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Abstract: Dense short-block road networks require bus signal priority (BSP) decisions to be generated and delivered within
short and reliable control windows. This paper presents Edge-HyAR-BSP, a deadline-aware cooperative BSP framework that
supports edge-side execution in vehicular edge networks. Roadside edge nodes perform decentralized low-latency inference,
while the cloud supports centralized training and model updates. The framework represents each priority decision as a coupled
phase-duration action and checks its executability under bus ETA, signal-safety, compensation, and edge-side deadline con-
straints. Green extension, red truncation, and cross-cycle compensation are integrated to improve bus passage while limiting
disturbance to general traffic. The project platform covers 102 signalized intersections in the Rongdong District of Xiong’an
New Area. Detailed operational evaluation is conducted on a 15-intersection corridor served by Route 302, while robustness
and ablation analyses are performed in simulation using a topology derived from the 102-intersection network. In the selected
pre-/post-deployment periods, bus speed increased by 14.64%–30.09%, aggregate bus delay decreased by 38.28%–65.13%, and
bus stops decreased by 42.01%–58.62%. Edge deployment reduced mean end-to-end decision latency from 89.7 ms to 24.6 ms.
Simulation results show gradual degradation under increased delay, packet loss, and workload. The findings provide operational
case-study evidence for the feasibility of edge-aware hybrid-action BSP, while broader multi-route and cross-city validation
remains necessary.

Keywords: Vehicular Edge Computing; Edge Intelligence; Deadline-Aware Control; Bus Signal Priority; Hybrid-Action Rein-
forcement Learning; Multi-Agent Traffic Signal Control
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1 Introduction
For urban bus systems, signalized intersections are one of
the most direct sources of delay, with stops and waiting at
junctions accounting for an estimated 15%–30% of total bus
travel time [1]. In Bus Signal Priority (BSP), signal timing
is dynamically adjusted (i.e., green phases are extended, red
phases are shortened, or a special transit phase is inserted) so
that buses are enabled to traverse intersections more rapidly.
[2].

In recent years, a new urban spatial paradigm—
characterized by narrow roads, dense blocks, and short inter-
section spacing (typically 150–300 m)—has emerged in cities
such as Xiong’an New Area, posing practical challenges for
traffic signal control. Dense short-block urban networks, such
as the Rongdong District considered in this study, exhibit
strong coupling between neighboring intersections: queue
spillback from one intersection can propagate to upstream and
downstream junctions within a few cycles, causing vehicles
to experience frequent stops and starts across short intersec-
tion intervals. According to the project evaluation report, the
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narrow cross-sections (15–25 m) further compress motor ve-
hicles, non-motorized vehicles, and pedestrians into compact
spaces with elevated conflict point densities compared with
conventional road networks.

Meanwhile, digital transportation systems are evolving
from offline analysis to real-time sensing, online traffic situ-
ation inference, and closed-loop signal control [3–5]. In this
transformation, the underlying computing and communica-
tion infrastructure has become important for the timeliness,
safety, and regional coordination of traffic control. If all ve-
hicle and roadside sensing data are transmitted to a remote
cloud for centralized decision-making, the resulting commu-
nication delay, cloud queuing delay, and control feedback
delay may reduce the available timing margin and action-
delivery reliability under communication congestion or cloud
workload fluctuations. Edge computing offers a promising
paradigm: by deploying reinforcement learning (RL) infer-
ence models on roadside edge nodes, traffic states can be
processed close to intersections, and signal control actions
can be generated with lower latency [6–8]. For edge-assisted
traffic control, however, low latency alone is not sufficient.
The reliability of a signal control action also depends on
whether sensing, inference, and action delivery can be com-
pleted before the valid control window expires. In BSP, a
delayed decision may miss the bus arrival time and introduce
unnecessary disturbance to general traffic phases. Commu-
nication delay, edge inference latency, edge workload, and
packet loss should therefore be considered not only as system
performance indicators, but also as contextual variables that
influence the traffic control policy.

This study is motivated by and evaluated using data from
the Xiong’an New Area Science and Technology Innova-
tion Project (Grant No. 2022XAGG0126), which focused
on multi-granularity traffic simulation, collaborative control,
BSP, vehicle-road cooperation, and edge-cloud collaborative
computing in the narrow-road dense-network environment of
the Rongdong District.

Despite recent advances in RL-based traffic signal control
and BSP research, several important directions remain insuffi-
ciently explored. At the method level, most existing RL-based
signal control methods adopt purely discrete action spaces—
IntelliLight [9], PressLight [10], and CoLight [11] select only
signal phases without adjusting green duration—whereas
BSP requires fine-grained control over both the phase choice
and its duration. Bouktif et al. [12] took a first step toward hy-
brid action spaces for single-intersection control, but did not
extend the approach to multi-intersection coordination or em-
ploy advanced action representation mechanisms. Published
RL-based BSP works such as D2TSP [13] and multi-objective
DRL-TSP [14] also remain limited to isolated intersections
or small networks. At the scenario level, evidence for coor-
dinated BSP in dense short-block urban networks is scarce:
existing BSP studies mainly consider isolated intersections or
arterial corridors, while the interaction between short inter-
section spacing, queue spillback, and multi-intersection BSP
has received little attention. Large-scale project-based opera-
tional evidence remains limited compared with the extensive
simulation-based literature. At the system level, existing BSP
methods typically lack systematic cycle recovery mechanisms
after priority triggering, which can lead to phase disorder and

green wave disruption. Furthermore, communication delay,
edge inference latency, and edge workload are rarely treated
as contextual factors in RL-based signal control formulations.

The Graph Attention Network (GAT), Centralized Train-
ing with Decentralized Execution (CTDE), Conditional Vari-
ational Autoencoder (CVAE) and Hybrid Action Represen-
tation (HyAR) adopted in this paper are mature general
reinforcement learning technologies. Edge operational indi-
cators including communication latency, computing load and
packet loss are integrated into the reinforcement learning state
of the BSP scheme to construct deadline-constrained models.
Hybrid actions subject to bus-specific constraints are adopted
to jointly optimize signal phases and green light durations.
An edge-aware action feasibility projection embedded with
multi-layer verification is designed to ensure executable de-
cisions under degraded network and computing conditions. A
cross-cycle compensation mechanism is developed to balance
bus operation efficiency and traffic fairness for general traffic.
Large-scale field validations are implemented based on a real-
world road network consisting of 102 signalized intersections
in Xiong’an New Area, and the research gap concerning field
deployment implementations of BSP in dense short-block
urban networks is filled.

The main contributions are summarized as follows. First,
we formulate cooperative BSP as a deadline-constrained
edge-executable control problem, in which edge-side commu-
nication delay, inference latency, workload, bandwidth, and
packet loss are treated as execution-context variables that af-
fect whether a priority decision can be safely delivered within
the valid signal-control window. Second, a phase-duration
coupled priority action mechanism is developed to jointly de-
termine the bus-serving phase and its green-time adjustment
under signal-safety, bus ETA, and compensation constraints.
Third, a deadline-aware feasibility projection mechanism is
introduced to filter or adjust candidate priority actions accord-
ing to minimum green time, clearance time, phase order, and
edge-side control-window constraints. Fourth, a cross-cycle
compensation strategy and project-derived operational evalu-
ation are provided to examine the feasibility of the framework
in a dense short-block road network.

The remainder of this paper is organized as follows.
Section 2 reviews related work. Section 3 presents the system
model and problem formulation, including the project data
source. Section 4 describes the proposed Edge-HyAR-BSP
method. Section 5 reports experimental results. Section 6 dis-
cusses limitations, validity threats, and future work. Section 7
concludes the paper.

2 Related Work
2.1 Edge Intelligence and Vehicular Edge

Computing

Edge intelligence aims to push AI model training, inference,
and decision-making from centralized cloud platforms toward
network edge nodes, thereby reducing response latency and
improving context awareness [6, 7]. In vehicular networks,
this paradigm is particularly important because vehicles and
roadside sensing devices continuously generate time-sensitive
data, while many control actions must be executed within
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short decision windows. Vehicular edge computing (VEC)
further integrates communication, computation, and storage
resources near vehicles, RSUs, and roadside infrastructure,
enabling low-latency perception, inference, and actuation [8].
General resource scheduling and service orchestration in edge
and MEC systems have been extensively studied [15, 16].
Computing power networks represent a related line of work
that treats distributed computing resources as a schedulable
and rentable utility [5, 17]. MEC standards define a frame-
work for providing cloud computing capabilities and IT ser-
vices at the network edge, characterized by ultra-low latency,
high bandwidth, and real-time access to network information
[18].

2.2 Edge-Assisted Intelligent Transportation
and Traffic Control

Existing edge-assisted Intelligent Transportation System
(ITS) studies have mainly investigated perception offload-
ing, traffic state estimation, vehicle trajectory prediction,
digital twin platforms, and Vehicle-to-Everything (V2X) ser-
vice scheduling [19, 20]. However, fewer studies integrate
edge-side operating conditions, such as communication de-
lay, inference latency, workload, and packet loss, directly into
closed-loop traffic signal control. In contrast, this paper treats
these edge-side factors as contextual state variables that influ-
ence the signal control policy, rather than as external system
metrics. This makes the BSP framework aware of the edge
computing conditions under which its decisions are executed.

2.3 Reinforcement Learning for BSP and Traf-
fic Control

BSP methods are commonly built around green extension,
red truncation, and phase insertion [1, 2]. These strategies
are intuitive and can be implemented on conventional signal
controllers. Their limitation lies not in the lack of priority
logic, but in the difficulty of choosing suitable priority pa-
rameters when traffic conditions change rapidly. In dense
short-block networks, a small extension at one intersection
may immediately affect downstream queues, which makes
single-intersection priority rules less reliable [21–23]. Multi-
intersection coordination has been explored through fuzzy
logic [24] and connected-vehicle-based approaches [25–27],
but rule-based design limits adaptability.

RL-based traffic signal control has demonstrated adap-
tive phase selection using queue length, waiting time, and
traffic pressure as inputs [9–11, 28, 29]. Recent DRL-based
BSP methods such as D2TSP [13] and multi-objective DRL-
TSP [14] apply RL to priority decisions. However, most of
these methods describe the signal action as a discrete phase
choice—acceptable for general signal control but less suitable
for BSP, where the duration of green extension or red trunca-
tion directly determines whether a bus can pass. Furthermore,
they remain focused on isolated intersections or small net-
works, and do not consider edge-side computing latency as
part of the control environment.

2.4 Hybrid-Action Multi-Agent Reinforce-
ment Learning for Edge-Deployed Control

Multi-agent RL (MARL) enables distributed decision-making
for multi-intersection control. Chu et al. [30] validated
MARL on a 400-intersection grid. The CTDE paradigm al-
lows agents to use global information during training while
relying only on local observations during execution, making
it suitable for edge deployment scenarios. Beyond RL, model
predictive control has also been applied to connected vehicle
platoons under dynamic communication topologies [31].

Hybrid action spaces have been studied in robotics and
game AI. Li et al. [32] proposed Hybrid Action Repre-
sentation (HyAR), which maps discrete actions and their
associated continuous parameters into a compact latent ac-
tion space using an embedding table and a CVAE. However,
the original HyAR was not designed for multi-agent traffic
control, BSP constraints, or edge-condition-aware execution.
Bouktif et al. [12] introduced hybrid actions for single-
intersection signal control, and Haarnoja et al. [33] proposed
SAC for continuous action spaces. Directly applying these
algorithms to BSP is not straightforward: phase order, min-
imum green time, bus ETA, and compensation constraints
must all be respected within the RL decision cycle. These
studies indicate that latency-sensitive BSP requires a deci-
sion process that can jointly handle phase-duration coupling,
neighboring-intersection influence, bus-arrival feasibility, and
edge-side execution deadlines. In this paper, existing hybrid-
action and multi-agent coordination tools are adapted to this
BSP-specific control setting rather than being treated as new
generic learning architectures.

2.5 Summary and Research Gap

Prior studies have established useful foundations for edge-
assisted ITS, RL-based traffic signal control, and hybrid-
action reinforcement learning. For latency-sensitive BSP in
dense short-block vehicular edge networks, three issues are
still not well addressed. First, most RL-based signal con-
trol methods use discrete phase actions and do not jointly
optimize phase selection and green duration. Second, exist-
ing BSP studies mainly focus on isolated intersections or
small corridors, with limited consideration of queue propa-
gation in dense networks. Third, edge-side communication
delay, inference latency, workload, bandwidth, and packet
loss are usually treated as external system metrics rather
than contextual variables that affect signal-control decisions.
Edge-HyAR-BSP is designed to address these issues from
a BSP-control perspective. It represents each priority deci-
sion as a coupled phase-duration action, evaluates whether the
candidate action can be executed within bus-arrival and edge-
side deadline constraints, and applies compensation-aware
adjustment to reduce disturbance to general traffic phases.
These tools are used only to support the BSP control process,
whose key requirements are phase-duration coupling, exe-
cutable priority timing, neighbor-intersection influence, and
compensation-aware recovery. Table 1 summarizes the func-
tional coverage of different BSP-related method categories,
with emphasis on whether hybrid actions, multi-intersection
coordination, edge-side execution awareness, and bus-priority
compensation are jointly considered.
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Table 1: Comparison of method categories for BSP requirements.

Method Category Hybrid Action Multi-Int. Coord. Edge-Aware Bus Compens.

Rule-based BSP – – – Partial
Discrete RL control – Partial – –
Hybrid RL control ✓ Limited – Limited
Edge-HyAR-BSP ✓ ✓ ✓ ✓

3 System Model and Problem For-
mulation

3.1 End-Edge-Cloud Collaborative Architec-
ture

We consider a dense urban road network consisting of I
signalized intersections, each equipped with roadside sens-
ing devices (cameras, radars, detectors), signal controllers,
and edge computing nodes. The architecture is inspired by
general end–edge–cloud collaborative computing principles
[15, 19, 34] and is adapted here for real-time control. Buses
and connected vehicles upload their position, speed, ETA, and
passenger occupancy information through V2X communica-
tion. The control architecture, illustrated in Figure 1, operates
as follows:

• Perception layer (end): Vehicles and roadside sensors col-
lect real-time traffic states including vehicle counts, queue
lengths, waiting times, bus arrival flags, and ETA values.

• Edge computing layer: Each roadside edge node receives
local lane-level states (vehicle count, queue length, wait-
ing time), bus states (arrival flag, ETA, speed), and edge
states (communication delay, inference latency, workload)
as input. It aggregates relevant local and neighboring traffic
observations, generates a candidate phase-duration priority
action, checks its feasibility under signal-safety and edge-
deadline constraints, and sends the adjusted action to the
signal controller within the decision window.

• Cloud platform layer: The cloud is responsible for
centralized training, historical data management, model
validation, and periodic policy updates. Real-time
multi-intersection coordination is conducted through
neighboring-state aggregation and decentralized inference
at roadside edge nodes.

This architecture, illustrated in Figure 1, forms a closed-
loop process of “perception → edge inference → signal
execution → feedback collection → cloud update.” Com-
pared with cloud-centric control, edge deployment reduces
the state upload and control feedback paths, which is critical

Figure 1: End-edge-cloud collaborative architecture. Connected vehicles and roadside sensors provide traffic, bus, and edge
states to roadside edge nodes. Edge nodes generate candidate phase-duration priority actions, verify their feasibility under
control-window constraints, and send executable actions to signal controllers. The cloud supports centralized training, model
validation, and policy updates using project-based datasets from Rongdong.
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for dense urban networks where BSP decision windows are
short (typically 10–30 s).

3.2 Project-Based Data Source and Study Area

The study area is the Rongdong District of Xiong’an New
Area, China, which features a narrow-road dense-network
layout with short intersection spacing (150–300 m) and high
signal coupling. The data used in this study are derived from
the Xiong’an New Area Science and Technology Innova-
tion Project “Research on Multi-Granularity Traffic System
Simulation and Collaborative Control Technology for the
Narrow-Road Dense-Network in the Xiong’an New Area”
under Grant No. 2022XAGG0126.

The project developed a multi-granularity traffic simu-
lation and collaborative control system covering large-scale
traffic situation inference, multi-intersection signal coordina-
tion, BSP, vehicle-road cooperation, and edge-cloud collabo-
rative computing. As illustrated in Figure 2 and summarized
in Table 2, according to the project evaluation materials, the
demonstration environment covered 102 signalized intersec-
tions, 5 bus routes with priority control, and 18,937 roadside
sensing terminals in the Rongdong area, supporting 7 trans-
portation modes including walking, non-motorized vehicles,
buses, passenger cars, taxis, freight vehicles, and connected

automated vehicles. The project has produced related pub-
lications in traffic flow modeling and cooperative control
[35, 36].

The data used in this paper include bus GPS records, sig-
nal timing logs, BSP trigger logs, roadside detector records,
and platform-level aggregated traffic performance indicators.

Table 2: Description of the project-based dataset

Item Description

Project source Xiong’an New Area S&T Innovation
Project

Grant No. 2022XAGG0126
Study area Rongdong District, Xiong’an New Area
Network scale 102 signalized intersections
Bus routes 5 routes; Route 302 for detailed BSP eval-

uation
Data sources Bus GPS, signal timing logs, roadside de-

tector records, platform statistics
Edge/computing
data

Edge inference logs, communication delay
records, task completion records

Data form Aggregated and anonymized operational
data

Excluded
samples

Accidents, construction, extreme weather,
equipment offline, incomplete signal cy-
cles

Figure 2: Project-based study area in the Rongdong District of Xiong’an New Area. The figure illustrates the real-world
narrow-road dense-network environment used in this study, including 102 signalized intersections, five bus routes, and the
Route 302/Lemin Street corridor selected for detailed BSP evaluation. The map also highlights the coordinated control sub-
zones and the deployment locations of RSU/edge computing nodes, which support the collection of traffic states, BSP trigger
logs, signal timing records, and edge computing indicators.
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3.3 Traffic Network Model

Let the road network contain I signalized intersections, de-
noted by I = {1,2, . . . , I}. Each intersection i ∈ I is con-
trolled by an agent. The set of incoming lanes at intersection
i is denoted by Li, and the set of available signal phases is
denoted by Ki = {1,2, . . . ,Ki}.

The traffic state of intersection i at time t is defined as:

si(t) =
(
t, pli , dli , qli , wli , onadj

)
(1)

where t is the current time, pli ∈ {0,1} indicates whether
lane l has the right-of-way, dli is the vehicle count on lane
l, qli is the queue length, wli is the average waiting time,
and onadj represents aggregated information from all adjacent
intersections.

3.4 Bus State Model

When a bus is detected approaching intersection i, the bus-
related state is augmented as:

sbus
i (t) =

(
Bli , Beta, vbus, ωbus

)
(2)

where Bli ∈ {0,1} indicates whether a bus is on lane l, Beta is
the estimated time of arrival at the stop line, vbus is the current
bus speed, and ωbus denotes passenger occupancy or priority
weight.

3.5 Edge Computing State Model

To capture edge computing constraints for edge-assisted BSP
control, we explicitly define the edge state:

sedge
i (t) =

(
τcomm, τinfer, ρload, βbw, ηloss

)
(3)

where τcomm is the V2X communication delay, τinfer is the
edge inference latency, ρload is the edge node workload
(CPU/memory utilization), βbw is the available bandwidth,
and ηloss is the packet loss or state loss ratio. These edge vari-
ables are observed contextual factors rather than controllable
resource-allocation actions. They are treated as contextual ob-
servations that affect the reliability and timeliness of BSP
execution: high communication delay reduces the alignment
between bus ETA and signal timing, increased inference la-
tency shrinks the feasible decision window, elevated workload
degrades task completion rate, limited bandwidth constrains
neighbor-state sharing, and packet loss undermines the accu-
racy of bus and queue state estimation. By including them
in the augmented state, the policy can learn to select more
conservative or robust signal actions under degraded edge
conditions.

The complete augmented state is given by:

Si(t) =
(
si(t), sbus

i (t), sedge
i (t)

)
(4)

For each BSP decision task, the control action is useful
only when the complete sensing–inference–delivery pipeline
finishes before the valid control window expires. The effec-
tive control window is determined by the bus ETA, the current
signal phase, and safety constraints:

τcomm,i(t)+ τpre,i(t)+ τinfer,i(t)+ τact,i(t)≤Wctrl,i(t) (5)

where τpre,i is the preprocessing time, τact,i is the action de-
livery and controller acknowledgement time, and Wctrl,i(t) is
the valid control window set by the bus ETA and phase con-
straints. When this condition is violated, the BSP action risks
missing the bus arrival window and should be suppressed or
projected to a safer general traffic action.

3.6 Optimization Objective

The objective is to minimize traffic, operational-risk, and
decision-latency costs while accounting for time-varying
edge conditions:

J(π) =Eπ

[ T

∑
t=0

ξ
t(wbDbus(t)+wvDveh(t)+wqQlen(t) +

wrRrisk(t)+wd · I(Te2e >Wctrl)+ws ·AoI(t)
)] (6)

where Dbus is bus delay, Dveh is general traffic delay, Qlen
is queue length, Rrisk is operational risk (spillback and con-
gestion propagation), I(Te2e > Wctrl) penalizes deadline vio-
lations, AoI(t) penalizes state staleness, wb,wv,wq,wr,wd ,ws
are non-negative weighting coefficients, and ξ ∈ (0,1) is the
discount factor.

Table 3 summarizes how the major framework compo-
nents relate to the edge-computing aspect of this work.

4 Proposed Method: Edge-HyAR-
BSP

This section presents the control procedure of Edge-
HyAR-BSP for deadline-aware cooperative BSP, including
phase-duration action construction, latent duration decoding,
neighbor-state aggregation, priority-action feasibility pro-
jection, compensation-aware execution, and edge-condition-
sensitive reward design. The overall workflow is illustrated in
Figure 3.

Table 3: Edge-computing relevance of major framework components.

Component Edge-Computing Role Control Effect

Roadside edge inference Reduces communication and feedback delay Enlarges BSP decision margin
Edge state variables Represent delay, workload, bandwidth, and packet loss Enable context-aware action selection
Deadline-aware feasibility projection Filters actions that miss control windows Improves execution reliability
Cloud-assisted CTDE Uses global information for training Supports decentralized edge execution
GAT neighbor aggregation Shares spatial information Improves corridor coordination
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Figure 3: Workflow of the proposed Edge-HyAR-BSP method. The framework takes traffic, BSP, and edge computing states
as inputs. Neighboring-intersection information is aggregated for corridor-level coordination. Phase-duration coupled actions
are generated through latent representation and continuous decoding. Priority actions are executed through green extension, red
truncation, and cross-cycle compensation, while cloud-assisted training periodically updates the edge policy.

4.1 Hybrid Action Space Definition

Unlike conventional discrete-action traffic signal control, we
define a hybrid action for each intersection i:

Ai =
{
(ki,xki) | xki ∈Xki , ∀ki ∈Ki

}
(7)

where ki ∈ Ki denotes the selected signal phase (discrete),
and xki ∈ [xmin,xmax] denotes the corresponding green time
duration (continuous). This formulation requires the agent to
simultaneously output a discrete phase index and a continuous
duration, providing finer-grained control than purely discrete
action spaces.

4.2 Hybrid Action Representation Module

Direct optimization in the hybrid action space faces two
challenges: (i) structural dependency between discrete phase
selection and continuous duration (optimal green time dis-
tributions differ across phases); and (ii) conventional policy
networks struggle to jointly output discrete and continuous
distributions while maintaining their coordination. To repre-
sent the coupled discrete-continuous nature of BSP actions,
this study adopts a latent action representation inspired by
hybrid-action learning [32]. The representation is redesigned
for signal control by conditioning the continuous duration
decoder on bus ETA, phase feasibility, and edge-side execu-
tion constraints. Therefore, the objective of this module is not
to introduce a new generic hybrid-action algorithm, but to

adapt latent hybrid-action modeling to the feasibility require-
ments of BSP. The module uses a discrete action embedding
table and a CVAE as implementation tools, while its design
objective is to satisfy BSP-specific feasibility requirements,
including phase order, green-time bounds, bus ETA, and
edge-side execution deadlines. In this work, the latent repre-
sentation is embedded into the BSP control process so that
candidate phase-duration actions can be evaluated together
with bus states, signal-safety rules, neighboring-intersection
conditions, and edge-side execution constraints.
4.2.1 Discrete Action Embedding Table

A learnable embedding table Eζ ,Ki ∈ RKi×d1 is constructed
to map each discrete phase index ki to a latent embedding
eζ ,ki ∈ Rd1 :

eζ ,ki = Embeddingζ (ki) (8)
where d1 is the embedding dimension and ζ denotes learnable
parameters. During inference, the nearest-neighbor search in
the embedding space recovers the discrete phase k̂i from the
latent representation.
4.2.2 Conditional Variational Auto-Encoder

In the BSP setting, the decoder is used to produce a green-
time adjustment that is conditioned not only on the selected
phase but also on traffic state and feasible bus-arrival win-
dows. The continuous duration is therefore not generated
independently of the phase; it is decoded from a compact
latent variable so that different phases can correspond to
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different feasible duration distributions. The encoder (param-
eterized by φ ) outputs the mean µx and standard deviation σx
of the variational posterior:

qφ (zx | xki ,s,eζ ,ki) = N
(
µx(s,eζ ,ki), σ

2
x (s,eζ ,ki)

)
(9)

The latent continuous action is sampled via the reparameteri-
zation trick:

ẑx = µx +σx⊙ ε, ε ∼N (0,I) (10)

The decoder parameterized by θdec reconstructs the green
time duration from the latent representation and conditions:

x̂ki = fθdec(ẑx,s,eζ ,ki) (11)

The CVAE is trained by minimizing:

LCVAE = Ezx∼qφ

[
∥xki − x̂ki∥

2
2︸ ︷︷ ︸

Lrecon

+βKL ·DKL(qφ ∥ p(z))︸ ︷︷ ︸
LKL

]
(12)

where Lrecon = ∥xki − x̂ki∥2
2 is the reconstruction loss, βKL is

a weighting coefficient, qφ = qφ (zx | xki ,s,eζ ,ki) is the varia-
tional posterior, and p(z) = N (0,I) is the standard normal
prior. The KL divergence for diagonal Gaussian posterior is
LKL = 1

2 ∑ j(µ
2
j +σ2

j −1− logσ2
j ).

The CVAE and embedding table are pretrained before
the RL loop. An initial action dataset is collected using
a rule-based BSP controller with randomly sampled feasi-
ble phase-duration pairs, and the CVAE is trained on this
dataset to learn a compact latent representation of valid hybrid
actions. After pretraining, the CVAE and embedding table
parameters are frozen during the main RL training phase to
avoid latent-space drift. The replay buffer stores the latent
representation alongside each transition at collection time,
so that critic evaluation uses a stable action encoding that
does not change across training steps. The discrete phase
is recovered from the embedding table via nearest-neighbor
lookup during execution. During training, the actor’s latent
discrete output is used directly by the critic without nearest-
neighbor discretization, so that gradients flow through the
continuous latent representation. The nearest-neighbor search
is applied only at execution time and when constructing the
feasibility projection. The decoder generates the continuous
green-time adjustment conditioned on the latent sample, state,
and discrete phase embedding.

4.3 Multi-Agent Cooperative Learning
Framework

4.3.1 CTDE Training Architecture

We adopt a centralized training with decentralized execution
(CTDE) framework. During training, the critic network can
access global traffic states, edge states, and joint actions of
all agents to learn the hybrid action value function. During
execution, each edge node performs inference based only on
local observations and aggregated neighboring information,
ensuring scalability and real-time performance.

The policy network follows an Actor-Critic architecture.
The Actor network outputs the latent hybrid action (e,zx),

which is decoded via the HyAR module to the original ac-
tion (ki,xki). The Critic network evaluates state-action pairs
to guide policy updates. Training follows an off-policy de-
terministic policy gradient approach. The critic is updated by
minimizing the temporal-difference loss:

LQ(θ
Q
i ) = E(S,a,r,S′)∼D

[(
Q

θ
Q
i
(S,a)− yi

)2
]

(13)

with the target value yi = r + ξ Q
θ̄

Q
i
(S′,a′), where S is the

global state, a = (a1, . . . ,aI) is the joint latent action vector,
and a′ is computed from the target actor networks. The actor is
updated via the deterministic policy gradient, where the critic
evaluates the joint action with agent i’s own action coming
from its current policy while other agents’ actions are taken
from the replay buffer:

Lπ(θ
π
i ) =−ES∼D

[
Q

θ
Q
i

(
S, (a−i, πθ π

i
(Si))

)]
(14)

where a−i denotes the latent actions of all agents except i from
the replay buffer. Target networks are updated via soft Polyak
averaging: θ̄i← τsoft θi+(1−τsoft) θ̄i for both actor and critic.
During centralized training, the critic receives the global state
S and joint latent actions, whereas each actor uses only its lo-
cal observation Si and GAT-aggregated neighbor information.
The replay buffer stores the candidate action ãt , the executed
feasible action at , and the frozen latent representation zt col-
lected at the same decision step. The critic is trained on the
executed feasible action and its corresponding stable latent
code.
4.3.2 Graph Attention Network for Spatial Dependen-

cies

In dense short-block corridors, neighboring intersections af-
fect each other mainly through queue spillback and bus-
arrival propagation. The GAT layer is therefore used to weight
neighboring states according to their relevance to the current
BSP decision, aggregating information from adjacent nodes
with attention-weighted importance. For intersection i, the
aggregated representation is:

h′i = σ

(
∑

j∈N (i)
αi jWh j

)
(15)

where N (i) is the neighbor set of intersection i, αi j is the
attention coefficient between intersections i and j, W is a
learnable weight matrix, h j is the state representation of
neighboring intersection j, and σ is a nonlinear activation
function. The attention coefficient is computed as:

αi j =
exp
(
LeakyReLU(a⊤[Whi ∥Wh j])

)
∑k∈N (i) exp

(
LeakyReLU(a⊤[Whi ∥Whk])

) (16)

where a is a learnable attention vector and ∥ denotes vector
concatenation. CTDE and GAT are used here as established
coordination tools; the paper’s focus is their integration with
hybrid BSP actions, edge-side execution constraints, and fea-
sibility projection rather than proposing a new graph learning
architecture.
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4.4 BSP Strategy

When a BSP request is triggered (i.e., a roadside detector
detects an approaching bus), the edge node selects a prior-
ity strategy based on bus ETA, current phase, queue status,
and neighboring traffic states. Two major priority strategies—
green extension and red truncation—are employed, with
cross-cycle compensation used to restore timing balance after
priority actions.
4.4.1 Green Extension

Green extension is activated when the bus-serving phase is
active, or is scheduled to become active before the bus ar-
rives, and the estimated bus arrival time falls shortly after the
nominal end of the bus-serving green interval, as illustrated
in Figure 4(a). The green time of the bus-priority phase is
extended by ∆gbus, determined as:

∆gbus = min
{

∆Tbus, ∑
p∈Ki\{kbus}

∆gp,max

}
(17)

where ∆Tbus is the required extension to cover the bus ar-
rival gap, ∆gp,max is the maximum compressible green time
of conflicting phase p, and Ki \ {kbus} excludes the bus-
serving phase. The extension is bounded by minimum-green
and maximum-extension constraints: ∆Ta ≤ ∆gbus ≤ ∆Tb.

4.4.2 Red Truncation

If a bus is detected during a non-bus-priority phase and is
predicted to arrive before the next green phase starts, the red
truncation strategy is activated, as illustrated in Figure 4(b).
The conflicting phase is shortened, and the bus-priority phase
is advanced by ∆Tbus, with the earliest green start time
bounded by phase minimum constraints.
4.4.3 Cross-Cycle Phase Compensation

To maintain total cycle stability and prevent green wave dis-
ruption after BSP triggering, we design a cross-cycle phase
compensation mechanism, as depicted in Figure 4(c). After
BSP is triggered, the system compensates the affected phases
in subsequent cycles. The compensation amount H satisfies:

H =−∆Tbus (18)

The compensation is evenly distributed over N subsequent
cycles, with each cycle compensating −∆Tbus/N. A compen-
sation state variable Hi(t) is introduced into the state space,
representing the accumulated pending compensation at in-
tersection i. A penalty term rcomp = −ψ · |Hi(t)| is added
to the reward function to encourage cycle balance recov-
ery. A maximum compensation threshold Hmax is set: when

Figure 4: Illustration of BSP strategies in the proposed Edge-HyAR-BSP framework. (a) Green extension prolongs the current
bus-serving green phase. (b) Red truncation shortens the conflicting phase to start the bus-serving phase earlier. (c) Cross-cycle
phase compensation restores timing balance after priority actions.
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|Hi(t)| > Hmax, further BSP triggering is prohibited until the
accumulated compensation is reduced below the threshold.

4.5 Edge-Aware Reward Function

The reward function evaluates network-level traffic efficiency,
BSP, fairness, and edge conditions:

rt = ∑
i∈I

[
∑

l∈Li

(
α∆dli −βqli − γwli

)
+κrbus

i −µrspill
i −ϕrswitch

i

−ψ|Hi(t)|−λdDi(t)−λsAi(t)−λ f Fi(t)
]

(19)
where ∆dli , qli , wli are lane-level throughput change,
queue length, and waiting time. The BSP term rbus

i =
−∑b∈Bi(t) ωbDb(t) penalizes bus delay, weighted by passen-

ger occupancy ωb. The terms rspill
i , rswitch

i , and |Hi(t)| denote
spillback penalty, phase-switching penalty, and accumulated
pending compensation (Section 4.4.3).

The three edge-related penalty terms penalize execution
outcomes: Di(t) = 1{Te2e,i>Wctrl,i} activates on deadline viola-
tion; Ai(t) = AoIi(t) = t − ui(t) measures state staleness in
decision steps, normalized by the maximum tolerated age and
computed as the maximum among local and neighboring state
components (when a packet is lost, the previous valid state is
retained and its AoI increases); Fi(t) = 1{ãi /∈Afeas,i} penalizes
candidate actions that fall outside the feasible set.

Communication delay, inference latency, and workload
influence these outcomes through the state and feasibility con-
straints. Bandwidth and packet loss affect the policy through
the augmented state and masked GAT aggregation. All Greek
symbols denote non-negative weighting coefficients.

4.6 Edge-Aware Feasibility Projection

After the Actor and HyAR decoder generate a candidate hy-
brid action (ki,xki), the action is projected onto a feasible
set before execution. The feasible set Afeas,i(t) is determined
by signal-safety constraints, minimum green time, clearance
time, phase order, bus ETA, compensation state, and the
available edge-side control window:

Afeas,i(t) =
{
(ki,xki) | xmin ≤ xki ≤ xmax, gmin ≤ gki ≤ gmax,

Te2e,i(t)≤Wctrl,i(t), |Hi(t)| ≤ Hmax,

phase-safety constraints satisfied
}

(20)
This projection prevents the policy from executing priority
actions that are theoretically optimal in the traffic state but in-
feasible under current communication or computing delays.
The projection procedure is summarized as follows:

1. Remove phases that violate the current phase order or
clearance-time constraints.

2. Clip the candidate green duration to [xmin,xmax] and
[gmin,gmax].

3. Verify that the bus ETA can be served within the remaining
control window Wctrl,i.

4. Check that |Hi(t)| ≤ Hmax (compensation threshold not
exceeded).

5. If multiple feasible actions remain, select the one closest to
the candidate action under Euclidean distance in the latent
space.

6. If no feasible priority action exists, execute the nominal
general traffic action for the current signal plan.

When no feasible priority action exists, the controller re-
verts to a safe general traffic action within the current signal
plan. This is distinct from a dedicated fault-tolerant fallback
controller for severe edge-node failures, which remains fu-
ture work (Section 6.6). This mechanism directly connects
edge-side latency and reliability to the control decision space.

Because the feasibility projection includes discrete phase
filtering and hard safety constraints, it is not fully differen-
tiable. The actor is therefore optimized in the latent action
space with an additional infeasibility penalty, while the critic
is trained on executed feasible actions. This introduces an
approximation between policy optimization and environment
execution, which is partially mitigated by CVAE pretraining
and the feasibility-aware penalty terms.

The training follows an off-policy actor-critic framework
with deterministic policy gradients, operating on the latent
hybrid actions produced by the HyAR module. During cen-
tralized training, the critic receives the global state and the
joint latent action, where the latent action refers to the
frozen encoding of the executed feasible hybrid actions (post-
projection), not the pre-projection actor outputs. Each actor
uses only local observations and GAT-aggregated neighbor
information. During decentralized execution, only the actor
and the HyAR decoder are deployed at each roadside edge
node. The feasibility projection is applied during both on-
line data collection and target-action generation. The replay
buffer stores, alongside each transition, the executed feasible
action in its original hybrid form (ki,xki) and its latent rep-
resentation (eζ ,ki ,zx) at collection time. Because the CVAE
and embedding table are frozen after pretraining, the stored
latent code remains consistent throughout RL training and no
re-encoding is required during critic updates. This design en-
sures that the critic learns on actions the environment actually
received, while the actor gradient flows through the stable
latent space. The feasibility projection is integrated into the
training loop as step 5–6 of Algorithm 1.

5 Experiments
5.1 Experimental Setup

5.1.1 Project-Based Study Area and Data Collection

The experimental data and case-study scenario are derived
from the Xiong’an New Area Science and Technology Inno-
vation Project (Grant No. 2022XAGG0126). The study area
is the Rongdong District, which contains 102 signalized inter-
sections divided into 3 coordinated control sub-zones (15–30
intersections each) and multiple bus routes. The road net-
work features the typical narrow-road dense-block layout:
average intersection spacing of approximately 200 m, road
widths of 15–25 m, and 2–4 lanes per approach. Intersection
characteristics are summarized in Table 4.
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Algorithm 1 Edge-HyAR-BSP Training Procedure

Require: Road network I , episodes M, discount factor ξ ,
learning rate η

Ensure: Trained decentralized actors {πi}I
i=1

1: Pretrain and freeze CVAE (ζ ,φ ,θdec) and embedding
table Eζ ,Ki ; initialize Actor {θ π

i }, Critic {θ Q
i }, and target

copies
2: for episode = 1 to M do
3: Reset environment
4: for timestep t = 0 to T do
5: for each intersection i ∈I in parallel do
6: Assemble state Si(t): local traffic, bus, and

edge states; aggregate neighbors via GAT
7: Generate latent hybrid action, decode to

(ki,xki) via HyAR module
8: Project onto feasible set (min-green, clear-

ance, phase order, bus ETA, compensation, control-
window)

9: Execute as GE, RT, or no-priority; observe
reward rt and next state Si(t +1)

10: end for
11: Store (St , ãt ,at ,zt ,rt ,St+1) in replay buffer D ,

where ãt is the joint candidate action, at is the executed
feasible action, and zt is the frozen latent representation

12: Sample mini-batch from D ; update Critic and Ac-
tor via loss functions (CVAE and embedding table remain
frozen)

13: Soft-update critic and actor target networks
14: end for
15: end forreturn trained decentralized actors {πi}I

i=1

Table 4: Characteristics of test intersections

Intersection
Range

Road Type Lanes Cycle (s)

1–25 Arterial roads 4 120
26–50 Secondary roads 3 100
51–75 Branch/connecting 2–3 90–100
76–102 BSP priority 3–4 90–120

A comparative dataset is constructed based on two dis-
tinct signal control schemes. Conventional fixed signal timing
is adopted during the baseline phase, from which 14 sets
of matched bidirectional bus operation records of Route 302
are gathered. For the optimized phase, the Edge-HyAR-BSP
collaborative control framework is deployed on the identical
corridor, and another 14 bidirectional bus trips under con-
sistent departure timetables are recorded. The abnormal data
entries are removed, leaving a total of 28 fully paired bus
samples for controlled comparison.

The dataset is partitioned into three fixed time windows:
morning peak (7:00–9:00), off-peak period (10:00–16:00),
and evening peak (17:00–19:00). Bus performance metrics
are extracted from GPS trajectories, arrival and departure
logs, as well as BSP trigger data collected from Route 302
running between Mingzhuyuan Station and Yumeiyuan Sta-
tion in both directions.

Because the dataset originates from an urban transporta-
tion project, raw trajectory-level and device-level records

cannot be publicly released due to project management re-
quirements and traffic operation data restrictions. This paper
therefore reports anonymized and aggregated indicators. The
results should be interpreted as project-based operational
evidence rather than a randomized controlled trial.

Table 5 clarifies the scope and evidence type of each
evaluation component to avoid conflation between project
platform coverage and algorithmic evaluation scale.

Table 5: Evidence scope and evaluation scale of the study

Evidence Type Network Scope Main Metrics

Project platform
coverage

102 intersections Aggregated re-
gional indicators

BSP corridor
evaluation

15 intersections Bus speed, delay,
stops

Sub-zone coordi-
nation

15–30 per zone Balance index,
travel time

Simulation/ablation 102-intersection
topology

Robustness, com-
ponent analysis

The project-based evaluation covers comparable work-
days across three time periods: morning peak (7:00–
9:00), off-peak (10:00–16:00), and evening peak (17:00–
19:00). Samples affected by accidents, construction, extreme
weather, equipment offline status, or incomplete signal cycle
records are excluded. Bus-related metrics are derived from
bus GPS records, BSP trigger logs, and signal timing records
of Route 302 (bidirectional) during the evaluation period.
Edge decision records are obtained from the platform’s edge-
node operation logs. Because raw trajectory-level data are not
releasable due to project data governance policies, all reported
indicators are aggregated and anonymized at the corridor or
platform level.

The project defined three demonstration scenarios: (1) re-
gional coordinated signal control in the narrow-road dense-
network area, (2) intelligent connected BSP with V2X co-
operation, and (3) collaborative control and emergency re-
sponse under traffic incidents. This paper focuses on the
first two scenarios, covering multi-intersection coordination
(Section 5.2.3) and BSP (Sections 5.2.1 and 5.2.2).
5.1.2 Baseline Methods

The proposed Edge-HyAR-BSP is constructed based on four
mature algorithms (HyAR, CTDE, GAT, vanilla actor–critic
RL), which are adjusted to satisfy BSP constraints. To resolve
policy–execution mismatch, a non-differentiable feasibility
projection operator is designed, and latent-space actor opti-
mization paired with feasible-action critic training is adopted;
edge operational metrics are also embedded into state and
reward functions. The effectiveness of all customized mod-
ules is verified through the following baseline and ablation
comparisons:

• Fixed-Time: Fixed signal timing optimized offline via
the Webster method. Regional coordination and general-
traffic comparisons are available from the project platform
records.

• Rule-based BSP: Rule-based BSP using GE/RT with
analytical thresholds [21]. Comparison is provided via
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the project before-period baseline (pre-optimization stage
without Edge-HyAR-BSP).

• Cloud-HyAR-BSP: The cloud-based counterpart of Edge-
HyAR-BSP, where all inference is performed in the cloud.
Compared in terms of end-to-end latency and task comple-
tion rate.

• HyAR-BSP w/o Edge: The edge-awareness-removed vari-
ant, without edge state variables and edge-execution penal-
ties. Used in the ablation study (Section 5.5) to isolate the
contribution of edge-condition awareness.

• Discrete-MARL-BSP: A discrete-action variant sharing
the same coordination structure, state, reward, and con-
straints as Edge-HyAR-BSP, but with green duration dis-
cretized into 5 fixed bins from xmin to xmax.

• GAT-Rule-BSP: An attention-free variant using neigh-
bor aggregation combined with fixed-rule GE/RT decisions
(analytical thresholds), isolating the contribution of learned
policy from graph-based coordination.

Generic edge offloading and resource scheduling algo-
rithms are excluded from comparison, and the influence of
edge-side operating conditions on real-time traffic control de-
cisions is defined as the core research objective of this work.
Targeted baselines including Cloud-HyAR-BSP and HyAR-
BSP w/o Edge are established to quantify the performance
gains contributed by edge deployment and edge-condition
awareness.

The Discrete-MARL-BSP baseline is constructed by dis-
cretizing green time intervals into 5 fixed bins and embedding
bus states and bus delay rewards into the reward function,
serving as a discrete-action counterpart to our hybrid-action
framework. A complete set of comparative baselines to-
gether with controlled ablation experiments are implemented
to independently measure the effectiveness of hybrid ac-
tion representation, GAT-based intersection coordination and
edge-state perception modules. Reliable attribution of perfor-
mance improvement to the proposed technical components is
therefore achieved, and the interference brought by favorable
problem formulation is eliminated. Detailed hyperparameter
settings and simulation configurations for Edge-HyAR-BSP
and all baselines are summarized in Table 6.
5.1.3 Evaluation Metrics

Traffic efficiency metrics: (1) Average bus delay (s); (2) Av-
erage bus speed (km/h); (3) Number of bus stops; (4) Average
general traffic delay (s); (5) Average general traffic speed
(km/h); (6) Average queue length (veh); (7) Queue spillback
rate (%).

Edge computing metrics: (8) End-to-end decision la-
tency (ms); (9) Edge inference latency (ms); (10) Communi-
cation delay (ms); (11) Edge node workload (%); (12) Task
completion rate (%).

The improvement rate for each metric is calculated as:

η+ =
Iafter− Ibefore

Ibefore
×100%, η− =

Ibefore− Iafter

Ibefore
×100%

(21)
where η+ applies to positive metrics (speed, throughput) and
η− applies to negative metrics (delay, stops, queue length).

Table 6: Hyperparameter and Simulation Configurations of
Edge-HyAR-BSP.

Category Parameter Value

SUMO

Road network 102 intersections, Rong-
dong

Peak demand 18500 veh/h
V2X protocol IEEE 802.11p, 100m
Sim step 1 s
Episode length 3600 s
Total episodes 8000
Random seed 2026
Comm. delay 0–150 ms

Env. Params

Edge workload 30%–95%
Packet loss 0%–20%
Max compensa-
tion

20 s

Adjust window 10–30 s
Replay buffer 100000

CVAE

Latent dim d1,d2 6, 6
Pre-train lr 0.0001
Encoder layers 256, (128,128)
Decoder layers (256,256), 128
Pre-train samples 50000
Random seed 2026

MADDPG

Actor lr 0.0003
Critic lr 0.001
Discount γ 0.99
Actor layers (256,128,128)
Critic layers (256,128,64)
Batch size 256
Soft update τ 0.005
Replay buffer
size

100000

Baselines

Fixed-Time Webster timing scheme
Rule-based BSP GE/RT BSP
Cloud-HyAR-
BSP

Cloud inference version

HyAR-BSP w/o
Edge

Edge state and penalty re-
moved

Discrete-MARL-
BSP

5-bin discrete green time

GAT-Rule-BSP GAT replaced by GE/RT
rules

All baselines are grid-searched on the same SUMO platform; CVAE
is frozen in RL training. Seed 2026 ensures reproducibility.

5.2 Main Results
5.2.1 BSP Performance
Table 7 presents the BSP performance of Route 302 (bidirectional)
during the morning peak period.

In the Route 302 corridor, the operational data indicate measur-
able improvements in bus efficiency during the selected evaluation
periods. The downlink direction benefited more than the uplink di-
rection, likely because its signal offsets and queue conditions were
more favorable. Aggregated corridor-level indicators show improved
operational performance during the selected after period. Because
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per-vehicle trajectory records are unavailable for publication, the
results should be interpreted as project-based aggregate evidence.

Table 7: BSP performance (Route 302, morning peak)

Metric Direction Before After Change (%)

Avg. speed Uplink 18.94 21.71 +14.64%
(km/h) Downlink 18.18 23.65 +30.09%

Travel time (s)
Uplink 630.93 551.93 -12.52%

Downlink 671.64 524.79 -21.86%

Avg. delay (s)
Uplink 191.16 117.98 -38.28%

Downlink 224.78 77.96 -65.13%

Avg. stops
Uplink 7.64 4.43 -42.01%

Downlink 8.29 3.43 -58.62%

BSP trigger rate: 39.32% (6.37 triggers/hour on average per inter-
section).

5.2.2 General Traffic Performance
Table 8 summarizes the general traffic performance before and after
deployment.

The operational data from the project platform indicate no
aggregate degradation in general-traffic performance during the se-
lected after period. The simulation-based ablation study further
suggests that cross-cycle phase compensation contributes to this
fairness outcome.

Table 8: General Traffic performance (morning peak)

Metric Before After Change (%)

Average speed (km/h) 32.60 36.28 +11.29%
Average delay (s) 55.32 49.18 -11.10%
Average stops 1.65 1.46 -11.52%

5.2.3 Multi-Intersection Coordination
Table 9 compares regional coordination performance across control
schemes.

The project platform’s after-period multi-zone coordinated con-
trol, which incorporated the proposed BSP framework as one com-
ponent, showed improved regional indicators compared with the
no-control and fixed-time schemes. The sub-zone balance index
improved by 62.1% (from 0.58 to 0.94), reduced travel time by
32.3% (from 18.6 to 12.6 min), and decreased congested links by
65.1% (from 32.4% to 11.3%) compared with no control. These re-
gional indicators reflect the integrated project platform, in which
Edge-HyAR-BSP served as the BSP-related control component.

Table 9: Regional coordination performance

Control Scheme Balance Travel Time Congested
Index (min) Links (%)

No regional coord. 0.58 18.6 32.4%
Fixed-time 0.65 16.8 27.1%
Single sub-zone 0.81 14.2 18.5%
Multi-zone coordinated 0.94 12.6 11.3%

5.2.4 Bus-Vehicle Impact Comparison
Table 10 directly compares bus and general traffic impacts, address-
ing the fairness concern of whether BSP degrades general traffic
performance.

Table 10: Comparative impact of BSP on buses and general
traffics

Metric Bus General traffic

Avg. speed change +14.64%∼+30.09% +11.29%
Avg. delay change -38.28%∼-65.13% -11.10%
Avg. stops change -42.01%∼-58.62% -11.52%

The bus speed, delay, and stop improvements are visualized in
Figure 5(a)–(d).

Within the coverage of the test bus route (Route 302) and the se-
lected sample period, no systematic spillback events were recorded
at neighboring intersections. The operational data from the project
platform indicate no aggregate degradation in general-traffic met-
rics during the after period. The simulation-based ablation study
further suggests that cross-cycle phase compensation contributes to
maintaining general-traffic fairness when BSP is active.

The bus and general traffic performance metrics in Tables 7, 8
and 9 are corridor-level field test results exclusively brought by the
Edge-HyAR-BSP deployed on Route 302, which directly reflect the
independent optimization effect of our proposed BSP framework.
However, the regional coordination indicators in Table 9 originate
from the integrated traffic operation platform of Rongdong Dis-
trict covering 102 signalized intersections, which integrates multiple
functional modules such as regional signal coordination, vehicle-
road cooperative perception and the proposed Edge-HyAR-BSP.
Accordingly, the overall network-wide performance improvement
cannot be fully attributed solely to Edge-HyAR-BSP.

To quantitatively evaluate the effectiveness of the proposed op-
timization strategy, paired operational data of Route 302 before
and after optimization were statistically compared. The baseline
and optimized mean values, relative improvement rates, and sta-
tistical significance results obtained via paired-sample t-tests are
summarized in Table 11.

Table 11: Statistical results of Route 302 bus indicators be-
fore and after optimization

Evaluation Baseline Optimized Relative p-value
Metric Mean Mean Change

Travel duration (s) 651.32 538.36 −17.34% < 0.001
Waiting time (s) 121.82 32.86 −73.03% < 0.001
Average stop count 7.96 3.93 −50.67% < 0.001
Time loss (s) 210.97 97.97 −53.56% < 0.001
Average speed (m/s) 10.98 11.03 +0.47% 0.634

As illustrated by the statistical results, significant improvements
in core operational indicators are achieved by the proposed opti-
mization strategy. Bus travel duration, passenger waiting time, stop
frequency and operation time loss are substantially reduced with
high statistical significance (p < 0.001). In particular, bus bunch-
ing and irregular dwelling problems are effectively mitigated by the
drastic decreases in passenger waiting time and redundant stopping
behaviors. In contrast, no statistically significant change is observed
for the marginal fluctuation of average running speed, which re-
veals that delay elimination rather than driving speed enhancement
is primarily targeted by the optimization scheme.

5.3 Edge Deployment Evaluation
5.3.1 Edge vs. Cloud Latency and Deadline Completion
Table 12 compares the end-to-end decision latency and task comple-
tion rate between the edge-deployed and cloud-deployed implemen-
tations of the proposed framework.
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Figure 5: Project-based before-after performance comparison of bus and general traffic operations. (a) Average bus speed
before and after optimization. (b) Average bus delay before and after optimization. (c) Average bus stops before and after
optimization. (d) General traffic performance improvement and reduction ratios. Negative percentages in (b) and (c) denote re-
ductions in bus delay and stops. The selected before–after records show improved bus indicators without observed aggregate
deterioration in general-traffic indicators.

Table 12: Edge vs. cloud deployment latency comparison

Deployment Comm. Inference/service E2E Compl.
(ms) latency (ms) (ms) (%)

Cloud-HyAR-BSP 45.2 32.1 89.7 94.3%
Edge-HyAR-BSP 8.3 12.5 24.6 99.1%

For cloud deployment, the reported inference/service latency
includes cloud-side queueing and container scheduling overhead
before model execution. E2E latency includes communication, pre-
processing, queueing, model inference, action serialization, and
controller-delivery overhead; therefore, it is not equal to the sum of
communication and inference latency alone. Task completion rate is
defined as the proportion of BSP decision tasks completed within
a predefined system deadline of 100 ms, which is the response-
time threshold adopted by the project platform for completing state
reception, inference, action transmission, and controller acknowl-
edgement. Due to project logging constraints, only average latency
and deadline completion rate were available from the edge-node op-
eration logs; tail-latency analysis (e.g., p95, p99) will be included
in future platform-level evaluation. Edge deployment reduced end-
to-end decision latency by 72.6% (from 89.7 ms to 24.6 ms) and
improved task completion rate from 94.3% to 99.1%. Although the
mean latency of both deployment modes remains below the nomi-
nal BSP decision window, edge deployment was associated with a
higher observed deadline-completion rate in the available platform
logs, particularly under communication degradation and workload
fluctuations.

5.4 Simulation-Based Edge Robustness Analy-
sis

The 100 ms platform deadline is a fixed unified threshold preset
by the Xiong’an traffic operation platform, which requires the full
pipeline of state collection, edge inference and action delivery to be
finished within 100 ms. The task completion rate is calculated as
the proportion of all BSP decision tasks that satisfy this fixed 100-
ms time limit, which is measured based on real edge node operation
logs in field tests. Differently, the variable control window Wctrl,i is
dynamically updated for each bus arrival event, jointly determined
by the bus ETA, current signal phase sequence and minimum sig-
nal safety intervals, representing the actual available time margin
to trigger effective BSP. The valid-control rate counts the share of
BSP requests where the entire sensing-decision-execution pipeline
is completed before the dynamically changing Wctrl,i expires, which
is only evaluated in simulation with adjustable communication and
computing conditions. The valid BSP action rate further imposes sig-
nal safety, phase order and cycle compensation constraints on top of
the valid-control condition, calculated as the percentage of triggered
BSP requests that generate feasible, constraint-compliant priority
actions and can be successfully executed by signal controllers.

Because the project field data do not provide controlled varia-
tions in delay, packet loss, or workload, we use simulation to ex-
amine Edge-HyAR-BSP under varying edge computing conditions.
The simulation environment mirrors the Rongdong road network
topology and traffic demand patterns, with communication delay,
packet loss, and edge node workload being artificially varied. All
simulation-based improvements are calculated relative to an inde-
pendently simulated rule-based BSP baseline with fixed GE/RT
thresholds, rather than the project-based before period. The traffic
demand is calibrated using aggregated project data, but the reported
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simulation outcomes are generated independently. Each configura-
tion is evaluated over five random seeds, and results are reported as
mean values.

5.4.1 Communication Delay Sensitivity
Table 13 reports the performance under different V2X communica-
tion delay levels.

The method maintains considerable BSP benefits under mod-
erate delays (≤50 ms), and performance degrades gradually as
communication delay increases. At 200 ms communication delay,
the controller still achieves a 51.33% reduction in bus delay relative
to the simulated rule-based BSP baseline, although the valid-control
rate decreases to 87.6%.

Table 13: Sensitivity to communication delay (simulation-
based)

Comm. (ms) Bus Delay Social Delay Valid Ctl. (%)
Change Change

10 -64.85% -10.92% 99.5%
50 -63.21% -10.14% 98.2%
100 -59.47% -8.76% 95.1%
200 -51.33% -5.42% 87.6%

Results obtained from SUMO co-simulation with Python-based edge
emulation. “Valid Ctl.” denotes the proportion of BSP requests for
which the complete sensing–decision–execution process finishes be-
fore the traffic-control execution window expires. This metric differs
from the platform deadline completion rate (100 ms) reported in
Table 10; under simulated communication degradation, the effective
control window varies with delay conditions.

5.4.2 Packet Loss Robustness
Table 14 examines robustness under packet loss (state-missing)
scenarios.

Table 14: Robustness under packet loss (simulation-based)

Loss Rate Bus Delay Spillback Valid BSP Action (%)
Change Rate

0% -64.88% 11.3% 99.1%
5% -58.74% 14.2% 96.8%
10% -49.85% 18.7% 92.4%
20% -35.21% 26.5% 81.3%

Valid BSP action rate is defined as the proportion of triggered
BSP requests for which a feasible priority action is generated and
executed without violating phase-safety constraints. The method
maintains effective control up to 10% packet loss, with valid BSP ac-
tion rate remaining above 90%. At 20% loss, performance degrades
notably, suggesting that a dedicated fallback controller, such as lo-
cal fixed-time control, may be needed under severe state-missing
conditions.

5.4.3 Edge Node Workload Impact
Table 15 shows performance at varying edge node workload levels.

Table 15: Impact of edge node workload (simulation-based)

Workload Inference Compl. (%) Bus Delay
latency (ms) Change

Low (30%) 8.7 99.5% -65.02%
Medium (60%) 12.5 99.1% -64.95%
High (85%) 28.3 94.7% -58.67%
Overload (95%) 67.1 76.2% -32.45%

Edge-HyAR-BSP maintains relatively stable traffic performance
under low-to-high workload conditions. As workload increases,
longer inference latency and lower task completion rates reduce
the timeliness of BSP action delivery. The model uses workload
as contextual information but does not directly allocate computing
resources. Under overload conditions, task completion rate drops
sharply, indicating that edge resource provisioning must account for
peak-hour computation demands.

5.5 Simulation-Based Ablation Study
To quantify the contribution of each method component, we conduct
simulation-based ablation experiments as shown in Table 16.

Table 16: Simulation-based ablation study results

Variant Bus Delay
Change

Social Delay
Change

Full Edge-HyAR-BSP -64.90% -11.10%
w/o CVAE representation -48.21% -7.83%
w/o GAT coordination -39.45% -2.16%
w/o Phase compensation -58.76% +4.32%
w/o Edge state -62.15% -10.05%
w/o Edge-execution penalties -63.88% -10.47%
Purely discrete actions -42.30% -5.61%

The ablation results show several clear trends: (1) GAT-based
multi-intersection coordination produces the largest reduction in
bus-delay improvement, decreasing the benefit by 25.45 percentage
points (from 64.90% to 39.45%) and nearly eliminating general-
traffic delay improvement; (2) Replacing hybrid actions with purely
discrete actions causes the second-largest reduction of 22.60 per-
centage points (from 64.90% to 42.30%), indicating the importance
of continuous duration modeling for jointly handling phase selec-
tion and green-time adjustment; (3) Phase compensation is critical
for fairness—without it, general traffic delay increases by 4.32%;
(4) Edge state and edge latency penalty components provide moder-
ate improvements in adaptation to edge conditions, although their in-
dividual traffic-only contributions are smaller than the coordination
and action-space components.

6 Discussion
6.1 Edge-Computing Perspective
From an edge-computing perspective, the main contribution of
Edge-HyAR-BSP is not limited to deploying an RL model at
roadside nodes. The framework couples edge-side inference with
traffic-control decision-making by incorporating communication de-
lay, inference latency, workload, bandwidth, and packet loss into the
control state. This enables the BSP policy to adapt to degraded edge
conditions while preserving the timing constraints of signal control.
Compared with existing vehicular edge computing studies, which
mainly focus on task offloading, service scheduling, and resource or-
chestration, Edge-HyAR-BSP investigates how edge-side operating
conditions affect real-time signal-control decisions. This difference
shifts the focus from resource management to edge-aware control
policy learning. Therefore, the proposed method can be viewed
as an edge-intelligent closed-loop control framework for vehicular
networks. General-purpose edge resource scheduling, computation
offloading, and bandwidth allocation are complementary to this
work. The focus here is edge-aware control policy learning, where
edge-side operating conditions are observed and used to improve the
feasibility of latency-sensitive BSP decisions.
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6.2 Key Findings
The results highlight several practical points. First, the ablation tests
suggest that treating green duration as a continuous decision is not
a minor refinement, but a key element of BSP control. Coordi-
nation is also important: once GAT-based neighbor aggregation is
removed, the benefit to general-traffic delay nearly vanishes. Edge
deployment does not change the traffic logic itself, but it provides
the controller with substantially more timing margin under short
decision windows. The fairness results further indicate that cross-
cycle phase compensation helps contain the negative impact of
priority actions on other traffic. It is worth noting that GAT coordi-
nation and hybrid actions produce the largest traffic-efficiency gains,
whereas edge-state awareness mainly improves deadline feasibility
and robustness under degraded conditions rather than substantially
increasing normal-condition traffic performance. This is consistent
with the role of edge variables as execution-context modifiers rather
than direct traffic optimizers.

6.3 Comparison with Existing Work
To place this work in context, we compare against three closely
related lines of research: (1) Bouktif et al. [12] demonstrated hy-
brid actions for a single intersection—we extend hybrid-action BSP
to a multi-agent setting, evaluate detailed operational BSP perfor-
mance on a 15-intersection corridor, and conduct simulation-based
robustness and ablation experiments on a topology derived from the
102-intersection project network; (2) CoLight [11] achieved GAT-
based multi-intersection coordination but used only discrete actions
without BSP—we integrate hybrid actions, BSP strategies, and edge
awareness; (3) D2TSP [13] applied DRL for BSP but was limited to
isolated intersections with discrete actions—we achieve coordinated
multi-intersection BSP with hybrid actions.

6.4 Limitations
Several limitations should be noted. One issue is that the regional
coordination indicators were generated by the integrated project plat-
form rather than by an isolated Edge-HyAR-BSP module; therefore
the regional improvement cannot be attributed entirely to the pro-
posed control framework. The before-after comparison on Route 302
covers a single bus corridor during specific time periods, and ex-
tending the evaluation to additional routes, seasonal conditions, and
demand patterns would strengthen the evidence. The project data are
available only as intersection-level aggregated statistics; individual
vehicle trajectories were not retained in the platform records, which
precludes formal paired significance testing at the per-intersection
level. The field evaluation reflects normal operating conditions,
whereas the controlled communication delay, packet-loss, and work-
load experiments are simulation-based. Correlated communication
failures, complete edge-node outages, and cyber-security threats are
not modeled and remain open questions for deployment at scale.

6.5 Project-Based Evidence and Validity
Threats

The experimental data used in this paper are derived from a
government-supported science and technology project in Xiong’an
New Area, which provides a realistic application background and
large-scale operational data. This strengthens the practical relevance
of the proposed framework compared with purely simulation-based
studies. However, the project-based nature of the data also intro-
duces validity threats. First, the before-after comparison is not a
randomized controlled experiment; it compares operational peri-
ods before and after system optimization. Second, the project-based
operational data are available only as aggregated period-level indi-
cators; exact sample counts (e.g., total workdays, bus trips, and BSP

requests per period) are not retained in the platform-level records
used for this paper, which precludes formal statistical power analy-
sis and limits the granularity of the before-after comparison. Third,
the edge computing robustness experiments (Section 5.4) are con-
ducted in simulation, as project field data do not provide controlled
variation of communication delay, packet loss, or edge workload.
Therefore, the reported results should be interpreted as project-
based case-study evidence supporting practical feasibility, rather
than universally generalizable causal conclusions.

6.6 Future Work
A natural next step is extending the framework to emergency
vehicles, autonomous buses, and multi-modal public transport,
where similar latency-sensitive priority logic applies. Cross-region
and cross-period validation with a proper randomized or quasi-
experimental design would strengthen the evidence beyond the cur-
rent single-corridor case study. On the algorithmic side, visualizing
GAT attention weights could improve the interpretability of inter-
intersection coordination. Safe switching between Edge-HyAR-BSP
and local rule-based or fixed-time fallback control under severe
edge-node failures or communication outages is an important engi-
neering problem—the present implementation does not include an
explicit fallback controller. Federated learning across multiple edge
domains offers a potential path toward privacy-preserving model
updates, which is particularly relevant for systems operating under
urban data governance constraints.

7 Conclusion
This paper investigated latency-sensitive cooperative BSP in dense
short-block road networks from an edge-executable control per-
spective. The proposed framework couples phase-duration priority
decisions with neighbor-state aggregation, deadline-aware feasibil-
ity projection, and cross-cycle compensation. The project-derived
Route 302 evaluation indicates that the framework can improve ag-
gregate bus operating indicators while avoiding observed aggregate
deterioration in general-traffic performance during the selected peri-
ods. The edge deployment logs further show that roadside inference
provides a larger timing margin for BSP execution than cloud-centric
deployment. Simulation results under controlled communication de-
lay, packet loss, and workload variations suggest that the framework
degrades gradually under moderate edge-side disturbance, although
severe packet loss or edge overload still requires fallback control.
These findings support the feasibility of treating edge-side oper-
ating conditions as part of the control context in latency-sensitive
cooperative BSP. Future work should validate the framework across
more routes, longer periods, and different cities, and should integrate
explicit fault-tolerant switching mechanisms.
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