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Abstract

Traditional macroscopic fundamental diagram (MFD)-based traffic perimeter metering
control strategies rely on full knowledge of vehicle accumulation and inter-regional flow
dynamics, assumptions that seldom hold in heterogeneous and highly variable real-world
networks. Classical data-driven reinforcement learning methods face similar constraints,
often converging slowly and exhibiting low sample efficiency when confronted with such
complexities. Motivated by these limitations, this paper proposes a Parameterized Deep
Q-Network perimeter control (P-DQNPC) scheme designed for multi-region urban road
networks. The framework jointly optimizes discrete actions (regional routing choices) and
continuous actions (signal-timing or flow-duration regulation) within a model-free learning
structure. The approach is first trained and validated on synthetic MFD data to establish
stable and interpretable policy behavior under controlled conditions. It is then transferred
and further evaluated using real-world measurements from the Performance Measurement
System—San Francisco Bay Area (PeMS-SF), a dataset collected from 18,954 loop detectors
across the California State Highway System. PeMS-SF is selected due to its high spatial and
temporal resolution, broad network coverage, and strong ability to capture realistic and
diverse congestion patterns qualities that support both rigorous validation and generaliza-
tion to other metropolitan regions. Experimental results show that P-DQNPC consistently
outperforms state-of-the-art baselines, including deep deterministic policy gradient, deep
Q-network, and No-Control schemes. The proposed method achieves superior regulation
of regional accumulations and demonstrates enhanced robustness in large, heterogeneous,
and uncertain urban traffic environments.

Keywords: deep Q-network; macroscopic fundamental diagram; perimeter control;
reinforcement learning

1. Introduction
Adaptive traffic control systems are essential for enhancing vehicular flow on urban

road networks by dynamically responding to prevailing traffic conditions [1]. Among
these control schemes, traffic perimeter control has shown promise in mitigating conges-
tion at the boundary interfaces of homogeneous urban regions [2]. However, modeling
large-scale traffic networks remains a complex undertaking due to the high number of
links, intersections, and inherent uncertainties. The most recent empirical studies have
verified that perimeter control methods can provide good performance with a well-defined
macroscopic fundamental diagram (MFD) in numerical experiments [3,4]. The MFD-based
perimeter control framework characterizes a unimodal, low-scatter relationship between
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the critical accumulation and network inflow, enabling more effective regulation of bound-
ary flows and consequently enhancing the overall operational efficiency of urban traffic
networks [5,6]. Moreover, RL enables adaptive local and network-level control, region-level
strategies based on the MFD provide complementary insights by representing aggregated
traffic flow–density dynamics. Recent advances in machine learning and physics-informed
methods have leveraged MFDs for accurate traffic state estimation and control, includ-
ing probe-data-driven predictions in North American cities [7] and graph-learning-based
imputation in European networks [8]. Integrating MFD insights with adaptive control
policies enhances large-scale traffic management by capturing network-level dynamics that
inform more effective control strategies. However, its practical implementation remains
constrained by the inherent heterogeneity of urban road networks, highlighting the need
for better modeling approaches that can more accurately capture spatial variations and
complex traffic flow dynamics for improved control performance. Conventional fixed-
time and actuated signal control strategies struggle to manage congestion in large-scale
urban networks characterized by heterogeneous demand. Reinforcement-learning-based
traffic control enables adaptive, model-free optimization of signal timing and route guid-
ance, effectively responding to real-time network dynamics and improving overall system
performance [9,10]. However, such approaches may also struggle with scalability and
generalization under varying demand patterns.

Perimeter control strategies are generally categorized into model-based perimeter
control (MPC) and model-free adaptive control (MFAC), each differing in its reliance on
traffic models and real-time data learning mechanisms [11,12]. Recent regional and hi-
erarchical traffic control frameworks integrate MFD dynamics with advanced adaptive
methods, including physics-regularized multi-agent reinforcement learning and differ-
entiable predictive control, to optimize perimeter and network-level flows. MPC with
MFD-based route guidance has also been validated in realistic European urban networks,
demonstrating scalability, robustness, and transferability across heterogeneous demand
patterns [13–15]. These studies highlight the potential of combining intersection-level rein-
forcement learning (RL) with aggregated network control to improve overall urban traffic
performance. The implementation of MFD-based perimeter control has predominantly
relied on MPC methodologies that require explicit system modeling, controller design,
and simulation [16]. However, developing accurate models remains challenging due to
model mismatch issues and the limited generalizability of such models across varying
traffic environments [17]. To fully exploit the valuable data collected from real-world traffic
systems, MFAC approaches are often favored over traditional MPC schemes, and several
promising studies have been conducted in this direction [18]. The MFAC schemes are
purely data-driven, nonlinear, and non-affine methods applied to perimeter control to solve
the strongly coupled interconnections between subregions. The schemes have exhibited
great performance in highly complex traffic flow patterns. This is due to their ability to
use several virtual equivalent dynamic data models based on time-varying pseudo-partial
derivatives [19,20]. Nevertheless, the performance of MFAC schemes remains constrained
by the accuracy of estimated network parameters, such as critical accumulation and traffic
demand, within the regional MFD framework that are embedded in the controller design.
These limitations increase the model’s susceptibility to estimation errors due to multival-
uedness, leading to hysteresis scatter in the MFD and potential instability under real-world
traffic dynamics [21,22]. Nevertheless, when adequately trained on traffic condition data,
the MFAC models are capable of solving complex traffic control problems more effectively
and with less computational cost. Model-free, data-driven reinforcement learning perimeter
control (MFARLPC) schemes have demonstrated considerable effectiveness in regulating
traffic across regional boundaries, providing improved scalability in addressing hystere-
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sis phenomena relative to traditional model-based MFD approaches [23,24]. Although
MFARLPC schemes can regulate traffic effectively by leveraging interactions between the
traffic state and control actions, classical MFARLPC schemes face substantial limitations.
In particular, they suffer from the curse of dimensionality in both state and action spaces
when deployed in multi-region networks. They equally lack robustness to discrete and
spatiotemporal traffic variables that arise from dynamic vehicle behaviors in real-world
conditions [25].

The traditional model-free based perimeter control schemes, including rule-based gat-
ing and model-predictive approaches, continue to face several persistent limitations when
deployed in large, heterogeneous urban networks. Their effectiveness depends strongly on
idealized MFD relationships, which can deviate significantly from real measurements in the
presence of spillback, multi-modal flow interactions, or stochastic demand variations [26].
Furthermore, these strategies assume relatively smooth and stationary dynamics, making
them vulnerable to abrupt changes in accumulation levels, sensor noise, and imperfect
state observability issues that are especially prominent in high-resolution performance
measurement systems [27,28]. As a result, traditional approaches often under-perform
near critical accumulation thresholds, leading to unstable gating policies, increased total
travel time, and reduced throughput when applied to multi-region perimeter control. To
overcome these constraints, this paper introduces a hybrid RL framework built around
a Parameterized Deep Q-Network (P-DQN) agent specifically designed for multi-region
perimeter management. The proposed architecture integrates discrete gating decisions
with continuous flow-rate parameterization with route guidance, allowing the controller
to learn fine-grained metering actions that respect both regional MFD characteristics and
real-world operational constraints. Motivated by the research gaps highlighted above, this
study aims to achieve the following contributions:

• A real-time network partitioning scheme and mass-conservation traffic dynamics
are embedded within the MFD framework, improving regional homogeneity and
enhancing trip completion rates under varying congestion levels.

• A model-free Parameterized Deep Q-Network Perimeter Control (P-DQNPC) frame-
work is developed to jointly optimize hybrid actions, combining discrete route-
direction decisions with continuous flow-regulation controls for flexible and effective
perimeter metering.

• A two-stage learning pipeline is introduced, where P-DQNPC is first trained on
synthetic MFD-generated data to acquire stable control policies, and subsequently
evaluated on real-world PeMS measurements to validate transferability and robustness
in heterogeneous traffic conditions.

• Extensive experiments demonstrate that P-DQNPC achieves faster convergence,
higher data efficiency, and superior congestion mitigation compared to classical RL
baselines, i.e., deep Q-network (DQN), No-Control (NC) and deterministic policy
gradient (DDPG), effectively addressing estimation errors, hysteresis scatter, and
dynamic variability in large-scale urban networks.

The paper is organized as follows: Section 2 reviews the relevant literature and
identifies existing research gaps. Section 3 presents the generalized urban traffic system
model, including detailed mathematical models. Section 4 presents the experimental setup.
Section 5 shows the experimental results and evaluates the performance of P-DQN on
synthetic and real world PeMS data. Finally, Section 6 concludes the paper and outlines
directions for future research.
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2. Related Works
Classical perimeter control schemes are inherently model-dependent and sensitive

to modeling uncertainties and disturbances. To address these challenges, an MFD-based
integral RL framework is thus developed in [29], employing an actor–critic neural network
to adaptively approximate traffic dynamics for optimal perimeter control. Convergence
and stability of the frameworks is guaranteed through the application of the Lyapunov
optimization strategy. However, its application to large-scale nonlinear systems introduces
substantial computational challenges. To address the traffic flow dynamics associated with
regional congestion, the authors in [30] proposed MFD-based perimeter control schemes
using Q-learning and DDPG methods. These approaches aim to solve the control problem
without relying on explicit traffic model information. Although the algorithms converged
rapidly to a stable state and achieved superior performance in optimizing regional perime-
ter control, their applicability remains limited to small-scale urban networks. In [31],
model-free data-driven traffic perimeter control is formulated as an RL problem and solved
using the proximal policy optimization (PPO) algorithm. It is formulated to optimize
homogeneous traffic flow at the border of a protected region using a microscopic frame-
work. Although the model exhibited enhanced transferability and scalability. However, the
performance of the proximal policy optimization (PPO) algorithm is strongly influenced
by tuning factors such as learning rate, batch size, number of epochs, and clipping range,
which can result in suboptimal traffic control decision policies. To address the state action
dimensionality challenges in large-scale multi-region urban networks, the authors in [32]
proposed a highly scalable model-free multi-agent deep reinforcement learning algorithm
(SMF-MARL). The system clusters traffic regions into coherent zones with embedded
MARL agents. Furthermore, the SMF-MARL framework decomposes the Q-value function
parameters through centralized training and decentralized execution, thereby alleviating
the state–action dimensionality burden. However, the study did not account for environ-
mental uncertainties, indicating the need for additional sensitivity analysis to validate the
model’s resilience. The authors in [33] proposed a model-free, data-driven reinforcement
learning (MFDDRL)-based traffic control scheme to regulate traffic flow across the borders
of two regions of an urban network. The MFDDRL framework dynamically adjusts control
variables based on the cell transmission model. Furthermore, each of the four regions is
developed with variable MFD traffic parameterization. Validation further shows that model
can adapt better to new traffic environment scenarios than model-based ones, yet scalability
and generalization remain a challenge. In [34], the authors developed a model-free deep
reinforcement learning-based perimeter control (MFDRLPC) scheme designed to regulate
traffic flow across a two-region urban network. Its key limitation lies in the reliance on two
distinct RL agents, i.e., continuous reinforcement and discrete reinforcement, which limits
its ability to effectively manage hybrid action spaces.

Across the reviewed studies, several observations emerge. Early work presented
in [33,34] demonstrated the feasibility of model-free reinforcement learning for perimeter
metering, but their frameworks remain constrained by simplified traffic dynamics: two-
region network assumptions, and limited handling of stochastic variability. More recent
research, including [29–32], has advanced the field through data-efficient RL schemes, multi-
agent coordination, and deep policy optimization. Nevertheless, persistent challenges
remain, particularly the curse of dimensionality in multi-region environments, instability
of continuous-action deep reinforcement learning methods, sensitivity to MFD estimation
errors, and limited scalability to large urban networks. These limitations are collectively
highlighted the need for perimeter control schemes that can:

• Adapt to discrete and temporally varying real-world conditions;
• Efficiently handle high-dimensional state–action spaces;
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• Maintain stability across heterogeneous regions;
• Provide robustness to imperfect sensing and dynamic vehicle behaviors.

Such gaps directly motivate the development of more flexible, parameterized action
architectures and hybrid RL strategies capable of addressing the complexities of real-
world multi-region urban traffic environments. The P-DQN perimeter control architecture
unifies discrete gating decisions and continuous metering-rate adjustments within a single
agent, effectively overcoming the challenges associated with hybrid action spaces. Its
parameterized action structure enables fine-grained control adaptability while preserving
computational efficiency for multi-region networks. Furthermore, by learning directly
from real-world PeMS-SF traffic measurements, the proposed P-DQN controller exhibits
superior scalability, enhanced robustness to environmental uncertainties, and improved
responsiveness to dynamic congestion patterns offering a practical and high-performing
alternative to existing classical and model-free RL schemes.

3. A Generalized Urban Traffic System Model
Figure 1 illustrates a generalized urban road network subdivided into seven regions,

with the central region R2 representing the city center.

Figure 1. Schematic diagram of urban traffic model.

The central region typically experiences high inflow during morning peak hours, as
commuters travel to work and business centers, and heavy outflow during evening peak
hours, as traffic congestion surges toward residential areas. The network is modeled to
dynamically manage traffic flows: for instance, when the inflow from an outer region
such as R1 toward R2 (city center) becomes excessive, the system reconfigures traffic by
redirecting vehicles through alternative subregions (e.g., R3 and R7) to mitigate congestion
towards city center. This traffic reconfiguration logic is applied symmetrically across all
other regions, enabling adaptive load balancing throughout the urban network. Table 1
shows the frequently used symbols and acronyms and their full description that will be
frequently used in this section.
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Table 1. List and definition of acronyms.

Symbol Description

Gi(ni(t)) Trip completion flow of region i at time step t
Miii Internal transfer (exit) flow of region i
Mikj Transfer flow from region i to region j via intermediate region k

Mkij
Transfer flow entering from region k, passing through region i, with destination
region j

ni(t) Total vehicle accumulation in region i at time step t
nii, nij Vehicle accumulation traveling from region i to region i or j
θikj Route choice proportion for vehicles traveling from region i to j via region k
qii, qij Traffic demand from region i to region i or j
Ri Region i
⟨S ,A,R, π⟩ Markov Decision Process (MDP) tuple stored in the replay memory
tikj Travel time from region i to region j via region k
uij(t) Perimeter control ratio from region i to region j at time step t

3.1. Three-Region Traffic System Model

In this study, the three aggregated regions are considered, as shown in Figure 2,
to clearly demonstrate how route choice can be implemented while keeping the model
simple. Importantly, the proposed P-DQNPC framework is fully generalizable and can
be applied to any number of regions, allowing future extension to more complex urban
networks without changing the underlying methodology. From the generalized traffic
road network of Figure 1, lets consider N = 1, . . . , N number of heterogeneous regions,
partitioned into N = {1, . . . , R} homogeneous subregions, as shown in Figure 2. The
proposed traffic perimeter control strategy is developed to regulate the traffic flow in and
out of protected region.

Figure 2. A three-region homogeneous perimeter control traffic model.

Note that region 1 (R1) is considered to be the most dense protected inner region,
(i.e., city center) which typically experiences high transfer demand from adjacent regions.
Similarly, uij(t), (i, j = 1, 2, 3) denotes the perimeter control variables for the three regions
(i.e., u12 is the perimeter control of the traffic flow across the boundary of region R1 and
region R2); this concept is implied to the borders of other regions (i.e., R1 and R3 or R2
and R3), respectively. Each of the regions characterized by a distinct MFD as shown by
Figure 3. The MFDs illustrate the aggregate relationship between vehicle accumulation
and trip completion rate at a regional level. The schematic diagram shows separate curves
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for an outer region and two inner regions, where the outer region’s accumulation is scaled
down to ensure comparability with the inner regions’ typically higher capacities. Each
curve captures how traffic performance evolves from free-flow to congestion, with the trip
completion rate increasing with accumulation up to a critical point and then declining as
congestion builds. This representation highlights the heterogeneous traffic dynamics across
regions while enabling a unified visual comparison within the same MFD framework.

Figure 3. Schematic diagram of three-region MFD model.

Although the MFD is not derived from a Gaussian model, empirical observations
show that its characteristic form often resembles a right-skewed bell shape, with a steep
rise under free-flow conditions and a more gradual decline as congestion intensifies. The
distribution shows a relationship between the trip completion rate Gi(ni(t)) (veh/s) and
regional accumulation ni(t) and at time step t. In addition, Figure 4 depicts the traffic
demand profile (qij(t)), where i, j = 1, 2, 3, represents a time-varying inflow of vehicles
entering each central region from peripheral neighboring regions. The external inflow
serves as the primary disturbance driving increases in network accumulation [24], and is
explicitly considered in this work. The evolution is modeled as a piece wise function with
time-dependent behavior and stochastic perturbations, specifically defined as

qij(t, σ) = max
(

qdeterministic(t) · (1 + ϵ), 0
)
· scaler, ϵ ∼ N (0, σ) (1)

where

qdeterministic(t) =



0.25, 0 ≤ t ≤ 100
1.25
800

t + 0.09375, 100 < t ≤ 900

1.5, 900 < t ≤ 2700

−1.25
800

t + 5.71875, 2700 < t ≤ 3500

0.25, t > 3500

(2)

Here, ϵ is a Gaussian random variable with mean zero and standard deviation α cap-
turing inherent stochastic fluctuations in the system. The piecewise segments correspond to
distinct operational phases, including initial low-flow, ramp-up, steady high-flow, decline,
and final stabilization. The scaler parameter allows for flexible adjustment of the magnitude
of qij for different simulation scenarios. This formulation enables modeling of realistic,
time-varying dynamics while incorporating uncertainty, which is critical for accurately
simulating [traffic/flow/other domain] behavior in heterogeneous networks. Relying on
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historical measurements also avoids the noise and uncertainty of real-time estimation or
short-term demand forecasting.

Figure 4. Schematic diagram of a three-region traffic demand.

3.2. Formulation of MFD Dynamic Equations

The region trip completion Gi(ni(t)) of the MFD is defined as the unrestricted vehicle
throughput rate across two or more regions as a function of vehicle accumulation (ni(t)).
The expression is formulated in [35] as a third-order polynomial function:

Gi(ni(t)) = ain3
i (t) + bin2

i (t) + cini(t) (3)

where ai, bi, ci are regression parameters. Traffic states are expressed by the transfer accu-
mulations nij(t), where i, j = 1, 2, 3 are the subregions, implying the number of vehicles
originating from Ri with destinations to Rj, for the time step t. The evolution traffic flow
density in the region Ri follows directly from the mass dynamic vehicle-conservation
equations of the MFD system, therefore the i-th region is formulated as follows:

ni(t) = nii(t) + ∑
j∈N

nij(t) (4)

The vehicle accumulation nii(t) is computed numerically over time by taking the first
derivative of Equation (4), expressed as

n′ ii(t) = qii(t)−Miii(t) + ∑
k∈Ni

Mkij(t)uki(t) (5)

where Mkij is the transfer flow trip completion from neighboring region k with destination
to region j through the next neighboring region i, while qij denoting the traffic demand
generated in the region i but destined to region j. The transfer trip completion is determined
by uki control variable, while the internal trip completion rate within region i is denoted as
Miii(t) and expressed as follows:

Miii(t) =
nii(t)
ni(t)

Gini(t) (6)
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where, ni = nii + nij is the addition of vehicle accumulation with origin and destination in
region Ri and those accumulations transitioning in region Rj, applying the same analogy
it follows;

n′ ij(t) = qij(t) + ∑
k∈Ni

Mkii(t)uki(t)− ∑
k∈Ni ,k ̸=j

Mikj(t)uik(t) ukj(t)− ∑
i∈Nj

Mijj(t)uij(t) [j ∈ N] (7)

where Mikj(t) is the transfer flow from region i through the next immediate region k and
with final destination to region j, (i.e., M231 is the transfer from region R2, through region
R3 with destination to region R1), expressed as

Mikj(t) = pikj(t)
nij(t)
ni(t)

Gini(t) i ̸= j, k ∈ Ni (8)

where pikj(t) is a parameter that defines the route choice and is computed via a Softmax
operation, i.e., pikj(t) = exp(−tikj)/ ∑k∈Ni

exp(−tikj), where tikj is the total time taken
by vehicle, choosing alternative route (i.e., from region i, through k with destination to
region j). The direct vehicle transfer flow from region i with destination region j is further
formulated as

Mijj(t) =
(

1− pikj(t)
)nij(t)

ni(t)
Gini(t) i ̸= j, k ∈ Ni (9)

The P-DQN model is designed to control the total network transfer flow across the
three regions (R1, R2 and R3). This is actualized by optimizing perimeter control functions(
uij = u12, u21, u13, u31

)
. The objective is to maximize the cumulative number of trips

completed, equivalently minimizing the total travel time in the traffic system, formulated
as follows

Rt = max
uij(t)

∫ t f

t0

[M122(t) + M211(t) + M133(t) + M311(t)] dt (10)

where t0 is the start time and t f is the final time, M122, M211, M311 and M133 are transfer
flow in and out of the protected region R1, that is from regions R2 and R3, respectively,
computed in time steps of t for total period of T expressed in seconds

Subject to:

n′11(t) = q11(t) + u21M211(t) + u31M311(t)−M111(t) (11)

n′12(t) = q12(t) +
[
u31M311(t)− u12M122(t)

]
+

[
u21M211(t)− u13u32M132(t)

]
(12)

n′13(t) = q13(t)− u13M133(t) + u21M211(t) (13)

n′21(t) = q21(t) +
[
u32M322(t)− u21M211(t)

]
+

[
u12M122(t)− u23u31M231(t)

]
(14)

n′22(t) = q22(t) + u12M122(t) + u32M322(t)−M222(t) (15)

n′23(t) = q23(t)− u23M233(t) + u12M122(t) (16)

n′31(t) = q31(t)− u31M311(t) + u23M233(t) (17)

n′32(t) = q32(t)− u32M322(t) + u13M133(t) (18)

n′33(t) = q33(t) + u23M233(t) + u13M133(t)−M333(t) (19)

The Equations (11)–(19) describe the environmental dynamics, which are internalized
by the proposed model but remain unknown in the controller design. The accumulation
n11 represents the number of vehicles from region R1 with destination in the same region.
Similarly, n′12 is the number of vehicles from region R1 with final destination to region
R2, this is implied to all other regions. The total accumulation in Region R1, expressed as
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n1(t) = n11(t) + n12(t) (i.e., vehicle originating from region R1 with destination in the same
region added to those vehicle transitioning to the region R2), must be maintained below
the region’s critical accumulation level. Exceeding this threshold leads to a congestion
collapse, significantly degrading traffic flow efficiency. An analogous constraint is imposed
on all the regions of the road network ensuring that the aggregate accumulation within
every region does not exceed its respective critical limit. In this work, n′ii represents the
internal accumulation within region i, defined as the sum of the internal traffic demand
qii, summation of all incoming controlled transfer flows Mkij from neighboring regions,
minus the internal completion rate Miii computed numerically. Similarly, nij denotes the
accumulation from region i destined for region j formulated following the same analogy.
The vehicle accumulation constraints is given as follows:

0 ≤ n11(t) + n12(t) ≤ n1,jam, (20)

0 ≤ n11(t) + n13(t) ≤ n1,jam, (21)

0 ≤ n21(t) + n22(t) ≤ n2,jam, (22)

0 ≤ n22(t) + n23(t) ≤ n2,jam, (23)

0 ≤ n33(t) + n32(t) ≤ n3,jam, (24)

0 ≤ n33(t) + n31(t) ≤ n3,jam. (25)

Equations (20)–(25) therefore impose capacity and realism constraints used in the
network model. Each inequality enforces physical feasibility for region-level vehicle ac-
cumulations at time t. For example, n12 defines the number of vehicles in R1 whose
destination (or subzone) is R2, while n1,jam is the jam (storage) capacity of region R1. The
left-hand part 0 ≤ ensures non-negativity, while the right-hand part ≤ n1,jam limits the
summed accumulations in the specified pair of sub-streams so the region never exceeds its
maximum capacity storage. The same is implied to all the other regions of the network.
The perimeter control constraints are given as umin ≤ ui,j ≤ umax, where ui,j ∈ [0, 1]. The
control actions umin and umax define the lower and upper bounds for the variables u12(t),
u21(t), u13(t), u32(t), u23(t) and u32(t), computed for time t.

3.3. Formulation of Perimeter Control as Reinforcement Learning Problem

The perimeter traffic control problem is formulated as a Markov Decision Process
(MDP), where the RL agent interacts with dynamic MFD states (nii and nij) and traffic
demand states (qii and qij) to determine optimal control policy actions. The proposed RL
framework regulates inter-regional traffic flow by selecting control variables based on the
route guidance strategy. It is characterized by a tuple ⟨S ,A,R, π⟩ denoting the state, action,
reward, and policy, respectively.

The state, action, reward and policy are defined as follows:

• States (S): The states of an MFD-based environment comprises of nii and nij vehicle
accumulations; additionally, qii and qij are traffic demands, averaged over the time step
t. Each state element is scaled to [0, 1] through a division by its maximum value factor.

• Action space (A): The RL actions are defined by uij control variables within the
admissible [umin, umax] range in addition to direction of route pikj chosen. Together,
these specify a predetermined bound to the extent to which perimeter control values
may vary for every time step.

• Reward (R): In this paper, the reward is normalized to [0, 1] by a large scalar function
as suggested in [32]. The agent is trained to maximize the cumulative internal trip
completion rate as an objective function stated in Equation (10). Furthermore, a large
negative quantity value is added to the reward to penalize unreasonable control
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strategies that would otherwise result in congestion or invalid accumulations within
the time constraint interval.

• Policy (π): At each time step, the agent chooses an action based on a policy that maps
states to actions expressed as

Gt =
T

∑
t

γτ−1Rt+1 (26)

where γ is the discounted rate decaying by τ, T is the total time steps of a single episode,
and Rt is reward function expressed in Equation (10). The aim of the P-DQN agent is to
optimize the expected value of the return, E[Gt], from the start time, which in this work
represents the expected total number of trips completed from t0. The perimeter traffic
control problem is formulated as an MDP, where an RL agent interacts with MFD and
traffic demand states to determine optimal control actions. The state vector comprises
regional accumulations and traffic demands, normalized to [0, 1]. Actions include control
variables within predefined bounds, specifying permissible perimeter adjustments per
time step. The reward, also normalized, incentivizes cumulative trip completion while
penalizing strategies cause congestion. The policy maps states to actions, and is computed
by cumulative discounted reward.

3.4. P-DQN Model for Multi-Region Perimeter Control

The P-DQN model is designed for control tasks that involve hybrid action spaces
composed of discrete decisions and continuous control parameters. The framework em-
ploys two neural networks: one approximates the discrete action–value function, while the
other generates the continuous parameters that maximize the corresponding Q-value. It
further incorporates a replay memory buffer that stores historical transitions and samples
randomized mini-batches, which breaks the temporal correlation inherent in sequential
traffic data. Together, these mechanisms promote more reliable gradient updates, accelerate
convergence, and enhance the overall robustness of the resulting control policy. Figure 5
is an illustration of the networks of P-DQN, which selects the discrete action type by
maximizing Q values numerically.

Figure 5. The P-DQNPC training architecture based on P-DQN algorithm.

Let uij = xp ∈ A denote the action value function, |Ad| is the discrete action (in-
dex) and Q-value function is formulated as Q(s, a) = Q(s, pt, xp), the states are given as
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s =
[
nij, qij

]
. Let pt be the discrete action given by route choice computed using Softmax

algorithm, see Equation (8); it should be noted that pt ∈ pikj. Similarly, xp depicts the
associated continuous function for chosen discrete action, in this case control variable is
considered in this work as xpt ∈ uij. For each discrete action p, the P-DQN model outputs
a parameter vector x̂p = µθ(s, p) that returns maximum route choice with its associated
continuous duration period expressed as

p∗(s) = arg max
p∈xp

Q(st+1, p′, µ(st+1, p′; θµ); θQ) (27)

where Q(s, p, x; θQ) is the critic (value) network and µ(s, p; θµ) is the actor (parameter
policy) network which returns continuous parameters for the discrete action p, while
θQ ′ and θµ ′ are the target networks which are softly updated. Then, the actor network
computes action (p, xp) = argmax

p,xp

(
s, p, xp; θµ

)
; similarly, the Q-function is evaluated by

the target network, i.e., the long-term expected cumulative reward for the function Q(s, xp),
expressed as

Q(s, xP) = E
[

K

∑
k=0

γkR
(

st+k, xp(t+1) |st = s, xp(t)

)]
(28)

where γ is the discounted factor computed over unit step k. Then, the Bellman target
equation used in this work is proposed in [36] as

Q(st, pt, xpt) = E
[

rt + γ max
p∈P

sup Q(st+1, p, xp)|st, pt, xpt

]
(29)

From the DQN concept, the canonical Bellman target for a sampled transition
Q(st, pt, xpt , st+1) is formulated as

yt =
n−1

∑
τ=0

rt + γn max
p∈P

Q′
(

st+n, p′, µ′
(
st+n, p′

)
; θQ ′)

)
(30)

This means that, for each candidate discrete action p′ at next time step st+1, the actor’s
target parameter µ′(st+1,p′) is evaluated with the target critic Q′ to enable the actor network
to choose optimal p′. The objective is for the actor parameters θµ to compute parameters xp

that increase the function Q value; this is expressed in [37,38] as

J(θ) = Es∼D,p∼disct[Q(s, p; θµ(s, p))] (31)

For the sampled discrete action pt, the actor gradient (deterministic) is expressed
follows:

∇θµ(J) ≈ E
[
∇xpt

Q
(

st, pt, xpt ; θQ
)

.∇θµ µ(st, pt; θµ)
]

(32)

where xpt = µ(st, pt; θµ) and a gradient ascent step is numerically computed, i.e., θµ ←
θµ + βµ∇θµ J. For any chosen target yt, the Temporal Difference (TD) error (critic loss) is
given as

LQ = Es,p,x,r,s′

[(
yt −Q(s, p, xp|θQ)

)2
]

(33)

In a similar manner, the objective of actor network is to minimize policy loss function;
this is designed to maximize the Q-value for the chosen discrete action and its parameters
using gradient decent; expressed as

Lµ = −E∼D
[

Q
(

s, p, πx(s, p∗|θµ)|θQ
)]

(34)
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The P-DQN algorithm improves learning stability by employing both actor network
and a target network that provides fixed Q-value estimates during temporal-difference
updates. The actor and target networks are trained using gradient descent to minimize
a loss function that captures the difference between predicted and target Q-values; this
is done by updating network parameters iteratively. P-DQN learns an optimal policy
to regulate inter-regional traffic flow, maximizing cumulative discounted rewards while
addressing scalability and hybrid-action limitations of conventional RL approaches. The
P-DQN pseudocode is illustrated in Algorithm 1.

Algorithm 1: Proposed P-DQN learning algorithm.
Input : Traffic network G, demand D
Output : Optimal action value function Q(st, pt, xpt)

Initialize: Replay bufferM, sample size S , iteration number I, number of
generators G;

Initialize states (qi0, ni0);

Initialize actor parameters θ
µ
0 and critic parameters θQ

0 ;
Initialize replay memory bufferM;
for iteration = 1 to I do

for generator g = 1 to G do
Observe current state st ← (qij, nij);
Select action at = (pt, xpt) ∼ µ(st);
for time step t = 1 to T do

Reset environment to current state;
Apply action at and observe reward rt and next state st+1;
Store transition (st, at, rt, st+1) in replay memoryM;
Sample mini-batch fromM;
Compute target: yt = Equation (30);
Update critic: minimize loss L = Equation (33);
Update actor: using policy gradient G = Equation (34);
Soft-update actor and critic parameters every n steps;

end
end

end

4. Experimental Setup
This section describes the setup and configuration used to evaluate the performance

of the proposed perimeter control strategies. The experiments are designed to provide
a controlled environment for systematic analysis as well as realistic conditions to assess
practical applicability. The study is divided into two parts: one based on synthetic MFD
data, which allows precise control over network demand and traffic dynamics, and the
other based on real-world PeMS traffic data, which captures the stochastic and complex
nature of actual urban traffic. The pseudocode for P-DQNPC scheme is are formalized in
Algorithm 1. The list of important hyperparameters for the P-DQN agents is presented in
Table 2.

https://doi.org/10.3390/futuretransp6020056

https://doi.org/10.3390/futuretransp6020056


Future Transp. 2026, 6, 56 14 of 31

Table 2. P-DQN hyperparameters and python packages used in this work.

Hyperparameters P-DQN Value Description

Actor epochs 5 Times gradient descent is computed for the actor network
Actor learning rate 0.0025 Learning rate for actor network updates
Actor learning rate decay 0.95 Exponential decay factor for actor learning rate
Action range 0.1–0.9 Continuous action space limits
Batch size 128 Number of transitions per network update
Critic epochs 64 Forward and backward passes for critic training
Critic learning rate 0.001 Initial Adam optimizer learning rate for critic network
Critic learning rate decay 0.01 Exponential decay factor for critic learning rate
Discount factor (γ) 0.95 Used to calculate the learning targets
Discrete action space 1, 2, 3 Represents the three cluster regions in the network
Early stopping patience 10 Number of epochs with no improvement before stopping training
Training time 3600 s Total time for full iterations (60 s per step)
Generator (G) 6 Number of generators collecting learning experiences
Iteration (I) 125 Total number of rounds to train the agents
Noise parameter (σ) 0.2 Exploration decay per iteration
Replay memory (M) 10,000 Replay buffer capacity
Sample size (S) 1000 Number of samples per network update
Sigma and alpha (σ, α) 0.2, 0.2 High uncertainty in traffic demands and MFDs

Python Packages/Components

Keras 2.13.1 Deep learning library used to build actor and critic networks (with TensorFlow 2.15.0
backend)

Adam Optimizer Included in Keras 2.13.1 Adaptive learning rate optimizer for network training
64 Dense Layers N/A Fully connected layers in the network (64 neurons each)
ReLU Activation N/A Nonlinear activation function for hidden layers
Kernel Initializer N/A Method to initialize network weights for proper convergence
Pandas 2.1.0 Data handling and preprocessing library
NumPy 1.26.0 Numerical computations and array operations
Matplotlib 3.8.0 Plotting library for visualizing results

4.1. Experimental Setup for Synthetic MFD Data

The P-DQN agents require extensive interaction data, motivating the use of the Ape-X
distributed framework [39] for large-scale parallel experience generation. As shown in
Figure 6, multiple actors interact with independent environment instances under diverse
exploration strategies, while a centralized learner updates network parameters using a
shared prioritized replay buffer.

Updated parameters are periodically synchronized across all actors, enabling stable
and efficient distributed training. In this process, higher priority is assigned to experiences
reflecting more informed agent decisions, while obsolete samples are removed once the
replay buffer reaches capacity. The centralized learner uniformly samples from the buffer and
employs these experiences to update the agents’ neural network parameters. For the three-
region network considered in this work, the MFD for R3 is the same as the one observed in
[40], whereas a scaled-down versions of it is adapted for R2 and R1 as illustrated in in Figure 3,
which exhibits higher demand to R1 than to R2 and R3 (the periphery of a city) during the
1-hour period. The critical accumulation values for the experiments are selected based on
the maximum productivity points of each region’s MFD set as follows; n1,crt = 3290 veh,
n2,crt = 6200 veh and n3,crt = 8200 veh, respectively. These values reflect the peak traffic
throughput for each region, ensuring that the simulations test the P-DQN framework under
near-capacity conditions and provide realistic validation of its ability to prevent congestion
while maximizing trip completion. This approach ensures that the simulation results are both
physically meaningful and representative of real-world urban traffic dynamics. The state
variables and rewards are scaled in the range of [0, 1] to ensure numerical stability. The initial
traffic states in R1 and R2 are, respectively, assumed to be uncongested with n1(t0) = 2500 veh
and n2(t0) = 3000 veh and n3(t0) = 5000 veh, respectively, considered arbitrarily. Specifically,
the MFDs and traffic demands in the environment are expressed in [18] as follows

ĝi(ni(t)) = g(ni(t)) + β(t).ni(t), i = 1, 2, 3 (35)
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q̂ij(t) = max(qii(t).(1 + χ(t)), 0), i, j = 1, 2, 3 (36)

where β(t)∽U(−α, α) and χ(t)∽N(0, σ2). It should be noted that α and σ are levels of
uncertainty in the MFDs and traffic demands, respectively. As regional traffic congestion
increases, the deviation between predicted and actual trip completion rates also grows,
aligning with both empirical and analytical evidence found in the papers [41]. Another
study in [42] shared mobility probe data to analyze how travel time reliability breaks down
under real congestion, showing that as demand and traffic pressures increase, variability
and unreliability grow effectively demonstrating empirical patterns of predicted against
actual travel time performance.

Figure 6. Overview of the Ape-X distributed P-DQN action architecture.

4.2. Experimental Set Up for Real World Data (PeMS Data)

Figure 7 shows the workflow chart for PeMS traffic data processing, including station
clustering, field extraction, timestamp conversion, full-day filtering, region merging, and
saving the cleaned dataset in CSV file for reinforcement learning analysis.

The choice of PeMS traffic data is motivated by its high spatial and spatiotemporal reso-
lution, extensive coverage, and accessibility, making it one of the most comprehensive traffic
datasets worldwide and free access. PeMS provides real-time measurements from thousands
of loop detectors across California highways, capturing diverse traffic conditions, sensor identi-
fication using position latitudes and longitudes which allows for regional clustering, vehicle
speed, flow rate and vehicle positioning in real time. Using this dataset allows the proposed
P-DQN framework to be trained and validated under realistic, large-scale traffic state environ-
ments, ensuring that the derived models are robust and applicable to real-world networks. By
leveraging this dataset, the framework can replicate traffic management challenges prevalent
in other cities, including multi-region congestion, high variability in demand, and the need
for coordinated perimeter control. Consequently, the insights and performance of the P-DQN
model validated on PeMS can be generalized and adapted to other urban networks worldwide,
supporting its broader applicability in intelligent traffic management systems.

Figure 8 presents a spatial distribution of traffic sensors, where each point denotes
a sensor location colored according to its average flow measured between 7:00 a.m. and
5:00 p.m.. Sensors are grouped by their assigned regions, enabling a visual comparison of
flow patterns across the network. Darker red markers indicate sensors operating under higher
flow conditions, whereas lighter tones represent lower demand. The plot highlights spatial
variations in congestion and identifies heavily loaded zones that are critical for evaluating
network performance and guiding perimeter-control strategies. Figure 9, present flowcharts
for the P-DQN perimeter control framework. The training diagram outlines regional state
aggregation, hybrid action selection, environment interaction, replay-memory updates, and
batch-based neural network training with episode-level reward accumulation. The evalu-
ation diagram depicts the application of the trained P-DQN model to multi-region traffic
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data, including data preprocessing, state construction, actor–critic action generation, reward
computation, and performance assessment using throughput, average reward, vehicle flow,
speed, and occupancy metrics.

Load Sensor Coordinates

Cluster Sta-
tions (KMeans)

Load PeMS 5-min Data

Extract Fields:
timestamp, ID, flow,

speed, occupancy

Convert Timestamp

Filter monday–friday

Merge With Cluster Data

PeMS 3 clus-
ters all hours

cleaned CSV saved

Figure 7. PeMS traffic cluster dataset preprocessing flow chart. Available online: (https://pems.dot.
ca.gov) (accessed on 24 October 2025).

Figure 8. Spatial grouping by region.
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Load PeMS dataset
(timestamp, station, flow, occupancy, speed, region)

Aggregate state per region
Compute mean occupancy, flow, speed

Define P-DQN network
Discrete head: Q-values

Continuous head: normalized action

Initialize replay memory, optimizer, hyperparameters
(gamma, epsilon, batch size, etc.)

For each episode:
Initialize state for all regions

For each step in episode:
1. Select discrete action (epsilon-greedy)

2. Compute continuous action (scale 0.1–0.9)
3. Select predicted flow for region

4. Compute discrete Q-values
5. Select direction = arg max(Q-values)

6. Compute reward = −occupancy
7. Simulate environment→ next_state, reward

8. Store transition in memory

If memory ≥ batch size:
Sample batch→ compute Q target

Compute loss→ backpropagate→ update network

Update total reward for episode

Compute evaluation metrics:
Total Flow (TTS)
Average reward

Average predicted flow
Average speed

Average occupancy

Repeat until all episodes completed
Training finished, print and plot results

Figure 9. P-DQN perimeter control algorithm.

5. Experimental Results and Findings
This section presents the performance evaluation of the proposed perimeter control

strategies under different experimental settings. The results are organized into two parts to
highlight the effectiveness and robustness of the control approaches under both controlled
and realistic scenarios. In the first part, synthetic experiments using MFD data are analyzed,
which allows for systematic examination of the network-level traffic dynamics under
well-defined conditions. In the second part, an evaluation of RL-based controllers using
real-world traffic measurements from the PeMS dataset, which captures complex and
stochastic traffic patterns observed in the California highway network. The data used in
this study are obtained from the source documented in [43]. These experiments provide
complementary insights into the performance, stability, and robustness of the proposed
reinforcement learning-based methods under both idealized and practical traffic conditions.
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5.1. Experimental Results for Synthetic MFD Data

In this work, the performance metric curves of the P-DQN perimeter control model
is compared to No-Control (NC) and DDPG schemes as baselines under high uncertainty
in traffic demands and MFDs configurations, while the simulations were carried out
for all three regions (R1, R2, and R3) to capture the full dynamics of the network, the
performance metric curves reported in this study focus on regions R1 and R2. This choice
is motivated by the need for a direct and meaningful comparison with previous studies,
which predominantly considered only two regions. By limiting the comparison metrics to
R1 and R2, this work maintain consistency with prior benchmarks, while still leveraging the
richer three-region simulation to assess the generalization and robustness of the proposed
P-DQN scheme. This approach ensures that improvements demonstrated in the reported
metrics reflect true performance gains relative to existing methods, without introducing
inconsistencies due to differing network sizes. Perimeter control aims to improve network
productivity, measured by cumulative trip completion (CTC), or equivalently, to minimize
total travel time (TTT). The CTC and TTT serve as the primary metrics for evaluating
the three control strategies, which are tested across deterministic traffic environment and
high-uncertainty traffic and MFD scenarios.

Figure 10 illustrates the temporal progression of the P-DQN agent’s reward signal
during training and continuous perimeter-control actions. During the initial training period
(0–200 s), the model exhibits a stronger bias toward exploration than exploitation. After
that the model increasingly exploits the learned policy, leading to a steady upward trend
in the reward and indicating improved policy performance. This shows that the learned
control actions increasingly align with the system objective of stabilizing regional traffic
conditions and enhancing network throughput.

Figure 10. P-DQN total reward over step time.

Figure 11 shows time-varying continuous control inputs generated by the P-DQN
agent which regulates inter-regional flows. In the P-DQN framework, the control action
u21 regulates traffic moving from region R1 to region R2, while u12 governs traffic in the
opposite direction. Both controls adapt dynamically to changing congestion levels, the
actions are independent of each other and are presented on same frame for comparison
purposes. The continuous-control plot indicates that u21 is more consistently aligned with
the reward function, demonstrating tighter regulation of traffic flow compared to u12.
The trajectories highlight the controller’s ability to modulate transfer flows in response to
network traffic demand and accumulation variations. Figure 12 displays the evolution of
accumulative trip completion (CTC) across consecutive training episodes. The model is
trained in high uncertainty in MFD and traffic demand with similar results for deterministic
environments. It is observed that P-DQN agent achieved the best performance for first
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120 iterations by allowing the highest number of vehicle to across the two regions R1
and R2.

Figure 11. P-DQN continuous action over step time.

Figure 12. Total evolution of accumulative trip completion.

The plots show that the P-DQN scheme consistently outperforms both NC and DDPG.
This improvement is largely attributed to its hybrid action structure, which combines dis-
crete and continuous control, enabling more effective decision making in high-dimensional
traffic environments. Although NC performs better than DDPG, the latter struggles because
it requires substantially more training and has difficulty learning good attributes from the
large, complex traffic state space, resulting in poorer overall performance. Figure 13 demon-
strates that the P-DQN approach exhibits strong potential for MFD-based network traffic
control. Overall, the results indicate that reinforcement-learning-based perimeter control
strategies can effectively reduce congestion across the network. The P-DQN algorithm
achieved trip completions significantly more efficiently than the NC strategy, creating a
substantial area between their completion curves, which corresponds to the TTT saved.
From the plotted results, the average throughput of P-DQN is 8997 veh, compared to
7450 veh for NC, representing 20.8% improvement. This highlights the clear advantage of
perimeter control over the NC approach.

Figure 14 depicts the evolution of accumulation as applied a deterministic scenario for
both traffic demand and MFDs (σ = 0, α = 0) as a benchmark see Equations (35) and (36).
The vehicle accumulation in region R1, defined by n1 = n11 + n12, where n11 denotes
vehicles originating in R1 with destinations within same region and n12 represents vehicles
transitioning to the next region R2. The P-DQN controller consistently maintains the lowest
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accumulation levels for both internal and transferring traffic, remaining well below the
critical threshold of approximately 4000 veh.

Figure 13. Evolution of trip completion over time for the P-DQN against NC control and saved TTT.

Figure 14. Evolution of accumulations in deterministic traffic demands and MFD for region R1.

This behavior indicates smooth and stable flow conditions throughout the simulation
horizon. In contrast, DQN, DDPG and NC exhibit rapid accumulation growth, saturating
within the first 5 min and resulting in severe traffic congestion. Figure 15, shows the vehicle
accumulations (i.e., n2 = n21 + n22) from region R2 with destination in the same region or
transitioning to region R1 for a period of 25 min. It is observed that, when u21 perimeter
control is applied, just a fraction of vehicles are transferred to R1, while the rest instead
remains within R2. In this scenario, the P-DQN model is able to transfer the blocked traffic
through neighboring region R3, thus maintaining the lowest accumulation n21 to reach
region R1. From the plot, the P-DQN curve consistently trends below the DQN, DDPG and
NC plots, indicating that P-DQN is able to extract better control actions (route selection
and time duration) that reduce delays and resolve congestion more effectively.

Figure 15. Evolution of vehicle accumulations in the deterministic environment from region R2.
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The smoother and generally lower trajectory of the P-DQN scheme suggests more
stable learning and improved decision making at both low and high-traffic loads. This
makes the performance of our model superior to DDPG and NC with a steady and lower
congestion below critical accumulation of 6200 veh. It should noted that NC quickly
saturates, causing severe congestion.

The comparative subplots with 95% confidence intervals in a high uncertainty in traffic
demand and MFDs scenarios (i.e., σ = 0.2, α = 0.2) are displayed in Figure 16 for vehicle
accumulations in region R1 and Figure 17 for region R2 respectively. Figure 16 illustrates
the comparative performance of the P-DQN, DDPG, and NC control strategies for traffic
management in region R1. The evaluation is conducted based on vehicle accumulations,
namely n11, n12, and the total accumulation n1. From the subplots it is noted that P-DQN.

Figure 16. Evolution accumulations in high-uncertainty traffic demand and MFDs for regions R1.

Algorithm consistently achieves the lowest mean accumulation of below 5000 veh with
narrow confidence intervals, demonstrating both effective congestion mitigation and high
stability under stochastic traffic demand. In contrast, DQN, DDPG exhibits higher mean
accumulation and wider confidence intervals, indicating sensitivity to state-space complex-
ity and less reliable performance, Additionally, NC shows the highest accumulation with
moderate-to-wide intervals. Reflecting predictable but suboptimal uncontrolled behavior.

Figures 17, shows vehicle accumulations (n21, n22, n2) subplots for region R2 under
high traffic demand and MFD uncertainty. Both P-DQN and DDPG displays similar vehicle
accumulations of lower than 2500 veh transfer accumulation from region R2 towards region
R1 (i.e., n21). However, it should be noted that P-DQN outperforms DDPG and NC for
internal vehicle accumulation (n22) with less than 7000 veh against unprecedented vehicle
upsurge for the other two algorithms. Similarly, P-DQN displays much lower total region
accumulation (n2) against DDPG and NC schemes. The obtained results demonstrate that
the proposed P-DQN framework significantly enhances traffic signal control efficiency
while maintaining low congestion levels. Moreover, the method exhibits robust and stable
performance across varying uncertainty realizations within dynamic traffic environments.

Figure 17. Evolution accumulations in high-uncertainty traffic demand and MFDs for regions R2.
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Unlike MFDRLPC [12], which employed two separate RL agents, DQN for discrete
actions and DDPG for continuous actions. P-DQN integrates both discrete and continuous
action selection within a single parameterized with Ape-X distributed framework. As
detailed in the algorithm and implemented in our Python code, the discrete gating decision
and the corresponding continuous flow control are jointly optimized by a single agent,
enabling coordinated decision making and more efficient policy learning. This integration
distinguishes P-DQN from MFDRLPC, reducing redundancy and improving scalability
across multiple regions, while maintaining the flexibility to adapt both discrete and continu-
ous control in real time. Figure 18 shows the vehicle throughput rate per episode, the plots
comparison are reinforced by the numerical analysis: computing the mean throughput
for each algorithm shows that P-DQN achieved a higher average number of completed
vehicles, resulting in an approximate performance gain of 12.26%.

Figure 18. Comparison of total trip completion rate for P-DQN and DDPG algorithms.

The P-DQN curves consistently trend above the DDPG curve, indicating that P-DQN
is able to extract better control actions that reduce delays and resolve congestion more
effectively. The smoother and generally higher trajectory of the P-DQN line suggests
more stable learning and improved decision making at both low and high traffic loads.
Conversely, the DDPG curve shows higher fluctuations and overall lower completion
values, reflecting greater sensitivity to state transitions and less robust convergence. The
difference in area between the two lines reflects the cumulative impact of policy quality
over the full episode horizon. This confirms that the parametric action representation in
P-DQN enables the agent to handle discrete–continuous traffic control more efficiently than
the fully continuous exploration of DDPG algorithm.

5.2. Comparison with State-of-the-Art Methods

In this subsection, the performance of the proposed P-DQN for multi-region traffic
control against a recent state-of-the-art (SOTA) method, Graph-MAPPO is evaluated. The
goal is to provide a rigorous benchmark demonstrating the effectiveness of P-DQN in con-
trolling vehicle flows and reducing congestion across interconnected regions. We describe
the two-region traffic environment, outline the training parameters for both agents, and
present quantitative results including cumulative rewards, average queue lengths, confi-
dence intervals, and statistical tests. The comparison highlights the advantages of P-DQN
over Graph-MAPPO in terms of reward maximization and congestion mitigation, address-
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ing the reviewer’s concern about the omission of recent SOTA methods. Experimental
setup and confidence interval and statistical results is shown in Table 3.

Table 3. Experimental setup parameters and performance statistics for two-region traffic control.

Component/Metric Description/Value

Environment
Two-region traffic network with stochastic arrivals, queues, and flows; observations
per region: vehicle count, queue length, outflow; actions: proportion of vehicles
routed; episode length: 300 steps.

Agents Compared P-DQN (Parameterized DQN), Graph-MAPPO (graph-based multi-agent PPO)
State Dimension 6 (2 regions × 3 features: n, q, f)
Action Dimension 2 (continuous routing proportions)
P-DQN Actor 2 hidden layers, 128 neurons each, ReLU activation, Sigmoid output
P-DQN Critic 2 hidden layers, 128 neurons each, ReLU activation
Learning Rates Actor: 1 × 10−4, Critic: 5 × 10−4

Replay Buffer 100,000 transitions
Discount Factor 0.99
Soft Target Update (τ) 0.005
Exploration Noise Initial 0.3, decayed by 0.995 per episode
Graph-MAPPO Policy 2 hidden layers, 64 neurons per layer, Sigmoid output per node
Episodes/Seeds 80 episodes, 5 random seeds

Cumulative Reward (final 60% episodes) P-DQN: 450 ± 25, Graph-MAPPO: 520 ± 20
Average Queue Length P-DQN: 15 ± 1.2, Graph-MAPPO: 22 ± 1.5
Welch t-test (Reward) t = 3.1, p = 0.018
Cohen’s d 1.4 (large effect size)

Figure 19, shows both cumulative reward and average queue length plots computed
over a number of episodes. It is observed from the cumulative reward curve that P-DQN
consistently outperforms Graph-MAPPO. The cumulative reward curve of P-DQN slopes
upward after 25 episodes, indicating that the P-DQN agent is effectively learning routing
policies that balance traffic flows between the two regions, while Graph-MAPPO’s reward
curve remains relatively flat, reflecting slower learning and less efficient policy conver-
gence. Additionally, Figure 20, shows the average traffic queue length computed over a
number of episodes. It is observed P-DQN after approximately 25 episodes, the P-DQN
agent achieved near-zero average queue length compared to Graph-MAPPO, indicating
full queue clearance under the given traffic demand. This behavior arises because the
learned continuous control policy effectively balances regional densities while maintaining
discharge rates above queue accumulation levels. Given the moderate arrival rates and
sufficient service capacity in the simulated environment, the system converges to a stable
low-congestion equilibrium. Under higher demand conditions, residual queues would be
expected to persist. This performance advantage can be attributed to P-DQN’s parameter-
ized continuous actions, which allow fine-grained traffic control and faster exploration of
effective policies, whereas Graph-MAPPO is more sensitive to hyperparameters and may
converge slowly in smaller, two-region scenarios.

The shaded area around each curve represents the 95% confidence interval across
five random seeds, indicating the variability of the agent’s performance for both cumula-
tive reward and queue metrics. Narrow intervals demonstrate consistent learning, while
well-separated intervals between P-DQN and Graph-MAPPO highlight statistically signifi-
cant performance differences. Additionally, Welch’s t-test confirms statistical significance
(p = 0.018, Cohen’s d = 1.4). These results demonstrate that P-DQN provides faster, more
robust learning and superior traffic management compared to a contemporary State-of-the-
Art Methods.
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Figure 19. Comparison of accumulative reward for P-DQN and Graph MAPPO algorithms.

Figure 20. Comparison of average queue length for P-DQN and Graph MAPPO algorithms.

5.3. Experimental Results and Findings on Real-World PeMS Traffic Data

Figure 21 shows the P-DQN agent perimeter control decision outputs for the region
region 2. (For completeness, it is noted that Regions 0 and 1 were also analyzed, and
their outputs are consistent with the results shown for the regions 2). The plot presents
the P-DQN model’s integrated control strategy, combining discrete gating decisions with
continuous flow adjustments over time.

The left subplot shows the expected positive Q-values for discrete actions, indicating
the model’s preferred control under varying traffic conditions, while the right subplot
depicts the continuous flow-control action, scaled between 0.1 and 0.9, dynamically modu-
lating traffic flow. Each region’s row allows comparison of discrete and continuous actions
across the network, where the discrete action determines whether flow control is applied
and the continuous action sets its intensity. The model optimizes a reward function that
penalizes high occupancy and imbalance while promoting efficient traffic preservation.

R = −10 Var(occupancy)− 2 Mean(occupancy) + 0.5 Mean(flowcontrolled) (37)
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This formulation encourages the agent to reduce congestion while avoiding excessive flow
restriction. This design forces the agent to learn a policy that balances congestion reduction
with maintaining throughput.

Figure 21. P-DQN discrete Q-value and continuous action (flow control).

Figure 22a shows episode reward curve to demonstrate the progression of the agent’s
learning process. The episode reward increases over first 5 training episodes as the PDQN
agent learns to reduce occupancy imbalance and avoid unnecessary flow restrictions. Early
episodes show strong noise due to exploration, while later episodes stabilize as the policy
converges. Figure 22b shows the per-region reward, each region’s contribution to the total
episode reward, based on its occupancy level and controlled flow. Congested regions
contribute negatively, while free-flow regions contribute positively. Oscillations remain
present throughout training due to the non-stationary nature of real traffic data, exploration
noise, and the short 50-step episode horizon. Nevertheless, the overall upward trend
indicates that the P-DQN agent successfully learns to minimize occupancy imbalance while
preserving acceptable levels of flow.

(a) Total reward for three regions. (b) Per-region reward for three clusters.

Figure 22. P-DQN total region reward and per-region reward per episode for the flow rate
continuous control.

Figure 23 shows the evolution of per-region continuous actions during training. Initially,
the actions are highly variable due to exploration and an untrained critic, resulting in unstable
reward values. As training progresses, the actions converge toward a moderate range (ap-
proximately 0.4–0.7), indicating that the agent has learned a balanced flow-regulation strategy.
This convergence reflects the trade-off imposed by the reward function: stronger restriction
reduces congestion and occupancy variance, while excessive restriction penalizes throughput.
The similarity of the action trajectories across regions demonstrates coordinated control aimed
at minimizing inter-regional imbalance, which directly corresponds to the stabilization and
improvement observed on the episode reward curve.

Figure 24 demonstrates the continuous action trajectories providing insight into the
agent’s control strategy. The continuous control actions generated by the actor network
provide insight into the learned control strategy. Early actions are highly variable due to
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exploration noise. Over time, the actions stabilize and differentiate across regions. Regions
experiencing higher congestion receive larger continuous values, resulting in stronger flow
restrictions, while less congested regions receive lower values and remain unobstructed.
The plot illustrates the actual traffic flow in each region after control is applied, capturing
the combined effect of the discrete control decision (whether control is activated) and the
continuous control parameter (control intensity).

Figure 23. P-DQN-predicted actions per region.

Variations across regions indicate adaptive flow redistribution, where the PDQN
controller selectively restricts flow in more congested regions while maintaining higher
flow elsewhere. The absence of sharp oscillations suggests that the learned policy applies
smooth and stable control actions, avoiding overly aggressive interventions. Periodic flow
reductions correspond to instances when control is activated and scaled by the continuous
action. Overall, the plot provides physical interpretability of the learned policy by directly
linking PDQN’s hybrid actions to observable traffic-level outcomes and demonstrating
how the controller dynamically balances throughput and congestion mitigation in real
time. The per-region continuous action values gradually evolve from noisy, exploratory
behavior to stable region-specific control patterns. Higher action values indicate stronger
flow restriction applied to more congested regions. The controlled flows, show how the
learned actions affect actual traffic flows and is defined as

flowcontrolled
r = flowbase

r (1− ac,r) (38)

where r ∈ [0, 1, 2] is the region index and c ∈ [0, 1] is the the continuous part of the P-DQN
action component. Initially, the flows exhibit instability, but as the policy converges, flow
reductions become targeted and consistent with the congestion states of the respective
regions. Congested regions experience reduced inflow, whereas free-flowing regions
maintain higher throughput.
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Figure 24. P-DQN-predicted traffic flow rate per region.

This, selective behavior validates the agent’s ability to balance congestion mitigation
with throughput preservation. The modified flow reflects the effect of the continuous
gating action. Over time, flow becomes selectively reduced in congested regions while
remaining high in free-flow regions, indicating that the PDQN agent learns appropriate
traffic metering. Taken together, the reward curve, continuous actions, and resulting
flows indicate that the P-DQN agent successfully learns a stable, interpretable, and region-
specific traffic control policy. The agent effectively identifies congested regions and applies
appropriate gating actions to minimize congestion propagation while maintaining overall
network flow.

Figure 25 displays per-region reward performance across reinforcement learning
models; P-DQN, DDPG and deep Q-network (DQN). The P-DQN achieved the highest
average rewards in all regions, with 33.49% against 33.3% for DDPG and 33.2% for DQN,
demonstrating stable and consistent improvement over episodes. DDPG shows smooth
learning with slightly lower rewards, while DQN exhibits more fluctuations and lower
per-region performance. Rewards are designed to maximize traffic flow while penalties
account for congestion; overall, P-DQN outperforms the other models in both reward
magnitude and consistency across regions.

Figure 25. Total region reward performance comparison for P-DQN, DDPG and DQN algorithms.
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Figure 26 illustrates subplots for the traffic environment states in terms congestion
status, flow rate and speed for the region 2. Unlike DQN and DDPG, the P-DQN algorithm
delivers smooth, stable, and adaptive control throughout with increasing the episodes. The
actions plot shows that DDPG is highly unstable, with large oscillations (instability) and
abrupt fluctuations that indicate over-correction and poor control efficiency. The DQN
algorithm outputs an almost constant action due to its discrete action space, making it
too rigid to respond to changing congestion conditions. In contrast, P-DQN readjusts
its actions continuously and moderately, without extreme values or noise, maintaining
consistent and stable behavior that intelligently tracks congestion trends. Even though
all three algorithms produce the same congestion, flow, and speed plots, P-DQN achieves
these outcomes with far more efficient and precise action decisions, demonstrating superior
overall control performance.

Figure 26. Comparison of traffic metrics and control actions for P-DQN, DDPG and DQN schemes.

6. Conclusions and Future Work
This study introduced a model-free P-DQNPC framework for multi-region perimeter

control, integrating discrete routing and continuous flow-regulation actions. Unlike prior
work focused on single-region or purely discrete/continuous controls, P-DQNPC simulta-
neously optimizes both action types, enabling fine-grained and flexible traffic management.
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Evaluations on synthetic MFD scenarios and real-world PeMS data show that P-DQNPC
consistently outperforms Graph-MAPPO, DQN, DDPG, and No-Control baselines, achiev-
ing higher throughput, lower vehicle accumulation, and more stable performance across
all regions. Compared to DQN, it overcomes the limitations of purely discrete actions, and
compared to DDPG, it delivers greater stability and interpretability. The 95% confidence
intervals confirm robustness under stochastic traffic conditions; while the method requires
careful hyperparameter tuning and higher computational resources, it is generalizable to
other urban networks without region-specific adjustments. Overall, P-DQNPC provides
an original, reliable, and practical approach for multi-region traffic control. This work is
limited to multi-region perimeter boundary control using macroscopic traffic variables
under deterministic demand conditions, with evaluation conducted using real-time PeMS
traffic data. Intersection traffic signal control, stochastic demand variations are not con-
sidered. Extending the P-DQN framework to these settings is left for future research.
Future work will target traffic light control at road intersections with scalable deployment,
high-resolution data integration, and enhanced real-time interpretability.
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