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Abstract—The rise of automated vehicles introduces
new challenges for traffic management, highlighting the
need for effective strategies to improve road safety and
efficiency. This research investigates the potential of
swarm intelligence to enhance traffic flow by organizing
vehicles into swarms, particularly focusing on multi-
brand platooning. A decision support simulation tool
was developed to model various traffic scenarios,
incorporating essential features such as driving
behavior, lane changes, and overtaking maneuvers. The
study addresses critical research questions regarding
the influence of swarm size, target speed, and inter-
vehicle spacing on overall traffic performance. While
previous studies have explored vehicle platooning, there
is a notable gap in understanding the interactions
among diverse vehicle types within swarm
configurations. The findings indicate that utilizing
swarm management can lead to significant
improvements in traffic flow and safety, underscoring
the transformative potential of swarm intelligence in
future traffic management systems. The software uses
the Intelligent Driver Model (IDM) to simulate the
longitudinal dynamics, i.e., accelerations and braking
decelerations of the drivers. In such models which has
Vehicle to Vehicle communication(V2V), Vehicle to
Infrastructure(V2l) adapt various traffic conditions in
wide range.

Index Terms—  Swarm Intelligence, Traffic
optimization, Intelligent Driver Model, Automated
vehicles

I. INTRODUCTION

[1]Traffic congestion is a critical issue faced by cities
around the world, causing significant delays, fuel
wastage, and environmental pollution.[9] As cities
grow, traditional traffic management systems are
increasingly unable to keep up with the complexities
of modern road networks.[2] The rise of autonomous
vehicles  (AVs),[16]equipped  with  advanced
technologies for real-time communication and
decision-making, offers a potential solution to these
challenges.[6] This project explores the application
of swarm intelligence in traffic management.

particularly focusing on how autonomous vehicles
can work together to optimize traffic flow.[4]Swarm
intelligence is inspired by nature, where individual
agents (such as ants, bees, or birds) follow simple
local rules but exhibit efficient collective
behavior.[8]The project aims to create a simulation
that allows researchers and engineers to study the
impact of different swarm configurations, vehicle
densities, and traffic conditions.

Problem Identification and Analysis:
Traffic congestion is a growing issue in urban areas,
leading to delays, fuel waste, and increased pollution.

Traditional traffic management:

like traffic signals, are unable to efficiently handle the
rising number of vehicles and complex traffic
conditions.

Requirements Gathering:

Based on the problem analysis, key system
requirements are identified, in Including Real-time
traffic detection capability Accurate identification for
decision making and Planning. Automated vehicles
for Localization and mapping. Safety features to
prevent unintended operation. Cost-effective System
Design

The system design for autonomous vehicles using the
swarm intelligence traffic optimization integrates a
web-based simulation environment, the leveraging
JavaScript for both simulation and visualization. It
employs a Three.js for 3D visualization, D3.js for
data representation, and WebGL in for efficient
graphics rendering. The simulation incorporates
traffic model such as the Intelligent Driver Model
(IDM) for vehicle movement and the MOBIL for
lane-changing behavior. A JSON-based or NoSQL
database if is used store simulation results, ensuring
efficient data retrieval and make processing. The
system operates on Windows, Linux, or macOS.

Il. LITERATURE REVIEW

IJIRT 178457 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 3509



© May 2025 | IJIRT | Volume 11 Issue 12 | ISSN: 2349-6002

M. Treiber and A. Kesting, "Microscopic Traffic
Flow Models andTheir,"2013, Traffic Flow
Dynamics. This book chapter presents a
Comprehensive overview of microscopic traffic flow
models, including IDM for car following behavior
and MOBIL for lane-Changing in the decisions The
authors of the emphasize the significance of these
models in for simulating real-world traffic conditions
and evaluating traffic the management strategies The
study various highlights the ability of these is in
models to reproduce emergent traffic sign
phenomena, such as stop-and- go waves and
congestion at bottle necks to the and discusses their
applies in traffic control an intelligent transportation
in systems specification.

M. Treiber, A. Hennecke, and D. Helbing,
"Congested Traffic in empire Observations and
Microscopic Simulations,"2000, Physical Review E
This paper investigates different traffic states in real-
world scenarios using microscopic in simulation
models. The research introduces the co of traffic
phase transitions and explains how IDM and related
models can reproduce these states, including
synchronize flow and wide-moving jams.

A. Kesting, M. Treiber, and D. Helbing, "General
Lane-Changing Microscopic Traffic Simulation,”
2007, Transportation Research Record. This study
introduces the MOBIL model for lane-changing

I11. MODELS

Traffic congestion is a critical issue faced by around
the world, causing significant delays, fuel wastage,
and environmental pollution. As cities grow,
traditional traffic management systems are
increasingly unable to keep up with the complexities
of modern road networks.

The rise of autonomous vehicles (AVs), equipped
with  advanced technologies for real-time
communication and decision-making, offers a
potential solution to these challenges. This project
explores the application of swarm intelligence in
traffic management, particularly focusing on how
autonomous vehicles can work together to optimize
traffic flow. This project focuses on applying swarm
intelligence techniques to traffic management,
specifically for autonomous vehicles. The scope
includes: Traffic Optimization: Enhance traffic flow
by using swarm intelligence to allow autonomous
vehicles to communicate and coordinate actions,

reducing congestion and preventing accidents. Safety
and Collision Avoidance: Enable autonomous
vehicles to predict and avoid potential hazards by
sharing real-time data. Vehicle Coordination:
Develop a system for vehicles to adjust their speed,
lane position, and acceleration as part of a
coordinated swarm.

A. Methodology

This project uses a combination of computational
models, simulations, and real-world traffic scenarios
to develop a swarm intelligence-based traffic
management system for autonomous vehicles (AVs).
The key steps of the methodology are as follows: The
Intelligent Driver Model (IDM) simulates car-
following behavior, adjusting vehicle speed and
acceleration based on the leading vehicle’s position
to ensure safe and smooth driving in a platoon. The
MOBIL Model is used for lane- changing behavior,
ensuring that lane changes are made safely and
efficiently to improve traffic flow. For swarm
intelligence integration, vehicles communicate
(V2V) and interact with infrastructure (V2I) to share
real-time information such as speed, position, and
intent. Swarm algorithms allow vehicles to
coordinate and form platoons to optimize road
efficiency.

A simulation platform, is used to replicate real-world
traffic scenarios (e.g., highways, urban roads, and
congestion), enabling the testing of various swarm
configurations and vehicle interactions. Traffic
performance is assessed using metrics like speed,
density, flow, and safety. Different swarm
configurations are tested to analyze their impact on
traffic efficiency and safety. Data on vehicle
behavior, traffic flow, and congestion is collected and
analyzed to determine optimal swarm configurations
for improved traffic management. leveraging
JavaScript for both simulation and visualization. It
employs Three.js for 3D visualization, D3.js for data
representation, and WebGL for efficient graphics
rendering. The simulation incorporates traffic models
such as the Intelligent Driver Model (IDM) for
vehicle movement and MOBIL for lane-changing
behavior. A JSON-based or NoSQL database is used
to store simulation results, ensuring efficient data
retrieval and processing. The system operates on
Windows, Linux, or macQOS, providing cross-
platform compatibility.

A The necessary hardware components are
procured and integrated, including:
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*  Network: Stable Internet Connection (minimum
1 Mbps)

»  Processor: Intel Core i5 or equivalent

«  Simulation Environment: GPU-enabled system
for advanced simulations.

»  Peripherals: High-resolution display, keyboard,
and mouse for user interaction.

*  Memory:8GB RAM or higher

B. System Architecture

Time Step Loop

For Each

Apply DM Vehicle
Mode!

)

Updale Vehicle
Stale

)

Update Speed i [ A;;:’?:m

Determing AJ:ngEIL
Acceleration

Update

Check
b Posiion

Salaly
Criteria.

i N
Not Safeto
Safe fo Changs P Change

Figure 1: System Architecture for autonomous
vehicle for traffic management
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Figure 2 represents the overall design of the
Autonomous Vehicle for Traffic Optimization. It
focuses on the user's interaction with the system and
how the system components work together to detect
vehicles speed, accuracy, Control over the traffic
flow, vehicles distance

Key Components:

1. Core Model: The System Integrates advance
models like IDM for car following behaviors and
MOBIL for Lane changing.

2. Swarm control and configuration: Users can
configure parameters like vehicle count, desired
speed, inter vehicle distance Detect punctures or
tire issues and send data to the microcontroller.

3. Adaptive Route Planning: Vehicles continuously
analyze traffic patterns and adjust their routes
dynamically to minimize congestion.

4. Collision Avoidance Systems: Advanced
sensors, cameras, Lidar and radar assist in
detecting obstacles.

5. Decentralized Decision-Making: Swarm
intelligence enables vehicles to make decision.

C. Flow Chart

Initialize PSO
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| Generate first swarm |

Evaluate the fitness of
all particles

Record personal best
fitness of all particles

Update the position of
particles

Find global best Update the velocity of’
particle particles

Swarm met the
termination criteria

Figure 2: Flow Chart for the working of the proposed
architecture

The Intelligent Driver Model (IDM) is recognized as
one of the simplest and most effective traffic models
that ensures accident-free driving behavior while
maintaining realistic acceleration patterns. It is
designed to function in various single-lane traffic
conditions. The model operates based on several key
input factors, including the vehicle's current speed
(v), the gap (s) between the vehicle and the one ahead,
and the leading vehicle’s speed (vl). Alternatively,
the input can be expressed in terms of the relative
speed or the approaching rate (Av= v - vl). The
processor immediately activates the motorized jack
when it detects the puncture. To get the car ready for
examination or repair, the jack raises it to the area of
the damaged tire. The primary output of the IDM is
the acceleration (dv/dt) that the driver selects in
response to the given traffic situation. Additionally,
the model’s parameters determine the driving
behavior, categorizing it as cautious or aggressive,
fast or slow, and either forward-thinking or reactive.

The IDM acceleration equation is formulated as
follows:

dv v\8 s*\?
E=afree+aint=a 1_<U_0) —a (?)

This component is responsible for adjusting the
desired gap (s*) in relation to the actual gap (s)
between vehicles. The desired gap s* is calculated as
follows:

vAv ]

s*(v,Av) = s +max[0, vT +
( ) =5 N

This equation includes two main terms: a steady-state
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component (so + Vr), which defines the typical
following distance in smooth traffic, and a dynamic
term (VAv / 2\/(ab)), which enables adaptive braking
control.

The Lane-Changing Model MOBIL: Lane changes
take place if another lane is more attractive
(‘incentive criterion’), and the change can be
performed safely (‘safety criterion’). In our lane-
changing model MOBIL [3] we base both criteria on
the accelerations in the old and the prospective new
lanes, as calculated with the longitudinal model (that
is the IDM in the simulation). In quantitative terms,
the incentive criterion is satisfied if

aoipm > aipm + Aanr + Aapias (4)

where apm and agipm denote the IDM acceleration of
the subject driver before and after the change,
respectively

IV. SIMULATION

Traffic flow is unstable and backwards moving traffic
waves appear after some time. This is caused by the
dense traffic and simultaneously sluggish driver
settings: a follower responds too late to small braking
maneuvers of the leader (caused, e.g., by a lane
change) and consequently closes in too much. In
order to re-obtain the desired gap So + v, the follower
has to decelerate even more. The same applies to the
next follower, and so on. Eventually, this ‘vicious
cycle’ results into a fully developed traffic wave with
a region of stopped vehicle same is true when
increasing the IDM acceleration, a thereby making
the drivers more responsive: Even developed traffic
waves resolve after some time! You can also reduce
the number of lanes to 1(‘freeway minus’ symbol)
and/or eliminate the trucks (truck percentage to zero)
to realize that neither lane changes nor driver-vehicle
heterogeneity are relevant factors for this mechanism.

Swarm Intelligence for Optimised Traffic Flow in Autonomous Vehicles

Resume  siop

Figure 3: Swarm intelligence for traffic flow
management

Open System Scenarios with Stationary Bottlenecks:
With the initial settings of the respective simulation,
traffic breaks down at or near the bottleneck region
which, then, triggers upstream propagating traffic
waves. Once the waves have formed, you can slow
down the simulation speed and click at an entering
vehicle to observe how it encounters seemingly
‘phantom’ traffic waves.

Speed of Vehicles (KM/HR)

s1 s2 s3 sa s5
140 Km 20Km 10Km 15Km 20Km

Distance

Figure 5: Graph of speed, velocity and distance

The simulation allows a manual design of the road
network (arbitrary number of main lanes, merging
lanes and exit lanes) with arbitrary parameters
(shape, width, length, speed limit, etc.). On each lane,
agents with any manual designed behaviors (IDM
behavior, MOBIL lane change behavior, learned lane
change behavior, CGMP, learned merging behavior,
etc.) with arbitrary parameters (IDM parameter, RSS
parameter, yielding parameter, MOBIL parameter,
etc.) can be initiated. After running the simulation,
each agent is able to sense its surrounding
environment with a predefined range and move with
its customized behavior. In this way, agents with
extreme behavior can be simulated,

e.g. with non-realistic IDM parameters where the
desired time headway is only 0.3s or RSS parameter
with

Anax decel = —0.5s m 2.

With the initial settings of the respective simulation,
traffic breaks down at or near the bottleneck region
which, then, triggers upstream propagating traffic
waves. Once the waves have formed, you can slow
down the simulation speed and click at an entering
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vehicle to observe how it encounters seemingly
‘phantom’ traffic waves. As in the ring scenario,
reduced traffic (controlled by the inflow rather than
the density) and a higher driver’s responsiveness will
make the waves (but not necessarily the congestion)
disappear. Also off-ramps may act as bottlenecks
even though traffic leaves the road, so, naively, one
could think of an ‘anti-bottleneck’. Change the speed
limit in the lane closing scenario and observe that
traffic does not break down at the initial setting (limit
80 km/h) but for higher (and also lower!) speed
limits. Notice the strong capacity drop in this case.
Even locally changed driving characteristics, e.g., at
curves or uphill sections, may serve as a bottleneck.
Reduce the maximum speed a truck can drive at the
uphill section and play with the truck overtaking ban.
Before a breakdown has occurred, click on a vehicle
in the bottleneck region to apply a disturbance.

Upstream boundary conditions: Integrate the inflow
Qin over the simulation time, n buffer =R 0t Q in(t
0)dt 0, and, as soon as the vehicle number n buffer
in the upstream buffer exceeds 1, try introducing a
vehicle in the simulation and decrement n buffer by
1. In congested conditions, this is not always
successful reflecting fact that then the downstream
boundary counts.

Downstream boundary conditions: These are not so
simple since just taking away vehicles according to
the integrated downstream flow condition brings in
artifacts if the vehicles to be removed have not yet
reached the boundary. It is better to set the speed of
the most downstream vehicles (which no longer have
a leader) to the prescribed boundary speed. If the
speed is low enough, this allows introducing
congestions via the downstream boundary. For free-
flow conditions, the fixed speed has no influence on
the dynamics and corresponds to ‘free boundary
conditions’ (vehicles leave the simulation without
leader as though the road is free).

The input for the MC simulation is the perceived and
estimated environment. We formulate several basic
behaviors for highway driving and afterwards
introduce the estimation of each behavior for MC
simulation. Note that for all the behavior models,
trucks will have a different parameter set as normal
vehicles, e.g. they behave with less acceleration,
areless prone to yield to merging attempts, and are
less possible to perform lane change.

. Model Development: Intelligent Driver
Model (IDM): Used to simulate car-following
behavior, ensuring safe and realistic acceleration and

braking patterns.

. MOBIL Lane-Changing Model: Implements
safe and efficient lane- changing behaviour based on
acceleration and safety criteria.

V. RESULTS AND DISCUSSIONS

Swarm intelligence-based traffic optimization in
autonomous vehicles demonstrates improved traffic
flow, reduced congestion, and enhanced safety
through decentralized decision-making. Simulated
results indicate that vehicle-to-vehicle (V2V)
communication enables dynamic route adjustments,
reducing travel time and fuel consumption. The
system adapts to real-time traffic conditions,
preventing bottlenecks and improving overall
efficiency

Simulation of autonomous vehicles:

1 Initialization: Define the road layout and
simulation parameters. Initialize vehicles with their
respective IDM and MOBIL parameters. Vehicle
Behaviour Modelling: Compute vehicle acceleration
and braking using the IDM. Implement lane-
changing logic based on the MOBIL model. Traffic
Flow Simulation: Continuously update vehicle
positions based on computed acceleration and
velocity. Maintain realistic vehicle interactions and
boundary conditions. User Interaction: Implement Ul
controls to allow real- time adjustments to traffic
parameters such as speed, density, and inflow.
Introduce interactive elements like adding vehicles
dynamically. visualization: Render vehicles, road
infrastructure, and traffic flow in real- time using
HTMLS5 Canvas.

2 Dependence on Visual and Simulated Data:
The model relies on predefined traffic rules and
simulated interactions, which may not fully capture
real- world complexities, such as unpredictable
human behaviour or environmental influences.

3 Computational Demand: The real-time
execution of IDM and MOBIL for multiple
autonomous agents requires significant processing
power, making it computationally intensive for large-
scale urban simulations. Ambulance entering the
road, and swarm coordinates to make a way for its
faster movement.

4 Traffic ~ Simulation  Software:  The
simulation framework will be implemented using
established platforms such as traffic-simulation.de.

5 Scenario-Based Testing: Different Road
configurations (urban intersections, highways,
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bottlenecks) will be tested to analyze congestion
formation and resolution implementation of
autonomous vehicles utilizing swarm intelligence for
traffic optimization is anticipated to enhance traffic
flow, reduce congestion, and improve road safety.
By mimicking biological swarms, these vehicles can
communicate in real-time, adjusting their speeds and
routes dynamically to minimize travel time and fuel
consumption. This system is expected to lead to a
significant decrease in traffic bottlenecks, lower
emissions due to efficient route planning, and
enhanced coordination at intersections, reducing wait
times. Additionally, swarm- based decision-making
enables vehicles to react collectively to unforeseen
events, such as accidents or roadblocks, ensuring
seamless traffic management. As a result, cities can
experience improved mobility, lower transportation
costs, and an overall increase in urban efficiency and
sustainability.

The implementation of the Intelligent Driver Model
(IDM) and Lane-Changing Model (MOBIL) in
autonomous vehicles is expected to improve traffic
efficiency, enhance road safety, and reduce travel
delays. IDM enables vehicles to maintain optimal
speeds and safe following distances, minimizing
sudden braking and acceleration, leading to smoother
traffic flow. MOBIL facilitates intelligent lane-
changing decisions by evaluating surrounding traffic
conditions and optimizing lane-switching behavior to
balance efficiency and safety.

V1. CONCLUSION

In this work, we proposed a behavior cloning concept
for learning high- level decisions from recorded
trajectories of real traffic, unlikemost
previous works that focus on end-to-end behavior
cloning for controlling. We summarized and gave a
clear definition of the main features that affect how
humans make driving decisions. The features are
acquired via MC simulation, which receives the
uncertain states and estimates of the driver models
from  surrounding agents as inputs. Two
important goals of this work are on one side
producing human-like behavior, on the other side
making the decision understandable and transparent
to humans. Technological Innovation and Design The
integration of swarm intelligence in autonomous
vehicles presents a promising solution for optimizing
traffic flow, reducing congestion, and enhancing
overall transportation efficiency. By mimicking the
collective behavior of natural systems, such as ant

colonies and bird flocks, autonomous vehicles can
communicate and adapt dynamically to changing
traffic conditions. This cooperative approach
minimizes delays, improves fuel efficiency, and
enhances road safety. However, challenges such as
data security, real- time processing, and
infrastructure compatibility must be addressed for
widespread  implementation.  With  continued
advancements in artificial intelligence and vehicle-
to-vehicle communication, swarm intelligence has
the potential to revolutionize modern transportation
systems.
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