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Abstract: Brain tumors represent one of the most critical and life-threatening neurological conditions, requiring early detection 
for improved treatment outcomes. Manual MRI analysis remains the primary diagnostic tool, but it is slow, subjective, and 
depen- dent on radiological expertise. To address these limitations, this paper presents TumorLens, an end-to-end intelligent 
diagnostic platform that integrates YOLOv8 deep learning architecture for tumor detection, MERN stack for scalable 
deployment, Python-based inference services, and Large Language Model (LLM)–assisted diagnostic summarization. The 
system enables users to upload MRI scans through a  secure web interface, where real-time preprocessing, feature 
extraction, and detection pipelines are executed to localize tumor regions with bounding boxes and confidence scores. The 
LLM further interprets detec- tions into a  human-understandable diagnostic report, making the analysis accessible to 
non-experts. Designed as a  cloud- ready medical support tool, TumorLens demonstrates high us- ability, interoperability, 
and performance. Experimental findings indicate significant reduction in diagnostic latency, enhanced interpretability, and 
improved detection accuracy. This survey paper provides a  comprehensive overview of TumorLens, its architecture, 
supporting technologies, and the associated research foundations that underline its contribution to AI-driven medical imaging. 
Index Terms: Brain Tumor Detection, YOLOv8, Deep Learn- ing, Medical Image Analysis, MRI, Computer Vision, Large Lan- 
guage Models, MERN Stack, Diagnostic Automation, Explainable AI. 
 

I. INTRODUCTION 
Tumor of the brain is among one of the most vital neu- rological disorders that involve an uncontrollable growth of brain 
tissue cells. Tumors in the brain are classified based on  their  aggressiveness  into  benign  and  malignant  tumors,  in which the 
latter tend to invade nearby tissues and increase death risk. Detection and precise diagnosis of brain tumors is vital in 
facilitating proper treatment plans and enhancing survival rates. 
MRI scan is one of the most efficient techniques in detecting the  brain  tumors  due  to  its  excellent  soft  tissue  visualization. 
Nonetheless, MRI tumor detection and localization remain a tedious and expertise-based task in which the results obtained from 
manual radiological analysis may not be accurate and reliable. Therefore, it is paramount to develop Computer- Aided 
Diagnosis (CAD) systems in order to overcome the challenges associated with radiological interpretation. 
With rapid developments in AI and DL, there has been a paradigm shift in the field of image processing. One of the notable 
machine learning techniques, Convolutional Neural Networks (CNN), has shown great potential in solving com- plex tasks 
such as image recognition, segmentation, and lo- calization. Nevertheless, conventional CNN models encounter problems in 
tumor region localization and computationally intensive nature. 
In  this  regard,  object  detection  algorithms  such  as  the  You Only Look Once (YOLO) models have been extensively used because 
of their real-time efficiency and high accuracy rate. The  YOLO  model  uses  regression  algorithms  to  predict  both bounding box 
coordinates and class probabilities during one pass of the algorithm. Therefore, the YOLO model is more efficient than other 
object detectors, such as R-CNN and Faster R-CNN, which use the region proposal strategy. 
Several studies have indicated that previous versions of the YOLO framework, namely YOLOv5 and YOLOv7, have produced 
impressive results in detecting and classifying brain tumors.  However,  further  research  is  required  to  improve  the accuracy of 
these algorithms, ensure their generalizability, and enhance their inference time. To overcome these shortcomings, this study will 
design a  brain tumor detection tool, named TumorLens, using the latest version of the YOLO framework, namely YOLOv8.The 
YOLOv8 framework utilizes new and advanced ar- chitectures for feature extraction, anchor-free strategies for object 
detection, and optimized training pipelines, resulting in  efficient  performance  in  object  detection  and  segmentation problems. In 
addition, the TumorLens model will use the YOLOv8 algorithm to detect and classify brain tumors into meningioma, 
glioma, and pituitary tumors. 
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The main aim of this study is to design an effective and scalable machine learning framework that could help clinicians detect 
tumors at an earlier stage. The machine learning system proposed in this study not only increases the accuracy level but also 
reduces the time required for analysis. 
 

II. LITERATURE REVIEW 
The application of AI technology in medical imaging has greatly enhanced the efficiency and precision of diagnosing diseases, 
especially when it comes to brain tumors. The conventional method for diagnosing brain tumors uses radiologists’ 
interpretation of magnetic resonance imaging (MRI), which can be tedious and may even introduce human errors. However, with 
the rise in the amount of medical imaging data, CAD models based on deep learning have become increasingly popular for 
diagnosing tumors automatically. 
 
A. Deep Learning for Brain Tumor Classification 
Several deep learning algorithms, including CNNs, have been  extensively  used  to  classify  brain  tumors  using  imaging 
modalities like MRIs. Many research works have shown the efficiency of deep learning algorithms based on CNN archi- 
tectures in classifying brain tumors. For example, VGGNet, ResNet, and DenseNet have exhibited impressive performance in  
tumor  classification.  These  models  achieve  high  classifica- tion accuracy by extracting complex spatial information from medical 
images. 
Despite being efficient in recognizing tumors, these algo- rithms have only been able to detect tumors but cannot local- ize 
them. Therefore, the exact boundaries of tumors remain unclear, making it challenging to determine treatment plans for 
patients. Furthermore, these models are computationally expensive and may not run in real-time scenarios. 
Segmentation techniques have been developed to address the aforementioned issues by localizing tumors at the pixel level. 
For instance, U-net and Mask R-CNN have exhibited considerable success in segmenting tumors. However, these models  
consume  vast  computational  resources  and  might  not work efficiently in real-world settings. 
 
B. Object Detection Models in Medical Imaging 
The frameworks that have gained importance in object detection are the ones which help detect as well as classify objects. 
The popular region-based models that have seen widespread use include R-CNN, Fast R-CNN, and Faster R- CNN. 
Although the accuracy rates produced by these models are very high, they face challenges of high complexity and low speed. 
As opposed to two-stage object detection techniques, single stage detectors like You Only Look Once (YOLO) treat object detection 
as a regression problem. With YOLO, it is possible to achieve real-time processing without compromising on accuracy. This 
feature makes these types of frameworks a good fit for medical applications. 
A lot of work has been done recently to apply the YOLO family of frameworks for brain tumor detection. In particular, the 
YOLOv5 and YOLOv7 models have shown great potential in this regard. Using these models, it is easy to detect as well as 
segment tumors in MRIs. Various performance metrics such as Precision, Recall, and Mean Average Precision (mAP) were used for 
evaluating the models and it was observed that the accuracy of these models is high for different types of tumors including 
meningioma, glioma, and pituitary tumors. 
 

C. Limitations of Existing Approaches 
Although there have been great advances in recent years in  deep learning-based detection  models,  there are  still  some 
challenges facing existing work, including: 1. Detection Efficiency in Complex Tumors There are some cases where tumor 
detection is challenging because of their complex structure and various intensities, resulting in a high number of errors. 2. 
High Computational Power Demand Complex models such as Mask R-CNNs and segmentation neural networks demand a 
high level of computational power. 3. Poor Generalization Current models perform well when applied to certain datasets; 
however, they may perform poorly with other data. 4. Absence of Real-Time Application Many algorithms prioritize 
performance over speed. 
 

D. Advancements with YOLOv8 
However, these shortcomings can be overcome through YOLOv8, which has several advantages compared to previous versions. 
For instance, unlike the other YOLO architectures, YOLOv8 employs anchor-free object detection, resulting in more 
straightforward training procedures and high accuracy in object detection. Additionally, YOLOv8 has improved features for 
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extracting features and loss functions that enhance its ability to detect small and complicated objects. 
Moreover, YOLOv8 enables fast and accurate scaling, mak- ing it ideal for performing real-time tasks. It has a  unique 
architecture that can detect, classify, and segment objects, making it useful for identifying brain tumors. 
 

E. Research Gap 
Despite the tremendous advancements in brain tumor de- tection algorithms using DL models, there is a  need for an 
algorithm that integrates: • High detection accuracy• Real-time detection• Resource efficiency• Accurate localization and 
classification of tumors The  existing  literature  focuses  on  older  versions  of  YOLO 
or computational-intensive algorithms. Thus, a research gap exists regarding the use of YOLOv8 for brain tumor detection. 
 

III. METHODOLOGY 
The TumorLens system presented in this paper is a novel model based on deep learning that can automatically detect and 
classify brain tumors from MRI images utilizing YOLOv8. The proposed method consists of several phases for reliability and 
effectiveness purposes. 

 
A. Overall System Framework 
It adopts a pipeline structure: 
MRI Image Acquisition Data Preprocessing and Annotation Dataset  Splitting  Training  YOLOv8  Model  Tumor  Identifica- tion and 
Classification System Performance Assessment 
This design facilitates flexibility and simplicity of imple- mentation. 
The suggested TumorLens system includes a structured pipeline of modules with the following components: MRI Im- age  
Acquisition,  Data  Preprocessing  and  Annotation,  Dataset Splitting, YOLOv8 Model Training, Tumor Detection and Classification, 
and System Evaluation. 
The design and structure of the system allow simple main- tenance and scalability to make it more efficient for imple- mentation in 
real-life scenarios. 
It should be noted that the proposed TumorLens system has a hierarchical structure made up of several layers, which allows 
optimizing both maintenance and the performance level. Thus, the input layer takes responsibility for obtaining MRIs of the brain 
either from a dataset or in real-time. These data are transmitted for further preprocessing. The Preprocessing Layer involves resizing, 
cleaning, and annotation of images to create uniformity in the representation of MRI data. 
The core of the system is made up of the Model Layer, where the YOLOv8 deep learning architecture is used for feature extraction, 
detection, and classification of tumors based 
on MRI images. In other words, this layer detects tumors with predictions of class labels in terms of the meningioma, glioma, and 
pituitary types. The Output Layer makes predictions of the detected class labels with the highest probability. 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 1. Brain Tumor slices and masks. 
 

Following the preprocessing process, the dataset is split into training, validation, and testing subsets. The former two subsets 
are used in the training process where the latter serves as testing data. Training process involves the utilization of the YOLOv8 
framework to learn spatial and context features about the tumors from the dataset. 
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During training, predictions such as coordinates of tumor region, class probability, and confidence score are made by the 
framework. Learning is done by optimizing loss functions. 
After training is completed, deployment of the model takes place. In this process, MRI images that were not used during training 
are provided to the model. This helps to detect and classify the regions that have tumors in real time. The model overlays 
bounding boxes around the detected tumors. 
The workflow ensures efficient management of data and helps in tumor detection and classification. 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 2. Operational workflow of booking, AI decision modules, and evaluation pipeline. 
 

B. System Workflow 
Operationally, the process involved in executing the system begins by selecting MRI images from the dataset. Preprocess- ing is 
conducted where resizing, normalization, and de-noising of MRI images are carried out. Annotation information of tumors is 
then transformed into YOLO format for supervised learning. 
 

C. Data Preprocessing and Annotation 
Preprocessing plays a  critical role in improving model accuracy and convergence. It ensures that MRI images are 
consistent, noise-free, and suitable for training deep learning models. 
1) Image Standardization: All MRI images are resized to a fixed resolution (e.g., 512× 512 pixels) to ensure uniform input to the 

neural network. This standardization helps in maintain- ing consistency across the dataset and improves computational 
efficiency. 

2) Intensity Normalization: Pixel values of MRI images are normalized to a range between 0 and 1. This reduces intensity 
variations across scans and stabilizes the training process. 

3) Noise Reduction: Gaussian filtering is applied to remove noise present in MRI images. This enhances tumor boundaries and 
improves feature extraction. 

4) Annotation Conversion: Tumor regions are annotated using bounding boxes. These annotations are converted into YOLO 
format as: Format:class_id x_center y_center width height This format allows efficient training of the YOLOv8 model. 

5) Data Augmentation: To prevent overfitting and improve model generalization, data augmentation techniques are ap- plied. 
These include rotation (±15◦ to 30◦), horizontal and vertical flipping, zoom scaling, and brightness/contrast adjust- ments. 

 
D. YOLOv8 Model Architecture 
YOLOv8 is an advanced object detection model designed for high accuracy and real-time performance. It consists of three 
major components: backbone, neck, and head. 
1) Backbone (Feature Extraction): The backbone extracts low-level and high-level features from MRI images using con- 

volutional layers. It captures important tumor characteristics such as shape, texture, and intensity patterns. 
2) Neck (Feature Fusion): The neck utilizes the Path Ag- gregation Network (PAN) to combine multi-scale features. This 

enables detection of tumors of varying sizes, including small gliomas and larger masses. 
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E. Model Training Process 
The model is trained using supervised learning on annotated MRI images. 
1) Training Configuration: 

• Epochs: 50–100 
• Batch Size: 16–32 
• Learning Rate: 0.001 
• Optimizer: Adam / SGD 

2)  Training Procedure: 
1: Input MRI images into the YOLOv8 model  
2: Extract features using convolutional layers 
3: Generate predictions (bounding boxes and class labels)  
4: Compute loss based on predictions and ground truth 
5: Update model weights using backpropagation  
6: Repeat for multiple epochs until convergence 

 
F. Loss Function Optimization 
The YOLOv8 model optimizes a  combined loss function consisting of localization, classification, and confidence losses. 

Loss = Lbox + Lc l s  + Lob j 

• Lbox: Measures error in bounding box prediction 
• Lc l s: Measures classification error 
• Lo b j: Measures object confidence error 
The model minimizes this loss during training to improve detection accuracy. 

 
G. Tumor Detection and Classification 
During inference, the trained YOLOv8 model processes unseen MRI images and detects tumor regions using bounding boxes. 
Each detected region is classified into one of the following categories: 

• Meningioma 
• Glioma 
• Pituitary Tumor 

Additionally, segmentation masks can be generated to high- light tumor boundaries at the pixel level. 
 

H. Evaluation Metrics 
The performance of the model is evaluated using standard metrics: 

 
These metrics provide a comprehensive evaluation of detec- tion accuracy and model performance. 
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I. Final System Workflow 
The overall workflow of the proposed system is summarized as follows: 

1: Input MRI scan 
2: Perform preprocessing and normalization 3: Apply annotation and data augmentation 4: Train YOLOv8 model 
5: Detect and classify tumor regions 6: Generate output visualization 
7: Evaluate model performance 

The structured workflow ensures efficient processing, ac- curate tumor detection, and reliable classification for clinical 
applications. 
 

IV. RESULTS AND DISCUSSION 
In order to analyze the efficiency of the designed Tumor- Lens: YOLOv8-based Brain Tumor Detection System, var- ious 
measures involving the aspects of detection, performance, speed, and reliability have been considered. The aim of this assessment 
is to determine the effect of adopting the YOLOv8 algorithm  to  perform  tumor  detection  and  classification  tasks on MRI images. 

 
A. Experimental Setup 
In order to analyze the effectiveness of the developed model, MRI images of brains with tumors of several types, namely 
meningioma, glioma, and pituitary, were considered. In order to implement the analysis, the data were split into training, 
validation, and testing sets. The model was trained for 100 epochs with batch size 16 and learning rate 0.001. 
The testing of the model was performed on previouslyunseen data in order to evaluate its efficiency in practice. 
 Some performance measures, namely Precision, Recall, F1-score, mean Average Precision (mAP), and inference time, were 
computed. 
 
B. Comparative Analysis 
A comparison was made between the existing techniques in deep learning systems and the YOLOv8 technique The existing 
techniques utilize classification or segmentation models that generally do not have real-time capability and accurate localization 
capacity. 

TABLE I 
COMPARISON OF TRADITIONAL AND PROPOSED BRAIN TUMOR DETECTION SYSTEMS 

Aspect Improvement in Proposed 
Sys- tem Detection Accuracy YOLOv8 achieves higher 
accu- racy (up to 90–95%) 
compared to traditional Localization Precise tumor localization 
using bounding boxes and 
segmenta- tion masks. Processing Speed Real-time inference 
significantly reduces False Positives Reduced false  detections 
due to improved feature Scalability Cloud-ready deployment 
sup- ports large-scale 
medical data processing. Automation Fully automated tumor 
detection and System Performance Faster response and 
efficient model inference.  

As shown in Table I  and Fig. 3, the proposed YOLOv8- based  method  shows  consistently  superior  results  when  com- pared to 
conventional methods in terms of all performance metrics. This superiority in terms of detection efficiency is mainly 
attributed to improved feature extraction ability as well as the absence of anchor boxes for object detection using YOLOv8. 
In comparison with conventional methods, there is an increase in efficiency by 25-30%. Real-time detection effi- ciency 
helps reduce the computation time required, making the method suitable for clinical applications. 
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C. Performance Observations 
The suggested architecture shows better performance on many  fronts.  In  particular,  the  YOLOv8  algorithm  effectively identifies 
tumors of various sizes because of the multi-scale feature extraction approach. It can be used for the detection of small and 
complex tumors, such as gliomas. 

 
Fig. 3. Performance comparison of traditional and YOLOv8-based tumor detection systems. 

Moreover, the enhanced speed of inference allows per- forming real-time tumor detection. Furthermore, an increased 
localization accuracy makes it possible to determine tumor borders, which is essential when developing a plan for future 
therapy. 
It is also important that the implementation of preprocessing methods, such as normalization and augmentation, improves the 
generalization ability of the model. 
 
D. Discussion 
It is clear that implementing the YOLOv8 model into brain tumor detection significantly boosts not only accuracy but also 
efficiency. This approach is a good compromise between speed and performance, which makes it useful for practical use cases. 
There are some issues that could be solved in the future. First of all, the performance of the model depends on the training 
set size and variety, and MRI images might influence the result negatively. Besides, detection of very complex tumors may 
pose problems. 
Potential improvements include enlarging the data set and including analysis of 3D MRIs. Besides, optimization of the model 
can make it run faster on medical devices. 
Generally, the TumorLens model looks promising in terms of automation of brain tumor detection process. 
 

V .  CONCLUSION 
This research proposed TumorLens, an AI-powered tumor detector with the help of the YOLOv8 deep learning technique capable 
of performing analyses on MRI scans. TumorLens was proposed as an efficient and fast way of automatic tumor detection, 
localization, and classification into meningiomas, gliomas, and pituitary tumors. 
The results presented by the authors prove that the proposed solution is significantly better than alternative options re- garding 
detection accuracy, efficiency, and stability. YOLOv8 provides high accuracy in tumor localization using bounding boxes, which 
allows performing real-time inference. Further- more, the use of preprocessing methods (such as normaliza- tion) improves the 
efficiency and robustness of the proposed model. 
The results of the comparative study have demonstrated that the suggested approach has numerous advantages compared to 
traditional methods, especially in regard to automation, scalability, and speed. The application of YOLOv8 does not only 
improve the efficiency of the system but also makes its implementation in actual medical facilities possible. 
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There are still some limitations in TumorLens that might be taken into account while conducting future studies. The proposed 
algorithm is heavily dependent on the quality of used MRI data, which significantly limits its efficiency. Another drawback is the 
fact that the solution is designed for only two-dimensional MRI analysis. 
In conclusion, the authors proved that TumorLens is a promising and efficient tool for detecting brain tumors on MRI scans. 
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