:

1. How does YOLOvV12 perform in detecting and classifying brain tumors in MRI
scans compared to YOLOv11, SSD, and RT-DETR?
2. Does YOLOv12 demonstrate improved precision, recall, and mean Average

Precision (mAP) over its predecessors and competing models?

©Daffodil International University 15



3.

4.

1.6

How is YOLOv12's computational efficiency, inference speed, and resource
usage, especially in low-resource environments?

What extent do the architectural improvements of YOLOv12 (attention modules,
dynamic anchor boxes, and advanced augmentation) contribute to improving the

detection performance in complex tumor cases?

Research Objective

This study was conducted with the following objectives:

1.7

Implementing and training YOLOV12 on a publicly available brain tumor MRI
dataset, ensuring proper preprocessing and augmentation for optimal
performance.

The performance of YOLOv12 is compared with YOLOv11, SSD, and RT-
DETR, using standard object detection metrics such as precision, recall, mean
Average Precision (mAP), and intersection over union (loU).

Analyzing the computational efficiency of YOLOvV12, including inference speed,
GPU/CPU utilization levels, and suitability for deployment in low-resource
environments.

To investigate the impact of new architectural developments in YOLOv12
attention modules, dynamic anchor box selection, and advanced augmentation on
recognition accuracy and robustness.

To identify the strengths, limitations, and potential development areas of
YOLOV12 in the context of medical image analysis, with particular emphasis on

clinical applicability.

Research Scope and Limitations

This section highlights the limitations of the study and the limitations arising from the

dataset, chosen techniques, and evaluation process.

©Daffodil International University 16



1.7.1

1.7.2

1.8

Scope

This research focuses exclusively on brain tumor detection and classification
using MRI images.

Here the YOLOV12 model is mainly analyzed and compared with YOLOvV11,
SSD, and RT-DETR.

Both types of metrics are considered: accuracy-based metrics (precision, recall,
mAP, loU) and computational performance metrics (inference time, resource
usage).

Testing was conducted on publicly available brain tumor MRI datasets to ensure

reproducibility.

Limitations

Model Availability: At the time of this study, YOLOv12 was recently officially
released in February 2025. Since the architecture may be updated in the future,
performance variations may occur, which may affect reproducibility.

Dataset Scope: This study used a specific dataset, which may limit applicability
to other MRI datasets or other imaging modalities.

Hardware Constraints: Inference speed tests are hardware dependent, and results
may vary in different computing environments.

Clinical Integration: Although performance metrics will be rigorously evaluated.

This study does not include any clinical trials or direct patient data.

Thesis Organization

This thesis is organized into five main chapters. Chapter 1 presents the research

background and outlines the problem statement, followed by the objectives, significance,

scope, and limitations of the study. Chapter 2 provides a comprehensive review of related

literature, covering the YOLO model family and other object detection frameworks

relevant to medical imaging. Chapter 3 details the research methodology, including

dataset selection and preparation, preprocessing techniques, implementation of
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YOLOv12, and the comparative models. It also describes the training configurations,
evaluation metrics, and experimental setup. Chapter 4 reports the experimental results,
compares YOLOv12’s performance with other models, and discusses the findings in
depth, including an analysis of detection patterns and model behavior. Chapter 5
concludes the thesis by summarizing key outcomes, highlighting the contributions of the

study, and offering recommendations for future research directions.
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CHAPTER 2

LITERATURE REVIEW

2.1 Related Works

Brain tumor detection is a critical part of medical imaging research because of its
implications for patient prognosis and treatment planning. The advancement in machine
learning (ML) and deep learning (DL) has revolutionized diagnosis methods, holding the
promise for efficient and effective outcomes. In this chapter, some methodologies varying
from traditional machine learning technigues, convolutional neural networks (CNNSs), to
transfer learning approaches, and their strengths and limitations in brain tumor detection
are explored.

W.L. and F.J. Zekun Lin et al. [6] proposed a YOLOv8-tuned model called YOLOv8-
DEC, which was used for brain tumor detection from MRI images. It incorporates
Dynamic Snake Convolution, Efficient Multi-Scale Attention, and CARAFE modules,
which help in improving the accuracy of boundary delineation and multi-scale feature
detection, and small object detection. Trained on 9900 T1-weighted MRI images, which
were labeled with brain tumors. This model outperformed the baseline YOLOv4 and
other detectors and achieved 90.9% precision and 82.0% mAp@0.5. As a result, it

provides a promising method for efficient and specific tumor detection.

Dulal et al. [7] developed an improved YOLOv8 model for brain tumor detection from
MRI images. They used Vision Transformer to enhance context awareness and applied
Ghost Convolution, reducing the number of parameters from 11.2 M to 9.4 M. The
conventional NMS was replaced with an RT-DETR head that provides adaptive and
NMS-free detection. They used glioma, meningioma, and non-tumor MRI datasets from
Kaggle with data augmentation. This model achieved 0.91 mAp@0.5 and outperformed
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YOLOvV5(0.88) and YOLOvV4(0.87). The results demonstrate that it exhibits high
accuracy and efficiency in medical image analysis.

Khan, A. H et al. [8] presented a Hierarchical deep learning based brain tumor classifier
(HDL2B-TUMOR-CLASSIFIER) that accurately identifies and classifies brain tumors
from MRI images using Convolutional Neural Networks (CNN). The proposed system
divides tumors into four classes: glioma, meningioma, pituitary, and non-tumor. The new
model follows a standard pipeline which includes data collection, preprocessing. CNN-
based feature learning and classification. Using 3,264 MRI images collected from

Kaggle, this model achieved 92.13% accuracy and 7.87% miss rate.

Almadhoun, H. R., & Abu-Naser et al. [9] provide a deep learning approach to brain tumor
detection in MRI images using a dataset of 10,000 images and compared a custom CNN
with pre-trained networks (VGG16, ResNet50, MobileNet, InceptionV3). InceptionV3
(99.88%) and VGG16 (99.86%) performed best after preprocessing and augmentation,
followed by the custom model (98.28%), demonstrating the ability of optimized deep
learning techniques as an efficient, precise, and cost-effective support tool for clinical

diagnosis.

M.I. MARAM FAHAAD ALMUFAREH et al. [10] presented a portable electromagnetic
(EM) imaging system, using the YOLOvV3 deep neural network model for brain tumor
detection. In this research, scattering parameters were collected from a nine-antenna array
setup using a tissue-like head phantom, and then the image was reconstructed using a
modified delay-multiply and sum algorithm. An image dataset of 1000 samples
(including single and double tumors) was generated through augmentation. It was used
for training, validation, and testing of the YOLOv3 model. The Darknet-53-based
YOLOv3 algorithm demonstrated high detection accuracy. Achieving a detection
accuracy of 95.62% and an F1-score of 94.50%. This work highlights that YOLOV3 has
considerable potential for accurate tumor localization in portable electromagnetic head

imaging systems.
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Norah Fahd Alhussainan et al. [11] focused on the automatic segmentation and
classification of brain tumors (meningioma, pituitary, glioma) from MRI scans, using
deep learning. The study extensively analyzed and applied two YOLO object recognition
frameworks, YOLOv5 and YOLOv7, based on state-of-the-art deep learning
architectures. Advanced mask alignment techniques were used in the preprocessing step
to ensure accurate segmentation of tumor regions. Numerical results demonstrated strong
performance with YOLOV5 achieving mAp = 0.947 (100 threshold = 0.5) for both box
detection and mask segmentation, and YOLOvV7 showing almost equivalent accuracy.
The performance of the proposed framework is compared with established methods such
as RCNN, Faster RCNN, and Mask RCNN to highlight its novelty.

MARAM FAHAAD ALMUFAREH et al. [12] presented a YOLO NAS deep learning
model used for the detection and classification of brain tumors (pituitary, meningioma,
glioma, and non-tumor) from MRI images. It achieved 99.7% accuracy on the
REMBRANDT dataset by incorporating an Encoder-Decoder network for segmentation
and an attention mechanism that significantly improved early and specific tumor
detection.

H.R.A.a.S.S.A. Naser et al. [17] provide a comprehensive review of brain tumor detection
and classification using machine learning technologies. It covers important topics,
including brain tumor anatomy, imaging modalities such as image enhancement,
segmentation, feature extraction, and classification. As well as advanced methods such
as deep learning, transfer learning, and quantum machine learning. It highlights the
challenges of accurate tumor detection due to variations in size, shape, and location.
Discusses the advantages, limitations, and future trends in this field.

S. J. J. M.S. Mithun et al. [13] proposed a fully automated heterogeneous segmentation
method (FAHS-SVM) for brain tumor detection and segmentation from MRI images. It
designed an extreme learning machine (ELM) algorithm for image classification and
feature extraction. This method aims to overcome the challenges of accurately identifying
tumors. It is usually a repetitive and time-consuming task for radiologists. Experimental

results have demonstrated high accuracy, with approximately 98.51% accuracy in
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identifying abnormal and normal brain tissue from MRI scans. This method is proposed
to be effective for computer-aided brain tumor diagnosis and clinical decision support

systems.

M. A. H. Ramdas Vankdothu et al. [18] proposed the use of artificial neural networks
(ANN) and convolutional Neural Networks (CNN) for brain tumor detection from MRI
images. This research analyzed the performance of self-defined ANN and CNN models
for normal and tumorous brain classification. The dataset used included 2065 MRI
images. It was divided into training, validation, and testing sets. The results showed that
CNN performed better than ANN, with CNN achieving 89% accuracy in testing, and
ANN achieved only 65.21%. The author concluded that CNN is a much more effective
method than ANN in predicting brain tumors on the given dataset.

Research work | Dataset Model Model Evaluation

Maram Fahaad et al. | Figshare Brain Tumor YOLOV5 and YOLOS:

(2024)[5] Dataset: 3064 MRI slices | YOLOv7 Box mAP@0.5 = 0.947
from 233 patients; Mask mAP@0.5 = 0.947
classes: Meningioma, MAP@0.5-0.95 = 0.666 /
Glioma, Pituitary tumors 0.657

YOLOVT:

Box mAP@0.5=0.94
Mask mAP@0.5 = 0.941
MAP@0.5-0.95 =0.677 /

0.659
Norah Fahd et al. 500 MRI images of YOLOV3, YOLOvV4, | YOLOV7 (best):
(2024) [6] meningioma tumors YOLOVS5, YOLOV6, | * mAP: 99.96%
from King Khalid YOLOv7 * Precision: 98.50%
University Hospital * Specificity: 97.95%
(KKUH), Riyadh, Saudi * Balanced Accuracy:
Arabia 98.97%
 F1-Score: 99.24%
Amran Hossain, et 1000 EM images YOLOv3 Detection Accuracy: 95.62%
all (2021)[7] generated from 50 - F1 Score: 94.50%
original samples (with - Training Accuracy: 96.74%
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single & double tumors)
via augmentation
(rotation, scaling,

cropping, zooming,

- Validation Loss: 9.21%

flipping, etc.)
M.S. Mithun et al. REMBRANDT YOLO NAS (You Accuracy: 99.7%
(2024) [8] (REpository for Only Look Once — - Specificity: 98.5%

Molecular BRAIn
Neoplasia DaTa)

Neural Architecture
Search)

- Precision: 98.2%
- F1 Score: 99.2%
- Sensitivity: 98.5%

Abdul Hannan
Khan, et al. (2022)

[3]

Brain tumor MRI dataset
from Kaggle

Classes: glioma,
meningioma, pituitary,
no-tumor

Total images: 3264

HDL2B-TUMOR-
CLASSIFIER
(Hierarchical Deep
Learning-Based
Brain Tumor
Classifier) using
CNN
(Convolutional

Neural Network)

Accuracy: 92.13%
(Validation Phase)

- Miss Rate: 7.87%
(Validation Phase)

- Training Accuracy: 94.84%,
MR: 5.16%

Javaria Amin,et all BRATS (2012-2020), SVM, KNN, RF, CNN (BRATS 2013): DSC =
(2022) 9] Harvard, RIDER, ISLES | ANN, ELM, CNN, 0.88 (complete), 0.83 (core),
(2015-2017), Local MRI | 3D-CNN, U-Net, 0.77 (enhanced)
datasets WRN-PPNEet, * VGG-16 (transfer learning):
DeepMedic, VGG- Accuracy > 98%
16, ResNet-50
Sarmad Magsood, et | BraTS 2018 Custom 17-layer BraTS 2018 dataset:

al. (2022) [10]

- Figshare dataset (3064
T1-weighted CE MRI
images of 233 patients)

CNN for
segmentation

- Modified
MobileNetV2 for
feature extraction
- Multiclass SVM
(M-SVM) for

classification

* Accuracy: 97.47%

* Sensitivity: 97.22%

* Specificity: 97.94%

* Dice coefficient: 96.71%

Figshare dataset:

* Accuracy: 98.92%

* Sensitivity: 98.82%

* Specificity: 99.02%

* Dice coefficient: 97.87%
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Zheshu Jia, Deyun Not explicitly named; Fully Automatic Accuracy: 98.51%
Chen (2020) [11] described as multi- Heterogeneous
parametric MRI datasets | Segmentation using | Dice Score: Up to 97.6%
with up to 500 samples Support Vector
Machine (FAHS- Detection Probability: Up to
SVM) 98.8%

+ Extreme Learning
Machine (ELM) for

classification

2.2  Research Gap

Although significant progress has been made in the application of deep learning models
to MRI brain tumor detection. There are several limitations to current research. Recent
studies have mainly focused on the YOLOvV3, YOLOV5, YOLOv7, YOLOV8, and YOLO
NAS architectures have demonstrated significant improvements in detection accuracy
and efficiency. However, few published works have reviewed the performance of the
latest YOLOV12 architecture in this work. The YOLOv12 architecture includes an
integrated attention module, dynamic anchor box selection, and advanced data
augmentation techniques. But their impact on brain tumor detection from MRI images
remains unexplored.

Furthermore, existing comparative analyses often include a limited number of baseline
models, making it difficult to draw definitive conclusions about performance benefits.
Extensive and standardized benchmarking of YOLOv12 against multiple modern
detectors, including YOLOv1l, SSD, and RT-DETR on the same dataset and
preprocessing pipeline, is still lacking. This deficiency hinders an objective assessment
of the potential benefits of YOLOvV12 in a clinical context.

Additionally, deploying high-performance detection models in resource-limited medical
environments has not yet been adequately explored. Although there are lightweight
variants of YOLOv12 that can run on lower-end hardware. Their performance for real-
time MRI brain tumor detection has not yet been evaluated. Furthermore, the small and

irregular tumor regions commonly found in MRI scans pose a major challenge for
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detection models. Few papers have been conducted to determine how the new features of
YOLOv12 perform in these cases.

Finally, explainability and cross-dataset generalization have not received sufficient
attention in the current research. There is no analysis yet of how the internal mechanism
of YOLOvV12, especially its Attention Modules, produces clinically understandable
outputs. Similarly, a cross-dataset that is essential for measuring the robustness of the
model across different MRI acquisition protocols and patient populations is almost
absent. Addressing these deficiencies is crucial to increasing the applicability of

YOLOV12 in real-world diagnostic workflows.
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CHAPTER 3

METHODOLOGY

Since timely and accurate diagnosis has a major impact on patient outcomes.
Brain tumor detection is a crucial medical imaging task. Deep learning-based object
detection algorithms have revolutionized medical image analysis by enabling rapid,
automated, and accurate tumor location. We can detect a brain tumor using machine
learning or deep learning. A Convolutional Neural Network (CNN) is a component of

deep learning.

The proposed method for brain tumor detection from MRI images follows a six-step
structured workflow, which is performed using YOLOv11/YOLOvV12. First, the MRI
dataset is prepared in YOLO format, where annotations include bounding box
coordinates and tumor class labels. To increase generalization power, the dataset is
divided into training, validation, and test sets. Then, conventional data augmentation
methods such as flipping, scaling, and color adjustment are used. In the model
configuration step, the YOLOv11 or YOLOvV12 architecture is selected based on the
balance between accuracy and speed, along with determining the appropriate model size.
Pre-trained COCO weights are loaded to support transfer learning, and hyperparameters
such as batch size, learning rate, and 100 threshold are adjusted. The training process uses
an optimizer such as SGD or AdamW and uses. 00-based bounding box regression for
loss calculation, objectivity scoring, and segmentation if necessary. The model is trained
for 50-300 epochs, depending on the size and complexity of the dataset. At the end of
each epoch, the model is validated using metrics such as precision, recall, F1-score,
MmAp@0.5, and mAp@0.5:0.95. The weights with the highest mAp are saved for
inference. In the inference step, the trained model resizes and normalizes the MRI image,
predicts the tumor bounding box, and improves detection using non-maximum

suppression (NMS). Finally, the model is exported in .pt, ONNX, or TensorRT format,
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enabling real-time inference and integration into edge computing devices or clinical

diagnostic systems.

Data Preparation

Load dataset in YOLO format

Split into trainfvalidationftest » Set model size

cets
Labels contain

Madel Configuration

Use YOLOv11/YOLOw12
architecture

Training

Adjust hyperparameters

Y

Transfer learning from pretrained
weiahts

Optimizer: SGD or Adam'W/

Losses: loU-based box
regression, objectness,

Apply standard Load pretrained COCO segmentation

augmentations weights for transfer learning
Train for 50-300 epochs
depending on dataset
Batch size based on GPU
memory

Inference Evaluation
‘ Deployment _ ]
Load trained weights g

Export model to .pt, ONNX, Validate after each epoch.

TensorRT formats

Preprocess input image Metrics: MAP@0.5

mAP@0.5:0.95, precision,
recall, F1-score.

Supperts real-time edge inference Predict bounding boxes — Apply

NMS — Output final detections

Save best weights based on
highest mAP

Figure 2.2.1 Workflow Diagram

3.1 Data Collection

The dataset is collected from Kaggle. It is collected by Roboflow Universe - a
large dataset built for brain tumor detection and classification using advanced computer
vision technology. It contains a total of 3,903 MRI images, divided into four different
classes:

Glioma: A tumor arising from glial cells in the brain.

Meningioma: A tumor that arises from the protective lining of the brain.

Pituitary: A tumor located in the pituitary gland, which affects hormone balance.

No Tumor: MRI scan that doesn't show the presence of any tumor.

The main objective of this dataset is to aid in the early detection and diagnosis of brain
tumors, learning to improve treatment planning and better patient outcomes. The dataset
supports multiple annotation formats, such as YOLOVS8, YOLOV9, and YOLOv11, which
are compatible with various machine learning frameworks. This makes it suitable for a

variety of applications that require fast and accurate results.
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Figure 3.1.1  Class Distribution

3.2 Data Preprocessing
3.2.1 Image Enhancement - CLAHE

CLAHE is used for MRI image processing, where a grid size of 8x8 tiles and a clip limit
of 2 are set. CLAHE is different from ordinary histogram equalization because it divides
the image into small tiles and increases local contrast by equalizing the histogram of each
tile separately. These tiles are then combined using bilinear interpolation to avoid
artificial borders. This method significantly improves the clarity of fine details without
unnecessarily increasing noise through contrast limiting. As a result, tumor regions
become brighter and more clearly visible compared to surrounding tissue, and the overall
structural contours of the brain become clearer. Compared with the original image, the
tumor edges in the images obtained after applying CLAHE are much clearer and more
useful for medical diagnosis and analysis.
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Figure 3.2.1 Before and After applying CLAHE
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3.2.2 Data Splitting

Data Splitting Ratio: 70% Train, 20% Validation, 10% Test
Test

We split the dataset in a ratio of 70:20:10.

10.0%

This is a common machine learning Validation
practice, where the dataset is divided into

three subsets: training set (70%) used to

train the model; validation set (20%) Train
model and prevent overfitting is used to

fine-tune; testing set (10%) used to

perform a final and unbiased evaluation Figure 3.2.2  Train-Test Split pie-chart
of the model, to see how well the model

performs on new data.

3.2.3 Resizing:

Each image has been cropped to a square shape, preserving important areas. Image for
YOLO and RT-DETR have been resized to 640x640 pixels. Each image has been resized
to 300x300 pixels for SSD.

3.2.4 Parameters and hyperparameters:

Hyperparameters have been selected for the YOLOv12 model training that maintain
accuracy, performance, and stability. Batch size is set to 16, so that a sufficient number
of images can be processed and the GPU memory limit is not exceeded. 500 epochs were
used to ensure that the model received a sufficient number of iterations. The image size
Is set to 640, which is YOLQO's default size and balances performance and memory usage.
Data augmentation, horizontal flip, translation, scaling, and erasing are applied to
increase data diversity. Mosaic augmentation is enabled to improve small object
detection. On the other hand, copy-paste and mix-up are disabled as they can introduce
unnecessary noise into medical data. For optimization, SGD is used where learning rate
=0.01 and momentum = 0.9 are set. In addition, weight decay = 0.0005 is used to reduce
overfitting. In the warmup settings, 3 warmup epochs and warmup momentum = 0.8 are

used to ensure stable convergence in the initial stages. Overall, these hyperparameters
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have been determined in such a way that an effective and efficient model can be created,

and high accuracy in brain tumor detection is maintained.

3.3 Models
3.3.1 YOLOv11l and YOLOv12

YOLOvV11 improves recognition by using the C3K2 Block for accurate feature extraction,
the SPFF Module for multi-scale pooling, and the C2PSA Block for focusing on
important regions. It also adds dynamic multi-scale heads, NMS-free training, and dual
label assignment, enabling the model to perform tasks such as detection, segmentation,
and pose estimation. YOLOV12 is further enhanced by using an attention-centric design
that includes Area Attention and FlashAttention. It uses the R-ELAN module for
lightweight feature learning and depthwise-separable convolutions for large receptive
fields. As a result, YOLOv12 offers more powerful multi-scale fusion and better

performance in small object detection, while maintaining high speed for real-time use.

nz
3
M=
448 3\ Q 28 JT N
2 14, N 7l f——=1 7 7
"2 56 3 :yg >< ><
28
Ll L 7 7 7
3 w2 256 512 1024 1024 1024 4096 30
Conv. Layer Conv. Layer Conv. Layer: Conv. Layers Conv. Layers Conv. Layers Conn. Layer Conn. Layer
7x7 x64-22 3x3x192 1x1x128 1x1x256 1 1x1x512 1,5 3x3x1024
Maxpool Layer Maxpool Layer 3x3x256 3x3x512 3x3x1024 3x3x1024
2x2-22 2x2-22 1x1x256 1x1x512 3x3x1024
3x3x512 3x3x1024 3x3x1024-2
Maxpool Layer Maxpool Layer
2x2-22 2x2-22

Figure 3.3.1 Diagram of YOLO Model
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3.3.2 RT-DETR

RT-DETR is an end-to-end real-time object detection model based on the DETR
(DEtection TRansformar) architecture. To overcome the slow inference speed of the base
DETR model, RT-DETR uses an advanced encoder and decoupled decoder, making the
model suitable for deployment in real-time tasks.

This model uses Vision Transformer (ViT) or other backbones for feature extraction from
images. While standard DETR uses a shared transformer encoder, RT-DETR uses an
efficient encoder that aggregates multi-scale features and processes decoupled decoder
object queries in near-parallel. This results in a significant increase in inference speed
without a significant loss in accuracy. RT-DETR uses a set-based one-to-one bipartite
matching algorithm that maps truth boxes to predictions and uses transformer decoders
to generate improved predictions. It is the first end-to-end detector that is capable of
delivering high-fidelity real-time performance and effectively bridges the gap between
the high accuracy of DETR and the speed requirements of real-time systems. Its end-to-
end architecture simplifies the entire detection pipeline and eliminates the need for
complex hand-crafted components such as Non-Maximum Suppression (NMS).
However, despite its advanced features, RT-DETR is computationally expensive,
especially compared to simple single-stage detectors. The transformer-based architecture
iIs complex to train and requires a lot of computing power. In addition, like other
transformer-based detectors, RT-DETR sometimes exhibits weaknesses in detecting
small objects.

Formula & Equation: The model's loss function, like DETR models, is a sum of three
parts - classification loss, bounding box regression loss (L1 loss), and generalized
intersection over union (GIOU) loss. These losses are calculated based on one-to-one

matching of prediction and ground truth objects:
Ltotal = AclsLcls + AL1LL1 + AiouLGloU 1)

e Lclsisthe Focal Loss for classification.
e LL1isthe L1 loss for bounding box regression.
e LGIloU is the Generalized Intersection over Union (GloU) loss, which is a more

robust metric for bounding box regression.
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Acls, AL1, and Aiou are the weighting coefficients for each loss term.
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Figure 3.3.2 Diagram of RT-DETR

3.3.3 SSD (Single Shot MultiBox Detector)

SSD is a one-shot object detection model. It is capable of predicting classes and bounding
boxes together in a single forward pass. The model uses convolutional layers to create
feature maps of different sizes that help in detecting objects of different scales. SSD is
based on a pre-trained VGG16 network, to which additional convolutional layers have
been added. Each layer has a default box. For each box, the model predicts an offset and
confidence score. Its loss function uses Smooth L1 for box adjustment and softmax cross-
entropy for classification. SSD is fast and accurate, making it useful for real-time tasks.
It is faster than two-level detectors like Faster R-CNN, because it skips the region

proposal step. Moreover, its multi-scale feature map helps in detecting objects of different

sizes.
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However, SSD has difficulty detecting small objects, especially in low-resolution feature
maps. Its fixed box size and aspect ratio do not fit all objects well, which can reduce the

accuracy of predictions.
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Figure 3.3.3  Single Shot MultiBox Detector Diagram

Formula & Equation: The overall objective loss function of SSD is a weighted sum of

localization loss and confidence loss:

L(x,c,l,g)=N1(Lconf(x,c)+aLloc(x,l,g)) (6)

e N is the number of matched default boxes.

e Lconf is the softmax loss over multiple classes.

e Lloc is the Smooth L1 loss, which measures the difference between the predicted
box parameters (I) and the ground-truth box parameters (g).

e o is aweight term to balance the two losses
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34 Evaluation Matrix

The metrics used for:

TP+TN
Accuracy = ————
TP+TN+FP+FN
True Positive Rate (TPR) = e
TP+FN
True Negative Rate (TNR) = il
TN+FP
False Positive Rate (FPR) = ki
FP+TN
False Negative Rate (FNR) = N
FN+TP
Precision = —
TP+FP

PrecisionxRecall
F1 — Score =12 X

Precision+Recall

3)
(4)
(®)
(6)
(")
(8)
©9)

The percentage of MRI images that are correctly classified among all evaluated images

is called accuracy.

Precision measures the proportion of tumor cases that are correctly predicted.

Recall refers to the model's ability to detect all true tumor cases.

The F1-score is a balanced metric, calculated as the harmonic mean of precision and

recall.
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CHAPTER 4

RESULTS

4.1  Result Analysis

This chapter presents experimental results obtained by implementing various
deep learning models for brain tumor detection. To ensure a comprehensive evaluation,
four widely used object detection frameworks: YOLOv11, YOLOv12, RT-DETR, and
SSD are applied to the collected dataset. The performance of these models is
systematically evaluated using standard evaluation metrics such as accuracy, precision,
recall, and Fl-score. A comparative analysis is conducted to determine the relative

strengths and weaknesses of each model to identify the most effective method for reliable

brain tumor detection.
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Figure4.1.1 YOLOv11 Confusion Matrix
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Table 6.1

YOLOv11 Model Classification Report

Class TP (TN |FP FN[TPR FPR [TNR FNR |Accuracy
Recall Specificity

Glioma 236 308 3 66 [0.781 |0.010 [0.990 0.219 |0.889

Meningioma 133 476 2 2 [0.985 [0.004 |0.996 0.015 |0.993

Pituitary 174 372 65 [2 0.989 [0.149 (0.851 0.011 |0.891

YOLOv11 showed strong performance in the meningioma and pituitary categories.

Meningioma was identified with very few errors, and pituitary tumors were also

identified with a high true positive rate. These results show that the model is very reliable

for these two tumor types.

The glioma class was relatively more challenging. Many gliomas were predicted as

pituitary, which reduces their recall. It means, in some cases, the model had trouble

distinguishing gliomas from pituitary tumors. In this case, more training data or improved

feature learning may be needed.
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Figure 4.1.2 Training metrics visualization of the YOLOv11 model
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Figure 4.1.3 YOLOv12 Confusion Matrix

Table 6.2 YOLOvV12 Model Classification Report

Class TP [TN |FP FN[TPR FPR [TNR FNR |Accuracy
Recall Specificity

Glioma 243 309 2 |59 /0.805 |0.006 [0.994 0.195 |0.895

Meningioma 133 475 2 2 10.985 [0.004 |0.996 0.015 |0.993

Pituitary 174 374 62 2 0.989 [0.142 |0.858 0.011 |0.895

YOLOv12 achieves the best balance across all classes. The glioma class showed
significant improvement with increased correct predictions and reduced

misclassification. This is important, as gliomas are generally the most difficult to classify.

The meningioma class maintained its strong performance with almost all cases correctly
predicted. The pituitary class also improved with a high level of true positives and very
few false positives. Overall, YOLOv12 performed smoothly across all classes and
achieved the highest F1-score.
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Figure 4.1.4  Training metrics visualization of the YOLOv12 model
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Table 6.3 RT-DETR Model Classification Report

Class TP (TN |FP FN[TPR FPR [TNR FNR |Accuracy
Recall Specificity

Glioma 239 309 2 63 /0.791 |0.006 [0.994 0.209 |0.893

Meningioma 132 475 3 3 [0.978 [0.006 [0.994 0.022 |0.990

Pituitary 174 373 64 2 10.989 [0.146 [0.854 0.011 |0.892

RT-DETR produced stable and reliable results. The meningioma category was identified
very well with high recall and low false negatives. The pituitary category also showed

very strong accuracy with only a few false negatives.

However, the glioma class still showed some weakness as several cases were

misclassified. Although the performance here was fairly good, it was not as robust as the
other two classes. This means that the model needs further improvement in glioma

detection.
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Table 6.4 SSD Model Classification Report

Class TP (TN |FP FN[TPR FPR [TNR FNR |Accuracy
Recall Specificity

Glioma 218 307 3 84 /0.722 |0.010 1|0.990 0.278 |0.859

Meningioma 126 469 [7 9 [0.933 [0.015 |0.985 0.067 |0.970

Pituitary 168 368 67 |8 [0.955 [0.154 |0.846 0.045 (0.872

SSD was the weakest of the four models. It suffered significantly in the glioma category.
It showed many false negatives and misclassifications. This resulted in reduced recall and
overall accuracy.

The results in the meningioma category were relatively good, but not as robust as the
more advanced models. Weaknesses were also seen in the pituitary category. There were
several errors and confusion with glioma.

Overall, SSD has shown its limitations as an older model, and its performance proves that

it is less suitable for precise medical image classification.
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Figure 4.1.8 Training metrics visualization of the SSD
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4.2 Visualization

Original Image with Ground Truth Labels.

Predicted Image with YOLOV11 Detections.
(1951_jpg.rf.eb08d051c58¢17040813def1b2f274de.ipg)

(1951 jpg.rf.eb0BA051cS8Cf70408f3def1b2f274de.ipg)

Original Image with Ground Truth Labels
(2904 jpg.f.cbcd872603a5087d632fBae70af6dfed.jpg)

Predicted Image with YOLOV11 Detections
(2004 jpg.rf.cbcd872603a5087d632f8ae 70af6dfed. jpg)

Original Image with Ground Truth Labels
{571 _jpg.rf.ed65129e8c11baScca761d5fbeeddeffjpg)

Predicted Image with YOLOV11 Detections
(571 jpg.rf.ed65129e8c1 1baScca761d5fbeedgeftjpg)

Figure 4.2.1 Examples of output of YOLOv12 Model (1)
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Original Image with Ground Truth Labels
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Predicted Image with YOLOV11 Detections
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Figure 4.2.2 Examples of output of YOLOvV12 Model (2)
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4.3 Discussion

Table 6.5 All models comparison summary
Model Accuracy Precision Recall F1 Score
(%) (%) (%) (%)
YOLOv12 89.7 90.4 93.5 92.0
RT-DETR 88.9 89.2 92.0 90.6
YOLOv11 88.6 88.5 91.8 90.0
SSD 83.5 84.0 87.0 85.5

Considering the four models together, a clear pattern of their strengths and weaknesses
appears.

YOLOv12 stands out as the top performer. It showed high accuracy in all three tumor
classes and handled glioma cases much better than the others. YOLOv12 proved to be
the most reliable model in this group due to its balance between precision and recall.
RT-DETR is right behind YOLOv12. It is very stable and reliable, especially in
meningioma and pituitary tumors; it has very few errors. Although the performance in
glioma is not as strong, it has shown reliable and consistent results overall.

YOLOv11 worked well as a solid baseline. It handled meningioma and pituitary tumors
very effectively, but showed weaknesses in glioma. The model often confused gliomas
with pituitary tumors. It reduced its overall performance. While it is not the best, it still
provides a reliable baseline for comparison.

SSD showed the most weaknesses. It had the most problems in detecting glioma and also
made the most errors in the pituitary category. Although the results were fairly good for
meningioma, its overall accuracy was at least 5% lower than YOLOvV11. This highlights
the limitations of the older architecture and shows why newer models such as YOLOv12
and RT-DETR are better suited for this task.

In summary, the order of performance is:

YOLOv12 > RT-DETR > YOLOv11 > SSD.
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This ranking not only highlights the development of new models, but also shows how
errors are decreasing at each stage and the models are moving towards more reliable
medical use.

CHAPTER 5

CONCLUSION

51 Findings & Contributions

This research presents the latest model experience evaluation of YOLOv12 for brain
tumor detection using MRI images. The results show that YOLOv12 outperforms
YOLOv11, SSD, and Rt-DETR in terms of accuracy and reliability. It achieved the
highest accuracy (89.7) and Fl-score (92.0), demonstrating its effectiveness in tumor
detection. The model strength was most visible in the detection of gliomas, where it
performed significantly better than previous models. Since gliomas are generally difficult

to detect, this is an important achievement for clinical use.

Another major contribution of this work is the analysis of a new architectural feature of
YOLOv12. The addition of the attention module, dynamic anchor box, and improved
data augmentation has made the model accurate in determining tumor location and has
reduced the error rate. These improvements have helped YOLOv12 perform better in
detecting small and irregularly shaped tumors that are typically difficult to detect. The
research shows that these technological advances are directly reflected in improved

medical imaging results.

It also highlights the importance of computational efficiency. YOLOv12 is faster and less
resource-intensive than other advanced models. This makes it more suitable for hospitals
with limited computational resources, especially in low-resource areas. The availability
of lightweight versions further strengthens the potential for real-world clinical use. This
bridges the gap between advanced Al research and real-world healthcare solutions.
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Finally, this research contributes to both Al research and medicine. For an Al researcher,
it provides evidence of YOLOv12's medical imaging capabilities. For clinicians, it shows
the potential to reduce diagnostic delays and errors by using faster and more reliable tools.
By combining high performance and practical application aspects, this research paves the

way for broader use of Al clinical decision-making and patient care.

5.2 Recommendations for Future Works

Future research should test YOLOv12 on larger and more diverse datasets to determine
how well the model can generalize across different hospitals, scanners, and patient
groups.

Clinical trials should also be conducted. Radiologists will evaluate the model in a real
diagnostic environment, which will help determine its practical value. Their feedback
will play an important role in increasing acceptance at the clinical level.

More research is needed to make the model more explainable. It would help increase
credibility if doctors could understand why the model makes certain predictions.

Future research should be done on lightweight versions of YOLOv12. These models
could help hospitals with limited computing resources. Therefore, it is important to test
how the balance between accuracy and speed is achieved.

Finally, new architectures such as transformer-based models should be compared. In

addition, combining YOLOv12 with other imaging modalities such as CT or PET can
further improve diagnosis and move towards a complete solution in healthcare.
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Appendix A: Dataset Availability

Dataset Link: https://www.kaggle.com/datasets/pkdarabi/medical-image-dataset-brain-
tumor-detection

©Daffodil International University 51


https://www.kaggle.com/datasets/pkdarabi/medical-image-dataset-brain-tumor-detection
https://www.kaggle.com/datasets/pkdarabi/medical-image-dataset-brain-tumor-detection

LIBRARY CLEARANCE

©Daffodil International University 52



PLAGIARISM REPORT

212-35-736

ORIGINALITY REPORT

17, 104 13+ 5«

SIMILARITY INDEX INTERMNET SOURCES PUBLICATIOMS STUDENT PAPERS

FRIMARY SOURCES

www.mdpi.com

Internst Souwrce

1

EISSEtS-EU.I’E‘SEEIFEhS[] uare.com

Internet Souwrce

Tw

Maram Fahaad Almufareh, Muhammad
Imran, Abdullah Khan, Mamoona Humayun,
Muhammad Asim. "Automated Brain Tumor
Segmentation and Classification in MRI using
YOLO-based Deep Learning", IEEE Access,
2024

Publication

1w

Javaria Amin, Muhammad Sharif, Mudassar

Raza, Tanzila 5aba, Muhammad Almas Anjum.

"Brain tumor detection using statistical and
machine learning method", Computer
Methods and Programs in Biomedicine, 2019

Publication

1w

downloads.hindawi.com

Internet Source

1w

Kier, Jessica. "Entrepreneurial Orientation and
Performance Within the South African
Minibus Taxi Industry”, University of the
Witwatersrand, Johannesburg (South Africa),
2025

Publication

©Daffodil International University

53



Yuhe Fan, Lixun Zhang, Canxing Zheng,
Yungin Zu, Keyi Wang, Xingyuan Wang. "Real-
time and accurate model of instance
segmentation of foods", Journal of Real-Time
Image Processing, 2024

Publication

T

=4
(%]

Amran Hossain, Mohammad Tarigul Islam,

Mohammad Shahidul Islam, Muhammad E. H.

Chowdhury et al. "A YOLOv3 DEEP NEURAL
NETWORK MODEL TO DETECT BRAIN TUMOR
IN PORTABLE ELECTROMAGNETIC IMAGING
SYSTEM", |IEEE Access, 2021

Publication

Tarek Berghout. "The Neural Frontier of
Future Medical Imaging: A Review of Deep
Learning for Brain Tumor Detection”, Journal
of Imaging, 2024

Publication

thesai.org

Internet Source

<N

Md. Mehedi Hasan, Bikash Kumar Paul,
Mohammad Shorif Uddin, Mehedi Hasan
Talukder, Rafid Mostafiz. "NeuroYOLO: A
Lightweight YOLOv10-MobileNetV3
Framework for Real-Time Brain Tumor
Detection in MRl Scans”, Biomedical Materials
& Devices, 2025

Publication

<N

12

www.hindawi.com

Internet Source

<1

Yongren Cheng, Changhong Chen, Zongliang
Gan. "Enhanced Single Shot MultiBox

©Daffodil International University

<N%

54



Detector for Pedestrian Detection”,
Proceedings of the 3rd International
Conference on Computer Science and
Application Engineering - CSAE 2019, 2019

Publication

E:‘:F?E}:'ZSEEEEm48.cloudfront.net {1 %
pm  mdpi-res.com
In:E-rnE: Source {1 %
M “Advances in Data Science and Optimization {1 %
of Complex Systems", Springer Science and
Business Media LLC, 2025
Publication
N Submitted to Higher Education Commission 1
17 . <l%
Pakistan
Student Paper
M dspace.knust.edu.gh
18 In:E-ran: Source g {1 %
m Wenda Zheng, Yibo Ai, Weidong Zhang. {1 %
"Research on Indoor Object Detection and
Scene Recognition Algorithm Based on Apriori
Algorithm and Mobile-EFSSD Model",
Mathematics, 2025
Publication
www.ijraset.com
m Internat Su_:ulurce {1 %
H R. Rekha, P. Shruti, M. Deekshitha, |. Akash. {1 %
"DCSwin-UMet: Dual Encoder U-Net based on
CNN and Swin Transformer with Trainable
Multiplication Layer for brain tumor
©Daffodil International University 55



segmentation from MRI images", Biomedical
Signal Processing and Control, 2025

Publication

orcid.or
E Internet EDL.I'CgE {1 %
E Submitted to Liverpool John Moores {1 %
University
Student Paper
] Jinmeng Rao, Yanjun Qiao, Fu Ren, Junxing {1 %
Wang, Qingyun Du. "A Mobile Outdoor
Augmented Reality Method Combining Deep
Learning Object Detection and Spatial
Relationships for Geovisualization", Sensors,
2017
Publication
. Submitted to University of Northampton
22 Student Paper t}‘ p (:1 %
P Submitted to Asia Pacific University College of {1 %
Technology and Innovation (UCTI)
Student Paper
H Submitted to University of Wales Institute, {1 %
Cardiff
Student Paper
e wwwZ.mdpi.com
28 Internet Souwrce p (:1 %
bmcbioinformatics.biomedcentral.com {1
Internet Source %
N Submitted to University of Kurdistan Hawler
Student Paper F {1 %
WWwW.jiem.or,
m IFI:EFI'IE:EJDL.F\CE g {1 %
©Daffodil International University 56



E Submitted to University of Hertfordshire {1
Student Paper %
core.ac.uk
Internet Source {1 %
M files.eric.ed.gov
34 Internet Source g {1 %
www.ninds.nih.gov
E Internet Source g {:1 %
B openrepository.aut.ac.nz
30 IHZEFHE'. EDL.EE ry {1 %
m Submitted to universititeknologimara {1
Student Paper %
www.northsouth.edu
Internet Source {1 %
m P.L. Deepa, P.D. Narain, V.G. Sreena. 1
. <l%
"Performance analysis of deep transfer
learning approaches in detecting and
classifying brain tumor from magnetic
resonance images", Intelligent Data Analysis,
2023
Publication
Y Submitted to University of Hull
40 Student Paper }Ir {:1 %
A Submitted to University of Westminster
Student Paper ty {1 %
42 Zheshu Jia, Deyun Chen. "Brain Tumor {1 %
|dentification and Classification of MRl images
using deep learning techniques"”, IEEE Access,
2020
Publication
©Daffodil International University 57



Submitted to CSU, San Jose State University

Student Paper

<%

Hafiz Muhammad Tayyab Khushi, Tehreem
Masood, Arfan Jaffar, Muhammad Rashid,
Sheeraz Akram. "Improved Multiclass Brain
Tumor Detection via Customized Pretrained
EfficientNetB7 Model", IEEE Access, 2023

Publication

<1

Lalit Mohan Goyal, Tanzila Saba, Amjad
Rehman, Souad Larabi-Marie-5ainte. "Artificial
Intelligence and Internet of Things -
Applications in Smart Healthcare", CRC Press,
2021

Publication

B
(w1

Submitted to Universiti Teknologi Petronas

Student Paper

<%

doaj.org

Internet Source

<%

f
oo

moam.info

Internet Source

<1

thesis.cust.edu.pk

Internet Source

<%

ﬂ
=]

vtechworks.lib.vt.edu

Internet Source

<%

Ln

www.irjmets.com

Internet Source

<%

L
[k

www.semanticscholar.org

Internet Source

<%

Ln
Lad

www.springermedizin.de

Internet Source

<1

©Daffodil International University

58



54

Submitted to Information Science and
Technology

Student Paper

LA

Submitted to Malta College of Arts,5cience
and Technology

Student Paper

Ln

Meltem Kurt Pehlivanoglu, Ibrahim ince,
Beytullah Ahmet Kindan, Ayse Gl Eker, Ihsan
Dogan. "Towards advanced brain tumor
segmentation: a novel hybrid architecture
integrating UNet, FCN, and YOLO models on
the newly introduced BTS-DS 2024 dataset",
The European Physical Journal Special Topics,
2025

Publication

Pushpa Choudhary, Sambit Satpathy, Arvind
Dagur, Dhirendra Kumar Shukla. "Recent
Trends in Intelligent Computing and
Communication", CRC Press, 2025

Publication

Rakesh Salakapuri, Panduranga Vital Terlapu,
Kishore Raju Kalidindi, Ramesh Naidu Balaka,
D. Jayaram, T. Ravikumar. "Intelligent brain
tumor detection using hybrid finetuned deep
transfer features and ensemble machine
learning algorithms”, Scientific Reports, 2025

Publication

Tianyong Wu, Xiang Li, Qiuxuan Dong. "An
Improved Transformer-Based Model for
Urban Pedestrian Detection”, International
Journal of Computational Intelligence
Systems, 2025

Publication

©Daffodil International University

59



dspace.daffodilvarsity.edu.bd:8080

Internet Source

<1

sode-edu.in

Internet Source

<1

www.frontiersin.org

Internet Source

<1%

63

www.rds.oeb.ca

Internet Source

<%

Arthur James Swart, Keshav Kumar,
Bishwajeet Pandey, Sakshi Sharma.

"Perovskite Solar Cells - Modeling the Future

of Renewable Energy", CRC Press, 2025

Publication

<1%

Chodagam, Uddayankith. "Brain Tumor
Detection and Classification Using Image
Processing", California State University,
Sacramento

Publication

Khalighiyan, Shaghayegh. "Brain Tumour
Identification Through Advanced Machine

Learning Techniques.", University of Windsor

(Canada)

Publication

Suleiman Daoud, Ahmad Nasayreh, Khalid
M.O. Nahar, WIlla k. Abedalaziz et al. "A Novel

Deep Learning-based Spider Wasp

Optimization Approach for Enhancing Brain

Tumor Detection and Physical Therapy
Prediction", Computer Methods and
Programs in Biomedicine Update, 2025

Publication

©Daffodil International University

60



Kaihan Lin, Huimin Zhao, Jujian Lv, Canyao Li,
Xiaoyong Liu, Rongjun Chen, Ruoyan Zhao.
"Face Detection and Segmentation Based on
Improved Mask R-CNN", Discrete Dynamics in
Nature and Society, 2020

Publication

Lavanya Sharma, Pradeep Kumar Garg. "Deep {1 %
Learning in Internet of Things for Next
Generation Healthcare", CRC Press, 2024

Publication

(]

Exclude quotes i Exclude matches
Exclude bibliography

©Daffodil International University 61



ACCOUNT CLEARANCE

C % hitpsy/studentportal diu.edu.bd/dashboard

Student Profile
Payment Ledger

Registration/Exam
Clearance

Registered Course

P Result

@ Routine

Dashboard

Total Payable Total Paid

745,200.00

745,200.00

E{Today's Routine - Tuesday

©Daffodil International University

e % Q) sdool

AFIYAFARZANATAMANNA

1M-35-T36

Total Due Total Other

62



