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Abstract: Urban growth is placing enormous pressure on city infrastructure, and managing the flood of
civic complaints — about potholes, garbage, broken drainage — has become a real challenge. Most
existing complaint systems still depend on people manually reviewing reports, which slows everything
down. This paper introduces CivicSense, a web-based platform that uses the YOLOV8 deep learning
model to automatically detect and validate civic issues from photos submitted by citizens. When a user
reports a problem, the system cross-checks their description against what the Al actually detects in the
image, filtering out false or irrelevant complaints. Recurring problem zones are highlighted through
hotspot mapping. Tested on 1,200 images across three issue types — potholes, garbage, and drainage —
YOLOV8 achieved 91% accuracy, outperforming both a standard CNN (82%) and YOLOV5 (88%). The
integrated system confirms that Al-assisted complaint management can meaningfully improve how
cities respond to their residents.
Keywords: Smart City, YOLOVS8, Object Detection, Complaint Management, Deep
Learning, CivicSense, Hotspot Analysis

1. INTRODUCTION

The trend towards urbanization has increased globally, putting immense stress on infrastructure and
public services in cities. As urban areas develop, it becomes increasingly difficult to manage various
civic issues including potholes, garbage piling, and blocked drains. While several cities around the
world have introduced digital platforms for complaint management, the process remains manual and
therefore inefficient and prone to errors. With time, this has proven to hinder the performance of urban
governance through slow responses, false alarms, and misallocation of resources, among others.

However, there exists an emerging technology that offers opportunities for enhancing complaint
management systems within cities. The recent advances in machine learning and computer vision make
it possible to automate systems in question. For instance, deep learning algorithms utilizing
Convolutional Neural Networks (CNNs) along with image object detectors, e.g., You Only Look Once
(YOLO), are known for their precision in object detection. Such technologies may be used to analyze
and confirm any image provided by a city dweller and thus automate the process of complaint
management within urban spaces.

In this paper, a system based on Al technology for managing the complaints of smart cities is suggested.
It works on the principle of automatic validation of complaints using the YOLOV8 abject detection
algorithm. The complaint along with the image is provided by the users who have witnessed any
wrongdoing within their smart city, after which it is analyzed to find out whether the complaint has been
fabricated or not. The valid complaints are further processed and shown via an administrative
dashboard, while hotspot analysis detects the trouble areas in the smart city.

https://doi.org/10.5281/zenodo0.19609801



Journal of Computer and Electrical Sciences (JCES)- Volume-1 Issue-4, April 2026
ISSN: 3049-2602(Online)

2. LITERATURE SURVEY

Kumar et al. [1] presented a web-based smart city complaint management system that improved
communication between citizens and municipal authorities. While the system simplified complaint
submission and enabled real-time tracking, its key limitation was the complete reliance on manual
verification, leading to delays and false submissions.

Zanella et al. [2] discussed loT-based smart city architectures covering traffic management, waste
monitoring, and public safety. Although loT improves real-time data collection, the study noted the
absence of intelligent automated image analysis — a gap directly addressed by the proposed system.

Li et al. [3] explored deep learning techniques for detecting urban infrastructure issues from images.
CNN-based models achieved high accuracy in identifying potholes, garbage, and damaged
infrastructure, but were computationally expensive compared to real-time models like YOLO. This
research provided the foundation for Al-based image validation in the proposed system.

Redmon and Farhadi [4] introduced the YOLO algorithm, which revolutionized object detection by
processing the entire image in a single forward pass. This gave YOLO a substantial speed advantage
over traditional region-based methods and formed the core detection concept of the proposed system.

Bochkovskiy et al. [5] improved YOLO's performance with YOLOV4, incorporating CSPDarknet
architecture, PANet, and advanced augmentation techniques to balance speed and accuracy. This
evolution justified the selection of YOLOVS in the proposed system for even greater performance.

LeCun et al. [6] established CNNs as the foundation of modern computer vision by demonstrating
hierarchical feature extraction.

He et al. [7] further advanced this by introducing deep residual networks (ResNet), which enabled
training of very deep models by solving the vanishing gradient problem.

Girshick [8] and Ren et al. [9] proposed R-CNN and Faster R-CNN respectively, which improved
detection accuracy using region proposals.

Lin et al. [10] introduced the COCO dataset, providing diverse annotated images that improved model
robustness in complex scenes. Batty et al. [14] and Kumar and Singh [15] further explored Al
integration in smart city governance, confirming that automated image-based analysis can significantly
reduce manual inspection effort in urban infrastructure management.

3. PROPOSED SYSTEM

3.1 Existing System and Its Limitations

Current civic complaint management systems allow citizens to submit reports through digital portals or
mobile applications by providing descriptions, location details, and images. While these platforms
improve accessibility over traditional paper-based methods, they have critical limitations that reduce
their effectiveness.

The most significant drawback is the lack of automated complaint validation. Every complaint must be
manually reviewed by administrators, which creates bottlenecks as complaint volume grows. There is
also no image analysis capability — uploaded photos are not automatically processed, meaning
administrators must inspect each one individually. This introduces human error, inconsistency, and
significant delays [1].

Additionally, complaints are processed in the order they are received without considering severity.
Critical issues such as dangerous potholes or flooding drainage may sit in a queue behind minor
complaints, leading to inefficient resource allocation.
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Fig 1: Workflow of the Proposed System

3.2 Proposed System: Automated Analysis and Prioritization of Smart City Citizen Complaint
Management System

Automated Analysis and Prioritization of Smart City Citizen Complaint Management System is an Al-
driven complaint management platform designed to overcome the limitations described above. The
system integrates the YOLOV8 object detection model with a web interface (React frontend),Flask
backend, and MongoDB database. Citizens submit complaints with photographic evidence, and the Al
automatically validates each complaint by comparing what the model detects in the image against the
reported issue category [3], [11].

If the detected object matches the reported category with confidence exceeding a predefined threshold,
the complaint is accepted and stored. Mismatched submissions are flagged as invalid, preventing false
or irrelevant complaints from consuming administrative resources. All validated complaints are
visualized on an admin dashboard, which also includes a hotspot map to highlight areas with recurring
civic problems.

Table 1: Comparison Between Existing and Proposed System

Feature Existing System Proposed System
Complaint Verification Manual by administrators Automatic via YOLOV8
Image Analysis Not available Al-based object detection
Processing Speed Slow, manual workflows Faster automated processing
False Complaints High possibility Reduced through Al validation
Monitoring Limited tracking Real-time admin dashboard
Data Storage Basic database MongoDB NoSQL
Transparency Limited updates Users track complaint status
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4. METHODOLOGY

4.1 System Architecture

This is built around four components: a React-based citizen interface, a Flask backend server, the
YOLOV8 detection model, and a MongoDB database. When a user submits a complaint with an image,
the frontend sends the data to the Flask server, which passes the image to YOLOvV8 for analysis.
Detection results are compared to the user-selected issue category. Valid complaints are stored in
MongoDB and displayed on the admin dashboard.

4.2 YOLOvV8 Object Detection

YOLOV8 processes the entire input image in a single forward pass through its backbone (feature
extraction), neck (feature aggregation), and detection head. The model divides the image into a grid and
predicts bounding boxes, confidence scores, and class probabilities for each cell. The confidence score
is calculated as:

Confidence = P(Object) x P(Class|Object) ...(1)
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To evaluate detection accuracy, Intersection over Union (loU) measures the overlap between predicted
and ground-truth bounding boxes:

loU = Area of Overlap / Area of Union ...(2)
The total training loss consists of three components:

Loss = L_localization + L._confidence + L_classification ...(3)

Non-Maximum Suppression (NMS) is applied post-detection to remove redundant overlapping
bounding boxes, retaining only the most accurate detection per object.

4.3 Complaint Validation Workflow

The end-to-end workflow begins when a citizen logs into the platform, selects the issue type, enters
location details, and uploads a photo. The Flask backend receives this request and forwards the image to
YOLOV8. If the detected object class matches the complaint category and the confidence exceeds 0.5,
the complaint is marked valid and stored in MongoDB. If there is a mismatch, the complaint is flagged
as invalid. The admin dashboard retrieves complaint records from the database, displays them with map-
based location markers, and allows administrators to update complaint status.

The admin dashboard retrieves complaint records from the database, displays them with map based
location markers, and allows administrators to update complaint status.

4.4 Hotspot Analysis

The system plots validated complaints on a geographic map using latitude/longitude coordinates
stored in MongoDB. By visualizing complaint density, administrators can identify high-frequency
problem areas and allocate maintenance resources more strategically. This data driven approach moves
urban governance beyond reactive complaint handling toward preventive infrastructure management.

4.5 Technology Stack

The software stack for CivicSense is summarized in Table 2. Python and Flask form the backend,
React provides the frontend, YOLOvV8 handles image validation, and MongoDB stores all complaint and
user data.

Table 2: Software Requirements

Component Technology Purpose
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User interface for complaint submission

Frontend ReactJS
& tracking
Backend Python + Flask Request processing, Al integration, API
Database MongoDB Complaint records, user data,
status updates
Al Model YOLOVS8 Object detection and complaint
image validation

Dev Environment

Visual Studio Code

Code editing, debugging, and terminal

DB Management

MongoDB Compass

Visual interface for database collections

User Interface Results

to

Fig. 2: Login interface

The login interface has been developed keeping in view the aspects of security and ease of use, where
users will be allowed to log into the application only if they have the rights to access it. The module
provides the validation process to ensure that no one else other than the registered user can gain access

the :

5. PROPOSED SOLUTION RESULTS

Fig 3: Complaint Submission Page

https://doi.org/10.5281/zenodo.19609801




Journal of Computer and Electrical Sciences (JCES)- Volume-1 Issue-4, April 2026
ISSN: 3049-2602(Online)

This page holds great significance as far as gathering data from customers for their
complaints is concerned because of the availability of input fields as well as the uploading
feature of images. This not only adds to the credibility of complaints but also makes it
possible to validate using artificial intelligence.

Fig. 4: Al detection output

The output of the Al detector shows how the system analyzes the image uploaded by users based
on the

YOLOV8 algorithm. The detected objects are marked with bounding boxes along with their
probability

This helps in validating the complaints of the users, which saves efforts in verifying them
manually.

Fd
Fig. 5: User dashboard

The user dashboard acts as a centralized repository for all the complaints that have been filed
and allows users to monitor them in real-time. This feature ensures more transparency as it
shows whether the complaint is solved, under review, or active. Location-based visualization
makes users aware of the areas from which complaints are filed. It is through the admin
dashboard that all complaints are managed and monitored in an efficient manner. The dashboard
offers summarization, graphs, statistical analysis, and even location mapping to enhance
decision making. It will enable better efficiency, making it easy to solve any civicproblems.

" .
Fig 6: User Dashboard
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* Hotspot Analysis

Fig 7: Hotspot Map
This tool enables an analysis to be done using a visual aid that will show where there is a high

presence of complaints. This will help in making decisions about how resources should be
used for such areas. It turns the data into geographical information.

» Training Analysis

Training of the YOLOV8 model was done, and it was evident that performance was
enhanced with more epochs.

A L |

Fig. 8: Training acchracy vs epochs

The accuracy graph on the training shows how the model progressively improves its capacity to
classify and recognize objects depending on the number of training epochs. At the beginning,
accuracy values are not very high because of the initial random values of the weights and limited
learning; yet, as training goes on, the model starts extracting useful spatial and contextual
information from the dataset. The positive slope demonstrates that the YOLOV8 algorithm is
learning complicated structures related to various civic problems, such as potholes, garbage, and
drainage. Finally, the line reaches stability, which means that the model is converging to its best
performance without being overtrained. This proves that the selected training parameters,
including the size of the dataset and augmentation algorithms, were appropriate for obtaining

optimal detection results.
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Fig. 9: Training loss vs epochs

From the training loss chart, it is clear that the losses reduce throughout the training process with
regard to the gap between the prediction and the true values. In the early stage of the training
process, the losses are high, which indicates incorrect predictions and untrained model weights.
However, as the process continues, the losses are significantly reduced, which shows that the
model minimizes errors when making predictions in terms of localization, classification, and
confidences. The reduction in losses is also shown by the flatness of the graph, which indicates
that additional training would not have any significant effects since the model is in its optimal
learning position. It also shows that the model accurately learns the data distribution in question
through the optimization technique.

Training of the YOLOV8 model was done, and it was evident that performance was enhanced
with more epochs. The figure shows how loss decreases with more epochs, thus showing
effective learning.

* Confusion Matrix and Metrics
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Fig. 10: Confusion matrix

From the confusion matrix, it is possible to assess the classification performance of the YOLOVS8
model in relation to the three classes pothole, garbage, and drainage. The rows correspond to
actual classes whereas the columns correspond to predicted classes. In the diagonal cells, the
results show large numbers, indicating that the vast majority of the data is correctly classified,
which demonstrates the strength of the model. The off-diagonal cells contain errors, but they are
few compared to the number of data points classified correctly. This implies that the model has
succeeded in making distinctions in classes that might be difficult to tell apart due to factors like
lighting and the angle of the object being viewed. This test provides insight into how the model
can be optimised in the future to reduce any remaining errors.
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6. CONCLUSION

This paper presented Automated Analysis and Prioritization of Smart City Citizen Complaint
Management System, an Al-powered citizen complaint management system that integrates
YOLOvV8 with web technologies to automate civic issue reporting, validation, and prioritization.
By automatically verifying whether a submitted photo corresponds to the reported problem
category, the system reduces false complaints and accelerates the validation process without
requiring manual effort.

On a custom urban dataset of 1,200 images, YOLOV8 achieved 91% accuracy, outperforming
CNN and YOLOV5 baselines. The hotspot analysis feature further strengthens the system by
helping administrators identify high-frequency problem areas and allocate maintenance
resources strategically.

Future work will focus on expanding the dataset to include more issue categories (e.g., broken
streetlights, water leakage), improving model robustness across varying lighting and weather
conditions, integrating mobile application support with real-time push notifications, and
deploying the system in a live smart city environment where real-world impact can be measured
and evaluated.
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