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Abstract— The rapid growth of urban populations necessitates the development of intelligent systems to
manage city infrastructure effectively. This study presents a real-time object detection framework designed to
enhance surveillance and traffic management in smart city environments. Leveraging deep learning-based
models, specifically optimized versions of YOLO (You Only Look Once), the system detects and classifies
vehicles, pedestrians, and other urban entities from live video streams. The proposed method integrates edge
computing for low-latency inference, enabling timely decision-making in scenarios such as traffic flow
optimization, pedestrian safety, and anomaly detection. Experiments were conducted using publicly available
urban datasets and real-time feeds from city surveillance cameras. The results demonstrate high detection
accuracy (mAP > 85%) with inference speeds exceeding 30 FPS on edge devices, proving its suitability for
deployment in resource-constrained environments. This work contributes to the ongoing advancement of
intelligent urban infrastructure by providing a scalable and efficient solution for real-time object perception in
smart cities.
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I. INTRODUCTION

Rapid urbanization in Southeast Asia[l], particularly in the Philippines, presents
significant challenges in managing traffic congestion, ensuring public safety, and
optimizing the use of limited urban resources[2]. Metro Manila, for instance, consistently
ranks among the most traffic-congested cities in the world, with serious implications for
productivity, pollution, and emergency response times[3]. As cities grow denser and more
complex, there is a pressing need for intelligent systems that can support urban
governance and operational efficiency[4].

Smart city technologies[5][6][7][8] have emerged as a viable solution, leveraging data,
sensors, and artificial intelligence (Al) to improve the quality of urban life. Among these,
real-time object detection plays a vital role in automating surveillance and traffic
management. Object detection enables systems to identify and track vehicles, pedestrians,
and other urban entities from visual data, making it foundational for applications such as
traffic violation monitoring[9], pedestrian safety systems[10], and anomaly detection in
public areas[11].

153


http://issn.pdii.lipi.go.id/issn.cgi?daftar&1477454267&1&&

ITEJ June-2025, Volume 10 Nomor 1 Page 153 - 159

In the Philippine context, deploying such systems must account for unique challenges
such as infrastructure limitations, variable lighting and weather conditions, and the need
for cost-effective solutions that can operate on resource-constrained devices. To address
these issues, this study proposes a real-time object detection framework using deep
learning models optimized for edge computing. By focusing on practical deployment in
selected urban areas of the Philippines, the research aims to deliver a scalable and
efficient solution tailored for the country’s specific needs.

Il. RELATED WORKS

Object detection has become a fundamental component in many smart city
applications, particularly for surveillance and traffic management. In recent years,
advancements in deep learning have significantly improved the accuracy and speed of
object detection systems, enabling their deployment in real-time and resource-constrained
environments.

The YOLO (You Only Look Once) family of models, including YOLOv3[12],
YOLOvV4[13], YOLOV5[14] and YOLOv11[15], are among the most widely used object
detection frameworks due to their balance of speed and accuracy. Their single-stage
detection architecture allows for high inference rates, making them suitable for real-time
applications in urban settings. SSD (Single Shot MultiBox Detector)[16] and Faster R-
CNN[17] have also been utilized in urban surveillance systems, though the latter tends to
be more computationally expensive and better suited for high-performance environments.

Several studies have focused on applying these models to traffic monitoring and
surveillance. For instance, dong et al[18] developed a vehicle detection and tracking
system using MT-YOLO for traffic flow analysis, while Alasiry et al[19] explored the
use of Al-based video surveillance in smart cities across the Middle East, demonstrating
the scalability of deep learning for urban safety systems. Similarly, edge-based
implementations, such as the one proposed by [20], illustrate the potential of deploying
object detection models on devices with limited computational resources, enabling real-
time processing without relying heavily on cloud infrastructure.

In the Southeast Asian context, research on smart city applications is still emerging. A
study by xiu sun[21] investigated the use of Al in traffic light optimization in Metro
Manila but did not include object detection as a core component. Moreover, local
governments in the Philippines have initiated efforts to modernize surveillance systems,
but these efforts are often limited by budget constraints and a lack of technical expertise.

While prior research has demonstrated the feasibility and effectiveness of real-time
object detection in developed urban environments, few studies have addressed its
application in the Philippine context, where infrastructural and environmental constraints
pose additional challenges. This study bridges that gap by implementing and evaluating a
real-time object detection system tailored to the operational realities of Philippine cities.

I1l. METHOD
This study employed a deep learning-based approach to develop a real-time object
detection system tailored for smart city surveillance and traffic management applications
in the Philippines. The methodology is structured into four main stages: data acquisition,
model development, system deployment, and evaluation.
A. Data Acquisition
To ensure relevance to Philippine urban conditions, the dataset used in this study
comprises a combination of publicly available traffic surveillance datasets (such as the
UA-DETRAC and CityCam) and custom video footage collected from select
intersections in Metro Manila. The local dataset includes diverse conditions such as
varying lighting, traffic density, and weather scenarios. All collected data were annotated
manually using Labellmg to mark vehicles, pedestrians, and other relevant urban objects.
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B. Model Selection and Training

The YOLOV5 architecture was selected due to its balance between speed and
accuracy, as well as its lightweight design suitable for edge deployment. The model was
trained on the combined dataset using PyTorch, with transfer learning applied from pre-
trained weights on the COCO dataset. Training was conducted on a high-performance
workstation with an NVIDIA RTX GPU.

Key training parameters include:

e Input resolution: 640x640 pixels
Batch size: 16
Learning rate: 0.001
Number of epochs: 100
Data augmentation: random scaling, flipping, and exposure adjustment

Loss convergence and mean Average Precision (mAP) metrics were monitored
throughout the training process to prevent overfitting and ensure generalizability.

C. System Deployment

To support real-time operation, the trained model was deployed on an NVIDIA Jetson
Nano and Raspberry Pi 4 with Google Coral TPU for edge inference testing. A
lightweight video processing pipeline was developed using OpenCV to capture,
preprocess, and feed frames to the detection model. Detected objects were annotated and
output to a local dashboard for visualization and logging.

The system was installed in a simulated roadside environment and connected to a live
camera feed, emulating real-world deployment. Inference time, system resource usage,
and frame-per-second (FPS) rates were recorded.

D. Evaluation Metrics

System performance was evaluated using the following metrics:
Accuracy: Measured via mAP@0.5 and mAP@0.5:0.95
Speed: Average FPS on edge devices
Latency: Time from frame capture to output annotation
Robustness: Detection performance under varied lighting and traffic density
Scalability: Feasibility of integrating the system with existing smart city
infrastructure

The evaluation was conducted using both test videos and live surveillance feeds from
selected urban roads in Metro Manila.

V. RESULT AND DISCUSSION

This section presents the experimental results of the proposed real-time object
detection system and discusses its performance in terms of accuracy, speed, and
applicability to smart city environments in the Philippines.

A. Detection Accuracy

The YOLOvV5 model was trained using a combination of publicly available
datasets and custom local datasets to enhance its ability to detect objects in
diverse real-world environments. The model was evaluated using the mean
Average Precision at loU threshold 0.5 (mMAP@0.5) metric, which is widely used
to measure the accuracy of object detection systems.
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On the test dataset, the YOLOvV5 model achieved an overall mMAP@0.5 of 87.6%,
demonstrating strong generalization and detection capability across varied
scenarios. Performance was also analyzed across individual object classes to
assess the model's effectiveness in detecting specific targets:

Table 1. mAP Performance

Object Class MAP@0.5 (%)
Vehicles 91.2
Pedestrians 85.4

Motorcycles and Bicycles | 82.1

Overall Average (mAP) | 87.6

These results indicate that the model performs best in detecting vehicles, likely
due to their consistent shape and features. Detection accuracy for pedestrians and
motorcycles/bicycles is slightly lower, which can be attributed to greater
variability in appearance, smaller object size, and possible occlusions in real-
world scenes.

The use of both public datasets (which provide a wide variety of object
appearances and conditions) and local datasets (which reflect specific
environmental characteristics relevant to the deployment context) contributed
significantly to the model's robustness and high detection accuracy.

These results indicate that the model performs reliably across common urban objects
despite the complexity and variability of traffic scenes in Metro Manila. The detection
remained robust under challenging conditions, such as partial occlusions and night-time
lighting.

B. Real-Time Performance on Edge Devices

The model was deployed on two edge computing platforms: NVIDIA Jetson Nano and
Raspberry Pi 4 with Coral TPU. The average performance metrics are shown in Table 1.

Table 2. The average performance metrics

Device Average Latency (ms) CPU/GPU MAP@
FPS Utilization 0.5
Jetson Nano 24 FPS 41 ms 72% GPU 86.8%
Raspberry Pi 4 + TPU 18 FPS 52 ms 65% TPU 85.1%

These results demonstrate that the system is capable of real-time processing (>15 FPS)
even on low-cost, power-efficient devices, making it suitable for deployment in
developing smart cities with limited infrastructure.

C. Real-World Deployment Insights
When tested with live video feeds from a major intersection in Quezon City, the

system successfully detected and tracked moving vehicles and pedestrians in real time.
The real-time detection capability enabled immediate logging of traffic density, potential
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violations (e.g., vehicles entering pedestrian zones), and counting of vehicle types per
time unit.

However, environmental factors such as rain, strong sunlight glare, and lens
obstructions posed occasional challenges to detection quality. Future integration with
sensor fusion (e.g., LIDAR or radar) could help mitigate these limitations.

D. Comparison with Related Works

Compared to previous works such as Chen et al. [5] and Kiran et al. [7], the proposed
system maintains competitive accuracy while offering the advantage of localization and
customization to Philippine traffic environments. Unlike many systems that rely solely on
cloud infrastructure, this solution emphasizes edge-based deployment, making it more
feasible for regions with limited internet bandwidth and high latency.

E. Implications for Smart City Systems

The successful deployment and evaluation of the object detection system indicate its
potential to serve as a foundational module for broader smart city applications, such as:

e Automated traffic violation detection

o Real-time traffic congestion analytics

o Urban safety monitoring (e.g., jaywalking alerts)
o Integration with adaptive traffic signal systems

Furthermore, the system's scalability and flexibility allow for its expansion across
multiple locations with minimal reconfiguration, promoting a cost-effective and modular
approach to smart city development in the Philippines.

V. CONCLUSION

This study presented the design, implementation, and evaluation of a real-time object
detection system aimed at enhancing surveillance and traffic management in the context
of smart cities in the Philippines. Leveraging the YOLOV5 architecture and edge
computing platforms, the system demonstrated high detection accuracy (mMAP@0.5 of
87.6%) and real-time performance on low-cost devices, achieving frame rates above 18
FPS under real-world conditions. The integration of locally sourced data enabled the
model to adapt to the unique characteristics of Philippine urban environments, such as
variable lighting, high traffic density, and heterogeneous road users. Field tests in Metro
Manila further validated the system's ability to detect and classify urban objects
accurately and efficiently, providing actionable data for traffic monitoring and urban
safety management. The results highlight the feasibility and practicality of deploying
deep learning-based object detection systems in developing smart cities, especially in
resource-constrained settings. By enabling automated perception of the urban
environment, this system lays the groundwork for broader smart city functionalities,
including intelligent traffic control, real-time anomaly detection, and data-driven urban
planning. Future work will focus on expanding the system's capabilities through multi-
camera coordination, integration with traffic signal control systems, and sensor fusion
with non-visual data sources to further enhance robustness and situational awareness in
dynamic urban scenarios.
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