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Abstract: 

This paper presents an AI-Based Pothole and Garbage Detection System that automates the identification and reporting 

of road infrastructure issues using deep learning techniques. The proposed system integrates the YOLO11 (You Only 

Look Once) object detection algorithm to analyse live CCTV camera feeds and user-uploaded images for real-time 

detection of potholes and garbage accumulation. Upon detection, the system automatically generates structured 

complaints containing image evidence, GPS location coordinates, and timestamp information, which are forwarded 

directly to the concerned municipal authorities. A maintenance status tracking module enables authorities to update and 

monitor the resolution progress of each complaint as pending, in progress, or completed. The system also supports 

manual image uploads from citizens in areas lacking CCTV infrastructure, ensuring comprehensive urban coverage. 

Experimental evaluation confirms that the YOLO11-based detection pipeline achieves high accuracy across varying 

environmental and lighting conditions. The proposed solution significantly reduces manual inspection effort, accelerates 

municipal response time, and promotes accountability in urban road maintenance — contributing directly to smart city 

development objectives. 

 

Index Terms -- Artificial Intelligence, Pothole Detection, Garbage Detection, YOLO11, Deep Learning, CCTV 
Monitoring, Smart City, Computer Vision, Automated Complaint Generation, Municipal Services.  

I.  INTRODUCTION 

Maintaining safe and clean road infrastructure is one of the fundamental responsibilities of municipal authorities in 

urban areas. Potholes and uncollected garbage on roads pose serious threats to public safety, resulting in road accidents, 

vehicle damage, and deteriorating urban hygiene. Despite the critical nature of these issues, most cities continue to rely 

on traditional reactive approaches such as manual inspections and citizen-initiated complaint submissions for identifying 

and resolving road problems [6,13]. 

The limitations of manual inspection methods are well established. Workers conducting periodic road surveys cannot 

cover extensive urban networks consistently, and the frequency of inspections is constrained by available resources. 

Complaint-based reporting systems, while encouraging civic participation, suffer from incomplete coverage since many 

residents do not report issues. Additionally, human-supervised CCTV monitoring is prone to fatigue-related lapses and 

lacks automated alert mechanisms [10]. 

Recent advancements in Artificial Intelligence (AI), computer vision, and deep learning have enabled the development 

of automated urban monitoring systems capable of real-time object detection from visual data. The YOLO (You Only 

Look Once) family of algorithms represents the state of the art in real-time object detection, offering high accuracy with 

computational efficiency suitable for continuous monitoring applications [5,6]. 
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This paper presents an AI-Based Pothole and Garbage Detection System that leverages the YOLO11 deep learning 

algorithm to automatically detect road surface damages and garbage accumulation from live CCTV feeds and user-

uploaded images. The system automatically generates complaint reports with image proof, location, and timestamp, and 

forwards them to municipal authorities. A status tracking mechanism ensures transparency in the complaint resolution 

lifecycle. 

II.  OBJECTIVES 

The primary objectives of this project are: 

•  To develop an automated system capable of detecting potholes and garbage on roads using the YOLO11 deep 
learning algorithm. 

•  To monitor live CCTV camera feeds in real time and identify road surface damages and waste accumulation with 
high accuracy. 

•  To generate and send instant alerts to the municipal office when potholes or garbage are detected, including image 
evidence and GPS location. 

•  To provide a facility for users to manually upload images in areas where CCTV cameras are not available, enabling 
citizen participation. 

•  To implement a maintenance status tracking module allowing authorities to update complaint status as pending, 
in progress, or completed. 

•  To reduce the time required for identifying and reporting road maintenance and cleanliness issues through 
automation. 

•  To improve road safety and reduce accidents caused by unattended potholes and debris. 

•  To enhance smart city infrastructure by integrating AI-based monitoring with municipal service delivery systems. 

III.  MOTIVATION AND PROBLEM DEFINITION 

A. Motivation 

Urban road infrastructure management faces persistent challenges as cities grow and road networks expand. Traditional 

manual methods for monitoring road conditions are increasingly inadequate for the scale and complexity of modern 

urban environments. The consequences of delayed detection and reporting — including road accidents, vehicle damage, 

and poor sanitation — directly impact public safety and quality of life [6,7]. 

The integration of AI-powered monitoring systems offers a transformative opportunity to modernise urban infrastructure 

management. By enabling continuous automated surveillance of road conditions, such systems can dramatically reduce 

response times, eliminate coverage gaps inherent in manual inspection approaches, and provide structured, verifiable 

complaint data that enhances municipal accountability [3,4]. 

B. Problem Statement 

This project addresses the design and development of an intelligent AI-based pothole and garbage detection system that 

automates monitoring, detection, complaint generation, and resolution tracking. The system targets the gap between 

issue occurrence and municipal response by combining real-time YOLO11-based computer vision, automated complaint 

generation with geo-tagged image evidence, and a structured status tracking workflow for authorities. 

C. Challenges Addressed 

•  Achieving real-time, high-accuracy detection of potholes and garbage under varying lighting, weather, and road 
conditions. 

•  Processing continuous live video streams from multiple CCTV sources with minimal computational overhead. 

•  Handling diverse input formats including live RTSP video streams and user-uploaded static images. 

•  Accurately extracting and attaching GPS location data to each detected issue for precise municipal response. 

•  Designing a unified complaint management workflow covering detection, alerting, and resolution tracking. 

•  Ensuring system scalability to support multiple simultaneous CCTV feeds across large urban areas. 

IV.  EXISTING SYSTEMS AND LIMITATIONS 

Prevailing approaches to road monitoring and maintenance largely depend on three conventional methods: manual 

inspection, complaint-based citizen reporting, and human-supervised CCTV monitoring [10]. Each of these approaches 

suffers from significant limitations that prevent timely and comprehensive coverage. 
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The manual inspection method requires municipal workers to physically survey road networks on a periodic basis. This 

approach is time-consuming, resource-intensive, and highly dependent on human availability. Workers cannot 

consistently cover all areas, and limited inspection frequency means issues may persist undetected for extended periods. 

Human error and inconsistency in reporting further reduce reliability [6,8]. 

Complaint-based reporting systems depend entirely on citizen initiative. Not all residents report issues, and the quality 

of submitted complaints varies widely. There is no guarantee of continuous monitoring, and the system only responds 

reactively to reported incidents rather than proactively identifying emerging problems. 

CCTV monitoring with human supervision improves coverage but introduces operator fatigue and concentration lapses 

over extended monitoring sessions. Furthermore, these systems lack automated analysis and alert mechanisms, requiring 

manual reporting even when an issue is visually identified, which adds delays and reduces operational efficiency. 

Key limitations of existing systems include: 

•  Reliance on manual inspection and citizen complaints, leading to slow and delayed detection. 

•  Absence of real-time monitoring and automated alert mechanisms. 

•  High probability of human error and missed detections during manual observation. 

•  Inefficiency in covering large urban areas with extensive road networks. 

•  No structured complaint management or resolution tracking system. 

•  Inability to attach verifiable image evidence and location data to reported issues.  

V.  LITERATURE SURVEY 

Aiymbay et al. [13] proposed a deep learning-based intelligent garbage detection system using Unmanned Aerial 

Vehicles (UAVs). Convolutional Neural Network (CNN) models trained on approximately 2,000 augmented images 

were used to detect solid waste in aerial imagery. While the UAV-based approach enables monitoring of remote areas, 

it requires specialised hardware and has limited applicability for continuous road-level monitoring. 

Yakin et al. [14] presented a computer vision system for urban waterlogging detection using a modified InceptionV3 

model with transfer learning, achieving 98.5% classification accuracy. Although highly accurate, the system is focused 

on flood detection and is not directly applicable to pothole or garbage identification on road surfaces. 

Mishra et al. [11] developed an advanced system integrating YOLO object detection with the DeepSort tracking 

algorithm for detecting and monitoring pollution in drainage systems. The combination of detection and tracking 

demonstrates the feasibility of real-time waste monitoring, though the system targets drainage environments rather than 

road surfaces. 

Balivada et al. [2] proposed a smart city AI cloud road inspection intelligence system using UAVs and a two-stage deep 

learning architecture for detecting road hazards including potholes, cracks, and illegal dumping, with severity 

classification. While comprehensive, the UAV dependency limits practical deployment in dense urban road networks.  

Gorro et al. [6] focused on road pothole detection using YOLOv8 combined with image augmentation techniques on a 

dataset of 2,000 annotated road images. Results demonstrated effective pothole detection with low training and 

validation loss, confirming the effectiveness of YOLO-family models for road damage identification. 

While these prior works address individual aspects of road monitoring or waste detection, no existing system 

comprehensively integrates real-time YOLO-based detection of both potholes and garbage with automated structured 

complaint generation, GPS geo-tagging, and a full complaint resolution lifecycle tracking mechanism — the specific 

gap this work addresses. 

VI.  PROPOSED SYSTEM 

The proposed AI-Based Pothole and Garbage Detection System is an integrated, intelligent monitoring framework that 

combines YOLO11-based computer vision with an automated complaint management pipeline. The system accepts 

input from two primary sources: live CCTV camera video streams accessed via RTSP protocol, and user-uploaded 

images submitted through a web interface in areas lacking CCTV coverage. 

Input data undergoes preprocessing — including resizing, normalisation, noise reduction, and contrast enhancement — 

before being analysed by the YOLO11 detection model. Detected potholes and garbage are classified and validated 

using confidence score thresholds and Non-Maximum Suppression (NMS). Upon confirmed detection, the system 

automatically generates a structured complaint containing the captured image, GPS location, and timestamp, which is 
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transmitted to municipal authorities. Authorities access an administrative dashboard to view, manage, and update 

complaint statuses through a complete resolution tracking lifecycle. 

A. Key Features 

•  Real-time pothole and garbage detection from live CCTV feeds using the YOLO11 deep learning algorithm.  

•  Dual input support: automated CCTV stream processing and manual citizen image uploads. 

•  Automated complaint generation with image evidence, GPS coordinates, and timestamp upon detection.  

•  Direct alert transmission to concerned municipal authorities through a web dashboard and notification system.  

•  Maintenance status tracking module with pending, in progress, and completed lifecycle states. 

•  Image preprocessing pipeline (resizing, normalisation, noise reduction) for robust detection under varying 
conditions. 

•  Centralized database storage of all complaints, detection results, and resolution records for reporting and analytics.  

•  Modular, scalable architecture supporting multiple concurrent CCTV feeds across large urban areas.  

VII.  ROLE OF AI AND MACHINE LEARNING 

A. Deep Learning and YOLO11 

The core detection capability of the proposed system is built on YOLO11, the latest iteration of the You Only Look 

Once deep learning architecture. YOLO11 processes the entire input image in a single forward pass, dividing it into a 

grid and simultaneously predicting bounding boxes, class probabilities, and confidence scores. This single-stage 

detection approach delivers real-time performance suitable for continuous CCTV stream analysis. The model is trained 

on a dataset of annotated road images containing potholes and garbage under diverse conditions, enabling it to learn 

discriminative visual features including texture, shape, and edge characteristics [5,6].  

B. Computer Vision and Image Processing 

Computer vision techniques underpin the preprocessing and analysis pipeline. OpenCV is used for video stream capture, 

frame extraction at configurable intervals, and image enhancement operations including Gaussian blur noise reduction 

and histogram equalisation for contrast improvement. These preprocessing steps standardise input quality, ensuring 

consistent model inference performance regardless of variations in CCTV camera resolution or lighting conditions [3,4].  

C. Classification and Validation 

Post-detection classification refines YOLO11 outputs by applying confidence score thresholds to filter low-certainty 

predictions. Non-Maximum Suppression eliminates duplicate bounding boxes, retaining only the most accurate 

detections per object. This dual validation layer reduces false positive rates and ensures that only genuine potholes and 

garbage detections trigger complaint generation. 

D. Geolocation Integration 

Each detection event is enriched with location data derived from CCTV camera metadata or GPS coordinates embedded 

in user-uploaded images. This geolocation integration enables municipal authorities to precisely identify the affected 

road segment, significantly reducing the time required for field verification and maintenance dispatch. 

VIII.  SYSTEM ARCHITECTURE AND DESIGN 

The system follows a layered, modular architecture encompassing five interconnected processing stages: data 

acquisition, preprocessing, AI detection, alert and complaint generation, and status tracking. 

A. System Modules 

1) Video/Image Data Acquisition Module 

This module collects input data from live CCTV camera streams accessed via RTSP protocol and from user-submitted 

images uploaded through the web interface. For video streams, frames are extracted at configurable intervals to balance 

detection coverage against computational load. The module supports multiple concurrent CCTV sources and handles 

different input resolutions and formats, ensuring compatibility across diverse camera hardware. 

2) Data Preprocessing Module 

Raw input frames undergo a series of quality enhancement operations: resizing to the fixed input dimensions required 

by the YOLO11 model, pixel value normalisation, Gaussian blur for noise reduction, and contrast enhancement via 

histogram equalisation. These preprocessing steps standardise input quality and significantly improve detection 

accuracy under varying environmental conditions including poor lighting and adverse weather. 
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3) YOLO11-Based Object Detection Module 

The YOLO11 model constitutes the intelligence core of the system. Trained on a labelled dataset of road images 

annotated with pothole and garbage classes, the model performs single-pass detection across input frames, generating 

bounding boxes with associated class labels and confidence scores. Non-Maximum Suppression filters redundant 

detections, and a configurable confidence threshold gates the detections forwarded to the classification module. GPU 

acceleration enables real-time processing of multiple video frames per second. 

4) Classification and Validation Module 

This module receives YOLO11 detection outputs and applies additional validation logic to ensure classification 

accuracy. Objects are confirmed as potholes or garbage based on confidence score thresholds. Low-confidence 

detections are discarded, and classified results are forwarded to the complaint generation module. This filtering stage 

prevents unnecessary alerts from erroneous detections. 

5) Alert Generation and Complaint Management Module 

Upon confirmed detection, this module assembles a structured complaint record containing the annotated detection 

image, GPS location coordinates, timestamp, and issue type. Complaints are assigned unique identifiers and stored in 

the database. Alert notifications are dispatched to the relevant municipal authority via the dashboard interface and 

optionally via email or messaging integrations. A unique complaint ID enables end-to-end tracking of each reported 

issue. 

6) Maintenance Status Tracking Module 

Authorised municipal personnel access the administrative dashboard to view active complaints, review detection 

evidence, and update complaint statuses across three states: Pending, In Progress, and Completed. The module maintains 

a full audit log of status transitions with timestamps, supporting accountability and enabling performance analytics on 

response times and resolution rates. 

B. System Architecture Layers 

The architecture operates across four layers. The Client Side provides an HTML/CSS/JavaScript frontend interface 

supporting media upload, real-time alert display, and complaint status visualisation for both citizens and municipal 

authorities. The Server Side uses Flask with RESTful APIs managing video stream processing, detection pipeline 

orchestration, complaint generation, and dashboard data provision. The Database layer uses MySQL to persist complaint 

records, detection results, location data, status histories, and user information. The AI/ML Integration layer hosts the 

YOLO11 model with OpenCV for frame processing, TensorFlow/PyTorch for model inference, and NumPy/Pandas for 

data operations. 

IX.  REQUIREMENT SPECIFICATION 

A. Functional Requirements 

The system supports the following core functionalities: (1) processing live CCTV video streams and extracting frames 

for analysis; (2) accepting user-uploaded road images via a web interface; (3) preprocessing input images through 

resizing, normalisation, and noise reduction; (4) detecting potholes and garbage in real time using YOLO11 with 

confidence-based validation; (5) generating structured complaint records with detection images, GPS location, and 

timestamp; (6) transmitting alert notifications to municipal authorities; (7) enabling authorities to view, manage, and 

update complaint statuses through an administrative dashboard; (8) maintaining a centralised database of all complaints 

and resolution records; and (9) generating analytics reports on detection frequency, response times, and resolution rates.  

B. Non-Functional Requirements 

 

Requirement Specification 

Operating System Windows 10 / Windows 11 

Programming Language Python 3.10+ 

Framework Flask (Backend), HTML/CSS/JS (Frontend) 

Database MySQL 
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Deep Learning Framework TensorFlow / PyTorch 

Detection Algorithm YOLO11 

RAM Minimum 8 GB recommended 

Storage Minimum 10 GB free space 

Camera 720p or higher resolution webcam / CCTV 

Internet Stable connection (minimum 25 Mbps) 

Table I: Non-Functional System Requirements 

X.  IMPLEMENTATION 

The system is implemented in Python 3.10+ using Flask as the web framework and HTML/CSS/JavaScript for the 

frontend interface. The YOLO11 model is deployed using the Ultralytics framework with PyTorch as the deep learning 

backend. Key libraries include: OpenCV for video capture, frame extraction, and image preprocessing; NumPy and 

Pandas for data operations; SQLAlchemy with MySQL for database interactions; Flask-Mail for alert email 

notifications; and Folium for interactive map visualisation of detected issue locations.  

The YOLO11 detection model is trained on a custom dataset assembled from publicly available road image datasets 

augmented with locally collected CCTV frame samples, annotated with pothole and garbage bounding boxes using 

LabelImg. Data augmentation including rotation, brightness variation, horizontal flipping, and mosaic augmentation 

was applied during training to improve model robustness across diverse road and lighting conditions. 

The backend exposes RESTful API endpoints: /api/upload-image for user image submissions, /api/cctv-stream for RTSP 

stream registration, /api/detect for detection pipeline invocation, /api/complaint for complaint record creation and 

retrieval, and /api/update-status for authority status updates. The MySQL database maintains four primary tables: 

complaints, detections, locations, and users, supporting full complaint lifecycle management. 

The frontend provides two role-based interfaces: a citizen portal for image upload and complaint status viewing, and an 

authority dashboard displaying real-time detection alerts with annotated images, location maps, and status management 

controls. JWT-based authentication governs role-specific access. All detection images and complaint records are stored 

persistently with support for CSV report export for administrative analysis. 

XI.  EXPERIMENTAL RESULTS 

A. Detection Performance 

The YOLO11 model was evaluated on a held-out test set of road images containing potholes and garbage under varied 

environmental conditions including different lighting levels, camera angles, and weather states. The model demonstrated 

high precision and recall across both detection classes, with performance substantially superior to baseline comparison 

models. 

 

Model Precision Recall mAP@0.5 F1-Score 

YOLO11 (Proposed) 0.921 0.908 0.934 0.914 

YOLOv8 0.887 0.871 0.896 0.879 

YOLOv5 0.852 0.839 0.863 0.845 

CNN Baseline 0.791 0.763 0.811 0.777 

Table II: Detection Model Performance Comparison 

B. End-to-End System Testing 

Comprehensive functional testing was conducted across all system modules covering unit tests, integration tests, system 

tests, and user acceptance testing (UAT). All test cases passed with actual outputs matching expected outputs: 
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S.No Test Case Expected Output Actual Output 

1 CCTV Stream Input Frames extracted at 5 fps Frames extracted at 5 fps 

2 Pothole Detection Bounding box with label 
Pothole 

Bounding box with label 
Pothole 

3 Garbage Detection Bounding box with label 

Garbage 
Bounding box with label 

Garbage 

4 Complaint Generation Complaint created with 
image and location 

Complaint created with 
image and location 

5 Alert Notification Alert sent to municipal 

dashboard 
Alert sent to municipal 

dashboard 

6 Status Update Status changed to In Progress Status changed to In Progress 

7 User Image Upload Detection runs on uploaded 
image 

Detection runs on uploaded 
image 

Table III: Module-wise Test Case Results 

UAT involved real users including students and municipal staff who uploaded road images, reviewed generated 

complaints, and navigated the administrative dashboard. Participants reported high satisfaction with system usability, 

detection accuracy, and feedback clarity. Issues identified during UAT were resolved prior to final deployment. 

XII.  ADVANTAGES OVER EXISTING SYSTEMS 

•  Provides real-time automated detection of potholes and garbage using AI-based YOLO11, eliminating dependency 
on manual inspection. 

•  Automatically generates structured complaints with annotated image proof, GPS location, and timestamp, 
reducing ambiguity in issue reporting. 

•  Enables end-to-end complaint status tracking (pending, in progress, completed) for improved municipal 
accountability and transparency. 

•  Supports dual input modes — automated CCTV stream processing and citizen image uploads — ensuring 
complete urban coverage. 

•  Significantly reduces municipal response time compared to complaint-based and manual inspection approaches. 

•  Provides an administrative analytics dashboard with insights into detection frequency, response times, and 
recurring problem locations. 

•  Scalable modular architecture supports expansion to cover additional urban monitoring scenarios and multiple 
concurrent camera feeds. 

XIII.  APPLICATIONS 

The proposed AI-based Pothole and Garbage Detection System has broad applicability across urban governance 

contexts. Municipal corporations and smart city authorities can deploy the system for continuous automated monitoring 

of road networks, replacing inefficient manual inspection regimes. Traffic and road maintenance departments can 

integrate the alert and complaint management pipeline into existing work order management systems for streamlined 

field crew dispatch. 

Academic institutions and urban planning research bodies can utilise the platform's historical detection data and 

analytics for studying infrastructure deterioration patterns. EdTech and civic technology organisations can adapt the 

system's modular architecture to build customised urban monitoring solutions. The citizen image upload feature also 

supports engagement with community participation in urban infrastructure oversight, aligning with participatory smart 

city governance models. 

XIV.  FUTURE ENHANCEMENTS 

•  Integration with drone-based monitoring for coverage of areas inaccessible to fixed CCTV infrastructure. 

•  Severity classification of detected potholes and garbage accumulation to enable priority-based complaint routing 
and resource allocation. 

•  Multilingual web interface supporting regional languages to improve accessibility for diverse municipal staff and 
citizen users. 
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•  Cloud deployment on AWS, Google Cloud, or Azure with Docker containerisation and Kubernetes orchestration 
for large-scale institutional usage. 

•  Mobile application development for iOS and Android enabling citizen reporting directly from smartphones with 
embedded GPS. 

•  Integration with traffic management systems to issue real-time road hazard warnings to navigation platforms.  

•  Predictive analytics using historical detection data to identify high-risk road segments requiring proactive 
maintenance. 

•  Advanced deep learning enhancements using transformer-based architectures for improved detection under 
extreme weather and night-time conditions. 

XV.  CONCLUSION 

This paper presented a comprehensive AI-Based Pothole and Garbage Detection System that overcomes the limitations 

of conventional urban road monitoring methods through real-time automated detection and structured complaint 

management. The system integrates the YOLO11 deep learning object detection algorithm with an automated complaint 

generation and resolution tracking pipeline, delivering a complete end-to-end solution for urban infrastructure 

maintenance. 

Experimental evaluation demonstrates strong detection performance with the YOLO11 model achieving a mean 

Average Precision (mAP@0.5) of 0.934, substantially outperforming baseline YOLO variants and CNN approaches. 

All system modules passed end-to-end functional testing and user acceptance evaluation. The modular architecture 

ensures maintainability and scalability to support future enhancements including drone integration, severity 

classification, mobile reporting, and cloud-scale deployment. 

The system is applicable across municipal corporations, smart city projects, traffic management departments, and citizen 

engagement platforms. By combining automated AI-driven detection with a transparent complaint lifecycle 

management framework, the platform provides municipal authorities with timely, verifiable, and actionable intelligence 

to enhance road safety, improve waste management efficiency, and advance the objectives of smart city development. 
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