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ABSTRACT With the acceleration of urbanization and the advent of autonomous driving technology,
urban traffic systems are gradually evolving into a mixed traffic flow environment where Human Driven
Vehicles (HAVs) and Connected and Automated Vehicles (CAVs) coexist. Conventional urban traffic
control is primarily based on traffic lights with fixed or adaptive logic, as other means of actuation
are not traditionally in use (except for tolling systems, which are rather indirect regulators). Traditional
traffic signal control, however, is limited due to its rigidity; traffic lights are located at fixed spots
with a strict operational mechanism (cycle time, phase order, offset), making them less efficient in
managing a mixed traffic environment. To address this challenge, this paper follows a novel approach
leveraging the Variable Speed Limit (VSL) control in the urban context. The control framework is based on
Multi-Agent Reinforcement Learning (MARL), aiming to optimize road sustainability under mixed traffic
flow conditions. This study employs a Centralized-Training Decentralized-Execution (CTDE) architecture,
utilizing the Multi-Agent Proximal Policy Optimization (MAPPO) algorithm to address the curse of
dimensionality and non-stationarity issues in large-scale urban road networks. This framework enables
collaborative decision-making in both space and time through the use of shared parameters and global value
function evaluation. The method is validated via realistic traffic simulation experiments in Simulation of
Urban MObility (SUMO), demonstrating that the proposed control strategy can significantly reduce travel
time, pollutant emissions, and improve traffic safety on the studied urban network under different traffic
conditions.

INDEX TERMS Connected and automated vehicles, multi-agent reinforcement learning, mixed traffic flow,
pollutant emissions, urban traffic control, variable speed limit control.

I. INTRODUCTION
Traffic congestion is a growing problem in cities around
the world. It results in increased travel time, environmental
pollution, and economic externalities [1], [2], [3], [4].
Essentially, traffic congestion is caused by an imbalance
between traffic supply and growing demand. Accordingly,
efficient traffic management becomes increasingly important
in the context of maximizing the use of limited road
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facilities [5]. At the same time, urban traffic control in
most cities still relies predominantly on fixed-time or traffic-
responsive signal plans, which can only change green phases
and offsets. Despite decades of development, these systems
have a limited adaptivity due to the rigid nature of traffic
lights (fixed spots with simple control), i.e., these systems
can not directly influence queue formation, headways,
or the propagation of stop-and-go shockwaves. While more
advanced Reinforcement Learning (RL) based traffic signal
controllers have been proposed, their large-scale deployment
remains challenging due to safety certification and fail-safe

VOLUME 14, 2026

 2026 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License.

For more information, see https://creativecommons.org/licenses/by/4.0/ 67991

https://orcid.org/0000-0002-0646-870X
https://orcid.org/0000-0002-8934-3653
https://orcid.org/0000-0003-2558-552X


X. Fang et al.: MARL-Based Variable Speed Limit Control for Mixed Urban Traffic Flow

requirements, real-time computational reliability, robustness
to non-recurrent events, and integration with legacy signal
hardware and operational constraints (e.g., tram priority
and coordination plans). To address these limitations, this
study proposed a multi-agent deep RL framework for
Variable Speed Limit (VSL) control in a mixed urban
traffic environment. The proposed control framework enables
dynamic regulation of vehicle speeds, thereby improving
network performance in ways that conventional signal control
cannot.

Related research has applied multi-agent reinforcement
learning to traffic control problems such as coordinated
signal control and ramp metering, but MARL-based VSL
control remains comparatively less explored in complex
urban networks. Existing RL-VSL studies often rely on
single-agent decision-making across an entire corridor,
simplified networks, or homogeneous vehicle fleets.

The effective control of intersections (being the main
bottlenecks) is the key to urban traffic management. Some
effective control measures have been applied to urban traffic
networks to alleviate traffic congestion and air pollution, such
as traffic signal control [6], VSL control [7], and dynamic
routing [8]. With the massive accumulation of data from
various sources (traffic sensors, navigation), a large number
of advanced data-driven machine-learning algorithms have
been proposed for the traffic control methods mentioned
above [9]. For example, the traffic light control with
the classical Q-learning RL [10], [11], Policy Gradient
algorithm [12], [13], or deep RL algorithm [14], [15].
Still, the practical limitation of AI-based traffic lights
is that upgrading existing conventional traffic light con-
trollers capable of RL is not straightforward (e.g., technical
standards, processing times), and it definitely requires a large
financial budget. VSL control is another (not yet widespread)
feasible solution for traffic control in cities. VSL has been
widely used in highway traffic control systems capable
of effectively alleviating traffic congestion and improving
traffic efficiency [16]. Few studies have also conducted
VSL control on signalized intersections on urban roads to
improve traffic performance. Classical VSL controllers in
urban settings typically rely on rule-based or optimization
schemes, e.g., fuzzy-logic [17], [18], optimal control [19],
[20], and nonlinear model-predictive control (MPC) [21],
[22]. Reference [23] proposed a nonlinear MPC with a
macroscopic traffic model to dynamically set speed limits
in a synthetic urban network. The referred VSL methods,
however, generally treat each control location in isolation
and assume accurate traffic models without limiting their
applicability in complex, mixed-traffic urban networks.

By contrast, data-driven RL-based methods have been
increasingly explored for VSL. RL automatically perceives
the state of the environment based on real-time data from
environmental feedback and interacts with the environment
through a continuous trial-and-error mechanism to learn
the optimal control decision. Early work applied tabular

Q-learning agents to control speed limits or vehicle speeds
near intersections. Reference [24] proposed a speed agent
based on Q-learning to minimize fuel consumption by
controlling the speed of platoons and individual CAVs
crossing signalized intersections. The results show that the
proposed speed agent solution improves the average fuel
efficiency by 13.6%.

Although the Q-learning-based VSL control can solve
the shortcomings of the traditional VSL control strategy,
such as poor flexibility, slow control action, and insignif-
icant effect, it uses a two-dimensional table (Q table) to
store the expected cumulative reward (Q value) of each
‘‘state-action pair’’. When the environment is more complex,
the rapid increase in the dimensions of the action and state
space will lead to the curse of dimensionality problem.
Therefore, Q-learning-based VSL control is only beneficial
under simple road environment conditions (e.g., a single
intersection). Moreover, many RL-VSL studies assume a
single decision-maker for an entire segment (single-agent
RL), which cannot capture interactions among multiple VSL
signs or adjacent intersections. Previous research has also
demonstrated the limitations of a single agent [25].

In conclusion, the existing VSL strategies lack coor-
dination among multiple controllers or require accurate
models. These gaps motivate a multi-agent RL approach
that can jointly optimize speed limits in a heteroge-
neous urban network. Deep Reinforcement Learning (DRL)
combines the perception capabilities of deep learning and
the decision-making capabilities of RL. Based on the
advantages of DRL in solving VSL control problems and the
controllability of CAV, this paper proposes a Multi-Agent
Proximal Policy Optimization (MAPPO) VSL control
strategy for large-scale urban networks in mixed traffic
environments.

The main contributions of our research are outlined below:

• We develop and evaluate a multi-location MARL-based
VSL control framework on a large-scale urban network
under free-flow, capacity-flow, and extreme, perturbed
flow conditions.

• We construct a SUMO-gym training and evaluation
environment, explicit modeling of mixed CAVs/HDVs
traffic based on real-world traffic data.

• We formulate a CTDE-based MAPPO algorithm with
parameter sharing to improve scalability, and design a
multi-objective reward that jointly considers emissions,
efficiency, and safety-related surrogate measurements.

• We analyze an Independent Proximal Policy Optimiza-
tion (IPPO)-based VSL baseline as an ablation of
MAPPO that removes centralized critic coordination.

II. METHODOLOGY
A. MICROSCOPIC TRAFFIC SIMULATION
A reliable traffic simulation platform is essential for testing
and validating reinforcement learning-based traffic control
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systems. RL relies on trial-and-error to optimize deci-
sions and requires dynamic and accurate representations of
real-world scenarios. To this end, the microscopic traffic
simulation platform SUMO (Simulation of Urban MObility)
[26] together with its embedded Traffic Control Interface
(TraCI), as well as the Python programming language,
were exploited to simulate the mixed traffic dynamics in
large-scale urban scenarios with VSL control.

B. CONNECTED AND AUTOMATED VEHICLES
In the actual application of variable speed limit control, due
to the driver’s compliance with the speed limit, there is a
certain difference between the actual vehicle speed and the
published speed limit. Driver compliance with the speed
limit is a non-negligible issue in the study of variable speed
limit control. Researchers have analyzed the impact of driver
compliance on the effect of variable speed limit control.
The results show that when the driver does not comply with
the speed limit, the effect of variable speed limit control
is significantly reduced [27], [28]. Additionally, the layout
of traffic flow detection equipment and variable speed limit
signs within the variable speed limit control system is a
crucial factor that impacts the control effect. The introduction
of CAV changed this situation. Grumert and Tapani [29]
indicated that the variable speed limit system based on the
CAV environment has smoother speed changes and reduces
exhaust emissions by 1.5-2.5% compared to the existing VSL
system included in Stockholm. Yu and Fan [30] proposed an
optimal VSL strategy for a CAV environment on a freeway
corridor with multiple bottlenecks. The simulation results
showed that as the penetration rate of CAV increases, better
control performance can be achieved.

Relying on intelligent decision-making control tech-
nology and Vehicle-to-Everything (V2X) communication
technology, CAVs possess certain autonomous driving and
connected communication capabilities. They can travel not
only with a smaller expected headway but also have a
high degree of obedience and timely response to control
commands [31]. Through Vehicle-to-Vehicle (V2V) and
Vehicle-to-Infrastructure (V2I) communication, various par-
ticipants in the transportation system can collaborate to
enhance road safety, regulate traffic flow, and reduce energy
consumption.

Considering that the full coverage of CAVs will take
a considerable amount of time, a mixed traffic flow
environment composed of Human Driven Vehicles (HDVs)
and CAVs will likely exist in the near future. In the
experiments of this paper, unless otherwise stated, the CAV
penetration rate is set to 60% CAV and 40% HDV, consistent
with mixed-traffic findings reported in [32]. CAVs are
assumed to comply with commanded VSL settings (100%
compliance via V2I), whereas HDV compliance is modeled
probabilistically with a default rate. 70% of HDVs use a
compliant speed configuration, and the other 30% of HDVs
will be speeding by 10%. To simulate the mixed traffic flow

environment, it is necessary to construct a mixed traffic flow
model, which consists of two parts: a car-followingmodel and
a lane-changingmodel. For HDVs, the longitudinal following
and lateral lane-changing behaviors of HDVs are modeled
using the Intelligent Driving Model (IDM) [33] and the
LC2013 model. The paper adopts an existing realistic CACC
car-following model calibrated and validated based on field
test data to model the longitudinal movement of CAVs [34].
The parameters of the LC2013 model for CAVs were selected
according to the TransAID project to realistically model
lane-changing behavior [35].

C. MULTI AGENT REINFORCEMENT LEARNING STRATEGY
Reinforcement learning is a learning mechanism that makes
decisions through the dynamic interaction between the agent
and the environment. The basic principle of reinforcement
learning is that the agent performs a certain action in the
environment, changes the state of the environment, and
receives a reward signal from the environment to strengthen
the mapping relationship between a specific state and
the optimal action strategy. By repeatedly performing this
process, the agent can develop the ability to provide the
optimal action strategy in any environmental state.

The reinforcement learning methodology is derived
formally from the Markov decision process (MDP)
[36]. MDP is a mathematical framework for solving
sequential decision-making problems. To address multi-
location coordination, we formulate VSL control as a coop-
erative multi-agent Markov game and apply the Multi-Agent
Proximal PolicyOptimization (MAPPO) algorithm. Consider
N VSL controllers (agents) deployed in an urban network
(e.g., approaching intersections). Each agent i generates an
action ait based on its local observations oit at each decision
step t and a shared policy to maximize the cumulative
reward with discounts. It also learns a central value function
Vψ (st ) based on the global state st . The joint observations
is ot =

{
o1t , . . . , o

N
t
}
and the joint action at =

{
a1t , . . . , a

N
t
}
.

The environment (traffic dynamics) then transitions to a
new state st+1 according to a stochastic model T (st+1 |
st , at ), and all agents receive a global reward rt . Formally,
this is a Markov decision process ⟨S,Ai, T ,R, γ,N ⟩,
where S represents the state space; Ai represents the action
space; R represents the reward function, it calculates the
reward obtained after taking action at and transitioning from
state st to the next state st+1 based on an artificially defined
function. γ ∈ [0, 1] is the discount factor used to calculate
the expected cumulative reward.

Proximal Policy Optimization (PPO) [37] is an improved
method based on the policy gradient algorithm (PG) [38]
and trust region policy optimization (TRPO) [39]. The PG
algorithm is susceptible to problems such as high variance
and gradient vanishing, while the TRPO algorithm is complex
to implement and difficult to apply to practical problems.
The PPO algorithm introduces a truncation function to limit
the amplitude of the policy update. This truncation function
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is called Proximal Clip Objective (PPO-Clip), which limits
the amplitude of policy updates to a smaller range, thereby
avoiding instability caused by excessive policy updates. The
PPO algorithm improves training efficiency and stability
by using multiple parallel actors to train the strategy. The
PPO algorithm offers significant improvements over the PG
and TRPO algorithms in terms of ensuring stability and
convergence speed, making it widely used in practice.

The Centralized-Training Decentralized-Execution
(CTDE) paradigm is leveraged, extending the PPO algorithm
to MAPPO. During training, a centralized critic network has
access to the global state to estimate a joint value function,
while each agent’s actor network sees only that agent’s local
observation. This setup allows the critic to guide learning
with global information, mitigating non-stationarity, while
the actors remain decentralizable for deployment. In our VSL
control case, the centralized critic might observe all traffic
sensor data, whereas each agent’s actor only takes its own
sensor readings as input. CTDE has been shown to stabilize
multi-agent learning and improve scalability [40].

The actor-critic (AC) architecture was utilized for
MAPPO. The AC algorithm [41] combines the low-variance,
single-step bootstrapping of Q-learning with the direct
optimization of policy-gradient (PG) methods. Let πθ (at |st )
be the stochastic policy (actor) for agents parameterized by
neural network θ , mapping its observation st to an action
probability, and Qt (at , st ) the action-value function (critic)
for πθ , yielding a value estimate Vψ (st ). Typically, both
actor and critic are multilayer perceptrons; in our control
framework, each had three hidden layers of size 64. The
MAPPO algorithm uses the importance sampling method.
MAPPO adopts the new and old strategy πθ (at | st) and
πθ old (at | st) to allow the network to interact with the traffic
environment and use the collected data to train the policy
πθ so that the agent can perform multiple parameter updates
in one interaction with the environment, which improves the
update speed.

rt (θ ) =
πθ (at | st)
πθ old(at | st)

(1)

where rt (θ ) is the probability ratio. To improve sam-
ple efficiency and generalization, agents share network
weights. In reinforcement learning, the advantage function At
measures how much better an action at is compared to the
average action at state st :

At = Qt (at , st )− Vψ (st ) (2)

However, computingQt (at , st ) exactly is often impractical.
The Generalized Advantage Estimation (GAE) method,
proposed by [42], provides a way to estimate advantages
with a balance between bias and variance control, using a
parameter λ ∈ [0, 1]. The temporal-difference residual at
time step is defined as:

δt = rt + γVψ (st+1)− Vψ (st ) (3)

Then, the generalized advantage estimate is computed
recursively as:

At = δt + (γ λ)δt+1 + (γ λ)2δt+2 + · · · =
T∑
t=0

(γ λ)lδVt+l (4)

where γ is the discount factor, l represents the time step offset
between the current step t and a future step, λ controls the
trade-off between bias and variance:
• λ = 1: high variance but low bias
• λ = 0: low variance but high bias

To avoid the problem of policies converging to the local
optimum, PopArt [43] is used to normalize the advantage
function at all time steps, increasing the diversity among
agents and making the policies of different agents more
diverse. The normalized advantage function is as follows:

Ât = σ (At − µ)/σ (5)

where µ and σ represent the mean and standard deviation,
respectively. Based on the magnitude of gradient updates,
PopArt adaptively adjusts the learning rate during training,
significantly improving training efficiency and performance.

The PPO algorithm introduces a truncation function to
limit the magnitude of policy updates, shown in Fig. 1.
This truncation function, called the Proximal Clip Objective
(Clip), restricts the probability ratio rt (θ ) updates to a small
range (1−ϵ, 1+ϵ), where ϵ is a hyperparameter, thus avoiding
instability caused by excessively large policy updates.

FIGURE 1. PPO truncation (clipping) function.

• for Ât > 0, the curve saturates at (1+ϵ)Ât when rt (θ ) ≥
(1+ ϵ) (right-side truncation).

• for Ât < 0, the curve saturates at (1−ϵ)Ât when rt (θ ) ≤
(1+ ϵ) (left-side truncation).

• inside (1 − ϵ, 1 + ϵ), the clipped and unclipped terms
coincide.

To ensure coordination, each agent’s state can include its
local traffic measurements, as well as the previous action of
a downstream agent. MAPPO is a variant of PPO applied
to the multi-agent setting. Each agent’s actor is updated
via a clipped surrogate objective to ensure stable policy
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improvements. Concretely, the collective objective can be
written as:

max J (θ ) = Et

[
rt (θ )Ât , clip

(
rt (θ ), 1− ϵ, 1+ ϵ

)
Ât

]
(6)

where Et is the expectation over time steps.
The MAPPO training loop operates as follows: at each

time step, all agents observe the current traffic state (from the
simulation environment) and each agent sequentially selects
an action according to its policy. We adopt a sequential
decision scheme to enforce step-down constraints: agents
choose speed limits one after another in a fixed order, passing
information through their state. Once every agent has taken
the corresponding action for that step, the simulator advances
and returns new observations and rewards. All observed
transitions (st , at , rt , st+1) from all agents are stored in a
shared experience buffer D.
After collecting enough experiences, we perform MAPPO

updates. Using the collected trajectories, we compute advan-
tage estimates using the centralized critic value and then
update each agent’s policy by maximizing the PPO objective
over several epochs. The centralized critic is updated to
fit the observed cumulative rewards. The updated network
weights are applied to all agents for the next training due to
the parameter sharing. The training will continue for many
episodes until convergence is achieved.

In decentralized execution, each agent uses only its local
actor network. At each time step, it reads its local sensors
and outputs a speed limit without needing global information.
The training process, however, has ensured coordination
via the shared critic and sequential decision scheme. This
MAPPO-basedMARL framework thus enables scalable VSL
control, agents learn to coordinate posting speed limits across
the network while reacting to local congestion, all without a
central controller at execution time.

The optimization framework of the MAPPO algorithm for
VSL control is shown in Fig. 2. The entire process framework
consists of two parts: the SUMO simulation environment and
the MAPPO-VSL agents.

FIGURE 2. MAPPO framework for VSL control.

III. SIMULATION ENVIRONMENT
A. NETWORK SCENARIO
The implementation of MAPPO algorithms for Variable
Speed Limit (VSL) control requires an environment

that accurately captures the stochastic and dynamic
characteristics of real-world traffic flow. Analytical or
macroscopic simulation models, which represent traffic
through aggregate variables such as average flow and density,
are insufficient for RL-based control due to their limited
temporal and spatial resolution. By contrast, microscopic
traffic simulation provides a vehicle-level representation of
the traffic system, in which the acceleration, deceleration, and
lane-changing behaviors of vehicles are explicitly modeled
according to driver and vehicle dynamics.

In MAPPO-based VSL control, agents learn optimal
control policies through continuous interaction with the
environment via a trial-and-error process. This process
involves observing traffic states, applying control actions, and
receiving feedback in the form of rewards. The microscopic
simulation platform SUMO enables such interactions in
a safe, controllable, and repeatable virtual environment.
It allows agents to explore a wide range of traffic
conditions, including congestion, stop-and-go waves, and
mixed autonomy scenarios, without the risks and costs
associated with real-world experiments.

Furthermore, microscopic simulators support multi-agent
environments, which are crucial for implementing distributed
or cooperative VSL control strategies. Each VSL controller
can be represented as an independent learning agent inter-
acting with a shared environment, enabling the evaluation of
coordination among multiple control sections. Microscopic
simulation also allows the modeling of heterogeneous traffic
flows, including CAVs and HDVs, thereby reflecting the
transitional characteristics of modern urban networks.

Another key advantage is the microscopic traffic simula-
tor’s ability to capture second-by-second variations in speed,
headway, and vehicle interactions, which are essential for
defining precise state and reward functions in MAPPO. The
feedback generated by these microscopic interactions enables
the RL agents to learn nuanced control strategies, such as
dynamic speed harmonization and congestion mitigation near
intersections.

Therefore, microscopic traffic simulation serves as an
indispensable tool in the design, training, and evalua-
tion of MAPPO-based VSL control systems. It bridges
the gap between theoretical algorithm development and
real-world applicability, providing a scalable, reproducible,
and high-fidelity testing environment for intelligent urban
traffic control.

To evaluate the proposed MAPPO-based Variable Speed
Limit (VSL) control strategy, a large-scale urban traf-
fic network was constructed in the microscopic traffic
simulator SUMO. The Traffic Control Interface (TraCI)
enables real-time interaction between the MAPPO-VSL
controller and the traffic simulation environment. The
generation of the urban traffic network is based on the
open data provided by OpenITS [44]. The research area
is located in Hefei Economic and Technological Devel-
opment Zone, Anhui Province, China. The main road
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FIGURE 3. The real-world study area (31◦50’24.8’’N 117◦12’03.1’’E).

in the study area is HuangShan Road, which includes
seven intersections and their adjacent road sections. Fig. 3
illustrates the geometric structure of the network in SUMO.
The approaching road segments of intersections are con-
trolled by the MAPPO-VSL framework. Including the
first two sections of HuangShan Road from east to west
(HuangShanW1,HuangShanW2) and the first three sec-
tions fromwest to east (HuangShanE1,HuangShanE2,Hu
angShanE3); Two sections of KeXue Avenue from north
to south (KeXueS1,KeXueS2) and two sections from south
to north (KeXueN1,KeXueN2); The first section of TianZhi
Road from north to south (TianZhiN1); The sections of
TianHu Road from east to west (TianHuW1) and from
west to east (TianHuE1). A total of 12 MAPPO-VSL
controllers were deployed in the study area. The signal
control schemes for intersections in the study area fixed
schedule. The phase duration settings match the real-world
implementation. It should be noted that, unlike most traffic
control schemes in Europe, the right-turn traffic lights at all
intersections are constantly green.

To test the universality of the proposed MAPPO-VSL
control scheme under different traffic demand distributions
according to historical data from the detectors in this area,
three different traffic load conditions were modeled and
simulated as follows:

- Free-flow traffic:
The traffic flow operates below the intersection’s
capacity. Vehicles arriving during the green phase can
pass the stop line without delay. The available green time
is not fully utilized.

- Capacity flow:
The intersection operates at its effective capacity. The
green phase is fully utilized, and vehicles depart
continuously during the green interval. No residual
queue remains.

- Extreme, perturbed traffic flow:
The incoming demand exceeds the discharge capacity
of the intersection, resulting in a residual queue that
persists into the next signal cycle.

The traffic demand distribution for different load condi-
tions is shown in Fig. 4.

FIGURE 4. The applied different traffic demands.

B. TRAINING DETAILS OF MAPPO-BASED VARIABLE
SPEED LIMIT STRATEGY
To integrate the dynamic traffic simulation environment gen-
erated in SUMO with the MAPPO algorithm, a customized
reinforcement learning environment class SUMO_Env()
was embedded in PyCharm. This environment allows
reinforcement-learning agents to observe traffic states, apply
actions, and receive feedback as rewards. This environment
encapsulates all essential functional components required
for multi-agent training. Specifically, it includes functions
for initializing the simulation, state representation, action
space definition, reward formulation, episode termination,
and the fundamental reset() and step() functions. The
environment enables each agent to interact with the traffic
network in real-time, exchange state and reward information,
and iteratively update its policy within the MAPPO training
loop. The detailed definition is as follows:
• The initialization function configures the essential
parameters for the simulation environment, setting
the simulation duration to 2 hours (7200 seconds).
Consistent with local traffic regulations, the initial speed
limit for urban road sections is defined as 19.44 m/s.

• The state-space representation in this research is based
on vehicle occupancy data collected from designated
control road segments. Occupancy refers to time-
occupancy (detector occupancy rate), for each controlled
segment, loop detectors report the fraction of an
aggregation interval δt during which the detector is
occupied by a vehicle. In SUMO, this corresponds
to loop detector occupancy outputs, aggregated per
segment and concatenated into the agents’ observation
vector.

• The action space, corresponding to the actions available
to PPO agents, comprises six discrete speed limit
options: [22.22, 19.44, 16.67, 13.89, 11.11, 8.33] m/s.
The agents collaboratively optimize these speed limits
across different road sections.
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• A critical component of reinforcement learning is the
reward function, which encodes the optimization objec-
tives of the training process. We design a centralized
reward for the cooperative multi-agent VSL controller.
Let E denote the set of controlled edges (|E | = 12).
At each simulation step t , we compute three traffic-
related costs: carbon dioxide emissions, travel time, and
a safety surrogate based on the time-to-collision (TTC).
– Emissions and travel time: SUMO provides
edge-level CO2 emission and travel time measure-
ment. We aggregate them over E :

Et =
∑
e∈E

CO2Emissione(t)
106

[kg], (7)

Tt =
∑
e∈E

Traveltimee(t)
3600

[h]. (8)

– TTC-based safety penalty: For each edge e, we com-
pute the minimum TTC among vehicles on that edge:

TTCe,t = min
j∈Ve(t)


dj,t

vj,t − vℓ(j),t
, vj,t > vℓ(j),t ,

+∞, otherwise,
(9)

where dj,t is the gap to the leader vehicle ℓ(j) and
vj,t and vℓ(j),t are the speeds of the vehicle and its
leader. Using a TTC threshold τ = 3 s, we define an
edge-level violation and a smooth penalty:

Pt =
∑
e∈E


τ − TTCe,t

τ
,TTCe,t < τ,

0,TTCe,t ≥ τ.
(10)

The final reward is:

rt = −
(
wE Ēt + wT T̄t + wP P̄t

)
, (11)

with weights wE = 0.5, wT = 0.3, and wP = 0.2.
Maximizing rt therefore corresponds to minimizing a
weighted combination of emissions, travel time, and
TTC risk.

• The training concludes once a predefined iteration
threshold is reached, at which point the interface
between the MAPPO framework and the SUMO simu-
lation is terminated. Before initiating a new episode, the
environment is restored to its initial conditions through
the reset() function.

• The step() function plays a pivotal role by executing
the agents’ chosen actions within the environment,
subsequently collecting new observations, calculating
rewards, and implementing speed limits. Following this,
the function gathers environmental state information
used for policy updates, calculates the global reward
based on the predetermined reward function, and
assesses whether the current environment state consti-
tutes a terminal condition. The resulting speed limits
represent the operational control outputs generated by
the agents.

The complete training process is as follows:
1) Set simulation parameters: simulation duration (7200s),

original speed limit (19.44 m/s), training iterations I ,
and number of PPO epochs per update; Initialize training
parameter: discount factor γ , learning rates α.

2) Initialize the experience replay buffer D, actor network
parameter θ , and critic network parameter φ.

3) The iteration begins based on the traffic scenario and
obtains the initial traffic environment state s1 from the
detectors deployed on the simulated road segment.

4) Use the policy network πθ to select actions.
5) The calculated speed limit actions are applied to the

designated road segments via TraCI, regulating the
maximum allowed speed for CAVs and HDVs traveling
on those edges. The subsequent rewards rt obtained
and the next state st+1 are observed from the SUMO
simulation.

6) Calculate the advantage function at each time step, store
the quadruple (st , at , rt , st+1) as an empirical sample in
D.

7) Update parameters θ using gradient descent and clip the
gradient norm.

8) Update the old policy network πθ , if the number of
iterations does not reach the threshold, proceed to Step 4;
otherwise, proceed to Step 9.

9) Training process complete.
Table 1 presents the hyperparameter settings used for the

MAPPO algorithms during the training process. Due to the
centralized learning setting, the actor and critic networks
share parameters across all agents.

TABLE 1. Multi-agent proximal policy optimization hyperparameters for
training.

The detailed pseudo-code of MAPPO-VSL can be referred
to Algorithm 1.

IV. EVALUATION
A. TRAINING RESULTS
The training dynamics of the proposed MAPPO-VSL
framework under the three demand scenarios are summarized
in Fig. 5. To address the significant difference in scales
between the three traffic scenarios, the min-max normal-
ization was applied to the rewards. This scales the reward
for each scenario to a range of [0, 1], independent of their
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Algorithm 1MAPPO-VSL Training Process
1: Initialize policy network πθ and centralized value

network Vφ , discount factor γ , and learning rates α.
2: Initialize experience replay buffer D
3: for episode = 1 to I do
4: Collect trajectories (st , at , rt , st+1) from initial state

s1 for T time steps using policy πθ
5: Calculate reward rt and discount factor γ for each

time step
6: Estimate value vt of each state using value network

Vφ
7: Compute Generalized Advantage Estimation (GAE)

for each time step using PopArt normalization
8: Store trajectories (st , at , rt , st+1) into experience

replay buffer D
9: for t = 1 to T do

10: Sample a minibatch of transitions {st , at , Ât}
11: Compute policy loss:

Lπ (θ ) = −E
[
πθ (at |st )
πθold (at |st )

Ât

]
12: Compute value loss:

LV (φ) = E
[
(Vφ(st )− Rt )2

]
where Rt = rt + γ vt+1 + · · · + γ T−tvT

13: Update parameters θ using gradient descent:

θ ← θ − α∇θLπ (θ ), φ← φ − α∇φLV (φ)

14: Update old policy network: πθold ← πθ
15: end for
16: end for

absolute reward magnitudes. The bold lines represent a
moving average to visualize the trend, while the faint lines
show the raw normalized data variability. The experiments
were conducted on a computer equippedwith 16GB of RAM,
a 16-core CPU, and an NVIDIA GeForce GTX 1660 Ti GPU.
Training tasks take between 138 and 187 minutes, depending
on the different traffic demands.

FIGURE 5. The learning curve under three traffic loads (see Fig. 4).

As shown in Fig. 5, the reward increases sharply during the
early iterations, indicating that the emission-efficiency-safety
reward provides an informative learning signal and allows the
policy to rapidly escape weak initial behaviors. The reward
then enters a slower improvement regime and gradually con-
verges to a high-performance plateau. After approximately
250-350 iterations, all scenarios maintain normalized reward
values above 0.9, suggesting that the learned policies are
stable and near-converged under diverse traffic loads. Among
the three cases, the capacity-flow scenario demonstrates the
fastest early improvement and reaches a high reward level
within the first 100 iterations, whereas the free-flow and
extreme scenarios show slightly slower progress and more
pronounced oscillations. Notably, a temporary reward degra-
dation is observed around the late training stage (roughly
iterations 470–510) for the capacity-flow and extreme-flow
curves, after which the performance recovers, reflecting
the inherent stochasticity of mixed traffic interactions and
perturbation sensitivity in microscopic simulation.

To further interpret the learned behaviors beyond scalar
rewards, Fig. 6 visualizes the spatiotemporal distribu-
tions of the speed-limit actions generated by the trained
MAPPO-VSL policy. Each row corresponds to one controlled
road segment, and each column denotes a control step over
the evaluation horizon. The policy outputs one of six discrete
speed limits in [22.22, 19.44, 16.67, 13.89, 11.11, 8.33] m/s,
where warmer colors indicate more permissive limits and
cooler colors indicate more restrictive limits.

FIGURE 6. Spatial distribution of speed limit control policies for three
distinct traffic demands.

In the free-flow scenario, the controller exhibits a largely
consistent control regime over most of the horizon with only
sporadic local adjustments, and it relaxes speed limits more
noticeably toward the later part of the episode.

In the capacity-flow scenario, the policy quickly forms a
coordinated, network-wide restrictive phase, characterized by
almost uniform low-speed limits on various road sections
for an extended period; subsequently, it entered a phase of
partial relaxation, selectively restoringmedium-to-high speed

67998 VOLUME 14, 2026



X. Fang et al.: MARL-Based Variable Speed Limit Control for Mixed Urban Traffic Flow

limits on some peripheral road sections. This behavior is
consistent with speed harmonization: proactively damping
flow instabilities during critical operating conditions while
avoiding unnecessary restrictions when the system becomes
more stable.

In extreme, perturbed flow scenarios, the learned strate-
gies become markedly more unstable, frequently switching
between restrictive and permissive speed limits in time
and space, indicating an adaptive response to time-varying
congestion patterns and queuing dynamics caused by
disturbances.

Overall, the learning curves and the control policy
heatmaps confirm that the proposed MAPPO-VSL frame-
work can reliably converge to high reward levels under
different traffic demands, and learn temporally and spatially
differentiated VSL strategies rather than applying a uniform
limit across the entire network.

B. ENVIRONMENTAL AND TRAFFIC PERFORMANCE
MEASURE
For a comprehensive assessment, the proposed
MAPPO-based VSL controller is compared with three
benchmark strategies: a no-control case with the default fixed
speed limit, a rule-based VSL controller, and an IPPO-based
VSL controller.

To benchmark the proposed MAPPO-VSL controller
against a representative non-learning heuristic, we implement
a rule-based variable speed limit (VSL) strategy driven by
local observation. For each controlled road segment e at
control step t , the controller reads its local occupancy ot,e ∈
[0, 1] and selects a discrete speed-limit action index ae,t ∈
{0, 1, 2, 3, 4, 5} via pre-defined thresholds:

ae,t =



0, ot,e < 0.15,
1, 0.15 ≤ ot,e < 0.30,
2, 0.30 ≤ ot,e < 0.45,
3, 0.45 ≤ ot,e < 0.60,
4, 0.60 ≤ ot,e < 0.75,
5, ot,e ≥ 0.75.

(12)

The published speed limit is then set to the corresponding
discrete level v(ae,t ) ∈ {22.22, 19.44, 16.67, 13.89, 11.11,
8.33} m/s, where a larger occupancy leads to a more
restrictive speed limit. For a fair comparison, it operates on
the same set of controlled segments and uses the same discrete
action set and update frequency as the learned MAPPO-VSL
policy during evaluation.

To study the effect of centralized training, we implement an
IPPO ablation by replacing the centralized critic Vψ (st ) with
decentralized critics V i

ψ (o
i
t ). All other components (actor

architecture, observation/action spaces, reward, and PPO
hyperparameters) are kept identical to MAPPO. Therefore,
any performance gap can be attributed to the availability of
global information in value estimation and the CTDE training
paradigm.

TABLE 2. CO2 emissions (kg) under different traffic demands.

The performance evaluation considers three traffic-related
indicators: total carbon dioxide emissions, cumulative travel
time, and TTC-based safety index. Carbon dioxide emissions
and travel time are aggregated over all controlled edges
during the 7200-s simulation horizon. Safety index computed
from the number of time steps at which the minimum TTC on
a controlled edge falls below 3 s:

safety index = 1−
ttcviolations

episode_length× E
(13)

where ttcviolations is count of edges whose minTTC < 3s
at that step. E is number of edges. The range of the safety
index is [0, 1]. According to this definition, a larger safety
index value indicates better safety performance; a value of
1 corresponds to zero TTC violations, whereas a value of
0 indicates a violation on every controlled edge at every time
step.

The environmental results are summarized in Fig. 7 and
Table 2. For CO2 emission and surrogate safety index,
we adopt a baseline-referenced visualization to highlight
the marginal effect of each control strategy: for any metric
m(t), the plotted quantity is defined as 1m(t) = m(t) −
mNC(t), where the subscript NC denotes the no-control case.
Accordingly, 1CO2(t) < 0 indicates emission reduction
relative to no control, while 1Safety index(t) > 0 indicates
improved safety relative to no control.

From the 1CO2(t) curves, the MAPPO-based VSL
consistently achieves the largest emission reduction under
free-flow and capacity-flow demands, with its trajec-
tory remaining predominantly below zero and below the
IPPO-based VSL curve, whereas the rule-based controller
yields positive 1CO2(t) over extended intervals, implying
higher emissions than the baseline. Under extreme flow,
the emission advantage becomes noticeably smaller and
more time-varying, yet MAPPO-VSL still provides the best
result. These findings indicate that coordinated VSL is most
effective for emission mitigation when the network operates
near, but not far beyond, its effective capacity; once the
system becomes heavily congested, the emission benefit
remains positive but is naturally constrained by the high
demand level.
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FIGURE 7. Comparison of carbon dioxide emissions under different
traffic flow conditions.

TABLE 3. Travel time (h) under different traffic demands.

The efficiency gains are even more pronounced in Fig. 8
and Table 3. The cumulative travel time results further cor-
roborate the efficiency benefit of MARL-based coordination.
Across all three demands, MAPPO-VSL produces the lowest
cumulative travel time, followed by IPPO-VSL, while the
rule-based VSL strategy significantly increases travel time
under capacity flow, indicating that purely local thresholding
may induce adverse speed-limit patterns and exacerbate
congestion spillback. The cumulative curves further show
thatMAPPO-VSL slows the growth of travel time throughout
the episode, which suggests better queue containment and
stronger suppression of stop-and-go propagation across the
urban corridor.

The safety results in Fig. 9 and Table 4 further support
the effectiveness of the proposed controller on improving
traffic safety. Both learning-based methods yield persistent
safety improvements relative to the no control case, with

FIGURE 8. Comparison of cumulative travel time under different traffic
flow conditions.

TABLE 4. Total TTC violations under different traffic demands.

MAPPO-VSL exhibiting the most stable and largest positive
margin, especially during the transient period after demand
ramp-up. The rule-based VSL strategy does not provide
a stable safety advantage and is even slightly worse than
no control under the two heavier demand conditions. This
result is important because it shows that locally reactive
speed-limit rules can be too myopic in a signalized urban
network. By contrast, MAPPO-VSL uses network-level
value estimation during training to coordinate upstream
and downstream actions, thereby achieving a better balance
among mobility, emissions, and surrogate safety.

Overall, the evaluation demonstrates a consistent
dominance of the MAPPO-based VSL controller over all
benchmark methods across the three demand scenarios. In a
fixed-time urban network, local occupancy is an imperfect
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FIGURE 9. Comparison of safety index under different traffic flow
conditions.

proxy for the true traffic state, because a high occupancy level
may represent either efficient platoon discharge during a fully
utilized green phase or the onset of downstream spillback.
As a result, the heuristic controller (e.g. Rule-based VSL)
can overreact to normal signal-induced compression, impose
unnecessarily restrictive limits, and reduce progression
efficiency rather than stabilizing the corridor. By contrast,
MAPPO-VSL is trained under the CTDE paradigm with
a centralized critic and a sequential decision mechanism,
enabling agents to learn cooperative speed harmonization
policies across the 12 controlled sections rather than isolated
threshold reactions. The demand-dependent differences
among the cumulative curves are also consistent with
classical traffic-flow theory. In the free-flow condition,
traffic demand remains below intersection capacity, queues
are discharged within each signal cycle, and the available
green time is not fully utilized. Under such conditions,
the system is already close to an efficient operating point,
so the benefit of VSL is naturally limited, and the main
requirement is that the controller remain non-intrusive. This
is exactly what the learned MAPPO policy exhibits: the
control pattern is largely uniform, with only sporadic local
interventions and a tendency to relax limits later in the
episode. In the capacity-flow, the network operates near
a critical state in which the green phase is fully utilized,
and small disturbances can trigger residual queues and
shockwaves. Accordingly, this scenario shows the largest
divergence among the curves. The learned MAPPO policy
rapidly forms a coordinated, network-wide restrictive phase

and then selectively relaxes peripheral links, which is
consistent with proactive speed harmonization; as a result,
it substantially flattens the growth of cumulative travel time
and suppresses emission accumulation. Under extreme flow,
incoming demand exceeds discharge capacity and residual
queues persist across cycles, so no strategy can fully restore
uncongested operation. In this condition, the practical role
of VSL is no longer to prevent congestion altogether, but
to delay breakdown, contain queue propagation, and reduce
the severity of stop-and-go oscillations. This explains why
all travel time curves rise sharply in the later stage, while
MAPPO-VSL still ends with the lowest cumulative travel
time and the fewest TTC violations. The performance gap
relative to IPPO-VSL confirms that the centralized critic is
not merely an implementation detail, but a key contributor to
network-level coordination, especially under capacity-flow
conditions where interactions among adjacent links are
strongest.

V. CONCLUSION
This paper presented a coordinated variable speed limit con-
trol framework for mixed urban traffic based on the MAPPO
algorithm and the centralized-training decentralized-
execution paradigm. The proposed method was implemented
in a microscopic SUMO environment representing a real
urban arterial network with 12 controlled road sections,
mixed CAVs/HDVs traffic, and realistic fixed-time signal
control. By combining shared multi-agent policies with a
centralized value function and a reward that jointly considers
carbon emissions, travel time, and TTC-based surrogate
safety, the framework is able to learn coordinated VSL
strategies for complex urban operations.

A key contribution of this work lies in enabling
coordinated, network-level VSL control for mixed CAVs
and HDVs in urban traffic. Unlike prior VSL approaches
that treat control points in isolation or rely heavily on
accurate traffic models, the proposed MAPPO-based method
leverages centralized training with distributed execution
to achieve cooperation across multiple arterial segments.
This method enables agents to learn globally informed yet
locally applicable control policies, thereby improving the
scalability and robustness of VSL operations in complex
urban environments. Another significant contribution is
the development of a training and evaluation environment
based on the microscopic traffic simulator SUMO and open
real-world traffic data. The framework models a mixed
urban network under three traffic conditions corresponding
to free flow, capacity flow, and extreme, perturbed flow. The
environment exposes step-wise objective metrics, including
carbon dioxide emissions, travel time, and TTC-based
surrogate safety. These metrics are further integrated into a
scalarized multi-objective reward.

Simulation experiments across free-flow, capacity-flow,
and extreme, perturbed traffic conditions demonstrate that the
MAPPO-VSL strategy exhibits strong adaptability to diverse
traffic demands. The coordinated VSL yields modest but
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non-disruptive benefits in free-flow, the greatest gains near
capacity, where shockwave suppression is most valuable, and
meaningful resilience benefits under extreme, perturbed flow.
The conventional rule-based VSL persistently underperforms
and even exacerbates traffic conditions. This degradation
occurs because the predefined occupancy thresholds often
trigger overly restrictive speed limits prematurely, creat-
ing artificial moving bottlenecks and localized congestion.
In contrast, the RL-based controllers learn to proactively
adjust speeds before critical congestion materializes. Spatial
analysis of learned policies further confirms that the agents
are capable of identifying congestion-prone bottlenecks and
applying spatially differentiated VSL actions rather than
uniform speed reductions, reflecting a nuanced understanding
of network topology and flow dynamics.

Ablation analysis results that centralized training is crucial.
Although the IPPO ablation performs better than the no
control case and heuristic controller, it remains consistently
inferior to MAPPO, especially under capacity-flow condi-
tions where cooperation among adjacent VSL locations is
most critical. This confirms that global information in the
critic helps the agents learn cooperative behaviors that cannot
be recovered from purely local value estimation.

In summary, the results verify that MAPPO-based VSL
control is a promising and scalable control layer for
mixed urban traffic networks and that it can complement
conventional signal control by improving environmental,
operational, and safety-related outcomes simultaneously.
Future work will focus on exploring continuous action
spaces for speed limits rather than discrete levels, potentially
enabling smoother speed transitions and greater passenger
comfort. Furthermore, assessing the impact of varying
CAVs penetration rates on control effectiveness could
provide deeper insights into transition strategies toward fully
automated traffic systems.
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