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Abstract—Reduced capacity on motorways can easily lead to
significant congestion. This congestion is a major contributor to
environmental pollution, harming the livability of the peri-urban
environment and public health. In this study, we have addressed
the congestion caused by lane closures on motorways, one of the
many difficulties encountered in the lane closure problem. To
overcome this problem, the so-called variable speed limit control,
a traffic management system is a helpful tool that improves
overall traffic flow characteristics - travel time, waiting time,
and queue length - and reduces critical sustainability indicators
such as fuel consumption and CO2 and NOx emissions. Deep
Learning has repeatedly been shown to be an excellent solution
to this problem. Hence, this study aims to use Reinforcement
Learning to address the traffic management system and to find a
general solution to congestion caused by the reduction of highway
capacity to apply the model regardless of the number of lanes,
improving and surpassing the results achieved in the literature
in several aspects.

Index Terms—Reinforcement Learning, Variable Speed Limit
Control, Intelligent Transportation Systems

I. INTRODUCTION

In the case of highways, situations often arise — particularly
during peak hours, when vehicle traffic is at its heaviest —
that make the efficient regulation of traffic flow a significant
challenge. The flow of vehicles is governed by physical laws
similar to the principles of fluid dynamics. One such principle
is the continuity equation, which states that the product of
a fluid’s flow velocity and the pipe’s cross-sectional area
is constant, representing the volumetric flow rate. This is
expressed by the Equation (1),

Q̇ = A · v (1)

where Q̇ is the volumetric flow rate, A is the cross-sectional
area and v is the velocity.

Equation (2) - where ρ is the density - describes the mass
flow rate (ṁ), which is worth examining in the context of
traffic flow.

ṁ = Q̇ · ρ (2)

According to the work of [1], the cross-sectional area A
represents the number of lanes in traffic flow. At the same
time, v and ρ denote the average speed and density of vehicles,
respectively. Regarding mass flow, it can be deduced that traf-
fic flow is also a function of vehicle density. This relationship
is illustrated in Fig. 1, where it is evident that the flow reaches
its maximum around a critical density point and becomes
unstable beyond that. It is, therefore, essential to maintain
density around the crucial point. To achieve this, appropriately
modifying speed, as the only adjustable component, is key to
optimizing traffic flow.

A highly effective traffic management system for influ-
encing speed is the Variable Speed Limit Control (VSLC),
excellently suited for addressing congestion caused by re-
duced highway capacity. The VSLC dynamically adjusts the
maximum permissible speed based on traffic conditions to
optimize segments, considering static and dynamic objects and
their environmental impacts on traffic flow [3]. For example,
it facilitates lane changes from a closing lane. Fig. 2 illus-
trates the system’s operation, showing the Variable Message
Sign (VMS), a digital traffic sign controlled by the VSLC.
Certain lanes on specific road sections are equipped with
independently regulated speed limits to influence the active
segment’s outflow. The continuity equation governs the inflow



Fig. 1. Fundamental diagram as a function of vehicle flow and density. [2]

into the next cell [4]. The primary objective of this solution
is not to expedite the resolution of existing traffic jams but to
proactively prevent congestion from occurring.

II. RELATED WORK

During peak hours, traffic congestion often occurs on high-
ways at sections affected by capacity reduction. Instead of
increasing capacity, a more cost-effective and environmentally
friendly solution is to apply Intelligent Transportation Systems
(ITS) for traffic management.

Variable Speed Limit Control (VSLC) offers an excellent
implementation solution. As mentioned, this system regulates
highway traffic by dynamically adjusting speed limits based
on current traffic conditions. Standard VSLC approaches rely
on online feedback control and the fundamental flow-density
relationship mapped to speed values [5].

The system selects the appropriate speed based on a specific
situation, making Reinforcement Learning (RL) techniques a
promising alternative for configuring VSLC. These methods
can learn and respond to various traffic scenarios without re-
quiring an explicit model of highway dynamics, as highlighted
in [6], [7], and [8]. Thus, by applying RL, we avoid building

Fig. 2. VSLC operation to handle random anomalies.

complex mathematical models and instead leverage the agent’s
learning capability.

The input current situation corresponds to the environment-
defined state, while the output-defined speed limit corresponds
to the action, which are the core components of RL [9]. This
highlights RL as a viable solution, with its scalability and
generalization enabling exceptional performance in sequential
decision-making, allowing agents to reassess states and make
rapid decisions effectively [10] [11].

It has been demonstrated multiple times that using a Deep
Q-Network (DQN) provides an effective solution to this prob-
lem [12] [13].

III. CONTRIBUTION

The innovation of this research lies in integrating state-of-
the-art Reinforcement Learning (RL) techniques into traffic
management through Multi-Agent Reinforcement Learning
(MARL). This approach offers a scalable, adaptive, and gener-
alizable solution capable of dynamically addressing congestion
and improving highway capacity utilization. It enables real-
time management of traffic scenarios, minimizes the negative
impacts of random anomalies, and provides a universally
applicable method without requiring modifications to the state
representation, action space, or reward function.

A key advantage of RL that plays a significant role in
achieving this goal is its ability to evaluate and learn from
traffic data in real-time. This allows for rapid adaptation to
new traffic conditions and quick responses to continuously
changing traffic dynamics.

The method’s robustness is demonstrated by its generaliz-
ability, achieving excellent results regardless of the number
of lanes. Consequently, this method provides an outstanding
solution for optimizing highway traffic flow.

To validate the method, tests were conducted in three differ-
ent environments: 3, 5, and 7-lane highway sections where lane
closures occurred due to random anomalies. The Simulation
of Urban MObility (SUMO) system served as an excellent
platform for these simulations, offering customization and
enabling the evaluation of the solution’s efficiency in various
traffic scenarios. This contributes to significant advancements
in traffic management and congestion prevention.

IV. METHODOLOGY

A. Motorway Control System

The Motorway Control System (MCS) is a rule-based
VSL algorithm that selects the appropriate speed limit from
predefined values based on the given conditions to ensure
continuous traffic flow. Traffic conditions are obtained using
simple sensors, and the system sets the maximum permissible
speed on the segments in km/h according to Equation (3),

speed limit =

{
130 if average speed ≥ 40

[110; 90; 70] if average speed < 40
(3)

where, if the average speed of the test segment exceeds
40 km/h, the maximum speed is set to 130 km/h; otherwise,
a three-step speed limit is applied.



In the system’s basic structure, the slowest lane, defined as
the one with the lowest average speed, determines the speed
limit for all lanes on a segment-by-segment basis.

B. Mainstream Traffic Flow Control

The Mainstream Traffic Flow Control (MTFC) algorithm
helps maintain optimal traffic conditions, preventing conges-
tion and ensuring smooth traffic flow. The MTFC determines
the value of the variable speed limits at time t as a ratio of
the original speed limit, according to Equation (4),

v(t) = v(t− 1) +K
′

I · e0(t) (4)

where v(t) and v(t−1) represent the new and previous speed
limits, K

′

I denotes the integral gain, and e0(t) is the occupancy
error, defined as the difference between the critical occupancy
ôout and the occupancy measured at the bottleneck õout.

The algorithm’s parameters are derived from well-
established studies, with speed limits ranging between
[20 km/h; 130 km/h]. The system integrates four sensors
around the bottleneck area and uses the measured maximum
occupancy as input.

C. Reinforcement Learning

Reinforcement Learning (RL) effectively addresses complex
decision-making problems across various fields. Its application
is becoming increasingly popular in different fields [14],
including robotics, autonomous vehicle development, traffic
system management, healthcare, and even financial markets.

The foundation of RL is the interaction between an agent
and its environment, described by the Markov Decision Pro-
cess (MDP). The environment provides the agent with the
current state s and the available actions a. During decision-
making, the agent selects an action, after which the envi-
ronment transitions to a new state s′ and provides a reward
Ra(s, s

′) to evaluate the agent’s decision. This reward can be
positive (”reward”) or negative (”punishment”). The agent’s
goal is to learn to act in a way that maximizes future rewards
over a defined time horizon. The MDP’s four abstractions
(S,A,Ra, Pa) describe the agent’s control problem and enable
it to develop the desired behavior while interacting with the
environment in discrete time steps.

The MDP abstractions are defined as follows: The state
space S and the action space A contain the possible states
si and actions ai. Ra(s, s

′) is the immediate reward received
after transitioning from state s to state s′ due to action a.
Pa(s, s

′) represents the probability of transitioning from state
s to state s′ as a result of action a.

The agents were trained over 3000 episodes using a uniform
replay buffer of 1 million transitions with a batch size of 512.

D. Multi Agent Reinforcement Learning

A multi-agent system can be defined as a group of au-
tonomous, interacting entities that share a common environ-
ment, sense it using sensors, and act upon it using actuators.

Multi-Agent Reinforcement Learning (MARL) extends the
traditional single-agent RL paradigm by involving multiple

agents that interact, learn, and make decisions within a shared
environment to optimize their objectives. Each agent is tasked
with finding its optimal policy; however, in the current en-
vironment, all agents aim to determine the same policy, as
described by Equation (5).

π = {π1, π2, ..., πn} (5)

Here, π represents the set of policies, with each πi in the
set corresponding to an individual agent’s policy, which in
this case are identical. The MARL agents dynamically update
their policies based on real-time feedback with the use of back-
propagation, enabling adaptation to changing traffic conditions
and anomalies. MARL offers a robust approach to developing
cooperative strategies among agents, thereby enhancing overall
decision-making performance.

V. ENVIRONMENT

During training, testing, and evaluation, we utilized the
environment created with the Simulation of Urban MObility
(SUMO) [15], [16] software package. SUMO is an open-
source, widely recognized traffic simulator in the literature. It
is dynamically extensible, highly customizable, and supports
the creation of various scenarios with its robust tool set.
SUMO enables the modeling of diverse scenarios, such as
traffic congestion or accident situations, allowing the agent
to learn in different environments, avoiding overfitting, and
becoming more robust in optimal decision-making.

The Traffic Control Interface (TraCI) is essential to control
the simulation process in real-time, particularly for managing
agent-environment interactions. Traci allows the manipulation
of the environment using various programming languages. The
Traci API provides functionalities such as modifying vehicle
speeds. Using these API calls, the agent can intervene in
real-time traffic management, influencing the simulation while
receiving real-time data on vehicle speeds and positions. Due
to this, vehicle speeds are remotely controlled in real time
via the TraCI API in SUMO, allowing agents to send speed
commands ensuring adaptive management.

The simulation environments consist of 8 one-way road
segments, each 300 m long and featuring 3, 5, or 7 lanes. The
starting points of the first segment’s lanes randomly introduce
vehicles into the simulation, ensuring diverse traffic scenarios
to enhance the robustness of results. The first two segments
(600 m) are designated for observation purposes, while the
3rd and 4th segments are VSLC zones without anomalies. The
5th to 8th segments are also VSLC zones but include random
anomalies, leading to potential bottlenecks.

To optimize traffic flow, the speed limits for each lane are
independently adjustable. These values range from a minimum
of 20 km/h to a maximum of 130 km/h in 10 km/h
increments. The time interval between speed limit adjustments
is restricted to a minimum of 15 seconds. These discrete
transitions help to take into account the human reaction time
and the time needed to perform the speed changes. Using
continuous models, it would not be possible to adapt to a
continuously changing speed limit at the traffic signals.



A. State Representation

In this study, the state representation of a single observation
section (one lane of one segment) is described by a 5 × 5
matrix. The analyzed state is always located at the center of
the matrix, leaving two units in each direction to populate the
matrix.

Based on Fig. 3, the state matrix for the cell filled with
yellow vehicles takes the form specified in Equation (6),

statei =


−1 −1 −1 −1 −1
−1 −1 ρi ρi 0
−1 −1 ρi ρi ρi
−1 −1 ρi ρi ρi
−1 −1 ρi ρi 0

 (6)

where the value of saturated cells is given by the occupancy
metric ρi. This metric is calculated as the ratio of the number
of vehicles in the section to the length of the section. Conse-
quently, the value of empty cells is 0. The cells of the state
representation matrix take a value of −1 if no segment or lane
exists to be examined at the given distance from the center of
the analyzed state.

B. Action Space

Several studies in this field utilize high-dimensional vectors
to handle the wide range of permissible speed limit values (
[17], [18]). In contrast, this research reduces the action space
to a three-dimensional vector that defines speed limit changes.
Equation (7) presents the action space vector,

action =

+10 km/h
0 km/h

−10 km/h

 (7)

illustrating that the possible actions include changing the speed
limit by −10 km/h or +10 km/h, or maintaining the current
speed limit.

C. Reward Function

The reward function for the agents is designed to minimize
the waiting time across the entire observed traffic network, as
shown in Equation (8).

rewardt+1 =
1

ωt + ϵ
(8)

The reward at time step t+1 is determined by the waiting time
ωt during the previous time interval ∆t, with the inclusion of
a small constant ϵ to prevent division by zero.

Fig. 3. Schematic illustration of the state representation matrix

VI. RESULTS

The continuous and smooth traffic flow is critically im-
portant from environmental and safety perspectives. As such,
proper traffic management is indispensable for preventing
congestion. Therefore, it is essential to develop a system
that delivers optimal performance in resolving traffic-related
issues while also being generalizable to handle various random
anomalies.

To address this, the methods are tested on highways with
3, 5, and 7 lanes. By comparing the performance of different
techniques, it can be determined whether the method imple-
mented with Multi-Agent Reinforcement Learning (MARL) is
sufficiently robust to generalize the task and handle random
anomalies that arise on highways with varying lane capacities.

Fig. 4 clearly illustrates that traffic managed by our pro-
posed RL-based method achieved more favorable results
across all examined aspects than the commonly used MTFC
and MCS algorithms in the literature, which have real-world
applications and are therefore suitable for comparison with
MARL, in all aspects considered. The robustness of MARL
was particularly evident in addressing issues caused by random
anomalies in all three simulated environments—highways with
3, 5, and 7 lanes. This method successfully reduced critical
traffic parameters, ensuring continuous flow. Additionally, we
significantly decreased CO2 and NOx emissions and fuel
consumption (which are emission estimates based on SUMO’s
built-in emission models, taking into account vehicle speed
and acceleration), contributing to the development of sustain-
able transportation systems.

The results also demonstrate that the method provides a
cost-effective, energy-efficient solution for ensuring optimal
traffic flow without increasing capacity. The robustness of the
RL-based method proved particularly outstanding in manag-
ing traffic fluctuations and anomalies, offering a long-term,
effective solution for stabilizing dynamically changing traffic
conditions, such as sudden congestion or accidents.

The six criteria considered in the evaluation and their
corresponding values are presented in table I. As clearly shown
in the diagrams, MARL outperformed the examined methods
in every evaluated aspect.

The relative efficiency gains achieved by MARL are repre-
sented in the last row, which reveals a significant reduction in
waiting time and in queue length (56 − 63 %) compared to
previous methods. This ensures that traffic flow remains dy-
namic, with vehicles able to move continuously without being
forced to stop. Along with reducing the risks associated with
sudden starts and stops, the approach also achieved notable
reductions in emissions and fuel consumption (11 − 13 %).
The overall travel time was also reduced by 4− 5 %.

These results demonstrate that this solution is universally
applicable for optimizing highway traffic, regardless of high-
way capacity, whether it involves n-lane sections. The flexi-
bility of the method enables effective use under various traffic
loads, helping to mitigate congestion, shorten vehicle transit
times, and reduce fuel consumption and environmental impact.



Fig. 4. The effects of the analyzed methods on traffic parameters for highways of differing lane capacities.

TABLE I
TRAFFIC-RELATED DATA FOR HIGHWAYS WITH DIFFERENT LANE CAPACITIES, MANAGED BY THE EVALUATED METHODS

ine ine Travel time Waiting time Queue length CO2 NOx Fuel
Number of lanes Method

[s] [s] [veh/s] [kg/s] [g/s] [kg/s]

MCS 237,3 11,6 21,6 1294,7 546,6 413,0
MTFC 241,1 11,8 21,5 1242,7 522,1 396,43 lane
MARL 235,9 4,3 6,1 1186,4 495,4 378,4

ine MCS 470,7 45,0 87,2 4891,8 2114,3 1560,3
MTFC 469,0 41,2 78,6 4883,8 2110,8 1557,85 lane
MARL 437,5 17,3 33,7 4366,2 1869,5 1392,7

ine MCS 470,2 26,9 73,6 6754,2 2917,0 2154,3
MTFC 469,8 26,3 69,8 6738,5 2909,1 2149,37 lane
MARL 445,3 14,0 32,4 5589,4 2374,6 1782,8

ine ine Relative MTFC 4,69% 56,18% 60,83% 10,73% 11,64% 10,73%
efficiency gain MCS 4,31% 57,55% 63,10% 12,12% 13,18% 12,12%

ine ine



VII. CONCLUSION AND FUTURE WORK

Efficient traffic management on highways poses significant
challenges, particularly in the presence of random traffic
anomalies such as sudden braking or the resulting accidents
that lead to capacity reductions. Traditional traffic management
solutions often fail to dynamically address unexpected situa-
tions and struggle to adapt to ever-changing traffic conditions.
To track sudden, unpredictable changes in traffic, optimize
traffic flow, and reduce environmental impact, the goal is to
develop an ITS capable of dynamically adjusting speed limits
to ensure smooth traffic flow, even in the face of random
anomalies.

With the introduction of the MARL algorithm described in
this paper, the traffic control system dynamically adjusts the
allowable speed limits for each lane and segment of the high-
way, adapting to the specific situation. This is made possible
by MARL’s ability to intervene in real-time, respond to the
current state, adjust to various anomalies, and change highway
traffic conditions. The algorithm focuses on preventing traffic
congestion and effectively addresses bottleneck-related issues
without relying on complex mathematical models.

The results demonstrate that the MARL-based traffic man-
agement solution can be applied to highways with any lane
capacity and outperforms traditional algorithms in handling
random traffic anomalies. This approach ensures continuous
traffic flow. In addition, the algorithm has successfully reduced
travel time, waiting time, and queue length while significantly
lowering harmful emissions (CO2, NOx) and fuel consump-
tion, providing a more sustainable and efficient solution.

Based on the results of this research, the presented algorithm
could also be applied to other traffic management problems,
such as addressing challenges in urban traffic or regulating
traffic on regional roads. However, this solution may be limited
by drivers’ non-compliant behavior, which can be eliminated
by the introduction of autonomous vehicles. Future research
directions include incorporating different weather conditions
and human rule-breaking behavior into the models for a more
accurate representation of reality and exploring the integra-
tion of autonomous vehicles and intelligent infrastructure to
optimize traffic flow further.
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