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ABSTRACT: With the rapid urbanization and increasing number of
vehicles on the roads, it has become imperative to develop innovative
solutions that can monitor and manage traffic congestion automatically.
Traffic congestion harms the economy, environment, and overall quality
of life. To address these challenges, smart traffic management systems
employ cutting-edge technologies such as live video analytics and sensor-
based adaptive traffic control systems. These systems can predict traffic
patterns, locate congestion hotspots, and uncover abnormalities
contributing to road accidents in real time. However, adopting these
technologies for traffic control systems raises important concerns such as
robustness and sustainability across different traffic junctions, data
integration from multiple sources, and computational feasibility for real-
time computation. Therefore, this paper aims to present an overview of
the potential benefits and challenges in adapting the latest technologies,
including the Internet of Things and machine learning, for sustainable
traffic management. Additionally, a case study of a smart city is
presented to evaluate an adaptive traffic control system based on live
camera feed analytics by leveraging computer vision techniques. The
adaptive traffic control system is accurate in vehicle detection and
counting. This system is very useful for smart cities where traffic signals
need to be automated according to the density of vehicles.

KEYWORDS: smart transport management; real time traffic monitoring;
intelligent traffic analysis; object detection in live camera feed; adaptive
traffic control system

1. Introduction

Although cities were initially favored for having better infrastructural facilities, efficient and

sustainable traffic control systems are crucial for smart cities. Traditional traffic management systems

with predetermined traffic light timings have proven inefficient in addressing the rising challenges of

traffic congestion, which leads to longer travel time, increased fuel consumption, and health hazards for
commuters in cities worldwide!’?!. As per reports and various studies!*-*, billions of economic losses

happen every day due to congestion. Additionally, traffic congestion contributes to air pollution, with
vehicular emissions being one of the primary sources of harmful pollutants such as Nitrogen Oxides
(NO,) and Particulate Matter (PM). These pollutants have detrimental effects on public health, causing
respiratory diseases and other health complications®7..
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Furthermore, the safety of pedestrians® is also compromised by the occurrence of frequent accidents
on the road. The factors contributing to these issues include poor road infrastructure, weather conditions,
and most importantly, ineffective traffic management®!%. Thus, there is a clear need for traffic control
systems that effectively mitigate congestion and reduce air pollution. Moreover, the development of
sustainable transportation networks that can alleviate congestion and encourage more active, shared
transport modes is critical.

1.1. Ecosystem of traffic control systems in smart cities

Smart and efficient transport systems play a vital role in the development of smart cities!'!!. The
exponential growth in urban populations has led to increased vehicular density, resulting in congestion,
longer commute times, and adverse environmental effects. Traditional traffic control systems often
struggle to adapt to the dynamic nature of modern traffic patterns!'?. Many developed countries, like the
USA, UK, and Australia, have implemented smart traffic management systems to improve the efficiency,
safety, and sustainability of transportation. In Singapore, a smart traffic management system uses
sensors to monitor traffic conditions and adjust traffic signals in real time. This has helped to reduce
traffic congestion by up to 30%. Similarly, a few Indian smart cities like Chennai, Pune, and Vadodara
have implemented smart traffic management systems using sensors and cameras with data analytics to
monitor traffic conditions and adjust traffic signals in real time. Figure 1 illustrates a commonly used
smart traffic management system in smart cities.

Figure 1. Smart traffic management system.

However, the usage of efficient transportation systems in smart cities is still in the early stages of
development'¥, and there is potential to revolutionize the way citizens travel. The success of a smart city
depends on the seamless integration of traffic control system components, effective collaboration among
stakeholders, and a commitment to leveraging technology for sustainable urban mobility. As cities
continue to evolve, the ecosystem will adapt and expand to meet the growing demands of an increasingly
interconnected transportation network. The goal is to create a safer, more sustainable, and seamless
transportation experience for residents and visitors.

1.2. Challenges in traditional traffic control system

Traditional traffic control systems have been the foundation of urban transportation management
for decades. However, there are several challenges that hinder their application in addressing modern-
day traffic complexities.

1) Fixed timing: Traditional traffic light systems operate on fixed timing patterns that are pre-
programmed and do not adapt to real-time traffic conditions. This can result in inefficient traffic
flow, especially during periods of varying traffic demand.

2) Lack of coordination across multiple intersections: Traditional traffic light systems often work
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independently at each intersection, lacking coordination with nearby intersections. This can lead to
suboptimal traffic management, as the timing of traffic lights may not be synchronized to facilitate
the smooth movement of vehicles across multiple intersections.

3) Lack of adaptability and inflexibility: Traditional traffic light systems cannot learn and adapt to
changing traffic conditions over time. They cannot take advantage of historical data or predictive
analytics to optimize traffic signal timings based on traffic patterns and trends. Furthermore, a
traditional traffic system cannot dynamically adjust its settings based on changing traffic patterns or
events. It cannot respond to unexpected incidents, road conditions, or special events that may require
immediate traffic control adjustments.

4) Limited data utilization: Traditional traffic light systems rely on limited data inputs, typically using
fixed sensors or timers to detect vehicles and determine signal timings. They cannot collect and
analyze real-time data from various sources, such as traffic cameras, vehicle detectors, or weather
conditions, which can provide valuable insights for optimizing traffic flow.

5) Inefficient traffic flow: Due to the static nature of traditional traffic light systems, they may prioritize
certain directions or roads without considering the actual demand. This can lead to congestion on
some routes while leaving others underutilized, resulting in overall inefficient traffic flow.

6) Limited communication: Traditional traffic light systems typically operate in isolation and lack
communication capabilities with other traffic management systems, such as intelligent
transportation systems or connected vehicles. This limits their ability to exchange real-time
information and collaborate with other entities to improve traffic efficiency.

7) Heavy traffic jams: Under ordinary conditions, when the traffic lane waits for the green light, the
time setting is the same and fixed. An increasing number of vehicles on the roads has substantially
increased congestion. This is observed usually at main junctions in the morning, during office hours,
and after office hours.

8) No traffic, but need to wait: At certain junctions, even if there is no traffic, when the traffic light
remains red, the road users have to wait until the light turns green. And if the rule is broken, a fine
has to be paid. The solution to this problem is to develop a system that detects traffic density on each
road and then sets signal timing accordingly, along with synchronization of the adjacent junction’s
traffic signal.

9) Inadequate traffic information to users: The conventional traffic system fails to provide traffic status
about congested roads, alternate routes, etc. to the road user in advance.

2. Related work

This section presents recent advances in traffic control systems for real-time traffic analysis and
traffic congestion management. As smart cities continue to evolve, understanding the implications and
effectiveness of the Internet of Things (IoT) and live video analytics in traffic control systems becomes
imperative for urban planners, policymakers, and technologists alike!"'®. By employing advanced
computer vision algorithms, machine learning techniques, and data analytics, these approaches promise
to revolutionize how cities manage and respond to traffic challenges.

2.1. IoT-based traffic control system

An IoT-based solution for traffic control systems uses sensors and actuators placed at key points in
the traffic network to capture traffic flow, pedestrian traffic, and other variables that affect traffic
flow!'>17% Traditional adaptive traffic control systems mainly rely on sensors, which can be costly and
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time-consuming to install?”. The commonly used key components of an IoT-based traffic control system
are as follows:

1) Sensors: IoT sensors are installed at strategic locations, such as traffic lights, intersections, and
highways, to collect real-time data on traffic volume, speed, and congestion. This data can be used
to create a dynamic traffic model that updates in real time, enabling traffic managers to make more
informed decisions.

2) Actuators: Actuators will be used to control traffic lights, lane control devices, and other equipment
to optimize traffic flow.

3) Communication infrastructure: An IoT-based traffic control system requires a robust
communication infrastructure to transmit data between the sensors, the control center, and the
vehicles on the road. This infrastructure can be based on cellular networks, Wi-Fi, or dedicated
communication protocols.

4) Cloud-based platform: The data collected by the sensors can be uploaded to a cloud-based platform,
where it can be analyzed and processed using machine learning algorithms. The platform can also
provide real-time insights and alerts to traffic managers and drivers.

5) Adaptive traffic control algorithms: Machine learning algorithms will analyze the data and develop
predictive models that can improve decision-making. These algorithms can adjust traffic light
timings, reroute traffic, and provide priority to emergency vehicles.

6) Connected vehicles: Connected vehicles can play a key role in an IoT-based traffic control system.
By communicating with the traffic control center, vehicles can receive real-time information on
traffic conditions, road hazards, and optimal routes. This information can be displayed on the
vehicle’s dashboard or integrated into the vehicle’s navigation system.

e Vehicle-to-Infrastructure (V2I) communication: Cars equipped with communication technology
can exchange data with traffic infrastructure, receiving information about optimal routes and
traffic conditions.

e Vehicle-to-vehicle (V2V) communication: Cars communicate with each other to improve safety
and optimize traffic flow, reducing the risk of accidents and improving overall efficiency.

7)  Microcontroller: The sensors are generally interfaced with the Node MCU, Arduino, Peripheral
Interface Controller (PIC), Raspberry Pi, or any microcontroller to send the data wirelessly.

2.2. Live video analytics-based traffic control system

Computer vision and deep learning techniques have demonstrated remarkable performances in both
research and industrial applications. Computer vision algorithms are used to analyze the video feed and
make adjustments to traffic control devices in real time. The video analytics-based traffic control system
uses live camera feeds from cameras installed at key points in the traffic network to monitor traffic flow
and make adjustments to traffic control devices in real time?**?1, These systems are helpful in providing
real-time updates to drivers and pedestrians about traffic conditions, helping to reduce congestion and
improve safety on the roads™.

Convolutional Neural Network (CNN) is one of the most commonly used object detection
techniques in computer vision that can be used for traffic monitoring and analysis in real time®?3!, By
assessing live video from multiple cameras, CNN can detect the traffic flow to find locations of significant
congestion and identify traffic anomalies that may contribute to accidents*!°?4, CNNs are also used to
improve the efficiency of transport systems in smart cities in several ways, such as identification of traffic
signs, vehicle detection and counting, traffic flow prediction, and identification of vehicles violating rules.
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The commonly used key components of a traffic control system using live camera feed are as follows:.

1) Cameras: Cameras will be installed at key points in the traffic network to capture live video feeds of
traffic flow.

2) Computer vision algorithms: Computer vision algorithms will be used to analyze the video feed and
identify vehicles, pedestrians, and other objects in the scene®!. The algorithms will also detect
patterns in traffic flow and make adjustments to traffic control devices accordingly.

3) Traffic control devices: Traffic control devices such as traffic lights, variable message signs, and lane
control devices will be used to regulate traffic flow. These devices will be adjusted in real time based
on the analysis of the video feed.

4) Communication network: A communication network will be used to connect the cameras, computer
vision algorithms, and traffic control devices.

5)  Central control center: A central control center will be responsible for receiving and analyzing the
video feed and making adjustments to traffic control devices. The control center will also provide
real-time updates to drivers and pedestrians about traffic conditions.

3. Case study: Adaptive traffic control system through live video feed
analytics

Through a comprehensive examination of existing methodologies, this section presents a case study
for a sustainable and adaptive traffic control system. This case study represents a traffic management
solution proposed for an Indian smart city, Vadodara, Gujarat. We have given two options for traffic
control, namely regular traffic flow signal and adaptive traffic flow signal. Regular traffic flow works in
the clockwise direction and gives the green signal at lane no. 1; after that, the signal turns red, and the
next lane no. 2 has been given the green signal, and similarly for the other two lanes. When the loop of
lane number value reaches a threshold, the signal switches to adaptive mode. The proposed adaptive
traffic control system consists of three main components: (1) a live camera feed, (2) a pre-trained CNN,
and (3) a real-time traffic control algorithm. This system works in three phases, as shown in Figure 2.
The first phase is CNN model training using You Look Only Once (YOLO); the second phase detects
vehicles and counts them; and the third phase generates a timer for signal generation.

( Adaptive Traffic Control System \

Vehicle
detection
and
counting

Traffic
signal

L l generation

Live camera \ / Traffic signal
feed output

CNN
model
training

o b

Figure 2. Blocks diagram of proposed traffic control system.

3.1. Methodology

A set of four cameras is used to acquire real-time video frames of the traffic flow through the road,
considering four lanes of a traffic junction, namely lane 1, lane 2, lane 3, and lane 4. Figure 3 shows a
flow diagram of an adaptive traffic control system. Initially, the video from the camera installed at a lane
where there is a red signal will be sent for processing. Then the YOLO model with the background
detector performs object detection, calculates the vehicle count, and sets the lane priorities accordingly.
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Each lane will have the same maximum time, indicating how long the green signal will be there. The
signals will turn green lane by lane so that there won’t be a long waiting time for any lane with a smaller
number of vehicles. If the lane is empty, then no green signal will be turned on for that lane till its vehicle
count reaches the threshold. The vehicle count for each lane is calculated based on the vehicle category.
For example, heavy transport vehicles such as trucks and containers will have more density as compared
to vehicles like cars and bikes. Based on vehicle count and given threshold value as two criteria, the timer
value is calculated. Finally, the signals are adjusted as per the timer value adaptively.

@®
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l
Initialize Timer
l
! | ! !
Lane 1 Lane 2 Lane 3 Lane 4

T

Capture Video

l

Video Pre-
Processing

I

Yolo Object
Detection

Count < Threshold

Regular Method

Count > Threshold

Priorities

!

Set Timer

|

Figure 3. Flow diagram of adaptive traffic control system.

3.1.1. Model preparation

A pre-trained CNN is fine-tuned using transfer learning for vehicle detection. We used YOLO v4 as
a pre-trained model trained to recognize approximately. eighty objects of different classes from the
Common Objects in Context (COCO) dataset. YOLO v4 is designed to be rapid and efficient and enables
real-time vehicle detection in real-world traffic situations where the ability to instantly notice and respond
to changes in traffic patterns is vital. YOLO uses a convolutional neural network to swiftly detect objects
in real time. The training of YOLO only requires one forward propagation through the network to detect
objects. In comparison to the early version of YOLO, we got an improvement of more than 10% in the
mean Average Precision (mAP) in vehicle detection to 41.46% using YOLO v4.

3.1.2. Vehicle detection

The obtained frame from live video is processed by the pre-trained CNN model, which counts the
number of Jeeps, cars, buses, bicycles, trucks, and bikes on the road. Once the total number of vehicles
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present in a single frame of the video is found, the next step is to generate an array with vehicle counts
with category, time, color of signal, and camera ID. When an object of a specified vehicle class is found,
then the respective bounding box is identified. The algorithm usually divides the input image into grids
up to 13 X 13 or 19 X 19. Every grid can detect either the complete bounding box or parts of bounding
boxes. Every object has a bounding box associated with it, and every bounding box has a center (x, y)
coordinate. The model will predict the object where the (x, y) center is located. Figure 4 shows a sample
output of the vehicle detection module of the adaptive traffic control system.

Figure 4. Vehicle detection.

3.1.3. Signal generation

Finally, the timer value is calculated based on the vehicle count received from the vehicle detector
module. After every fifty seconds elapsed, the server collects the frames from the scheduled camera to get
current data of a particular traffic lane whose signal is red currently. The generated array in array form,
like [{cam id: 1, vehicles: 10, time: 20, signal light: green}], from all four cameras together is sent to the
main server. Figure 5 illustrates the sample arrays received on the server. The timer is set as per the
number of vehicles on the given lane to generate the signal. The following equation has been used to
calculate the green signal time for each lane:

Signal_time = 2 X no. of vehicles + remaining_time
where 2 secon+ds have been given to each vehicle for time to cross the signal and remaining_time denotes

the previous remaining time in case of low traffic.

4] npm

(b)

Figure 5. (a) array generated at client side; (b) vehicle count data sent to the server.
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We used a Python module “pygame” to showcase the working of signals at a junction using an
adaptive traffic control system. Figure 6 illustrates a virtual environment that simulates the traffic lights.
The simulation shows real-time data on traffic patterns and changes in signal at each lane based on traffic
conditions.

£ SIMULATION — x

Figure 6. Simulation of the traffic junctions utilizing the proposed system.

4. Discussion and future direction

The adaptive traffic control system presented in the case study continuously analyses live video feeds
from multiple surveillance cameras to provide a comprehensive understanding of traffic patterns and
allows for proactive management of traffic flow. It is best suited for real-time applications that require
precise and accurate object detection in images and videos, such as traffic monitoring, surveillance, and
security systems. Proactive signal adjustments can be done by analyzing historical data and incorporating
real-time information in the future for the implementation of congestion management strategies. This
solution tackles key challenges such as traffic jams, long wait times at intersections, and wasted fuel
consumption, ultimately leading to smoother traffic operations and a better commuting experience for
motorists and pedestrians alike.

In the future, the system can empower citizens by providing accessible and real-time traffic
information to make informed decisions about their travel routes and modes, fostering a sense of
ownership and engagement in managing urban traffic. As autonomous vehicles become more prevalent,
this system can be integrated with autonomous vehicles to enable smoother coordination between traffic
signals and autonomous vehicles. Furthermore, this system can be expanded by integrating the traffic
signal system with IoT devices and data from sensors, such as vehicle detectors, pedestrian counters, or
air quality monitors, to get additional insights to enhance traffic management strategies.

Moreover, the integration of traffic analytics and air quality monitoring systems allows for real-time
tracking and analysis of pollutants across different traffic junctions. Continuous monitoring and data
analysis of environmental sensors placed strategically across a city can provide valuable insights to
uncover pollutant factors and locate congestion hotspots. This information can help transportation
authorities implement targeted strategies to mitigate air pollution, such as promoting electric vehicles,
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implementing low-emission zones, or adjusting traffic patterns to reduce emissions hotspots. By

combining congestion management and air pollution reduction strategies, efficient transport systems can
foster sustainable urban mobility and improve the overall liability of cities. Integrating live video feed

analytics into smart city traffic control systems holds immense promise for optimizing traffic flow and
enhancing safety. However, this path is paved with its own set of issues, challenges, and recent hiccups.
Let’s delve into each:

4.1.
1

2)

3)

4)

4.2.

1y

2)

3)

4)

4.3.

1)

2)

3)

4)

4.4.

1y

2)

Issues

Data privacy concerns: Public surveillance through cameras raises concerns about data privacy and
potential misuse. Balancing traffic management benefits with individual privacy requires robust
regulations and ethical frameworks.

Algorithmic bias: Al-powered video analytics algorithms can inherit biases from training data,
leading to unfair or discriminatory traffic management decisions. Mitigating bias requires diverse
datasets and careful algorithm design.

Technical hurdles: Live video analytics require robust infrastructure, including high-bandwidth
networks, edge computing capabilities, and reliable data storage. Scalability and cost effectiveness
can be hurdles.

Interoperability issue: Integrating video analytics with existing traffic control systems and software
can be complex, requiring interoperability and data standardization across different platforms.

Challenges

Weather and lighting conditions: Rain, fog, and low-light conditions can significantly impact the
accuracy of video analytics algorithms, posing challenges in dynamic weather environments.
Occlusions and object complexity: Complex traffic scenes with occluded vehicles, pedestrians, and
diverse object types can confuse algorithms, requiring advanced computer vision techniques.
Cybersecurity threats: Video analytics systems are vulnerable to cyberattacks, potentially
compromising traffic data and disrupting control systems. Robust cybersecurity measures are
crucial.

Public acceptance and trust: Gaining public trust in video analytics-based traffic management
requires transparency, clear communication, and demonstrably positive outcomes.

Opportunities

Real time traffic insights: Live video analytics provides real-time data on traffic volume, speed,
violations, and incidents, enabling dynamic adjustments to traffic signals and routing strategies.
Improved safety and emergency response: Early detection of accidents, congestion, and hazardous
events through video analytics can improve emergency response time and prevent accidents.
Reduced emissions and fuel consumption: Optimized traffic flow through video analytics-driven
control can lead to shorter travel time, reduced congestion, and lower emissions.

Smarter parking management: Video analytics can automate parking space detection, optimize
parking utilization, and implement dynamic pricing for efficient parking management.

Recent problems

Bias in pedestrian detection algorithms: Recent studies have highlighted biases in pedestrian
detection algorithms, raising concerns about fairness and inclusivity.
Data breaches and privacy violations: Several high-profile data breaches involving traffic camera
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footage have underscored the need for stronger data security measures and transparency practices.
3) Public backlash against surveillance: Concerns about overreach and lack of transparency in video
surveillance programs have led to public backlash in some cities, prompting calls for stricter
regulations and community oversight.
4) Maintenance and calibration: Regular maintenance and calibration of cameras and analytics systems
are crucial to ensure accurate results. Failure to perform these tasks can lead to false readings and
decreased system reliability.

5. Conclusion

Enhancing traffic control systems with live video analytics presents a powerful opportunity for
smarter and safer cities. However, navigating the issues, challenges, and recent problems requires a
nuanced approach that prioritizes data privacy, algorithmic fairness, robust infrastructure, and public
trust. By addressing these concerns and harnessing the technology’s potential responsibly, we can pave
the way for a future where traffic flows smoothly, efficiently, and safely in our smart cities. This paper
presents valuable insights to urban planners, policymakers, and technocrats of intelligent traffic control
systems in the evolving landscape of smart cities. The detailed literature survey can provide a foundation
for the continued development and implementation in the field of smart transportation.

Furthermore, we have presented a case study to showcase a novel framework for enhancing traffic
control using live camera feeds and pre-trained convolutional neural networks. This system is capable of
detecting vehicles in real time and making intelligent decisions based on the detected traffic patterns. The
system employs a pre-trained CNN for vehicle detection and counting and a real-time traffic control
algorithm for manipulating signal timers to achieve adaptive signal control. Furthermore, the proposed
system provides a cost-effective and efficient solution to the problem of traffic congestion in urban areas.
The experimental results show that convolutional neural network-based traffic video processing is a
useful tool to control road congestion. It envisions reality, so it works far superior to existing systems.
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