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Abstract

Optimizing traffic performance using artificial intelligence (AI) has consistently been
a prominent direction in the development of intelligent transportation systems. While
numerous studies have proposed methodologies for integrating cooperative connected
and autonomous vehicles (CCAVs) with traffic signal systems via V2X communication,
they often rely on simplified control strategies or lack effective coordination between
signal timing and vehicle behavior. In this study, we propose a novel, integrated traffic
signal control strategy combined with CAVs using deep reinforcement learning. Our key
differentiation lies in the simultaneous optimization of signal phases using the Soft Actor—
Critic (SAC) algorithm and the regulation of CCAVs via cooperative adaptive cruise control
and Green Light Optimal Speed Advisory. This dual approach allows the signal controller
to leverage rich state information from CAVs and the road infrastructure, enabling more
anticipatory and cooperative decisions. The proposed approach is implemented and
evaluated through various scenarios using the Simulation of Urban MObility (SUMO)
platform. The results demonstrate the superior learning performance and robustness of
the proposed model. Specifically, our proposed model achieves a significant reduction in
average vehicle waiting time by up to over 80% compared to baseline models under high-
demand scenarios (4800-6000 veh/h). These findings underscore the critical importance of
joint optimization in future intelligent transportation systems, paving the way for more
resilient urban traffic management.

Keywords: deep reinforcement learning; adaptive traffic signal control; cooperative connected
and autonomous vehicles; green light optimal speed advisory; cooperative adaptive cruise
control; soft actor—critic

1. Introduction

The rapid growth of urban populations, especially in metropolitan areas, has placed
heavy demands on transportation infrastructures. Along with economic development and
technological progress, the surge in private vehicle ownership and use has outstripped the
expansion of transport facilities, creating a mismatch between supply and mobility needs.
As aresult, traffic congestion has emerged as an unavoidable issue, becoming increasingly
intricate and difficult to resolve. Its negative impacts span across the economy, public
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health, and the environment [1,2]. Thus, alleviating congestion continues to be a central
research priority in global traffic engineering.

To address this challenge, many large cities have adopted adaptive traffic signal con-
trol (ATSC) systems such as SCOOT [3] and SCAT [4] to regulate intersection flows. These
rule-based systems rely on data collected from conventional sensing devices. Alternative
approaches, including fuzzy logic [5-7] and genetic algorithms [8,9], have also been investi-
gated. Nevertheless, during this stage, technological constraints limited the quality of data
acquisition, hindering the design of truly optimal traffic management strategies.

Recent advances in both wired and wireless networking have made it possible to
efficiently collect and transmit massive amounts of traffic data. Within this context, the
Internet of Things (IoT) has been recognized as a key enabler for smarter congestion mitiga-
tion [10]. Vehicular Ad Hoc Networks (VANETSs) [11], as a specific type of wireless ad hoc
system, provide protocols for reliable vehicle-to-vehicle (V2V) and vehicle-to-infrastructure
(V2I) communications, strengthening both the adaptability and robustness of traffic control
systems. Traditional control approaches often depend on detailed dynamical models to gen-
erate control signals. However, the scale of available datasets and the inherent uncertainty
in traffic systems reduce the practicality of such model-based strategies. Consequently,
attention has shifted toward intelligent and adaptive control methods capable of making
effective decisions without explicit reliance on exact system models.

Reinforcement learning (RL), grounded in Markov decision processes (MDPs), offers
a strong foundation for tackling such uncertain control problems [12]. RL has proven
essential in advancing intelligent traffic management, but classical RL techniques store
state—action values in tabular form, which becomes computationally infeasible for large-
scale applications such as traffic signal optimization. A major breakthrough in this regard
has been the incorporation of deep neural networks (DNNs). This integration, referred to as
deep reinforcement learning (DRL) [13], combines RL principles with the representational
power of DNNSs, enabling the effective handling of large and complex state-action spaces.
Accordingly, DRL [14,15] has been increasingly applied in traffic control research. Seminal
contributions to this field include the works of Genders and Razavi [16], Gao et al. [17], and
Liang et al. [18], which focus on training autonomous agents to manage isolated, simulated
traffic intersections. These foundational approaches share a common methodological
framework, employing Convolutional Neural Networks (CNNs) to represent the agent’s
policy and utilizing Q-learning as the core training algorithm. The primary distinctions
among them emerge in the design of the reward functions, the architectural complexity
of the simulated intersection. The same work is extended to a more general concept
discussing several on-policy, off-policy RL algorithms on various state, action, and reward
definitions in an experimental view [19]. Along with the three state representations and
the variable-phase action model in [20], the authors also tested their models with the
binary action model in a fixed green-phase cycle and four reward functions, including
waiting time and queue length. However, DRL models may perform poorly during early
training, potentially causing suboptimal or unsafe signal timings. Effective DRL training
requires extensive simulation data and computational resources, which can be a barrier for
real-time applications.

In parallel, the rise in connected and autonomous vehicles (CAVs) and vehicle-to-
everything (V2X) technologies [21,22] introduces new opportunities for congestion reduc-
tion. Traffic performance is strongly influenced by driver behavior, and human-driven
vehicles (HDVs) are a major source of unpredictability and inefficiency. Cooperative con-
nected and autonomous vehicles (CCAVs) [22,23] mitigate these shortcomings by operating
autonomously and coordinating with other vehicles and infrastructure. This not only im-
proves the mobility of individual vehicles but also enhances collective traffic flow, reducing
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disorder and amplifying the benefits of adaptive signal control. By utilizing V2X communi-
cation, CACC enables continuous data exchange (e.g., position, velocity, acceleration, lane
change intentions), allowing for synchronized platoon behavior with shorter and more
stable headways. This enhances safety, increases road capacity, and reduces fuel consump-
tion. Many studies have explored CACC through simulation and performance analysis.
Wang et al. applied first-order consensus algorithms for weighted and constrained distance
control [24], later extending this to second-order consensus with predecessor-following
and predecessor-leader-following topologies. Third-order consensus approaches further
incorporated longitudinal acceleration differences [25-27]. An MPC-based scheme was also
proposed to optimize cooperative driving at signalized intersections [28]. PLEXE supports
flexible platoon formation using models like Krauss [29], IDM [30], and ACC/CACC [31],
with its mechanisms and applicability analyzed in existing traffic flow and vehicle con-
trol studies.

Despite significant progress in both deep reinforcement learning for traffic control and
the development of connected and autonomous vehicles, the synergy between these two
domains has yet to be fully realized. A careful examination of the current literature exposes
three fundamental limitations that our work aims to overcome. First, existing DRL-based
traffic signal control studies predominantly treat vehicles as passive elements whose behavior
is exogenously determined rather than actively coordinated. While researchers have made
significant progress in optimizing signal timing using DRL algorithms [32-36], the underlying
traffic dynamics remain governed by human driving models (e.g., Krauss) that introduce
stochasticity and instability. This creates a fundamental asymmetry: the signal controller
adapts to traffic conditions, but vehicles do not adapt to the signal controller beyond basic
stop—go responses. The result is a one-way adaptation rather than genuine bidirectional
coordination. Second, current approaches to integrating CAVs with traffic signals exhibit a
decoupled control architecture. Although several studies have proposed methodologies for
connecting CAVs with traffic signal systems via V2X communication [37-40], they typically
implement hierarchical or sequential control schemes where signal timing and vehicle
behavior are optimized independently. For instance, GLOSA algorithms compute advisory
speeds based on fixed signal schedules, while CACC controllers maintain platoon stabil-
ity without explicit awareness of downstream signal timing. This separation ignores the
synergistic potential of simultaneous optimization, where signal decisions could anticipate
vehicle responses and vehicle trajectories could actively shape signal timing decisions.
Third, the exploration—exploitation trade-off in DRL-based signal control remains inade-
quately addressed for highly dynamic traffic environments. Value-based methods (e.g.,
DQN) and deterministic policy gradient methods (e.g., DDPG) often converge to sub-
optimal policies or exhibit instability under varying demand patterns [41]. While these
algorithms have demonstrated promise in controlled settings, their performance degrades
when traffic conditions become highly stochastic, precisely the conditions where adaptive
control is the most needed. The lack of explicit exploration mechanisms and susceptibility
to overestimation bias limit their practical applicability.

Motivated by these limitations, this paper proposes a tightly coupled cyber—physical
control framework that jointly optimizes traffic signal timing and cooperative vehicle
longitudinal behavior at signalized intersections. The main contributions of this work are
summarized as follows:

e  We formulate the ATSC problem as a Markov decision process and employ the SAC al-
gorithm to learn robust signal control policies under highly dynamic traffic conditions.
By incorporating a maximum entropy objective, the proposed signal controller bal-
ances reward maximization with policy stochasticity, leading to improved exploration
and training stability compared to value-based and deterministic policy gradient
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methods. More importantly, the entropy-regularized formulation allows the signal
controller to exhibit anticipatory behavior, adapting phase selections proactively in
response to evolving queue dynamics shaped by cooperative vehicle motion.

e  This study further develops a cooperative connected and autonomous vehicle (CCAV)
control scheme that combines V2V-based cooperative adaptive cruise control with a
Green Light Optimal Speed Advisory algorithm designed in this work. While CACC
is adopted to maintain stable platoon coordination, the proposed GLOSA strategy
utilizes real-time signal information via V2I communication to enable anticipatory
speed adjustment when approaching intersections. The integration of CACC and
the developed GLOSA forms a unified CCAV framework that improves trajectory
smoothness and reduces unnecessary stopping.

e  We propose a unified cyber—physical control framework that jointly optimizes traf-
fic signal timing and connected autonomous vehicle (CAV) behavior at a signalized
intersection. Unlike existing studies that treat adaptive traffic signal control (ATSC)
and vehicle control as two independent layers, the proposed framework establishes a
closed-loop interaction between infrastructure-level decisions and vehicle-level longi-
tudinal control. Specifically, the traffic signal controller, trained using Soft Actor—-Critic
(SAQ), explicitly exploits real-time traffic states influenced by cooperative adaptive
cruise control (CACC), while CAVs dynamically adjust their motion in response to
signal decisions via V2I communication. This bidirectional coupling enables genuine
cooperative control between signals and vehicles rather than simple coexistence.

e  Extensive simulations are conducted in SUMO across a wide range of traffic demand
levels and CAV penetration rates. The proposed SAC_CCAV framework is systemati-
cally compared with representative baseline methods, including DQN, DDPG, and
A2C. The experimental results demonstrate that SAC_CCAV consistently outperforms
all baselines in terms of cumulative reward, average waiting time, throughput, and
average speed. Notably, the proposed method achieves an over 80% reduction in
average waiting time under high-demand conditions and exhibits strong robustness
as traffic demand and system complexity increase.

The remainder of this paper is organized as follows. Section 2 formulates the traffic sig-
nal control problem, describing the intersection geometry, signal phase configuration, and
key assumptions underlying our approach. Section 3 presents the proposed methodology
in two parts: first, the deep reinforcement learning framework for adaptive signal control
using the Soft Actor—Critic algorithm, including the definition of the state space, action
space, and reward function, and second, the cooperative connected and autonomous vehi-
cle control layer integrating cooperative adaptive cruise control and Green Light Optimal
Speed Advisory. Section 4 describes the experimental setup in SUMO and provides compre-
hensive results comparing the proposed SAC_CCAYV framework against baseline methods
across various traffic demand scenarios and CAV penetration rates. Finally, Section 5
concludes this paper and outlines directions for future research.

2. Statement of Problems

We study a four-way signalized intersection with three lanes on each incoming ap-
proach. The intersection consists of four entry edges (E1~E4), representing the east, west,
north, and south directions, and four corresponding exit edges (—E1~—E4). Each entry
edge contains three lanes: lane 0 is dedicated to left-turn movements, lane 1 is reserved
for through movements, and lane 2 supports both through and right-turn movements.
This configuration results in twelve distinct traffic movements within the intersection (see
Figure 1). All lanes are assigned the same maximum speed limit.
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Figure 1. Studied intersection.

To prevent conflicts among traffic flows, the intersection is governed by four traffic
signal phases (illustrated in Figure 2). At any given time, only one phase is active (green
light), while the others remain inactive (red lights). Signal transitions follow a binary
control mechanism. Before switching phases, the currently active phase must pass through
a 3 s yellow interval to ensure safety. During this period, vehicles already inside the
intersection may continue, while those waiting behind the stop line must remain stationary.
In this study, to ensure pedestrian safety and optimize vehicular traffic efficiency, the
intersections are assumed to be equipped with pedestrian overpasses or underpasses. This
configuration eliminates conflicts between pedestrians and vehicles, allowing the proposed
DRL-based control model to focus solely on vehicular signal optimization. Consequently,
the implementation and evaluation of the control algorithms become more straightforward
and effective.

I N
Irin —
JL -

Figure 2. Phases of traffic lights.

Jr

We assume that each lane is equipped with reliable traffic detection devices, pro-
viding stable and noise-free measurements for signal control. Additionally, vehicle-to-
infrastructure (V2I) and vehicle-to-vehicle (V2V) communication technologies are fully
available to all connected and autonomous vehicles (CAVs). This ensures the seamless
exchange of information without interference or delay, enabling cooperative control for
improved traffic safety. For human-driven vehicles (HDVs), strict adherence to traffic
regulations is assumed at all times. Furthermore, abnormal situations such as vehicle
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breakdowns in the middle of the road or other disruptions to traffic flow are excluded
from consideration.

3. Methodology

In this section, we present the methodological framework of the proposed cooperative
traffic control system. The overall architecture consists of two tightly interacting layers: an
adaptive traffic signal controller based on deep reinforcement learning and a cooperative
connected and autonomous vehicle (CCAV) control layer. The signal control problem
is formulated as a Markov decision process and optimized using the Soft Actor—Critic
algorithm, while the vehicle layer integrates cooperative adaptive cruise control (CACC)
with a signal-aware Green Light Optimal Speed Advisory (GLOSA) strategy. Through
V2V and V2I communication, the two layers influence each other, enabling coordinated
infrastructure—vehicle interaction at the intersection. The following subsections describe
the signal control formulation and the CCAV framework in detail.

3.1. Adaptive Traffic Signal Control Using Deep Reinforcement Learning

Markov decision processes are optimization models for decision-making under uncer-
tainty, where actions influence both immediate and future rewards by affecting subsequent
states. MDPs provide a formal framework for modeling sequential decision-making prob-
lems in stochastic environments, allowing agents to learn from interactions to achieve
desired goals. We formulate the ATSC problem as a Markov decision process (MDP):

M= (S, A P, R, v) ()

where S represents traffic states (queue lengths, waiting times, signal phase), A is the set of
available signal phases, P denotes transition probabilities from state s to s’, R is the reward
function penalizing congestion and v is the discount factor.

In this study, we employ the Soft Actor—Critic (SAC) algorithm to learn an optimal
strategy for traffic signal control. SAC is an off-policy Actor—Critic algorithm within the
framework of Maximum Entropy Reinforcement Learning.

In essence, the objective of SAC is not only to maximize the cumulative return but also
to maximize the entropy of the policy. This means that the agent is encouraged to achieve
high rewards while maintaining as much randomness as possible during the learning
process. SAC adopts an Actor—Critic architecture consisting of two critic networks (Q-
functions) and one actor network (policy function). To stabilize training, it also leverages
target networks similar to DDPG and TD3.

The objective function of SAC is extended by adding an entropy term to the standard
objective, expressed as follows:

T

J(0) =} B apymp, [V (r(st,80) + aH (7 (- | 51)))] 2)

t=0

where H(7t(- | st)) denotes the entropy of the policy at state s;, and « € (0, 1) is the
temperature parameter controlling the trade-off between reward maximization and en-
tropy maximization.

A notable feature of SAC is the use of two independent Q-functions, with the minimum
of their predicted values taken for learning. This design reduces the overestimation bias
commonly observed in Q-function approximations.
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The critic (value network) is trained to estimate both the Q-function Q(s,a) and the
value function V(s) as Equations (3) and (4):

Q(st,ar) = r(st,at) + ’YEusp[V(StH)] 3)

V(st) = Eq,nr[Q(st,at) — alog rt(as | s¢)] 4)

The loss function for updating the Q-networks is given by the following:
2
LQ(‘Pi) = ]E(s,a,r,s’)~D [(Q‘Pi(s’a) - y(r’ S/)) } ®)

y(r,s') =r+y(1—d) (minj:1/2Q¢targ,j (s',a") — alog my (a | s')), a ~m(-]5) (6)

where d denotes the terminal indicator of an episode (d = 0 if not terminated; d = 1 otherwise).

The target value network is updated slowly from the main value network to ensure
training stability. The parameters ¢ in the target value network are updated according to
Equation (7) using the soft update coefficient .

¢+ (1-1)¢ (7)

The actor (policy network) learns a stochastic policy 7tg (als). Unlike DDPG, which
outputs a deterministic action, the SAC policy outputs a probability distribution (typically
Gaussian) over actions. Actions are then sampled from this distribution during execution.
The policy loss for updating the actor is defined as Equation (8):

Ln((?) = EstND |:]Equ7T9 {D& log ﬂg(at ‘ St) — min]':LzQ(pj (St, th):H (8)

To implement SAC for traffic signal control, we define the state space, action space,
and reward function as follows.

The state space represents input information collected from the environment that influ-
ences the controller’s decision-making. Various factors determine which traffic movements
are allowed or restricted. We define the state space as Equation (9):

se={f el P}l ©)
where N; is the total number of incoming lanes. Specifically, f/ denotes the traffic flow of
lane i, h! represents the number of queued vehicles, w! is the cumulative waiting time of
vehicles in the lane, and p! indicates the current signal phase status.

Each component of the state vector serves a distinct control purpose. Traffic flow f/
reflects incoming demand pressure, queue length h! captures instantaneous congestion,
and cumulative waiting time w! represents long-term inefficiency and delay accumulation.
The inclusion of signal phase information p! provides the agent with phase memory, which
helps prevent oscillatory switching behavior and promotes smoother phase transitions. Col-
lectively, this state representation enables the agent to perceive both short-term dynamics
and longer-term congestion trends, which is essential for anticipatory signal control.

The action space Equation (10) is defined as a discrete set corresponding to the pre-
defined signal phases illustrated in Figure 2. At each control interval At, the agent selects
one phase to activate. Phase durations are not explicitly optimized; instead, the controller
determines phase selection at fixed time steps, while safety constraints are enforced through
a mandatory yellow interval before any phase change.

a=10,1,2,3| (10)
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The reward is designed to achieve two primary objectives: minimizing the number
of vehicles waiting at intersections and reducing their total waiting times. The reward
function is defined by Equation (11):

r = ]/lwlu)g + Uhayg (11)

where wayg and hayg denote the average waiting time and the average queue length across
lanes after each control interval At, respectively. This reward formulation encourages the
controller to balance immediate congestion relief with long-term delay reduction. Unlike
pressure-based rewards that may favor aggressive phase switching, the use of averaged
metrics promotes scale invariance across different traffic demand levels and yields smoother
control behavior. Moreover, by incorporating both queue length and waiting time, the
reward captures complementary aspects of traffic inefficiency, enabling the agent to learn
signal policies that reduce stop-and-go behavior and improve overall traffic flow stability.

3.2. Cooperative Connected and Autonomous Vehicles (CCAVs)

Connected and autonomous vehicles (CAVs) provide new opportunities to improve
traffic efficiency and stability by enabling cooperative vehicle control through communica-
tion and automation. In this study, we adopt a cooperative connected and autonomous
vehicle (CCAV) framework that integrates both vehicle-to-vehicle (V2V) and vehicle-to-
infrastructure (V2I) communication to coordinate vehicle motion at signalized intersections,
as shown in Figure 3. The proposed CCAV control layer consists of two complementary
components: (i) cooperative longitudinal control among vehicles based on cooperative
adaptive cruise control (CACC) and (ii) signal-aware speed planning based on Green Light
Optimal Speed Advisory (GLOSA). Together, these components enable coordinated vehicle
behavior that is both string-stable and traffic-signal-aware.

N

Possible Stop - Possible go

Figure 3. Proposed CCAV structure.

3.2.1. CACC-Based Cooperative Vehicle Control

Within the CCAV framework, CAVs are equipped with cooperative adaptive cruise
control (CACC) to regulate their longitudinal dynamics through V2V communication. By
sharing real-time information such as position, velocity, and acceleration, CACC enables
vehicles to operate in a coordinated platoon-based manner, reducing the randomness and
instability typically observed in human-driven traffic.

The CACC controller adopts a hybrid control structure composed of speed control
and gap control modes. When the inter-vehicle spacing exceeds a predefined threshold,
vehicles operate in speed control mode, where the primary objective is to minimize relative
velocity differences with respect to the preceding vehicle. The acceleration command for
vehicle i at time step k is given by

Ajj+1 = k1 (Ud — vi,k)/ k1 >0 (12)
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When the speed deviation and the distance between two vehicles are smaller than
0.1 m/s and 0.2 m, respectively, the gap control mode is activated. The velocity at the next
time step is calculated as Equation (13):

Vik+1 = Vik +koeix +kseix, ko k3 >0 (13)

Cik = Vi_1k — Uik — tadik (14)

where e; ;. represents the distance deviation, and t; denotes the desired time gap of the
CACC controller.

Through this cooperative control mechanism, CACC suppresses stop-and-go oscil-
lations and ensures stability within vehicle platoons. However, while CACC effectively
stabilizes vehicle interactions, it does not explicitly account for downstream traffic signal
timing. To address this limitation, a signal-aware speed planning module is incorporated,
as described in the following subsection.

3.2.2. Green Light Optimal Speed Advisory (GLOSA)

While CACC ensures stable and cooperative longitudinal control among vehicles, it
does not explicitly exploit traffic signal timing information. To enable proactive vehicle—
signal coordination, we incorporate a Green Light Optimal Speed Advisory (GLOSA)
strategy within the CCAV framework. The objective of GLOSA is to compute an advisory
speed that allows a vehicle to traverse a signalized intersection during the green phase
while avoiding unnecessary stopping, excessive acceleration, and abrupt deceleration,
particularly under actuated signal control where future phase durations are uncertain.

Consider an ego vehicle approaching a single actuated signalized intersection. At a
given decision time ¢y, the vehicle state is characterized by its distance to the stop line d and
its current speed vg. The decision variable of the GLOSA problem is chosen as the arrival
time at the stop line £,.

Assuming quasi-constant speed over the short approach distance, the advisory speed
corresponding to a candidate arrival time is given by

d
a

The average acceleration required to transition from the current speed vy to the advi-

sory speed is approximated as
t —

a(ty) = L) Z 0 )t 2 (16)
a

To ensure passenger comfort and vehicle safety, the advisory speed must satisfy

kinematic constraints:

Umin < U(ta) < Umax, amina(ttz) < Amax

where v,,;, and vy, denote speed limits, and a,,;, and 4,4, represent comfortable deceler-
ation and acceleration bounds, respectively.

Unlike fixed-time signals, actuated traffic signals do not operate with a predetermined
cycle length. Instead, the green phase may be extended in discrete steps based on detector
actuation. Let 75y denote the remaining time until the earliest possible phase change from
green to yellow, and let g represent the green extension step.

Since the total green duration is uncertain, the end of the green phase is bounded as

tG c [tr(r;ﬁn, trgax]
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where
tr(?m = Tsw, fgax = Tow + Amax(g)

To account for uncertainty in green extensions, a risk-aware green horizon is defined as
Y = B (1 — 1) (17)

where 7 € [0,1] is a conservativeness parameter. Setting 7 = 0 yields a fully robust
but conservative strategy, while larger values allow for a more aggressive exploitation of
potential green extensions.

When approaching the end of the green phase, vehicles may encounter a dilemma
zone, where neither stopping comfortably nor passing the intersection safely is feasible.
Let ty and tg denote the start times of the yellow and red phases, respectively, with a fixed
yellow duration Ty.

The feasibility of stopping is determined by the minimum deceleration required to

stop within distance d:

2
Y0

Astop = Y (18)

Stopping is feasible if astop > a4

Similarly, the feasibility of passing the intersection before the onset of red is assessed
by the required average acceleration:

g0 = 2(d tzvotR) (19)
R

Passing is feasible if g < ayqy-

The vehicle is considered to be in a dilemma zone when stopping is infeasible and
passing is infeasible simultaneously. To prevent unsafe or uncomfortable behavior, arrival
times within the interval [tg] are explicitly excluded from the feasible solution set.

Based on the above considerations, the GLOSA problem is formulated as a one-
dimensional constrained optimization over the arrival time ¢,:

min  J(t) = wits + waa(ta)? + wo(0(ts) — v9)* (20)
ta€(0,484%)

subject to vehicle kinematic constraints and dilemma zone exclusion.

The cost function balances travel efficiency, acceleration smoothness, and speed devia-
tion from the current velocity. The optimal arrival time ¢} is obtained by evaluating feasible
candidates, and the optimal advisory speed is then computed as

vt = — (21)

Within the proposed CCAV framework, the advisory speed generated by GLOSA
serves as a high-level reference for the vehicle control layer. For platoon leaders or vehicles
operating in free-flow conditions, the GLOSA speed directly guides longitudinal motion.
For follower vehicles, the CACC controller ensures that inter-vehicle spacing and safety
constraints are preserved while tracking the GLOSA-adjusted speed profile.

Moreover, the GLOSA strategy is tightly coupled with the SAC-based traffic signal
controller through V2I communication. Signal phase decisions determine the green horizon
used by GLOSA, while smoother vehicle arrivals and reduced stopping behavior reshape
queue dynamics and waiting time distributions observed by the signal controller. This
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bidirectional interaction enables anticipatory vehicle-signal coordination and contributes
significantly to reducing delay and improving traffic stability at signalized intersections.

4. Experiment and Results

This section presents the experimental setup and performance evaluation of the pro-
posed SAC_CCAV framework. First, the simulation environment, implementation details,
and training configurations are described. Next, comparative experiments are conducted
against representative DRL-based methods (DQN, DDPG, A2C) and the model-based
Max-Pressure (MP) controller under varying traffic demand levels. Finally, the impact
of CCAV penetration rates is analyzed to assess the robustness and scalability of the
proposed approach.

4.1. Setup Environment

Selecting an appropriate simulation tool is critical to implementing the model and
conducting reliable evaluations. The research community has access to a variety of traffic
simulation tools, such as GLD [42], VISSIM [43], etc. These tools are widely utilized to
design and evaluate traffic management strategies within simulation environments.

In this study, we selected SUMO [44] to perform simulations and evaluate the pro-
posed model across a range of scenarios. SUMO, an open-source program, is a valuable
tool for researching, implementing, and assessing traffic management strategies, such as
traffic light control systems or direct vehicle operation on road networks. SUMO sup-
ports simulation at various detail levels, including macroscopic and microscopic scales.
It can interact dynamically with other software tools and supports the use of different
programming languages for algorithm implementation via an efficient API known as Traci.
Furthermore, SUMO allows for the simulation of scenarios ranging from single roads and
simple intersections to large-scale and complex networks.

To verify the functionality and performance of the proposed model, we conducted
simulations and evaluations across a wide array of scenarios.

To simplify and focus on evaluating the efficiency of the proposed model and the
impact of integrating various vehicle control methods, we employ our proposed algorithm
to manage traffic lights in conjunction with two specific vehicle types: human-driven
vehicles (HDVs) and cooperative connected and autonomous vehicles (CCAVs). For HDVs,
we utilize the Krauss model to objectively describe the randomness and instability of traffic
flow, aligning with real-world traffic conditions and reflecting the uncertainty in human-
controlled vehicle behavior. Table 1 summarizes the fundamental vehicle parameters
adopted in the simulation environment, including vehicle length, maximum acceleration
and deceleration, desired speed, and reaction-related parameters. These settings ensure
consistency across vehicle types while preserving the distinct behavioral characteristics of
HDVs and CCAVs.

Table 1. Parameters of vehicle.

Parameter Unit HDVs CCAVs
Maximum velocity (v_max) m/s 20 20
Max acceleration (a_max) m/s? 3 3
Min acceleration (a_min) m/s? —6 —6
Length of vehicle m 5 5
Car-following model Krauss CACC
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To implement the SAC algorithm for the ATSC system, we set up the following
parameters. We simulate the traffic network for one hour, which corresponds to one
episode, with a time step of At =10 s. Thus, each episode consists of 360 time steps. We
train the model for 200 episodes.

According to Equation (9), the state vector consists of lane-level traffic flow, queue
length, and cumulative waiting time for each incoming lane, together with the current
signal phase. For the considered four-approach intersection with three lanes per approach,
this results in a 40-dimensional state representation. This design allows the agent to
capture both instantaneous traffic conditions and accumulated congestion information
while maintaining a compact input structure for efficient learning.

We use a lane area detector (LAD) to measure the number of vehicles waiting in each
lane. The waiting time for vehicles at each intersection is recorded per second, provided
the vehicle speed within the detector’s measurement area registers as 0.1 m/s. A inductive
loop detector (ILD) is placed at the entry points of each road segment to collect traffic flow
data at both ends. The LAD and ILD are two measurement tools available in SUMO. Within
the 50 m detection range, the maximum observable queue is approximately 10 vehicles,
whereas individual waiting time may exceed 100 s. Given the action interval of At =10s,
these two metrics differ significantly in magnitude. Following established practices in
RL-based traffic signal control [45-47], the weighting coefficients in Equation (11) are set to
u# =1/10 and v = 1 to balance their influence and prevent numerical bias during training.

Wavg

r= 10 +huvg (22)

In the context of traffic signal control, the temperature parameter « influences how
conservatively or adaptively the controller selects signal phases under uncertain traffic
conditions. A larger « encourages more exploration phase selection, which can help the
controller adapt to fluctuating arrival patterns, especially under varying CCAV penetration
rates. Conversely, a smaller o leads to more deterministic behavior, prioritizing immediate
congestion reduction based on current traffic states. In this study, the temperature parame-
ter ot is treated as a fixed hyperparameter (e = 0.2). Since the action space consists of only
four signal phases and the reward scale remains bounded across demand scenarios, a fixed
o provides stable exploration during training. Table 2 lists the architectural settings and
training parameters adopted for the SAC agent in the traffic signal control framework.

The proposed Soft Actor—Critic (SAC) agent adopts a fully connected multilayer
perceptron (MLP) architecture for both the actor and critic networks, which is suitable
for the structured vector-based traffic state representation used in this study, as shown in
Figure 4. The input state consists of lane-level traffic flow, queue length, cumulative waiting
time, and the current signal phase. All state variables are normalized prior to being fed
into the networks to improve training stability. The current signal phase is encoded using a
one-hot representation to avoid introducing artificial ordinal relationships between phases.

The actor network parameterizes a categorical policy over the discrete action space,
where each action corresponds to one of the four signal phases. The network contains two
hidden layers with 256 neurons each, followed by Rectified Linear Unit (ReLU) activation
functions. The output layer produces four logits, which are transformed into a probability
distribution using the softmax function.

To mitigate overestimation bias, two independent critic networks are employed fol-
lowing the double Q-learning principle. Each critic shares the same MLP structure as the
actor (two hidden layers with 256 neurons and ReLU activation) but outputs four Q-values
corresponding to all possible actions. The Q-value associated with the selected action is
used for loss computation. Target networks are maintained for both critics and updated via
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soft updates with a smoothing coefficient 7. The minimum of the two target Q-values is
used in the Bellman backup to enhance learning stability.

Table 2. The hyperparameters of the proposed SAC-based signal controller.

Hyperparameter Value
Input (state) 40
Hidden 1 256, ReLu
Actor network
Hidden 2 256, ReLu
Output 4 logits, followed by SoftMax activation
Layer/activation
function Input (state) 40
Hidden 1 256, ReLu
Critic network Hidden 2 256, ReLu
Output 4 Q—valu;.s correspc?ndmg to all
iscrete actions
Batch size 128
Replay buffer size 1,000,000
Discount factor y 0.99
Soft update T 0.005
Temperature o 0.2
Optimizer Adam
Learning rate (actor/critic) n 3x10°*
Initial random steps 5000
Steps per learning update 4
Fixed network update frequency 8000

Target entropy

0.98 x log(1 A1)

N
ENVIRONMENT
Lane-level traffic flow Queue Length Cumulative Waiting Time Signal Phase
4 ]
v
Replay Buffer Input Layer Input Layer
Input Layer Stores ( s,a,r,s’) State vector s State vector s
State vector s Mini-batch sampling ‘ ‘
N . ‘ Hidden Layer 1 Hidden Layer 1
— Hidden Layer 1 ~ 256 neurons 256 neurons
g 256 neurons ‘6 ReLU RelU
2 RelLU ;
c .
‘ o Hidden Layer 2 Hidden Layer 2
— Hidden Layer 2 13} 256 neurons 256 neurons
8 256 neurons = RelLU RELL
(6] RelLU =
< ‘ O ‘ ‘
® U Qi(s,a) Qz(s,a)
Ui 3 asy 4 Q-values ( all actions) 4 Q-values (all actions)
4 logits ‘ ‘
b _ _
Sofmax — n(als) Tafge} Qi Tar%e} Q
Sample action a \_ : Iz Y,
[ min(Q1(S’a)’ QZ(S,a)) ]
i
1
1

SAC Optimization Step

1
1

Actor + Critic gradient updates per mini-batch from replay buffer

Figure 4. Proposed SAC architecture.
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4.2. Results

All learning-based controllers evaluated in this study were implemented using deep
neural networks as function approximators to ensure a fair and consistent comparison
framework. To benchmark the proposed SAC_CCAV method, we selected three widely
adopted deep reinforcement learning algorithms, Deep Q-Network (DQN), Deep Determin-
istic Policy Gradient (DDPG), and Advantage Actor—Critic (A2C), as well as the classical
Max-Pressure (MP) control strategy. These methods represent distinct categories of traffic
signal control approaches, including value-based learning, deterministic policy gradient
methods, Actor—Critic architectures, and model-based analytical control, thereby providing
comprehensive performance references under varying traffic conditions.

DOQN is a value-based reinforcement learning algorithm that approximates the state—
action value function using a deep neural network. It selects actions by estimating the
expected cumulative reward associated with each discrete action and choosing the one
with the highest Q-value. While DON has been extensively applied to traffic signal control
problems with discrete phase selection, its performance may deteriorate in highly dynamic
environments due to instability issues and limited sample efficiency [48].

DDPG extends deterministic policy gradient methods to continuous control problems
by combining an actor network that outputs deterministic actions and a critic network that
evaluates them. Although DDPG is primarily designed for continuous action spaces, it has
been applied to traffic signal optimization scenarios where signal timing parameters are
treated as continuous variables [49].

A2C belongs to the Actor—Critic family and jointly optimizes a policy network (actor)
and a value network (critic). By integrating policy gradient updates with value function
estimation, A2C improves training stability compared to purely value-based approaches. It
has been widely used in traffic signal control research due to its balance between computa-
tional efficiency and learning performance, particularly in environments with moderate
state—action complexity [50].

In addition to DRL-based baselines, the Max-Pressure (MP) controller is included as a
representative model-based method grounded in traffic flow theory. MP determines signal
phases by maximizing the pressure difference between incoming and outgoing queues,
thereby aiming to stabilize network throughput. It has strong theoretical guarantees under
certain conditions and is recognized for its robustness in congested networks [51].

To ensure a fair comparison, all learning-based controllers (SAC, DQN, DDPG, and
A2C) operate under identical sensing and state information. Specifically, each algorithm
receives the same 40-dimensional state vector consisting of lane-level traffic flow, queue
length, cumulative waiting time, and current signal phase, collected from the same SUMO
detectors. No controller is provided with privileged access to individual CAV trajectories,
future signal timing, or additional vehicle-level information.

4.2.1. Training Reward Comparison

Figure 5 illustrates the cumulative training reward per episode for all compared
algorithms. The proposed SAC_CCAV model demonstrates rapid convergence and stable
learning behavior, reaching a high reward level within approximately the first 50 training
episodes. After convergence, the cumulative reward stabilizes around approximately —100,
with only minor fluctuations, indicating consistent policy performance throughout the
remainder of the training process.

In comparison, the baseline algorithms exhibit significantly inferior convergence char-
acteristics. DDPG initially achieves moderate rewards during early training but quickly
reaches a plateau, stabilizing at a suboptimal level of approximately —900, with persistent
oscillations and no further improvement. DQN performs considerably worse, with cumula-
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tive rewards remaining consistently low throughout training, fluctuating around —4000,
indicating difficulty in learning effective signal control policies under stochastic traffic
dynamics. A2C shows the most unstable behavior: although it initially attains reward
values around —1000, the training process collapses after approximately 75 episodes, with
rewards dropping sharply below —5000, reflecting divergence and failure to converge to a
viable control strategy.

~1000 1 W

—2000 4

—3000

Total Reward

—4000

—5000 - A

—6000 T T T T
0 25 50 75 100 125 150 175 200

SAC_CCAV
SAC

DDPG

A2C

DQN

Training Episodes
Figure 5. Training reward comparison.

The pronounced performance gap among the algorithms highlights both algorithmic
and system-level effects. From an algorithmic perspective, the entropy-regularized SAC
framework provides improved exploration and training stability compared to value-based
(DQN) and deterministic policy gradient (DDPG) methods. From a system perspective,
the integration of the CCAV layer plays a critical role. Through CACC, speed fluctuations
within vehicle platoons are reduced, and through GLOSA, signal-induced stopping events
are mitigated. These cooperative mechanisms substantially decrease traffic state variability,
leading to smoother reward landscapes and more predictable state transitions. As a result,
SAC_CCAV converges to a substantially higher-performing and more stable policy than
the baseline methods.

4.2.2. Evaluation

After obtaining the trained models, we evaluated their performance under different
traffic demand scenarios using key indicators such as vehicle waiting time, the number
of vehicles passing through the intersection, and the average vehicle speed. To ensure
statistical reliability and mitigate the influence of randomness in network initialization,
traffic generation, and mini-batch sampling, each algorithm was executed over 10 indepen-
dent runs with different random seeds. For each performance metric, the mean value and
standard deviation were computed across the 10 runs.

Table 3 presents the cumulative rewards obtained under different traffic demand
scenarios. It can be observed that our proposed model consistently outperforms all base-
line methods across all traffic demand levels. At low demand (1200 veh/h), SAC_CCAV
achieves a cumulative reward of —96.82, whereas at high demand (6000 veh/h), the model
still maintains a reward of -8122.72. In contrast, both DDPG and DQN demonstrate poor
traffic performance once demand exceeds 2400 veh/h. This indicates that SAC_CCAYV ex-
hibits strong robustness, achieving effective control across a wide range of traffic conditions,
from low to high demand.
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Table 3. Reward comparison in terms of different traffic demands.

Traffic Volume (Veh/h) SAC_CCAV DDPG DON
1200 —96.82 —893.73 —156.83
2400 —-201.5 —228.35 —378
3600 —3857.17 —75,098.08 —35,018.5
4800 —7956.42 —84,496.06 —55,560.63
6000 —8122.72 —71,702.32 —58,859.68

As expected, the number of vehicles able to complete their trips through the net-
work is substantially higher when applying SAC_CCAV. For traffic demand levels below
2400 veh/h, nearly all vehicles successfully finish their journeys. When demand increases
and traffic density becomes more congested, regulation becomes significantly more chal-
lenging. Nevertheless, in such high-demand scenarios, SAC_CCAV clearly demonstrates
its advantages, enabling a considerably higher number of vehicles to complete their trips
compared to DDPG and DQN, as reported in Table 4.

Table 4. Number of vehicles passing.

Traffic Volume (Veh/h) SAC_CCAV DDPG DON MP
1200 1200+ 0 1190 + 8 1127 + 25 1185 + 12
2400 2332 £15 2100 + 45 2216 £ 52 2250 + 30
3600 2754 £ 28 1968 + 110 1942 + 135 2350 £ 85
4800 3936 £ 45 1827 + 156 1463 + 207 2400 £ 154
6000 4165 + 63 1837 £+ 213 1087 + 269 2936 + 180

Furthermore, Table 5 illustrates the total waiting time of vehicles. The application
of SAC_CCAV significantly reduces cumulative waiting times compared to other control
models, highlighting its effectiveness in improving overall traffic flow efficiency.

Table 5. Waiting time comparison.

Traffic Volume (Veh/h) SAC_CCAV DDPG DON MP
1200 770.033 £+ 45.2 1073.39 + 180.5 1477112 £ 95.1 1120.3 £ 80.6
2400 874.308 £ 62.8 5972.27 £ 520.3 1586.545 + 140.3 1450.2 + 1024
3600 4038.87 £+ 210.5 55,045.50 £ 3100 24,683.89 £ 1800 12,500.36 £ 980
4800 4898.13 £ 305.4 60,922.93 + 4200 39,082.4 + 2500 19,800.6 £ 1300.5
6000 4999.72 1 480.6 50,601.9 + 3800 40,604.54 £ 2900 22,100.4 £ 1800

Figure 6 illustrates the average vehicle speed within the intersection under a traffic
demand of 5000 veh/h. At the beginning of the simulation, vehicles maintain relatively
high speeds because traffic density is low, allowing the signal controller to regulate flows
efficiently without causing congestion. As traffic demand increases and queues gradu-
ally accumulate, the average vehicle speed decreases for all controllers due to growing
interaction among vehicles and limited discharge capacity at the intersection.
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Figure 6. Average speed comparison.

Among the compared methods, SAC_CCAV maintains the highest and most stable
average speed after approximately 500 s, fluctuating around 4-6 m/s even under sustained
high demand. This indicates that the cooperative interaction between adaptive signal
control and CCAV trajectory smoothing effectively mitigates severe congestion.

The Max-Pressure (MP) controller shows moderate performance. Although the aver-
age speed under MP declines as congestion builds up, it stabilizes around 1.5-2 m/s rather
than collapsing to zero. This behavior suggests that MP is capable of preventing complete
gridlock by balancing queue pressures across approaches; however, it lacks the adaptability
to dynamically respond to rapidly changing traffic states, leading to persistent low-speed
operation under heavy demand.

In contrast, both DDPG and DQN exhibit significant performance degradation. Their
average speeds decrease sharply and approach nearly 0 m/s after prolonged operation,
indicating that these learning-based controllers fail to maintain stable signal policies under
high-demand conditions. This severe reduction in speed corresponds to longer queues,
increased waiting times, and a lower number of completed trips observed in the previous
performance metrics.

The results demonstrate that while MP provides a certain level of robustness compared
to DDPG and DQN, it remains limited under extreme traffic demand. The proposed
SAC_CCAV framework achieves superior performance by combining entropy-regularized
signal learning with cooperative vehicle control, thereby sustaining higher traffic mobility
and preventing speed collapse.

The string stability of the CCAVs was evaluated by quantifying the amplification
of speed and acceleration disturbances between consecutive vehicles (see Appendix A).
The maximum speed disturbance amplification gain across adjacent vehicle pairs was
GJ1"* = 0.587 £+ 0.093, and the corresponding acceleration gain was G}*** = 0.724 + 0.187.
As both values remain well below the theoretical stability threshold of unity, traffic dis-
turbances introduced by the leading vehicle are attenuated rather than amplified as they
propagate downstream. This confirms that the implemented CCAV strategy satisfies the
fundamental condition of string stability.

From a dynamic perspective, the attenuation of speed fluctuations indicates that fol-
lower vehicles respond smoothly to upstream deceleration and acceleration events without
generating oscillatory amplification. The reduced acceleration gain further implies mod-
erate control effort and the suppression of stop-and-go wave formation. Consequently,
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inter-vehicle spacing remains bound and well-regulated, enabling coherent and coordinated
platoon motion. Compared to typical human-driven traffic, where disturbances often am-
plify along the vehicle string, the automated coordination effectively filters high-frequency
fluctuations and dampens traffic oscillations.

Importantly, this stabilized longitudinal behavior significantly enhances the effec-
tiveness of the upper-layer signal control. By smoothing vehicle arrivals and reducing
shockwave propagation toward the intersection, the CCAV framework decreases the traffic
state variability perceived by the SAC-based signal controller. The resulting improve-
ment in flow predictability enables more consistent phase selection, reduces unnecessary
stopping events, and enhances discharge efficiency during green phases. Therefore, the
demonstrated string-stable vehicle behavior not only improves platoon-level smoothness
and energy efficiency but also plays a critical enabling role in the overall performance gains
achieved by the integrated SAC_CCAV framework.

4.2.3. Impact of CCAV Penetration Rate

Table 6 summarizes the impact of different CCAV penetration rates on traffic perfor-
mance at the signalized intersection. As the proportion of CCAVs increases from 25% to
100%, consistent improvements are observed across all evaluated performance metrics.
Specifically, the average vehicle speed increases from 3.76 m/s to 5.43 m/s, while the
number of vehicles successfully passing through the intersection rises from 1223 to 4310.
At the same time, the average travel time decreases markedly from 263.9 s to 182.1 s. These
results indicate that higher levels of vehicle connectivity and automation are associated
with substantial gains in intersection efficiency and throughput under the considered
traffic conditions.

Table 6. The simulation results with different CCAV rates.

Number of Average Travel
CCAV Rate (%) Average Speed (m/s) Vehicles Passed 28
Time (s)
(vehs)
25 3.76 1223 263.922
50 4.20 2339 235.378
75 4.30 2942 229.904
100 5.43 4310 182.067

The observed trends can be explained by the increasing effectiveness of cooperative
vehicle behavior as the CAV penetration rate grows. With a larger proportion of CAVs,
V2V-based (CACC) communication more effectively stabilizes platoon dynamics, mitigates
stop-and-go oscillations, and maintains smoother inter-vehicle spacing. In parallel, V2I-
based Green Light Optimal Speed Advisory (GLOSA) enables a greater share of vehicles to
adjust their approach speeds according to real-time signal phase and timing information,
thereby reducing unnecessary stopping and idle time at red signals. As a result, vehicle
trajectories become smoother and queue evolution more predictable, which allows the
SAC_CCAV signal controller to operate under less volatile traffic states and exploit its
learned policy more effectively.

4.3. Discussion

The experimental results demonstrate that the performance gains of the proposed
SAC_CCAV framework are not solely due to the use of a more advanced reinforcement learning
algorithm but rather stem from the coordinated interaction between infrastructure-level signal
control and vehicle-level cooperative behavior. Compared with conventional DRL-based traffic
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signal control approaches that optimize signal timing independently [32-34], the proposed
method actively reshapes traffic dynamics through CCAV coordination before congestion
propagates to the intersection level. This bidirectional interaction reduces traffic state
variability, which is a known challenge for value-based and deterministic policy gradient
methods under highly stochastic demand conditions [41].

Furthermore, while model-based approaches such as Max-Pressure (MP) provide theo-
retical guarantees in stabilizing queue pressure [51], they lack adaptability to evolving traffic
patterns and vehicle behavior heterogeneity. The superior performance of SAC_CCAV
under high-demand scenarios indicates that entropy-regularized policy learning, combined
with cooperative vehicle smoothing via CACC and GLOSA, enables more anticipatory and
stable control decisions. These findings highlight the importance of the joint optimization
of signals and vehicles, suggesting that future intelligent transportation systems should
move beyond isolated signal adaptation toward integrated cyber—physical coordination.

5. Conclusions

This paper investigated a cooperative traffic control paradigm that jointly optimizes
adaptive traffic signal control and connected autonomous vehicle behavior at a signalized
intersection. By integrating a Soft Actor-Critic (SAC)-based signal controller with a cooper-
ative connected and autonomous vehicle (CCAV) framework, the proposed SAC_CCAV
approach establishes a tightly coupled vehicle-infrastructure control loop that leverages
both vehicle-to-vehicle (V2V) and vehicle-to-infrastructure (V2I) communications.

At the infrastructure level, traffic signal control is formulated as a Markov decision
process and optimized using an entropy-regularized reinforcement learning framework.
The use of SAC enables stable and anticipatory signal phase selection under stochastic
and time-varying traffic demand. At the vehicle level, the CCAV framework combines
cooperative adaptive cruise control (CACC) and Green Light Optimal Speed Advisory
(GLOSA) to achieve cooperative and signal-aware longitudinal motion. While CACC
enhances string stability and suppresses stop-and-go oscillations through V2V coordination,
GLOSA exploits real-time signal phase and timing information to reduce unnecessary
stopping and idle time at red signals.

Extensive microscopic simulations conducted in SUMO demonstrate that the proposed
SAC_CCAYV framework consistently outperforms representative deep reinforcement learn-
ing baselines, including DQN, DDPG, and A2C, as well as the classical Max-Pressure (MP)
controller, across a wide range of traffic demand levels. The results show substantial im-
provements in cumulative reward, intersection throughput, total waiting time, and average
vehicle speed. In particular, under high-demand conditions, the proposed method achieves
more than an 80% reduction in vehicle waiting time while maintaining stable traffic flow,
whereas the learning-based baselines suffer from severe congestion and MP stabilizes at a
relatively low operational speed without fully mitigating queue accumulation.

Beyond quantitative performance improvements, the results provide insight into the
fundamental mechanisms underlying the observed gains. The performance advantage of
SAC_CCAV arises from the synergistic interaction between signal-level decision-making
and vehicle-level cooperative control. By smoothing vehicle arrivals at signalized intersec-
tions and stabilizing platoon discharge during green phases, the CCAV layer reduces traffic
state variability and improves the predictability of system dynamics. This, in turn, enhances
the learning efficiency and robustness of the SAC-based signal controller, highlighting the
importance of joint optimization rather than the isolated control of infrastructure or vehicles.

Despite its promising performance, this study focuses on a single isolated intersection
under ideal communication conditions. Several limitations should be acknowledged. First,
the experimental validation is conducted in a microscopic simulation environment, and real-
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world deployment may introduce additional uncertainties not captured in SUMO. Second,
the communication process between vehicles and infrastructure is assumed to be reliable,
without explicitly modeling packet loss, transmission delay, or bandwidth constraints,
which may influence cooperative performance in practice. Third, the entropy coefficient in
the SAC framework is treated as a fixed parameter, and although it provides stable training
behavior in the considered scenarios, adaptive tuning strategies may further enhance
robustness under highly non-stationary traffic patterns. In addition, the current study does
not explicitly consider computational constraints associated with real-time deployment.

Several directions for future research are therefore identified. Extending the proposed
framework to multi-intersection and corridor-level networks will be essential to assess scal-
ability and network-wide coordination effects. Moreover, more realistic conditions, such as
partial observability, sensor noise, communication delays, and mixed traffic with hetero-
geneous automation levels, should be incorporated to evaluate robustness in real-world
deployments. Finally, integrating safety-aware constraints and hybrid control architec-
tures, such as combining deep reinforcement learning with model predictive control or
rule-based safety supervisors, represents a promising avenue for practical implementation
in intelligent transportation systems.
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Nomenclature

ATSC Adaptive Traffic Signal Control

CCAV  Cooperative Connected and Autonomous Vehicle
CACC  Cooperative Adaptive Cruise Control

GLOSA  Green Light Optimal Speed Advisory

V2V Vehicle-to-Vehicle Communication

V2I Vehicle-to-Infrastructure Communication
V2X Vehicle-to-Everything Communication
DRL Deep Reinforcement Learning

RL Reinforcement Learning

SAC Soft Actor—Critic

DON Deep Q-Network

DDPG  Deep Deterministic Policy Gradient
A2C Advantage Actor—Critic

MP Max-Pressure

MDP Markov Decision Process

HDV Human-Driven Vehicle
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Appendix A. String Stability Metrics for CCAVs

In longitudinal vehicle control, string stability refers to the property that disturbances
(e.g., speed or acceleration fluctuations) introduced by a leading vehicle do not amplify
as they propagate downstream along a platoon. Formally, a platoon is considered string-
stable if the disturbance magnitude of each following vehicle does not exceed that of its
preceding vehicle.

e  Speed Disturbance Amplification Gain G,

Let v;(t) denote the speed of vehicle i, and let v~ ; represent its time-averaged speed
over the evaluation window T. The speed fluctuation signal is defined as follows:

0;(t) = vi(t) — v

The root mean square (RMS) of the fluctuation is computed as follows:

~ NZ
RMS(%;) ,/T/

For each adjacent vehicle pair (i — 1, i), the speed disturbance amplification gain is
defined as the following;:
RMS(v;)
RMS(0;1)

The maximum gain across the platoon is then as follows:

Gv(i) =

G = max;>pGy (i)

A necessary condition for string stability is G;'** < 1 which indicates the attenuation
of speed disturbances downstream.

o Acceleration Disturbance Amplification Gain G,

Similarly, let a;(t) denote the acceleration of vehicle i. The RMS acceleration magnitude

RMS(a UT/

The acceleration disturbance amplification gain is defined as the following:

is computed as follows:

RMS(a;)

Gell) = RMS(aj—1)

and
G;'"™ = maxi>pGy (i)

A value G)"™ < 1 indicates that acceleration fluctuations are not amplified along the
platoon, implying moderated control effort and the suppression of oscillatory behavior.
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