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Abstract:

Urbanization has enhanced vehicle density, which causes a high traffic jams and slow emergency
service. The conventional methods of traffic monitoring are based on the statistical models and the previous
congestion data, which are not real-time situational.

In this study, a Traffic Vision System to perform Live Urban Traffic Analysis in real-time using deep
learning and aerial video is proposed. The suggested system uses YOLO11x-OBB (Oriented Bounding Box)
to detect the vehicles precisely in the aerial traffic environment. Video frames are removed with the help of
OpenCV, after which the real-time detection, vehicle tracking, and counting of cars with unique vehicles
are performed.

The system is trained on a personal Emergency Vehicles dataset of 1,366 images and 1,469
annotations of three categories: emergency vehicles, persons and non-emergency vehicles. The experimental
outcomes prove that the suggested vision-based vision-based approach gives much better real-time traffic
monitoring and emergency response efficiency in comparison with the traditional econometric traffic

congestion models.

The system has good performance in detection in different climatic conditions and the visual results
can be interpreted to be used in traffic monitoring and emergency management systems.

Keywords — Traffic vision system, Real-time traffic, Monitoring YOLOVS, Temporal motion,

Analysis Traffic, Anomaly detection
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I. INTRODUCTION

The high rate of urbanization and population
growth has particularly contributed to the high
number of vehicles in the contemporary cities.
Consequently, congestions, road accidents, and
delays in response to emergency situations have
become big problems in urban transportation
systems. Strict control and supervision of the traffic
flow is, then, of utmost essence in order to enhance
the road safety and provide emergency services on
time.

Conventional methods of traffic monitoring are
based on the use of econometric congestion models
or analysis based on historical traffic data. Though
these approaches do offer valuable statistical data,
they do not have the capacity to examine the real-
time traffic conditions. Thus, unpredictable traffic
incidents like the accidents, the movement of
emergency vehicles, or the traffic congestions are
frequently identified too late.

New developments in artificial intelligence and
computer vision have made automated monitoring of
traffic a possibility with the help of video
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surveillance systems. Object detection models like
YOLO, which are implemented using deep learning,
have demonstrated good results in detecting cars and
pedestrians in high- level settings.

This study presents an aerial vehicle detection and
traffic monitoring system with Traffic Vision based
on YOLOI11x-OBB. It is a system that can handle the
traffic video streams, identify vehicles with oriented
bounding boxes, track their movement, and count
unique vehicle in real time. The proposed system is
better placed to analysis of traffic compared with
traditional statistical congestion models because it
offers high- resolution real-time traffic intelligence,
which is much faster and more reliable.

II. METHODOLOGY

The Traffic Vision system proposed will involve
various steps such as the video processing, object
detection, tracking, and statistical analysis.

> System Architecture
The general structure of the work of the
suggested system is depicted in the Traffic
Vision pipeline. The operation of the system
follows the following steps:
* Input Video
Aerial cameras or drones are used to capture
the traffic video data.
= Frame Extraction
The OpenCV is used to extract video frames
and analyze them.
* Vehicle Detection
The frame is processed via YOLO11x-OBB
which identifies vehicles based on oriented
bounding boxes applicable to aerial image.
* Vehicle Tracking
The identified vehicles are given different IDs
and are traced through successive frames.
» Unique Vehicle Counting
The technology involves the number of
individual vehicles going through the area being
monitored.
* Overlay Statistics
The end output video consists of:
Frame number
Frames per second (FPS) Total vehicle count
* Annotated Video Export
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Detected results are added to processed frames

in an annotated output video.
= Scalability and Future Expansion

The pipeline can be expanded to multiple
camera feeds across smart cities. Future upgrades
may include Al-based traffic signal control,
pedestrian  detection, emergency vehicle
prioritization, and predictive traffic forecasting.

= Real-Time  Monitoring  Dashboard

The system can be integrated with a live
dashboard to display camera feeds, traffic
density graphs, alerts, and vehicle counts in real
time. Authorities can monitor multiple locations
from a centralized control room.

. Incident Detection
The system can be extended to detect abnormal
events such as accidents, illegal parking, sudden
stops, or vehicles moving in the wrong direction.
This enhances road safety and response time.

. Congestion Detection
Based on vehicle density, speed, and movement
patterns, the system can automatically detect
traffic congestion levels. Alerts can be generated
when traffic becomes slow-moving or highly
crowded.

. Unique Vehicle Counting
The system counts the number of distinct
vehicles passing through the monitored area. By
using tracking IDs, duplicate counting is avoided
even when a vehicle appears in multiple frames.
This  ensures accurate traffic  volume
measurement.

Traffic can be monitored in real-time and
vehicles analyzed automatically using this
pipeline.
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A custom Emergency Vehicles dataset prepared
with the help of the Roboflow platform is used to
train the model.Dataset statistics include:

= Total images: 1366

* Total annotations: 1469
Average annotations per image: 1.1

III. RESULTS AND DISCUSSION

Dataset split
Dataset Images
Train 1097
Validation 132
Test 137

Classes
Class Instances
Emergency Vehicles 1251
Person 145
Non-Emergency Vehicle 73

The data set distribution indicates that the

» Dataset Analysis

emergency vehicles are highly concentrated with The analysis of datasets reveals that the majority

about 85 percent

of the labeled objects.

of images have one main object as evidenced by
the histogram of the number of objects per image.

All photos were reduced to 640 x 640 resolution The number of images with a single object labeled

prior to training.

is about 1296 and the percentage of multiple
objects is very low.
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The median image resolution of the dataset is 500
x 416 pixels and thus average which can be used
in the detection models based on deep learning.

Analysis of annotation heatmap indicates the
highest density of objects towards the center and
upper part of the image, which is a typical aerial
traffic view.

Confidence Threshold:

Dimension Insights ¢

1 the median width x median height (416 px

8

> Detection Results

The YOLO11x-OBB model has high accuracy in
detecting emergency cars. Detecting example output
displays have bounding box predictions with an
output confidence of greater than (.75, which means
that it is reliably accurate on the detection.

The system also proves to be effective in terms of
detection in different traffic conditions such as
presence of multiple vehicles and intricate
backgrounds.

» Comparative Analysis
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In order to test the efficiency of the suggested
system, the comparison was made between:
= Traffic Congestion Model using
Econometric Traffic Congestion.
= Traffic Vision System (YOLOI11x-
OBB).
The outcome of the comparison indicates that
there are great improvements in the ability to analyze,
the efficiency in responding to an emergency, and

™ real-time processing.

Al Capability Comparison

Model Capability Score
Econometric Model 30%
Traffic Vision (YOLOI1l1x- 98%

OBB)

Emergency Response Efficiency
Model Efficiency
Econometric Model | 60%

Traffic Vision| 90%
System
Real-Time Processing
Model Real-time
capability
Econometric Model | 20%
Traffic Vision| 95%
System

These results demonstrate that the proposed
system provides significantly better real-time
situational awareness compared with traditional
statistical traffic models.
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V. CONCLUSIONS

This study introduced a Traffic Vision System
that analyzed real-time traffic in the city in real
time with deep learning and aerial imagery. The
offered system combines video processing,
YOLO11x-OBB vehicle detection, tracking, and
statistical analysis to control the state of traffic
effectively.

The dataset comprising 1,366 images and 1,469
annotations was evaluated experimentally to
prove that the system has a reliable vehicle
detection and tracking performance. The
proposed approach also has better real- time
monitoring capability and better emergency
response capability than traditional econometric
congestion models.

The next research will concentrate on:

e increasing the sample size by adding urban
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traffic cases.
e implementing edge computing to deploy real-

time.
linking the system to smart traffic lights
infrastructure.

These advancements will also increase the
scalability and feasibility of the intelligent traffic
monitoring systems.
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