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Abstract—Green wave guidance is an important application
in intelligent transportation. This paper proposes a green wave
guidance strategy based on cross-network collaboration. First, a
cross-network collaboration framework is introduced to optimize
multi-intersection green wave guidance, incorporating an im-
proved Ising model for road pass-through rate assessment. Then,
an improved ant colony algorithm based on road pass-through
rate distribution is developed to generate vehicle trajectory
guidance and speed recommendations, with a dynamic trajectory
update strategy to enhance information usability. Experimental
results show that this method effectively evaluates traffic condi-
tions and improves vehicle passage efficiency.

Index Terms—Cross-network collaboration, Ising model, Road
pass-through rate, Green wave guidance strategy

I. INTRODUCTION

With the rapid increase in vehicle ownership, traffic con-
gestion has become a global problem. Drivers dream of
hitting every green light, thus minimizing vehicle travel time.
The green wave system, which provides reasonable driving
suggestions to avoid encountering red lights, is considered
an effective solution to alleviate traffic congestion and reduce
energy consumption [1].

Arterial traffic signal optimization is an effective way to
maximize the green wave band [2]. There is no doubt that
such a methodology could schedule traffic flow reasonably, but
it lacks service capability for individual drivers. In practice,
drivers could actively avoid red lights by adjusting cruising
velocity and selecting an optimal trajectory. The only problem
is how to provide reliable and valid driving guidance.

Vehicle-Road-Cloud Integrated System (VRCIS) [3] not
only could collect real-time road and vehicle information, but
also provide driving suggestions and control service relying on
both V2X technologies and powerful computation resources.
As early as 2011, Yang et al. [4] proposed a novel speed
guidance strategy on the basis of bidirectional communication
between vehicles and infrastructures in VII system. Then,
researchers have proposed various vehicle speed guidance
strategies to instruct drivers to adjust driving behavior accord-
ing to real-time traffic features and traffic signal light phase
[5], which are obtained via V2X data exchange.
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IMT2020(5G) V2X Working Group and CCSA (China
Communication Standard Association) initiated Cross-
Network Collaboration (CNC) research projects, which aim
to combine the advantages of both Uu (4G, 5G) and PC5, thus
providing enhanced traffic efficiency service. As one of the
important applications of CNC architecture, Multi-intersection
Green Wave Guidance (MiGWG) was selected as a key issue
of the CNC project.

CNC-based application research includes two aspects of
content: CNC data exchange procedure and application-
oriented algorithm optimization. CNC data exchange pro-
cedure and corresponding interface are defined on the ba-
sis of works on CCSA (China Communication Standard
Association) YDT 3977-2021. In this paper, we focus on
MiGWG application-oriented algorithm optimization, specifi-
cally, MiGWG-oriented driving trajectory optimization.

CNC architecture makes it possible to collect on-road vehi-
cles’ cruising states information and traffic light phase, which
are used to provide MiGWG service. Obviously, the CNC-
oriented MiGWG strategy not only considers real-time traffic-
based phase matrix adjustment [6], but also V2X information
for collaborative control [7]. Thus, in this paper, an index, the
pass-through rate of the road section, which combines both
real-time traffic feature and light phase, is defined as an impact
of MiGWG guidance generation, and calculated by the edge
V2X server. Therefore, the rationality of the learning model
deployed on the edge side has a profound impact on the pass-
through rate. The selection of the edge side learning model
should consider both efficiency and accuracy. In general,
Machine-learning-based methods, e.g., Support Vector Ma-
chine (SVM), Residual Neural Networks (ResNet), are used
to analyze traffic flow, but hardly match the real-time feature
of MiGWG. [8] proposed an optimized GRU-based traffic
flow prediction model that enhances temporal dependency
learning. On the other hand, attention-based networks perform
well in time series prediction [8]. In particular, the Gated
Recurrent Unit (GRU) provides a more computationally ef-
ficient alternative for sequential modeling. By simplifying the
gating structure of LSTM while retaining its ability to alleviate
gradient vanishing, GRU achieves faster training and lower
inference cost with fewer parameters [9], making it suitable
for streaming traffic data processing. Moreover, transformer
architecture, which replaces recurrent operations with self-
attention [10], is effective in capturing long-range temporal
correlations and complex global patterns, and is beneficial
for accuracy improvement. Therefore, this paper proposes a



spatiotemporal prediction model that integrates GRU with a
transformer-based attention mechanism to balance real-time
performance and accuracy, enabling low-latency updates for
streaming data.

In the field of trajectory planning, graph search algorithms
[11] are commonly applied. [12] demonstrated the successful
use of the Dijkstra algorithm to enable an autonomous vehicle
to complete a 150-mile off-road challenge within a very
short time. In [13], the A* algorithm was employed for
trajectory planning, taking into account the vehicle’s contour
to generate safer driving routes and enhance travel efficiency.
Neural networks and nature-inspired algorithms have also
become research hotspots in this domain. [14] proposed a
method combining Particle Swarm Optimization with fuzzy
neural networks to overcome the limitations of traditional
fuzzy neural networks in terms of computational complexity
and convergence speed, thus supporting intelligent vehicle
trajectory planning. [15] presented an improved Rapidly Ex-
ploring Random Tree (RRT) algorithm, which is applicable to
vehicle trajectory planning and can enhance driving efficiency.
Building on these works, we propose a MiGWG strategy
based on Ant Colony Optimization (ACO), integrated within
a cross-network collaborative framework. It incorporates real-
time pass-through rate evaluation of the road to enable multi-
intersection green wave passage for vehicles.

II. PRELMINARIES

In this section, the basic CNC system architecture that pro-
vides MiGWG service is introduced, while the corresponding
data set is explained.
A. System Architecture

CNC system architecture for MiGWG service is shown in
Fig. 1.

Fig. 1: CNC system architecture for MiGWG service.
The MiGWG service strategy is constructed on the basis

of the pass-through rate, which is evaluated at edge V2X
servers. As shown in Fig.1, edge V2X servers collect real-
time traffic status information, e.g., regional vehicle density,
vehicle cruising speed (including maximum speed, minimum
speed, average speed, etc.), vehicle driving trajectory, driving
intention information (target road information of the service
object vehicle planning), etc., via LTE V2X/5Guu, and calcu-
late pass-through rate of corresponding road sections. Then,
according to the cruising status of the host vehicle (HV),
the multi-intersection traffic light phase scheme, and the pro-
cessing results of the roadside perception & processing units,

the central V2X servers should generate MiGWG suggestion
information, e.g., cruising speed, cruising lane, mesoscopic
trajectory, etc.

The relevant roles are described as follows.
1) Vehicle end users: Service users who send a MiGWG

service request message to the V2X server, which generates
corresponding MiGWG suggestion information. Vehicle end
users should be equipped with a communication module, e.g.,
LTE V2X module, 5G Uu module.

2) Telecommunications operators: Telecommunications
operators deploy roadside facilities, e.g., LTEV2V RSUs,
gNBs, and edge/central V2X servers. Telecommunications
operators provide communication and computation resources
for the MiGWG service.

3) Service providers: Internet companies, transportation
service companies, and telecommunications operators could
act as service providers. Service providers generate corre-
sponding MiGWG service information and compete for cus-
tomers.

B. Raw Data Set
The raw data set, which was provided by the ICV demon-

stration zone, Yongchuan, Chongqing, China, is used to train
the model for pass-through rate evaluation. The road section,
which includes 300 meters of road, 1 intersection, and 1 T
section, is shown in Fig. 2. The trajectories of the vehicles on
the road are collected by roadside Lidars, which are deployed
at the points of the red triangle in Fig. 2.

Fig. 2: Road section of raw data set.

The Lidar data piece includes 13 indexes, e.g., vehicle
type, identification number, longitude/ latitude, cruising speed,
heading, etc. 90 days Lidar data set, which includes 550746
data pieces, is used.

III. PROPOSED METHOD

The edge/central V2X servers collect real-time regional
traffic features to generate service information based on pass-
through rate. Then, two issues are involved: pass-through rate
generation and MiGWG trajectory generation.

A. Multi-intersection pass-through rate generation
The model architecture for multi-intersection pass-through

rate generation consists of the Sequence Perception Module
and Feature Enhancement Module, as illustrated in Fig. 3.

1) Multi-intersection pass-through rate: For Lidar data,
statistical kinematic features are extracted from all observed
vehicle trajectories to construct a trajectory feature matrix
Vt ∈ RG×dv , where G denotes the number of spatial grids and
dv represents the dimensionality of vehicle dynamic attributes,
such as position, speed, and acceleration. It is taken into
account to derive the vehicle pass status si, which is defined
as follows:



Fig. 3: Model architecture.

si =



+1 if vcurrent · (nT + tgreen res)

+0.5 · amax
acc · (nT + tgreen res)

2 ≥ d

and vcurrent + amax
acc · (nT + tgreen res) ≤ Vmax

and state = 1

+1 if vcurrent · (nT + tgreen res) ≥ d and state = 1

+1 if vcurrent + amax
acc · (tred res + tgreen + nT ) ≤ Vmax

and vcurrent · (tred res + tgreen + nT )

+0.5 · amax
acc · (tred res + tgreen + nT )2 ≥ d

and state = 0

0 otherwise

(1)

vcurrent is the vehicle’s current speed. T is the traffic light
cycle. d is the distance between the vehicle and the stop
line. n is the number of intersections. amax

acc is the maximum
acceleration. tgreen res is the remaining time of the green light.
tred res is the remaining time of the red light. tgreen is the
duration of the green light phase. state is the status of the
traffic light, where 1 is the green light and 0 is the red light.

As discussed in [16], the Ising model was used to evaluate
the level of road hazard. Considering a multi-intersection
scene, in this paper, the vehicle pass status si is introduced
into the Ising model, and the overall pass-through rate of a
specific road section is defined as:

Hw =
1

N

∑
i

Hνi

Hνi =
∑
<i,j>

Ji,jsisj + h(t)
∑
i

si
(2)

Where Hw is the overall pass-through rate of the road
section; Hνi represents the pass-through rate of vehicle i; N
is the vehicle’s number in the green wave area; si is the pass
status of vehicle i; J is the inter-relationship between vehicle
i and j; h(t) is the external condition.

To further consider spatial constraints, the road section is
divided into discrete grids, each grid accommodating at most
one vehicle (larger vehicles occupy multiple grids). The pass
status of the grid i is defined as follows:

sgridi
=

{
si if there is a vehicle in the grid
sroad if there is no vehicle in the grid

(3)

Then the pass-through rate of the grid i at time t is defined
as:

Hi,t = −J
∑
j

sgridi
sj − h(t)

∑
i

sgridi
(4)

Note that in CNC architecture, RSUs acquire road-vehicle
information via PC5. The RSUs and the traffic light phase
control unit then transmit their respective data to the edge
V2X server, which estimates the road pass through rate based
on these inputs. The edge V2X server evaluation results are
subsequently forwarded to the central V2X server via Uu.

2) Sequence perception module: After the Ising Module,
each spatial grid i at time t is represented by a pass-through
feature Hi,t. The green-wave corridor is discretized into G
ordered grids, which form the traffic state vector:

Ht = [H1,t, H1,t, ...,HG,t] ∈ RG (5)
To capture short-term temporal evolution while preserving

grid-wise independence, a gated recurrent unit (GRU) pro-
cesses the historical sequence of each grid over the past T
time steps, producing GRU(Hi,t−T+1:t).

After processing all grids, the temporal encoding result at
time t forms a feature map Hgru

t . To further refine local
temporal patterns and suppress noise from instantaneous fluc-
tuations, a one-dimensional convolution (Conv1d) is applied
over Hgru

t , generating H̃t = Conv1d(Hgru
t ). The convolution

output is then concatenated with the original GRU features
through a residual connection, forming the final grid-level
embedding Zt = Concat(Hgru

t , H̃t), which serves as input
to the subsequent feature enhancement module.

3) Feature enhancement module: To further integrate het-
erogeneous multi-source traffic information and capture long-
range spatial dependencies among distant grids, the feature
enhancement module is introduced, as illustrated in Fig. 4

Fig. 4: Feature enhancement module.

The module consists of L = 4 stacked layers. Each layer
contains a Multi-Head Self-Attention (MHSA) module and
a Feed-Forward Network (FFN), both followed by residual
connection and layer normalization. The MHSA employs 8
attention heads to capture diverse long-range spatial depen-
dencies among grids. The position-wise FFN then performs



the nonlinear feature transformation independently for each
grid.

In urban traffic systems, vehicle movements are not only
governed by local traffic states but also strongly regulated
by traffic signal control. To incorporate this control mecha-
nism into spatial dependency modeling, traffic signal phase
information is introduced as an additional modality. The phase
information of the traffic signal is encoded as a signal feature
matrix St ∈ RG×ds ,where ds includes phase-related attributes
such as the phase index and the remaining green time.

A linear embedding layer is employed to project hetero-
geneous features into a unified latent space. Zt and St are
transformed as:

Ez,t = ZtWz + bz

Esig,t = StWsig + bsig
(6)

where Wz , Wsig are learnable projection matrices and bz ,
bsig are bias vectors. The embedded features are concatenated
along the channel dimension to form a fused representation:

Xt = Concat(Ez,t, Esig,t) (7)
The MHSA employs a scaled dot-product mechanism to

compute the interaction weight between any pair of spatial
grids, allowing each grid to selectively aggregate information
from other grids. This enables the model to capture long-
range traffic dependencies. Following the attention block, the
FFN applies a two-layer linear transformation with a non-
linear activation independently to each grid, performing deep
feature extraction and non-linear mapping on the fused vehicle
trajectory and traffic signal features. For the l-th layer, this
process can be summarized as follows:

X̃
(l)
t = LayerNorm(X

(l−1)
t +MHSA(X

(l−1)
t ))

X
(l)
t = LayerNorm(X̃

(l)
t + FFN(X̃

(l)
t ))

(8)

After L stacked layers, the transformer encoder outputs
the globally enhanced representation X

(l)
t . The feature cor-

responding to grid i at time t is denoted as xt
i, then the

multilayer perceptron (MLP) head maps each transformed
token to a scalar value representing the predicted pass-through
probability:

p̂i,t = σ(Wpx
t
i + bp) (9)

where, Wp and bp are the weight matrix and the bias vector
of the MLP, respectively, and σ(·) is the sigmoid function that
constrains the output to the range from zero to one.

By collecting the predicted pass-through rates of all grids
in the green-wave area, we obtain the pass-through rate
distribution at time t:

P̂t = [p̂1,t, p̂2,t, ..., p̂G,t] ∈ RG (10)

The Mean Squared Error(MSE) loss is adopted to quantify
the discrepancy between the predicted pass-through rate and
the ground-truth value. The loss function is defined as:

LMSE =
1

TG

T∑
t=1

G∑
i=1

(p̂i,t − pi,t)
2 (11)

The aforementioned Lidar dataset was used for training.
Training performance is shown in Fig. 5. Training and val-
idation losses decrease steadily and eventually stabilize.

Fig. 5: Loss curve.

B. MiGWG Trajectory Planning
1) Trajectory planning algorithm: In this paper, the ant

colony optimization(ACO) is applied to vehicle trajectory
planning, using grids as basic search units.

ACO is to simulate the cooperative foraging behavior of
ants, where indirect communication via pheromone trails en-
ables the colony to collectively discover optimal paths. During
the search process, each ant selects its next movement based
on the current pheromone intensity and heuristic information
associated with candidate paths. This decision-making process
can be formally described using a probabilistic model.

Specifically, the path selection probability that an ant moves
from grid i to grid j at time t, denoted as pkij(t), is determined
as a function of the pheromone concentration and the corre-
sponding heuristic desirability. The mathematical formulation
is given as follows:

pkij(t) =


Cij ·[τj(t)]α·[ηj(t)]

β∑
s∈Ωk

[τs(t)]
α·[ηs(t)]β

j ∈ Ωk

0 otherwise
(12)

Where Cij is the speed constraint; τj(t) is the pheromone
concentration on the grid j at time t; α is the pheromone
concentration importance factor; ηj(t) is the road pass-through
rate heuristic information; β is the importance factor of the
pass-through rate heuristic information; Ωk is the set of
feasible grids for the ants k to follow next.

The heuristic information ηj(t) for the road pass-through
rate is defined as follows:

ηj(t)=λ1e
1
n

∑T+n
m=T p̂j,m (13)

λ1 is the weight coefficient and p̂j,m is the road pass-
through rate of the grid j at time m ; n is the number of
future time steps.

2) Dynamic MiGWG Strategy Generation Method: The
aforementioned ACO can only perform static trajectory plan-
ning and cannot be applied to dynamic scenarios. Therefore,
this paper introduces a dynamic trajectory update strategy.

Long-distance trajectory planning increases computational
complexity. Local trajectory planning is adopted. Each trajec-
tory is generated within a defined search region. This enables
the real-time generation of locally optimal solutions and
ensures the continuous provision of trajectories. The search
interval Wk is defined as:



Wk = [pstart, pend +∆l] (14)

where pstart and pend denote the start and end positions of
the interval, and ∆l represents the length of the interval.

Then the path selection probability is updated as:

pkij(t,Wk) =


Cij ·[τj(t,Wk)]

α·[ηj(t,Wk)]
β∑

s∈Ωk
[τs(t,Wk)]α·[ηs(t,Wk)]β

j ∈ Ωk

0 otherwise
(15)

The path selection probability is dynamically adjusted ac-
cording to both pheromone intensity and heuristic value. Since
the feasible search domain is restricted to the local region Ωk,
ants only explore nodes within the current interval, which sig-
nificantly accelerates convergence while maintaining solution
quality. After each local optimization cycle pheromone values
are updated to reinforce high-quality trajectory segments,
forming a dynamic trajectory update process.

IV. EXPERIMENTS

A. Simulation Experimental Design

NS-3 and SUMO are used for collaborative simulation.
The platform parameters are set according to the actual road
conditions, as shown in table I and table II.

TABLE I: The parameter setting of the SUMO platform
SUMO platform parameters Value

Lane length 3000m
Number of lanes 4

Lane width 3.5m
Number of vehicles 50

Number of traffic signals 5
Traffic signal cycle 90s

Green light duration of traffic
signals 40s

Vehicle speed 20km/h - 60km/h

TABLE II: The parameter setting of the NS3 platform
Parameter Name Value

Number of vehicle nodes 50
Number of RSUs 5
Number of gNBs 2

Number of MEC nodes 5
Number of cloud nodes 1

Number of traffic signal nodes 5

Coordinates of traffic signals (500,0), (1000,0), (1500,0),
(2000,0), (2500,0)

Vehicle start and end points (0,0), (3000,0)

Coordinates of RSUs (500,50), (1000,50), (1500,50),
(2000,50), (2500,50)

Coordinates of cloud nodes (1500,100)
Simulation duration 400s

B. Performance Analysis

1) Results and analysis of the whole pass-through rate
evaluation of the road area: Fig. 6 illustrates the vehicle
distribution when the HV (red vehicle) enters the green wave
road at different times between two traffic lights. Fig. 7
presents the overall pass-through rate of the road area at the

corresponding time moment. Traffic signal phases and driving
conditions are reflected in the overall pass-through rate, which
can provide speed recommendations for the MiGWG strategy.

(a) Time moment 0s

(b) Time moment 10s

(c) Time moment 20s

(d) Time moment 30s

(e) Time moment 40s

(f) Time moment 50s

(g) Time moment 60s

(h) Time moment 70s

(i) Time moment 80s

Fig. 6: The road scene during the simulation process.

Fig. 7: The whole pass-through rate of the road area.

2) Results and analysis of the road pass-through rate:
Fig. 8 illustrates the distribution of the road pass-through rate
at a specific time moment.

Label ① corresponds to the scenario shown in Fig. 8(a). In
Fig. 8(b), the pass-through rate in area ② is significantly lower
than in adjacent grids due to the presence of trucks. Area ③
also shows a reduced rate, as trucks exert greater influence
on adjacent lanes compared to sedans. In area ④, the lower



(a) Time moment 15s

(b) Pass-through rate distribution of the road

Fig. 8: Green wave pass-through rate distribution.

rate is caused by truck overtaking and the presence of two
sedans in neighboring lanes. Overall, the road pass-through
rate distribution is consistent with the actual traffic conditions.

C. MiGWG Performance Analysis

1) MiGWG strategy results and analysis: Fig. 9 illustrates
the guidance results of the MiGWG algorithm, compared with
those obtained using the improved ACO for HV.

(a) Overall passage time (b) Average vehicle speeds

Fig. 9: Passage time and average speed comparison.

The figures demonstrate that the MiGWG algorithm im-
proves vehicle speed and decreases travel time.

2) Comparison experiment: A series of comparative exper-
iments were conducted to evaluate the performance of the
proposed methods. As illustrated in Fig. 10, the MiGWG
algorithm effectively enhances overall traffic efficiency by
improving vehicle coordination.

Fig. 10: HV Green Wave Passage Duration.

V. CONCLUSION

In this paper, a dynamic MiGWG strategy is proposed
to help vehicles pass in a green wave. We first construct
a business process for the MiGWG service based on cross-
network collaboration. Next, an improved model is proposed

for the evaluation of the road pass-through rate. Then, the ACO
is improved based on the road pass-through rate distribution.
Finally, the dynamic trajectory updating strategy is introduced
to solve the impact of vehicle mobility on the real-time
generation of the MiGWG strategy. The experimental results
demonstrate that the proposed method effectively improves
traffic efficiency and vehicle passing performance. In future
work, real urban traffic data will be used for validation.
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