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Abstract: Object localization and categorization in medical images is typically formulated as a problem of 

semantic segmentation. This fails to directly tackle the coarse localization task by learning pixel-level scores, 

but requires ad-hoc heuristics during back-transformation to object-level scores. Current state-of-the-art object 

detectors, in contrast, allow individual object scoring end-to-end, ironically giving up the ability to tap the full 

pixel-wise supervision signal. we present Retina U-Net, a simple architecture, which naturally merges the Retina 

Net one-stage detector with the U-Net architecture widely used for semantic segmentation in medical images. 

We look at the importance of full segmentation monitoring on two health data sets, provide a detailed study on 

a series of toy experiments and show how the equivalent performance gain grows in the limit of very small data 

sets. 
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I. INTRODUCTION 

Retina U-Net proposes a novel and efficient architecture that combines semantic segmentation and object 

detection, specifically designed to meet the needs of medical image-based applications. The proposed 

architecture synergistically combines the strength of two established models: U-Net, which is famous for its 

high-accuracy pixel-wise segmentation, and RetinaNet, which is famous for its one-stage object detection with 

Focal Loss for better class imbalance management. The main contribution of Retina U-Net is that it is able to 

leverage segmentation signals end-to-end in the object detection pipeline using high-resolution extension of 

FPN on the decoder branch of U-Net. The architecture enables precise localization and classification of small 

and intricate anatomical details, which are prevalent in medical image. In fact, it generates improved 

performance on lesion detection and classification tasks. It performs better than most of the traditional methods 

such as U-Net with post-processing heuristics, Mask R-CNN, and RetinaNet, particularly in the detection of 

small or suspicious area of interest. One of the building blocks of improvements in this model is the integration 

of Weighted Box Clustering (WBC), a post-processing method that aggregates several overlapping predictions 

between 2D and 3D slices to establish more stable and accurate object localization. Along with accuracy, the 

model is also designed with a consideration for interpretability, robustness, and clinical utility. By keeping its 

architecture simple and monolithic and avoiding the use of overly complex post-processing or ensemble 

methods, Retina U-Net offers a scalable method to medical imaging pipelines in real-world environments. By 

being able to utilize high-detailed segmentation features for detection, not only is the performance enhanced but 

visual verification and clinician trust are also easier to obtain. Therefore, Retina U-Net is an optimal option for 

medical object detection where accuracy and acuteness matter most. 

II. LITERATURE SURVEY 

1. Real-Time Medical Object Detection using YOLO for Lesion Localization in Radiology Images,2023 IEEE 

Conference on Computer Vision and Pattern Recognition (CVPR). The study utilizes the YOLO architecture 

for fast and accurate object detection in medical images, enabling real-time lesion localization with high 

precision and efficiency. 

2. Semantic Segmentation of Medical Images using  U-Net for Tumor Boundary Detection. 2023 International 
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Symposium on Biomedical Imaging (ISBI). This work leverages the U-Net architecture, known for its encoder-

decoder structure, to perform precise tumor boundary segmentation in medical imaging datasets. 

3.  Region-Based Medical Object Detection using R-CNN for Anomaly Identification in CT 

Scans.2021,International Conference on Pattern Recognition (ICPR) CNN with PCA is used for fetal health 

classification by reducing dimensionality and improving accuracy. 

4. Single Shot Multibox Detection for Medical Image Analysis and Tumor Localization. 2021 IEEE 
International Conference on Image Processing (ICIP). This research implements the SSD model to achieve 

efficient and accurate tumor localization in medical images by detecting objects in a single forward pass. 

5. Medical Image-Based Tumor Detection using VGG for Deep Feature Extraction.2020 European Conference 

on Computer Vision in Healthcare (ECCVH) The research applies the VGG network to extract deep hierarchical 
features from medical images, enabling efficient and accurate tumor classification. 

III. BLOCK DIAGRAM OF PROPOSED SYSTEM        
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IV. METHODOLOGY OF PROPOSED SYSTEM 

Medical Object Detection System using Retina U-Net is designed to offer precise and autonomous detection of 

medical objects such as tumors, lesions, or abnormalities in medical imaging data (e.g., CT, MRI, X-rays). The 

system leverages the top-of-the-line performance of the Retina U-Net architecture that mixes the object 

detection feature of RetinaNet with the strength of U-Net in semantic segmentation, providing high-resolution 

context-embedded predictions critical in medical diagnoses. 

The process uses a science-driven methodology with deep learning techniques combined with image 

preprocessing techniques along with an interface easy to use for clinicians in terms of image upload, fetching 

accurate annotations, and generating diagnosis reports. The system framework that is modular involves different 

levels in collaboration with one another to achieve data collection, preprocessing, feature extraction, detection, 

and the interpretation of the results. 

4.1 Data Acquisition: Data acquisition is an essential step in constructing the Medical Object Detection System 

from Retina U-Net as the performance of models depends on quality imaging data. For the system, medical 

images are obtained from Kaggle, particularly by using datasets such as the Chest X-ray dataset that includes 

annotated radiographs beneficial in detecting diseases like pneumonia. All data are professionally segmented 

with bounding boxes or segmentation masks and comprehensively anonymized to ensure HIPAA/GDPR 

compliance. The dataset is further divided into training, validation, and test sets and therefore represents a strong 

base for effective object detection using Retina U-Net. 

Data acquisition in Medical Object Detection System encompasses obtaining raw medical imaging data (e.g., 

chest X-ray) accompanied by their corresponding annotation like a bounding box or a segmentation mask 

describing regions of interest (e.g., detection of pneumonia or any pathology).  

                                

             Fig 4.1 Distribution of Data Set 

Images are conventionally stored in an organized forms such that an image holds its corresponding metadata 

such as imaging modality, diagnosis label, and patient demographics. Integrity and completeness of data is given 

prime consideration, such that each image remains valid, correct annotated, corruption- or unauthorized 

modification-free. Completeness is ensured by checking that all necessary annotations are present and by 

resolving missing or inconsistent labels via expert verification or preprocessing techniques. This careful process 
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ensures that the dataset is clinically accurate, consistent, and appropriate for training the Retina U-Net model 

for sound object detection. 

4.2  Data Preprocessing and Feature Selection: 

Data Cleaning: It is a process of elimination of faulty or unreadable image files by checking integrity of 

corresponding labels (i.e., segmentation masks) and maintaining consistent image formats (i.e., all images 

in.png or.jpg format). It checks for missing annotations and fills in gaps with expert inspection or re-annotation 

for verification of reliability of dataset. 

Normalization & Standardization: Uses pixel intensity normalization to standardize all values to the range [0,1] 

by each image so that the Retina U-Net model gets homogeneous input. Where standardization is needed, pixel 

values are zero-mean and unit variance, which is convenient when feature learning is in terms of grayscale 

intensity. 

Data Augmentation: Augments the dataset with rotation, flip, zooming, shifting, and brightness changes to 

increase variability and reduce overfitting. This simulates real-world conditions and allows the model to 

generalize better on unseen medical images. 

Feature Selection: Although deep learning models like Retina U-Net automatically learn spatial features from 

convolutional layers, there exists a manual feature selection process including verification and choosing 

clinically relevant regions of interest (ROIs) with accurate segmentation masks. Domain knowledge is also 

applied during annotation to make sure that clinically important features (e.g., location, shape of the lesion) are 

emphasized while redundant or irrelevant information are excluded. 

4.3 Model Development and Training: 

Dataset Splitting: Data is divided into training, validation, and test sets—typically in a split like 70/15/15 or 

80/10/10. Where appropriate, stratified sampling is employed to maintain class distribution across subsets, 

ensuring that rare diseases are proportionally represented. 

Model Architecture and Deployment: Retina U-Net architecture is employed, which combines the object 

detection ability of RetinaNet with the semantic segmentation ability of U-Net. Feature extraction is done using 

a pre-trained backbone (e.g., ResNet50), and the model is deployed with Tensor Flow or PyTorch for flexibility 

and performance. 

Model Training: The model is trained on preprocessed and augmented data. Both loss functions are combined—

Focal Loss to deal with class imbalance at detection and Dice Loss/Binary Cross-Entropy for dealing with 

segmentation. Optimization is done using Adam optimizer, hyper parameter tuning (e.g., learning rate, batch 

size, number of filters) to obtain convergence while minimizing error. 

Model Evaluation: The performance of the model is evaluated using standard evaluation metrics like Precision, 

Recall, IoU (Intersection over Union), Dice Coefficient, and mAP (Mean Average Precision). During training, 

k-fold cross-validation can be employed for verifying the robustness and generalizability of the model. It is 

employed for verifying how good the model is performing on different validation folds and prevents over fitting 

on the medical images being encountered. 
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4.4 User Interface: 

It creates an intuitive Graphical User Interface (GUI) using Streamlit and the Retina U-Net model is handled 

using the assistance of backend Python code for enabling easy user interaction with the system for medical 

image diagnosis. The key functionalities are: 

Chest X-Ray Upload: User can upload chest X-ray images in.PNG,.JPG, or.JPEG. Streamlit file uploader widget 

is simple to implement, thus healthcare professionals or radiologists can provide input data comfortably without 

any technical workload 

Image Processing & Prediction: Once uploaded, the image is processed and forwarded to the pre-trained Retina 

U-Net model depending on the images. Normalization and resizing of tasks are taken care of by the backend, 

followed by detection and segmentation of the suspicious areas. 

Result Display (Segmentation & Detection): Output after processing is displayed in the browser itself. The input 

chest X-ray is displayed along with an annotated copy highlighting regions of interest using bounding boxes 

and segmentation masks.The detection is also marked with class labels and confidence scores (e.g., 

"Pneumonia", "Lesion"). 

Prediction Summary: 

➢ Interface displays text summary with: 

Predicted abnormality class (if any) 
➢ The confidence score for each prediction.. 
➢ Size: size of the region and coordinates (bounding box) of detected regions 
 

V. RESULTS AND DISCUSSIONS 

A comparative analysis was conducted between Retina U-Net, U-Net, and Faster R-CNN using standard 

evaluation metrics such as Accuracy, Precision, Recall, F1-score, IoU (Intersection over Union), and Dice 

Coefficient. The results revealed that Retina U-Net consistently outperformed the other architectures, especially 

in terms of segmentation precision and detection robustness. This led to the selection of Retina U-Net as the 

final deployed model in our object detection system. 
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5.1 Retina U-Net: 

Retina U-Net is a hybrid model combining the strengths of the RetinaNet object detector with the U-Net 

segmentation architecture. It enables simultaneous object detection and fine-grained segmentation. 

Model Accuacy: 92% 

 

 
 

         Fig 5.1.1 Model Accuracy  

 

5.2  U-Net (Base Model): 

U-Net is a popular model for medical image segmentation but lacks built-in object detection capability. It 

performed reasonably well in pixel-level segmentation but struggled with localizing distinct abnormal regions. 

 

Model Accuracy: 87.6% 

 

 
 

         Fig 5.2.2 Model Accuracy 

 

Due to its lack of object detection ability, it wasn't suitable as a standalone model for our task. 

 

 

5.3 Faster R-CNN: 

Faster R-CNN is a high-performance object detection model, effective at bounding box detection. However, it 

lacks pixel-level segmentation, which is critical in the medical context 

 

Model Accuracy: 89.1% 
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It performed well on bounding box localization but failed to deliver segmentation insights essential for 

radiological interpretation. 

 

5.4 User Interface and API Integration: 

 

To facilitate user interaction and seamless diagnostic workflow, a user-friendly interface was developed using 

Streamlit, integrated with backend APIs for model inference and visualization. The interface allows users to 

upload chest X-ray images, which are then preprocessed and passed through the trained Retina U-Net model 

for abnormality detection and segmentation. 

Once processed, the application displays: 

• The original X-ray image 

• The predicted segmentation mask overlaying abnormal regions 

• Class prediction (e.g., Normal, Pneumonia - Bacterial/Viral) 

In addition, the system generates a detailed report, including: 

• Input image summary and extracted metadata 

• Detected abnormal zones with pixel-level visual maps 

• Class probabilities/confidence scores 

• Medical insights and potential clinical recommendations (if any abnormality is found) 

The API backend ensures smooth communication between the interface and the model, allowing real-time 

predictions with minimal delay. This integration ensures that healthcare professionals, even in low-resource 

settings, can make informed decisions based on accurate, AI-powered analysis. 

          Interface: 

   

    Fig 5.4.1 Interface 
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  5.5. Generated Result: 

 

 

   Fig 5.5.1 Result 

VI. CONCLUSION AND FUTURE SCOPE 
 

The Medical Object Detection System developed with Retina U-Net represents a significant stride in the 

application of artificial intelligence in medical diagnosis. With the incorporation of deep learning capabilities 

within medical imaging, the project illustrates how lung abnormality (e.g., pneumonia) in chest X-ray images 

can be easily detected and segmented automatically to aid clinicians in faster, more effective decision-making. 

The system integrates a robust AI model, an interactive user interface using Streamlit, and best-in-class backend 

APIs to offer a scalable, user-centric, and high-precision diagnostic assistant. 

 

Key Achievements: 

 

High-Precision Medical Detection: 

The model uses the Retina U-Net architecture to segment pixels and identify objects with extremely high 

accuracy localization of lung pathologies. The model has been thoroughly tested on Accuracy, F1-score, IoU, 

and Dice Coefficient metrics to deliver clinical-grade results. The ability to distinguish between normal, 

bacterial, and viral pneumonia offers true-world diagnostic utility. 

Streamlined User Interface: 

Designed with Streamlit, the interface is intuitive and easy to use. Clinicians or even non-technical individuals 

can easily upload chest X-ray images, see predictions superimposed on the image, and interpret model results 

in real-time. The interface closes the gap between sophisticated AI models and end-users within healthcare 

settings. 
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Comprehensive Reporting: 

A hybrid report generation module provides downloadable reports with: 

• Estimated class (e.g., Normal or Pneumonia type) 

• Visual images of segmentation to demarcate affected areas 

• Model confidence scores 

• Recommendations and clinical findings if any abnormalities are found 

They can be used for medical records and further consultation. 

Scalable and Secure Architecture: 

Backend APIs support seamless communication among frontend and model to enable real-time processing. 

Modular design can be extended in the future to other medical imaging modalities (e.g., CT, MRI) or 

pathologies. 

This work illustrates how advanced software practices today and deep learning can come together to offer 

clinically relevant, AI-enriched tools. This also underscores the importance of working on understandable, 

explainable, and reliable systems in healthcare AI, especially across radiology and diagnostics.  

Future Scope: 

Medical Object Detection System developed based on Retina U-Net is highly prospective for future 

development and application in real-world scenarios. With the advancement in healthcare AI, there are some 

promising avenues along which the potential and clinical utility of this system can be developed: 

1. Multi Disease Detection: 

Currently, the system identifies pneumonia from chest X-rays. In future releases, it can be extended to identify 

and segment other thoracic illnesses such as tuberculosis, lung nodules, pulmonary edema, and COVID-19 to 

create a comprehensive diagnostic tool. 

2. Multi-Modality Imaging Support: 

Besides chest X-rays, the model framework can be modified to incorporate CT scans, MRI, and ultrasound 

images so that the system can be applied in different diagnostic fields like neurology, cardiology, and oncology. 

3. Integration with Electronic Health Records (EHR): 

Coupling image-based prediction with patient history and clinical notes available in EHR systems may give rise 

to comprehensive diagnostics with context-aware improved prediction and treatment planning. 

4. Real-time Clinical Deployment: 

The platform may be deployed in real-time clinical settings through cloud or edge-level integration with hospital 

infrastructure. This would enable instantaneous analysis, even in remote or resource-poor locations where 

specialist radiologists are not present. 
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5. Continuous Learning and Model Updating: 

With active learning or federated learning, the system becomes better over time as it is trained on novel 

anonymized patient data without breaking patient privacy.  

6. Explainable AI (XAI) Integration: 

Follow-up releases can incorporate explain ability modules (e.g., Grad-CAM, SHAP) to facilitate radiologists 

and healthcare providers understanding why each prediction was generated, with implications regarding trust 

and transparency in AI-informed decisions.  

7. Mobile and Low-resource Deployment: 

Development of leaner variants of the model that could be deployed on mobile devices or low-power hardware 

would facilitate point-of-care diagnosis in rural clinics and field hospitals, improving quality healthcare access. 
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