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Abstract

Autonomous driving technology enables precise motion control and creates substantial
opportunities for improving the operation of signalized intersections. However, the perfor-
mance trade-offs among autonomous vehicles at signalized intersections, and their impacts
on the operation process, will directly affect the further application of autonomous driving
in the intelligent transportation system. Addressing this research focus, this paper proposes
a multi-objective driving strategy for autonomous vehicles based on the scene character-
istics of signalized intersections. Firstly, the intersection and its adjacent control area are
treated as an integrated decision region, and an autonomous vehicle driving performance
model at signalized intersections is established to evaluate economy, comfort, and effi-
ciency performance. Secondly, a multi-stage trajectory generation method combining phase
division, candidate trajectory generation, and real-time trajectory adjustment is further
developed to adapt the ego vehicle to traffic conditions while maintaining safe and smooth
motion. Thirdly, a multi-objective optimization problem is formulated to generate optimal
trajectories for each autonomous vehicle within the region. Finally, weight sensitivity
analysis, application adaptability analysis, and an analysis of system-level key factors and
system-level impacts are conducted to explore the strategy optimization potential. The
case studies reveal that the proposed strategy achieves improvements of 50.0%, 33.3%,
and 21.6% in comfort, economy, and efficiency, respectively, compared with the common
strategy. In future research, more specific and complex practical factors will be incorporated
into the proposed strategy. The strategy helps to reveal the performance-oriented behavior
of autonomous vehicles at signalized intersections and provides methodological support
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vulnerable to safety and operational problems. Empirical studies have shown that urban
signalized intersections remain crash-prone locations and that signal-related characteristics
can substantially affect crash frequencies [2]. Meanwhile, signalized intersections are also
recognized as hot spots for fuel consumption and emissions because repeated stopping,
idling, deceleration, and acceleration increase both travel delays and energy use [3]. Nev-
ertheless, the conventional intersection-passing mode dominated by human drivers is
constrained by the heterogeneity of driver responses, the locality of decision-making, and
the discreteness of vehicle control, which often leads to persistent trade-offs among safety,
efficiency, and economy. Therefore, when vehicles travel through signalized intersections,
it is necessary to abandon the one-sided pursuit of a single performance indicator and
implement the multi-objective collaborative optimization of vehicle driving performance
according to the actual traffic operating conditions. While complying with traffic rule
constraints and guaranteeing fundamental driving safety, the dynamic balance and overall
optimality of multiple driving performance aspects can be realized, which further improves
the comprehensive traffic efficiency of urban road intersections.

The rapid development of autonomous driving technology provides a new way to
address long-standing operational problems at urban signalized intersections [4,5]. Au-
tonomous vehicles feature precise motion control, predictable trajectories, and efficient
environmental perception, and they can further exploit V2X communication to coordinate
individual and group behavior. An intelligent transportation system is a new-generation
transportation system centered on the coordination of vehicles, roads, and clouds. The
in-depth integration of the vehicle side, road side, and cloud side jointly constructs an
efficient, safe, economical, and comfortable smart transportation operation environment.
Relying on the vehicle-road—cloud collaborative architecture, autonomous driving tech-
nology realizes multi-dimensional improvements in traffic efficiency, driving safety, and
traffic management modes, which comprehensively promote the intelligent, collaborative,
and refined development of intelligent transportation systems. With the support of vehicle—
infrastructure cooperation, autonomous vehicles can obtain real-time information on signal
timing, road conditions, and surrounding traffic states, which transforms signalized in-
tersections from conflict points into intelligently managed and coordinately controlled
zones. This transformation not only reduces efficiency losses and safety risks caused by
human-driving heterogeneity but also creates conditions for achieving global optimization
under the coupled objectives of safety, efficiency, energy consumption, and ride comfort.
Therefore, area-based driving strategies for autonomous vehicles at signalized intersections
have become an important research direction, with strong theoretical and practical value
in intelligent transportation systems. It is worth noting that the problem discussed in this
paper is not limited to the driving states of individual vehicles. The local decision-making
of autonomous vehicles affects their energy consumption, riding comfort, and travel time.
The superposition and accumulation of such local changes can further influence traffic flow
stability and the operational states of signalized intersections, as well as the vehicle-road—
cloud collaborative intelligent transportation system. Therefore, the core research focus
of this paper lies in two aspects: the multi-objective optimization of economy, comfort,
and traffic efficiency through feasible driving trajectory planning for autonomous vehi-
cles within the control areas of signalized intersections and the influence mechanisms of
vehicle-side, road-side, and cloud-side factors on the local performance-oriented driving
behavior of autonomous vehicles.

1.1. Autonomous Driving Strategies

Autonomous driving strategies refer to the driving decisions independently formu-
lated and implemented by autonomous vehicles based on environmental perception, road
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condition information, traffic rules, and vehicle self-states, combined with preset logical
rules and optimization objectives [6-17]. Autonomous driving strategies generally rely
on the closed-loop coordination of environment perception, behavioral decision-making,
trajectory planning, and tracking control. Existing studies have therefore focused on how
to achieve a balanced improvement in safety, efficiency, energy consumption, and ride
comfort in complex and dynamic traffic environments, and the representative research can
be grouped into the four technical modules reviewed below.

The perception and prediction module serves as the frontend and fundamental compo-
nent of the autonomous driving system, undertaking the core functions of environmental
cognition and future traffic state prediction. Recent studies have mainly aimed to over-
come sensor limitations and improve the robustness of scene understanding and motion
inference. Florea et al. [6] enhanced the accuracy of single-sensor perception through
semantic and geometric data fusion; Geng et al. [7] proposed a dynamic learning spatial—
temporal Transformer network for vehicle trajectory prediction at urban intersections;
and Wu et al. [8] developed the CrossFuser multimodal fusion framework, which im-
proves the reliability of perception under complex and previously unseen conditions. The
perception and prediction module provides a fundamental input basis for subsequent
behavioral decision-making. Reliable behavioral decision-making serves as the core pre-
requisite for autonomous vehicles to safely navigate urban road scenarios. In behavioral
decision-making, the main challenge is to address uncertainty and multi-agent interac-
tion in urban traffic. Bouton et al. [9] formulated autonomous intersection driving as
a partially observable Markov decision process and combined it with Monte Carlo tree
search to improve safety and efficiency. Yoon et al. [10] integrated spline-based RRT*
with Bézier curves to achieve efficient collision-free planning for car-like vehicles, while
Feng et al. [11] proposed a hierarchical architecture with the entry vehicle location and
speed method to coordinate traffic flow segmentation and signal timing scheduling. On
the basis of reasonable behavioral decision-making, high-quality trajectory planning and
optimization are crucial for converting decision instructions into feasible vehicle motion
states. In trajectory planning and optimization, the core objective is to generate smooth,
feasible, and constraint-satisfying motions. Werling et al. [12] proposed a semi-reactive
planning strategy for long-term maneuvers such as lane changing and car following; Qian
et al. [13] developed the synchronized maneuver search and trajectory planning algorithm
to couple maneuver selection with trajectory generation in dynamic environments; and Jin
et al. [14] adopted a quintic-polynomial approach to construct trajectories that maintain
smooth and continuous state evolution under different driving conditions. After trajec-
tory planning, high-precision trajectory tracking and motion control are further required
to resist external disturbances and guarantee driving stability. At the tracking—control
level, existing studies have focused on maintaining accurate trajectory execution in the
presence of model uncertainty and external disturbances. Vaskov et al. [15] proposed a
friction-adaptive stochastic nonlinear model predictive controller for uncertain road con-
ditions; Feng et al. [16] established an adaptive terminal sliding-mode tracking strategy
for autonomous vehicles with unknown parameters and disturbances; and Zeng et al. [17]
introduced a deep Bayesian inverse reinforcement learning framework that achieves more
human-like driving behavior than conventional inverse reinforcement learning methods.
The literature has established a relatively complete technical chain from perception and
prediction to decision-making, trajectory generation, and control execution. However, most
studies still emphasize a single module or a limited set of objectives, and fewer works
explicitly address region-level coordination among safety, efficiency, energy consumption,
and ride comfort at signalized intersections.
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1.2. Signalized Intersection Optimization Strategies

Signalized intersection optimization has been widely studied to mitigate congestion,
excessive delays, and energy waste caused by repeated stopping and starting under conven-
tional signal control. With the support of vehicle-to-infrastructure communication, existing
studies have mainly focused on two closely related directions: speed guidance optimiza-
tion for individual or connected vehicles and signal timing optimization for coordinated
traffic operations.

The objective of speed guidance optimization is usually to exploit real-time signal
phase and traffic-state information to generate non-stop, collision-free, or energy-efficient
speed profiles. Xu et al. [18] showed that the cooperative optimization of signal timing and
vehicle speeds in an automated driving environment can significantly reduce stops and
travel times. Yang et al. [19] optimized upstream and downstream speed profiles while
accounting for signal information and queue conditions, thereby reducing fuel consumption.
Ubiergo and Jin [20] further proposed an eco-driving strategy based on advisory speed
limits for connected vehicles, following their predecessors, rather than direct speed control.
In addition to speed guidance optimization, signal timing optimization serves as another
core means to improve the operational efficiency of signalized intersections. In signal timing
optimization, the emphasis has been on overcoming the limitations of isolated intersection
control through adaptive, agent-based, or coordinated strategies. Abdulhai et al. [21]
treated traffic lights at successive intersections as multiple agents and applied Q-learning to
optimize timing under varying traffic demands. Zhao et al. [22] proposed a variable-cycle
green-wave bandwidth coordination method integrated with traffic-responsive control,
and Xu et al. [23] established a hierarchical collaborative optimization framework for
traffic signals and connected and automated vehicles (CAVs), thereby improving system-
level performance at signalized intersections. Existing studies on signalized intersections
have formed a relatively mature technical framework centered on speed guidance and
signal timing, and these efforts have delivered clear gains in traffic efficiency and energy
savings. Nevertheless, most of the available methods still focus on isolated vehicles,
isolated intersections, or isolated objectives, which leaves room for a region-based multi-
objective driving strategy that explicitly coordinates vehicle motion with the surrounding
traffic environment.

In summary, research on autonomous driving and signalized intersection optimization
has established mature technical systems. However, existing studies still present evident
deficiencies. Many autonomous driving studies only achieve local optimization of indi-
vidual module performance or single indicators, including safety, efficiency, and energy
consumption, and lack regional multi-objective collaborative optimization oriented toward
complex and dynamic signalized intersection scenarios. Meanwhile, current intersection
optimization methods are mostly limited to single-vehicle optimization and fail to realize
the in-depth coupling between vehicle motion control and regional traffic environments,
making it difficult to fully improve the overall traffic performance of intersections. Focus-
ing on the typical performance trade-off of signalized intersections, this paper proposes
an area-based driving strategy for autonomous vehicles considering economic, comfort,
and efficiency under the guarantee of safety. The core of the strategy lies in abandoning
the traditional independent decision-making model for single vehicles and defining the
intersection and its adjacent areas as an integrated control unit. By integrating real-time
status information about all relevant vehicles and the signal timing sequence of the inter-
section, a multi-objective optimization problem is formulated with the core objectives of
reducing traffic delays, total energy consumption, and discomfort under the guarantee
of safety. Optimization is adopted to generate smooth and safe optimal trajectories for
each autonomous vehicle within the region. This study aims to fundamentally reconcile
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the multi-objective trade-off at signalized intersections through the proposed regional
cooperative driving strategy, verify the great potential of autonomous driving technology
in improving the comprehensive operational performance of intersections, and provide
theoretical and methodological support for key control technologies in the next-generation
intelligent transportation system. To concentrate on the behavioral characteristics reflecting
the performance pursuit of autonomous vehicles at signalized intersections, this study
simplifies practical factors in the model and simulation environment, such as algorithm
execution delays and pedestrian interference.

To fill the above gaps, this paper proposes an area-based driving strategy for au-
tonomous vehicles considering economic, comfort, and efficiency under the guarantee
of safety. The research contributions of this paper are reflected in the regionalized orga-
nization of the trajectory generation process; the establishment of performance models
targeting economy, comfort, and energy efficiency; and the adoption of scenario-based tests.
The proposed strategy is validated to clarify its adaptability to variations in key factors,
including the traffic demand, signal timing, trigger region length, autonomous vehicle
penetration rate, benchmark strategies, and perception disturbances. The remainder of
the paper is organized as follows: Section 2 analyzes the operation of signalized intersec-
tions in intelligent transportation systems. Section 3 introduces the autonomous vehicle
driving performance model at signalized intersections. Section 4 explains an area-based
trajectory generation model considering multi-stage risk avoidance. Section 5 introduces
an area-based multi-objective driving strategy for autonomous vehicles. Case studies and
discussions related to sensitivity and adaptability are presented in Section 6. Section 7
concludes the paper and provides insights for future research.

2. Operation Analysis of Signalized Intersections in Intelligent
Transportation Systems

As the core hubs of the transportation system, signal-controlled intersections are
critical nodes with a high incidence of traffic conflicts, congestion, and traffic accidents.
Their operational status directly determines the traffic efficiency, driving safety level, and
energy consumption of the regional road network [1,4,6]. With the rapid development of
technologies such as autonomous driving, information exchange, and artificial intelligence,
the transportation system will evolve into an intelligent transportation system composed
of a vehicle road cloud. Focusing on the driving process of autonomous vehicles, this
section elaborates on the system composition and interactive mechanisms of signalized
intersections in intelligent transportation systems, as well as the optimization potential
of autonomous driving technologies. It is worth noting that, in the model established
in this paper, this architecture only serves as the information support basis for trajectory
planning. Specifically, the vehicle end provides self-vehicle state information, the road end
supplies traffic signal and local traffic data, and the cloud end outputs the time domain of
regional planning. This study does not construct complete cloud computing algorithms
or communication protocols; instead, it adopts this architecture to define the information
boundary and control scope for the subsequent performance model.

2.1. System Composition

Intelligent signalized intersections serve as the core control nodes of regional road
networks; they are mainly applied to direct and connect traffic flows and act as crucial
carriers for dynamic management and control in the intelligent transportation system [9,18].
During the operation of autonomous vehicles at intelligent intersections, the vehicle-road-
cloud integrated system adopted is collaboratively composed of three modules: vehicles,
the roadside, and the cloud. The schematic diagram can be seen in Figure 1.
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Figure 1. Schematic diagram of vehicle-road—cloud integrated traffic system.

With intelligent connected vehicles as the carriers, they realize environmental percep-
tion, decision-making, and motion control through onboard units, multi-modal sensors,
and autonomous driving systems, and they upload vehicle status and driving intention
data in real time. The roadside system consists of roadside units, LIDAR, high-definition
cameras, and edge computing nodes deployed at intersections. It completes the full-scale
perception of traffic participants, signal light states, and the traffic operation status at inter-
sections, as well as data preprocessing and collaborative decision-making, and it transfers
environmental perception data and traffic passage instructions to connected vehicles. As
the core hub of the entire system, the cloud platform integrates dynamic road network
data, high-precision maps, and massive traffic big data. It conducts global traffic situation
analysis, the coordinated scheduling of group vehicles, and signal timing optimization and
provides autonomous vehicles with global path planning, early safety warnings, and opti-
mal driving strategies, so as to ensure that autonomous vehicles pass through intelligent
signalized intersections in a safe and efficient manner.

2.2. Interaction Mechanism

The vehicle-road—cloud interaction serves as the core support for the efficient op-
eration of intelligent signalized intersections [6,8]. It refers to the dynamic information
exchange and collaborative cooperation among vehicles, roadside facilities, and cloud
platforms. Vehicles act as the main body of information collection and execution; road-
side facilities undertake information transmission and omnidirectional perception; and
the cloud platform functions as the core for information analysis and decision-making.
The three participants operate and interact following a clear logical mechanism. When
autonomous vehicles travel through intelligent intersections, they collect driving status
data in real time and transmit such information to roadside facilities and the cloud plat-
form. Roadside devices perceive environmental information within the intersection and
synchronously deliver decision instructions issued by the cloud platform to vehicles. The
cloud platform aggregates multi-source data, formulates optimized strategies combined
with the operational state of the regional road network, and distributes the formulated
strategies to roadside facilities and vehicles.

Vehicle-road—cloud interaction realizes real-time communication between vehicles
and intersection environments, provides comprehensive environmental perception for
autonomous vehicles, and ensures the timely update and accurate execution of control
strategies [4,6]. Meanwhile, it breaks the limitations of isolated single-point management,
improves the collaborative optimization capabilities of the regional road network, and
provides a fundamental guarantee for the stable operation of intelligent signalized inter-
sections. Ultimately, it contributes to the realization of safe, economical, comfortable, and
high-efficiency traffic control at intersections.
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2.3. Optimization Potential of Autonomous Driving Technology

Autonomous vehicles’ core support lies in the onboard perception module, decision-
making module, control module, and communication module [4,8]. The onboard perception
module collects environmental information around the vehicle, the decision and control
module formulates driving strategies, and the communication module realizes information
interaction with the vehicle-road—cloud system.

As an important part of the intelligent transportation system, autonomous vehicles
have the potential to achieve safety, economy, comfort, and efficiency in the driving process,
due to their precise control of movement [11,13]. Moreover, the performance of individual
vehicles will affect the operational state of the entire transportation system through the
clustering effect. In the environment of the intelligent signalized intersection, autonomous
vehicles possess remarkable optimization potential in terms of driving safety, traffic effi-
ciency, driving comfort, energy consumption, and emissions by virtue of their superior
perception, decision-making, execution, and vehicle-road—cloud collaboration capabilities.
Combined with the collaborative control of intelligent roadside facilities and cloud plat-
forms, autonomous driving can break through the efficiency bottleneck of traditional traffic
systems and realize improvements in operational efficiency at intersections and even across
the entire road network.

This vehicle-level optimization also has broader implications. When many au-
tonomous vehicles adopt similar performance pursuit behavior, local changes in speed
smoothness, lane selection, and signal response may accumulate into changes in intersection
efficiency, regional energy use, and the operational stability of the intelligent transportation
system. This is the main reason that this paper connects the vehicle-level trajectory model
with the vehicle-road—cloud system rather than treating it as an isolated kinematic problem.

3. Autonomous Vehicle Driving Performance Model at
Signalized Intersections

Under an autonomous vehicle driving system, autonomous vehicles traverse signal-
ized intersections through the coordinated interaction of the onboard controller, roadside
units, and a cloud platform. As a vehicle approaches the intersection, roadside units
provide real-time signal phase and timing, lane availability, and blind-zone object infor-
mation, while the cloud platform supplies short-horizon traffic-state prediction results
for cooperative decision-making. Based on this shared information, the vehicle can de-
termine whether to pass, decelerate, or stop smoothly before the stop line. Within the
intersection, roadside perception and cloud-assisted scheduling support longitudinal speed
optimization and lateral trajectory tracking, thereby reducing the conflict risk. After leaving
the intersection, the vehicle uploads its driving data for traffic-state updating. Figure 2
illustrates the corresponding vehicle-road—cloud collaboration process. This integrated
architecture extends the perception range, supports pre-emptive decision-making, and
improves the traffic efficiency, ride comfort, and economy of autonomous vehicle operation
at signalized intersections.

3.1. Economic Performance Metric

Vehicle economy is a key metric for evaluating operational efficiency and travel costs,
and it is commonly defined by the amount of energy consumed per unit distance. Its mag-
nitude is mainly determined by the powertrain efficiency, driving resistance, vehicle mass,
operating conditions, and control strategy. In signalized intersection scenarios, appropriate
speed planning and energy-efficient driving modes can effectively reduce unnecessary
braking, idling, and acceleration, thereby improving overall economy. Therefore, this paper
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adopts a vehicle dynamics model together with powertrain efficiency to characterize the

economy of autonomous vehicles.
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Figure 2. Schematic diagram of an autonomous vehicle driving system at signalized intersections.

This paper constructs a longitudinal vehicle dynamics model that captures the major
forces acting on the vehicle during intersection crossing. The model considers traction,
rolling resistance, aerodynamic resistance, grade resistance, acceleration resistance, and
braking force. Figure 3 shows the longitudinal force diagram, and the corresponding

dynamic equations are expressed in Equations (1) and (2).

F drive

Figure 3. The longitudinal force diagram of a vehicle.

To quantify the traction demand of the ego vehicle at the signalized intersection, the
longitudinal motion is formulated through a force-balance representation. The procedure
is to write the overall equilibrium first and then decompose the total load into the main
resistance and inertial components, so that the mechanical contribution of each component
can be incorporated into the subsequent economy analysis.

Because the investigated maneuver may include lane changing, the motion variables
used in Equations (1)—(4) are calculated from two-dimensional vehicle motion. Specifically,
the longitudinal and lateral displacements are denoted by x(t) and y(t), the resultant velocity
is o(t) = [0"(t)* + v¥(+)*]!/2, and the resultant acceleration is a(t) = [a*(£)* + a¥(+)?]1/2.
The economy and comfort terms, therefore, include both longitudinal and lateral motion
effects, rather than a purely one-dimensional longitudinal process.

pdrive _ pf LY 4 Fi + Fi =+ pbrake (1)

where F971¢ ig the driving force; Ff is the rolling resistance; F is the air resistance; F I is the
slope resistance; F/ is the acceleration resistance; and F?"? is the braking force.

Ff = Mgfcosé (2a)
CAM2
w o __
- 2115 (2b)
CA = CDA (ZC)
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F' = Mgsinf (2d)
Fl = Ma (2e)

where M is the vehicle mass; g is the gravitational acceleration; f is the rolling resistance

coefficient; 0 is the road slope; C4 is the air resistance coefficient; and F brake

is the braking
force, and it is directly determined by the driver’s operation of the braking pedal.

To evaluate the economic consequences of a candidate trajectory, the propulsion
demand is accumulated over the full maneuver interval. The calculation converts the
instantaneous driving-power requirement into the total energy use, so that trajectories

generated under different operating conditions can be compared on a unified basis.

tend pdrive ( t) v ( t)
tint 1’]0

EC = At 3)

where EC is the energy consumption index; 7 is the drivetrain efficiency; and #™ and ¢4
are the initial and terminal times of the calculation interval, respectively.

The propulsion model is used here as a general traction demand approximation for
comparing candidate trajectories under identical vehicle parameters. Detailed powertrain
maps, regenerative braking, and vehicle-type-specific energy recovery are not considered in
the present model; this simplification is acceptable for the comparative trajectory selection
problem, but it also limits the direct interpretation of the economy index as a full vehicle
energy management model.

3.2. Comfort Performance Metric

Riding comfort is a key indicator for evaluating vehicle operational quality and pas-
senger experience. Traditionally, driving comfort reflects the perceptual influence of vehicle
dynamic responses on occupants, which is mainly manifested by longitudinal acceleration
and deceleration, lateral steering, and vertical vibration during motion. Its core objective
is to ensure smooth changes in acceleration without frequent or severe jolts. At present,
the quantitative characterization of driving comfort mainly depends on objective kine-
matic indicators. Relevant evaluation methods include vehicle ride comfort assessment
approaches such as weighted root-mean-square acceleration, vibration dose value, and jerk,
as well as perception mapping models derived from human vibration tolerance, which
enable the multi-dimensional quantitative evaluation of riding comfort. In complex sce-
narios involving vehicle car following and lane changing at signalized intersections, the
acceleration change rate can reflect real-time driving comfort and accurately reveal its
variation characteristics.

In signalized intersection scenarios, the trajectory-tracking strategy of autonomous
vehicles plays a decisive role in comfort, because frequent speed adjustments and lane
transitions can easily induce uncomfortable motion. To ensure smooth trajectory evolution
in the proposed strategy, this paper adopts jerk as the core comfort indicator for autonomous
vehicles. It represents the rate of change in acceleration and is closely related to the short-
term shocks felt by passengers during braking, acceleration, and lane changing maneuvers.
Other factors, such as the lateral acceleration and lane change frequency, also affect ride
comfort. This paper takes jerk as the primary comfort indicator because it can intuitively
reflect the smoothness of the planned trajectory and enable unified calculation for all
alternative trajectories.

To match the comfort objective with the stop-and-go and lane changing character-
istics of signalized intersections, the smoothness of the planned trajectory is evaluated
through the jerk profile. The calculation averages the absolute jerk over the full maneuver
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interval, thereby capturing the cumulative longitudinal excitation experienced during the

crossing process:
tend

o= |a(t)|dt/ At (4)

pint

where ¢ is the comfort index.

3.3. Efficiency Performance Metric

Vehicle efficiency is a key performance metric that reflects traffic efficiency and trans-
portation operational quality. In this study, driving efficiency refers to the ability of the
vehicle to complete its maneuver rapidly and smoothly under safety and environmental
constraints. Its core objective is to reduce the travel time, idling time, and unnecessary
stops. In constrained scenarios such as signalized intersections, efficiency strongly depends
on the accurate prediction of signal phases and traffic flow conditions, together with the
ability to update trajectories in real time.

Given the particularity of autonomous vehicles at signalized intersections, the pro-
posed strategy divides the crossing process into three components: strategy execution, car
following, and signal delay. Accordingly, the efficiency index used in this paper focuses
on the total time cost of the autonomous vehicle during the full intersection-crossing pro-
cess. Rather than using a single travel time measure, the model characterizes efficiency by
combining the strategy completion time, vehicle following time, and signal waiting time.
This three-dimensional representation enables a more comprehensive evaluation of the
intersection-passing efficiency under different traffic and signal conditions.

To evaluate operational efficiency in a way that matches the temporal structure of
the proposed crossing strategy, the total time cost is decomposed into its main process
components. The calculation combines the durations associated with strategy execution,
car-following, and signal delay, so that the time consequence of the planned maneuver can
be assessed explicitly.

ttall — 4int + §Str + tcf + tlig (5)

where ' is the total time cost; t* is the initial time; ¢°!"* is the strategy execution time;
tf is the car following time; and #/%¢ is the signal delay time.

4. Area-Based Trajectory Generation Model Considering Multi-Stage
Risk Avoidance

There is a strong coupling relationship between vehicle driving performance and trajec-
tory planning. In the scenario of intelligent signalized intersections, trajectory planning for
intelligent vehicles is formulated through vehicle-road—cloud interaction. The geometric
shape of the trajectory determines the lateral motion characteristics and directly affects the
ride comfort of the vehicle, while the vehicle motion curve determined by the trajectory gov-
erns the longitudinal dynamic response, which is related to energy consumption, driving
economy, and traffic efficiency. Safety performance depends on whether the trajectory can
avoid obstacles and meet road and signal constraints; efficiency performance is reflected in
whether the trajectory can shorten the travel time; and economic and comfort performance
require the trajectory to be smooth and continuous, with acceleration and jerk within a
reasonable range. Therefore, an ideal trajectory should achieve a multi-objective balance
among comfort, economy, and efficiency on the premise of safety, so as to improve the
operational efficiency of intelligent intersection systems and even the entire road network.

The driving trajectory of a vehicle is the set of spatial positions and motion states
that vary with time during driving. It is usually composed of the geometric path and
the vehicle motion curve and serves as the final execution basis for perception, decision-
making, and control in autonomous driving. In the signalized intersection scenario, the
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trajectory must satisfy multiple constraints: geometrically, it should fit the lane centerline
without lane crossing or abrupt changes; in terms of speed, it should match the signal phase
and remaining time to achieve smooth passage or safe stopping; kinematically, it requires
smooth acceleration and deceleration with low jerk to ensure comfort and economy; and
for safety, it needs to avoid conflicting objects such as pedestrians and vehicles while
reserving sufficient safety distances. The overall trajectory should achieve multi-objective
optimization among safety, efficiency, comfort, and economy.

4.1. Stage Division

To adapt the proposed area-based driving strategy to the dynamic and multi-objective
characteristics of signalized intersections, the complete maneuver is decomposed into
a transition phase and an adjustment phase. The transition phase describes the spatial
interaction between the ego vehicle and the surrounding vehicles when lane competition
or position exchange occurs, whereas the adjustment phase is used to stabilize the acquired
lane position and prepare the vehicle for the subsequent control decision. This phase-
based treatment reduces the computational burden, avoids consecutive aggressive lane
changes, and makes the planned trajectory more compatible with the signalized intersection
control logic.

To organize the multi-stage maneuver, the total longitudinal demand must first be
identified before it can be distributed across phases. The calculation measures the distance
between the initial planning state and the desired terminal state, thereby providing the
global displacement basis for the subsequent phase division procedure.

S(t) = diy "8 (1 - ) — gy (g ©)

where S(t) is the total longitudinal displacement demand; dilon’ggo (£t 4 #519) is the target

longitudinal position at the end of the planning interval; dilon’ggo(ti"t) is the initial longi-

tint and tstu

tudinal position; and are the initial planning time and the strategy execution
duration, respectively.

After the total longitudinal demand is obtained, it is pre-allocated to the individual
phases according to the number of remaining lane change actions. The operation transforms
the global target into phase-level displacement requirements and prepares the trajectory

planner for staged execution.

(dlnon/fgo(tint + tsta) _ dion/fgo(tint)/nlan) )

lon,ego

where d,,""®° (£t + #51) is the target longitudinal position at the end of the planning
interval; dilon’Ego(ti”t) is the initial longitudinal position; and " is the number of lane
change actions.

Because the initial phase allocation may become inconsistent with the actual distri-
bution of surrounding vehicles, the longitudinal target of each phase is corrected online.
The operation revises the phase endpoint according to the currently available gap, so that

staged planning remains feasible under dynamic traffic conditions.

dff”/egg'* (t) — dilon'ego (tint) + n(d;on,ego(tint + tstu) _ dil"”/eSU(tint)/nlan) (8)

where di""*8%* (1) is the corrected longitudinal target of the n-th phase; d;"*° (£n) is the
initial longitudinal position; di:mﬁgo (ti" + #51%) is the target longitudinal position; and n is
the phase index.

To support rapid trajectory generation in each phase, a dedicated execution time is

assigned after the displacement target has been determined. The operation links the current
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phase index to the total strategy duration, thereby establishing the temporal horizon used
by the staged planner.
str,*

(1—)t . sta
t}s/lta — (IDsta_l)*,lfl'l < 1D

nstrtstr,*, others

©)

SI” is the stage allocation coefficient; 5"

where #5? is the execution time of the n-th phase; 11
is the total strategy execution time; ID*” is the number of transition phases; and n is the

current phase index.

4.2. Trajectory Generation

To improve the real-time performance and robustness of trajectory planning under
the coupled objectives of safety, ride comfort, and traffic efficiency, this paper adopts a
multi-stage rapid trajectory generation method. For the lane change phase, a quintic-
polynomial model is used to generate smooth candidate trajectories. To simplify the
planning process, the following assumptions are made: (1) because the lane change duration
is short, the longitudinal velocity variation during the lane change process is neglected;
(2) the longitudinal motion and lateral motion of the lane-changing vehicle are treated
as independent and uncoupled; and (3) the lane change process is considered a free lane
change, and the availability of the target lane is determined by the admissible gap and
safety margin constraints.

The assumptions are used to keep each short lane change phase computationally
tractable. They do not imply that surrounding vehicles are ignored. During execution,
the terminal position of each phase is corrected according to the updated positions of
surrounding vehicles, and trajectories that violate the admissible gap or longitudinal safety
distance are eliminated. Therefore, the applicability of the method is limited to well-
structured signalized intersection approaches with lane-level information, no pedestrian
or non-motorized interference in the controlled lane changing region, and reliable short-
horizon perception.

To generate smooth candidate lane change paths, the longitudinal and lateral motions
are represented by quintic polynomials. The operation fits the lane change trajectory with
continuous position, velocity, and acceleration profiles, so that the resulting motion remains
suitable for real-time execution.

A28 (1) = astd 4 agt* + ast® + axt? + aqt + ag (10a)

a0 (1) = st 4 byt* + b3t + byt + byt + by (10b)

where d/:89(t) and d'*¢8°(t) are the longitudinal and lateral displacements, and a; and b;
(i=0,1,...,5) are the coefficients of the quintic polynomials.

To solve the quintic-polynomial coefficients, boundary conditions must be specified at
the beginning and end of the lane change maneuver. The operation constrains the lateral
displacement, lateral velocity, and lateral acceleration at both endpoints, thereby ensuring
a smooth start and finish for the lateral motion.

dlat,ego (tint) _ dluf,ego (tint) — dlm‘f‘,ego (tint) -0 (11a)

i=n
dlat,ego (tint + 2 tftﬂ) =W (11b)

i=1

dlui,ego <tint + liq tft”> _ dlai',ego (tz’nt + lin t;ta) =0 (11c)
i=1 i=1
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where Yi= £ is the lane change duration within the current phase sequence, and W is
the target lateral displacement.

Under the assumption that the longitudinal speed remains constant during the short
lane change interval, the longitudinal travel distance can be linked directly to the maneuver
duration. The operation complements the lateral boundary conditions and provides the

longitudinal kinematic relation required for coefficient solving.

dlon.ego (tint) — dloﬁ.,ego (tint) -0 (12a)

lonego (tint) _ vf’?jn (12b)

i=n
dlon,ego (tint + Z tlstﬂ> =D (12C)

i=1

i=n
dlon,ego <tznt + Zt?m> — Uéf}n (12d)
i=1
! : t st
domese |t L Y T ) =0 (12e)
i=1
where D is the longitudinal travel distance during lane changing, and vf‘}” is the constant
longitudinal speed.
To avoid potential conflicts with surrounding vehicles, the desired longitudinal posi-
tion is determined from the time-varying target vehicle that most strongly influences the

ego vehicle in the current phase. The operation converts the instantaneous interaction state
in the target lane into an explicit reference object for longitudinal planning.

{j*(t)|Eq. (13b) and Eq. (13c) } (13a)
.4l lon,ego,*

mind L":n%sw].(t) —dy (t) (13b)

d’L";’n%sm’j(t) — A (1) > 0 (13¢)

where j*(t) is the index of the target vehicle selected at time ¢, and dlLD:nsf“ j(t) is the
[Dsta.
longitudinal position of candidate vehicle j in the current target lane.

After the target lane vehicles are identified, the available longitudinal gap between
two adjacent vehicles is evaluated. This operation measures the admissible spacing used
for feasibility judgment, car following, and collision avoidance target selection.

lon _ qlon _ qlon
ddL‘m;gsm ’j+1 (t) N dLun;t[gsm ,j (t) dLan;gsm J+1 (t) (14)

where ddlLoa”nsIg it (t) is the longitudinal gap between two adjacent vehicles; dlLO;n““ t ].(t)
Sta /. IDsta’.

is the longitudinal position of the leading vehicle; and dlLo:nsm t
1DS a’.

i (t) is the longitudinal
position of the following vehicle.

To determine the feasible longitudinal target position within a safe gap, the desired
longitudinal target is projected onto the admissible interval bounded by the two adjacent
vehicles and the required safety margin. The operation selects the feasible position closest
to the desired target, thereby retaining the original planning intention as far as possible
under the safety constraint.
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lon,ego — slon
A ) = Ay e

(6) = (F*7ol0 oy (1) + 061°M) (15)

Lunlem,

lon,ego

where d;, "°" (t) is the corrected longitudinal target position; dlLO;nsm .(t) is the longitudi-
IDS

5k ok
tas]

nal position of the rear-boundary vehicle; tyy is the desired time headway; vlL"a”nsm e (t)is
Dsta”

the speed of the boundary vehicle; and /., is the vehicle length.

When the desired longitudinal position falls ahead of the feasible interval, it is pro-
jected onto the front boundary of the admissible gap. The operation preserves the safe
following requirement while keeping the corrected target as close as possible to the original
planning intention.

408 () = dlf:n;gm,j** LD+ (texpvfa"nslgstw.** +0.61%M) (16)

The set of vehicles that must be overtaken in the k-th phase is identified by selecting
the surrounding vehicles whose lateral positions fall within the lateral region of the current
phase and whose longitudinal positions lie inside the corresponding phase interval ahead
of the ego vehicle.

After the overtaken vehicle set and the nearest following reference vehicle are iden-
tified, the lateral terminal position of the current phase is determined. The operation
subtracts the lateral safety allowance from the reference configuration, thereby converting
the local interaction state into an explicit lateral planning target:

dfft’ego(t) = min{

N (R dlat"’g"(t)’ - 1.21”’},11 e{k*—1,...j"+1} (17

Lanlem,

lat,ego

where d, is the lateral target position of the ego vehicle; 4/"

sta
Lan Ipsta”

of the reference vehicle; d'"$° is the current lateral position of the ego vehicle; [V is the

is the lateral position

vehicle width; and n € {k* — 1, ...j** + 1} denotes the candidate vehicles considered in
the current phase.

4.3. Trajectory Adjustment

In the proposed strategy, the desired terminal position of each phase is first determined
under the ideal assumption that surrounding vehicles travel at a constant speed. This
assumption simplifies the initial phase planning and enables the rapid generation of
candidate trajectories. In actual traffic, however, surrounding vehicles rarely maintain
strict constant-speed motion, and the real interaction gaps gradually deviate from their
pre-planned values as the maneuver progresses.

Because the pre-planned phase endpoint may deviate from the actual traffic state
as surrounding vehicles move, the trajectory must be corrected online during strategy
execution. The operation first updates the terminal position of the current phase and then
regenerates the trajectory from the current state to the corrected endpoint, so that the
planned passing order can be maintained under dynamic traffic conditions.

It should be noted that the mathematical symbol system formulated in this study is
specifically tailored to lane-level scenario simulation modeling, which is confined to the
scope of the established modeling framework. The variable symbols used in Table 1 consist
of three parts: the main symbol, superscript, and subscript. The main symbol represents
the core physical meaning of a variable, the superscript defines variable attributes and
specifies relevant constraints, and the subscript acts as a mathematical identifier to reflect
the mathematical definition and quantitative implications of the variable. Taking dilon’e‘go
as an example, the main symbol d denotes the physical quantity of displacement; the
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superscript lon, ego defines this displacement as the longitudinal displacement of the ego
vehicle; and the subscript 7 refers to the vehicle serial number.

Table 1. Symbols and definitions used in Equations (6)—(17).

Symbol Definition Unit/Index

pint Initial planning time s
tsta Strategy execution duration s
S(t) Total longitudinal displacement demand m
dI0E80 (pint  ysta) Target longitudinal position at the end of the planning interval m
dlomese (£int) Initial longitudinal position of the ego vehicle m
nlan Number of remaining lane change actions -
dilon'ego’* (t) Corrected longitudinal target of the n-th phase m
tsta Execution time assigned to the n-th phase s
str Stage allocation coefficient -
ot Total strategy execution time used for phase allocation s
DS Number of transition phases -
dloneso ) Longitudinal displacement of the ego vehicle m
dlatego () Lateral displacement or current lateral position of the ego vehicle m
a;,b;1=0,1,...,5) Coefficients of the longitudinal and lateral quintic polynomials -
W Target lateral displacement of the current phase m
D Longitudinal travel distance during lane changing m

vﬁfj” Assumed constant longitudinal speed for candidate trajectory (i,j) m/s
7 () Index of the target vehicle selected at time t -
dlL”:nsmsm J (t) Longitudinal position of candidate vehicle j in the target lane m
ddlL‘Z’nsf e (t) Longitudinal gap between two adjacent target-lane vehicles m
dlLD;n:’ft o () Longitudinal position of the rear-boundary vehicle m

sta .
vlL"u”niz L (t) Longitudinal speed of the rear-boundary vehicle m/s
sta .

I?Exp Desired time headway S
veh Vehicle length m
dloteso Lateral target position of the ego vehicle in the n-th phase m
dllf’;nsm o Lateral position of reference vehicle n in the target lane m
l%) Vehicle width m

(=1, ...j* +1}

Candidate vehicle index set considered in the current phase -

5. Area-Based Multi-Objective Driving Strategy for
Autonomous Vehicles

5.1. Strategy Framework

As shown in Figure 4, this paper presents an area-based driving strategy for au-
tonomous vehicles at signalized intersections. Upon entering the strategy execution zone,
the vehicle acquires real-time traffic and lane information and predicts the positions of
surrounding vehicles under constant-speed motion within the strategy execution time
window to select suitable car following targets. The trajectory is then divided into several
crossing stages and one correction stage according to the number of lanes to be crossed and
the surrounding vehicle distribution, with the start and end points of each stage determined
sequentially under safety constraints. In the longitudinal direction, target longitudinal
positions satisfying safety criteria are searched based on equally spaced points along the
lane change distance, considering the desired time headway and safety distance. In the
lateral direction, the lateral displacement is determined by subtracting the vehicle width
from the minimum lateral offset between the ego vehicle and the vehicles to be passed

https:/ /doi.org/10.3390/systems14070852


https://doi.org/10.3390/systems14070852

Systems 2026, 14, 852

16 of 37

at each stage, with transitional positions between lanes preset at the end of each stage.
Real-time risk monitoring is performed throughout trajectory generation. Collision risks
are detected by evaluating the lateral and longitudinal overlaps between the ego vehicle
and preceding vehicles; trajectories violating safety conditions are directly eliminated. If
no feasible trajectory meets the safety and passing requirements, the proposed strategy is
terminated, and the vehicle reverts to car following. Finally, the correction stage smoothly
regulates the vehicle to the center of the target lane and maintains car following behind
the target vehicle. All feasible trajectories are evaluated via simulation in terms of pass-
ing performance, and the optimal trajectory is selected with the corresponding control
acceleration to achieve the safe and efficient traversal of autonomous vehicles through

signalized intersections.

‘ Retrieve state variables ‘

N2
‘ Stage division ‘
‘ Trajectory generation H
N2
’ Determine optimal trajectory ‘ | Update stage endpoint

Strategy execute judge
Yes
YES
Risk judge

No No
/4

| Determine execution variables l

N

| Update state variables l

Figure 4. Schematic diagram of strategy framework.

To accurately satisfy the optimization objectives of vehicle comprehensive perfor-
mance, this study adopts the vehicle dynamic model established in Equations (6)—(17) to
describe the sub-second lateral and longitudinal dynamic responses of vehicles during driv-
ing. In the modeling process, secondary interference factors such as external disturbances,
tire wear, and transmission vibration are neglected to simplify the model and highlight
core motion characteristics. Meanwhile, the Intelligent Driver Model (IDM) is applied to
characterize human driving behaviors, and all drivers are assumed to be homogeneous.
Generally, high-precision motion prediction inevitably brings a heavy computational bur-
den. Given that the proposed strategy possesses favorable anti-interference capabilities
and can cope with unstable operating conditions, it has a minor dependence on prediction
accuracy. Accordingly, the uniform motion hypothesis, with a lower computational cost
and better real-time performance, is adopted for prediction, which effectively reduces the
overall computational load while guaranteeing the stability of the proposed strategy.

5.2. Objective Function

To select the optimal candidate trajectory from the viewpoints of economy, comfort,
and efficiency, a unified cost function is constructed. The operation combines the three
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performance terms into a single optimization objective, thereby allowing the planner to
evaluate different candidate trajectories within one decision framework.

To construct a balanced comprehensive objective function that takes economy, comfort,
and efficiency into account, magnitude unification is first performed on the three types
of evaluation indicators; this is only applicable to scenarios where equal weights are
assigned to all indicators. Combined with the typical value ranges of each indicator
obtained from benchmark simulations, three sets of fixed scaling coefficients are determined
for magnitude normalization. These coefficients remain constant across all candidate
trajectories and test scenarios to ensure that the normalized values of the three indicators
are at a similar magnitude level. The normalized indicators are summed up to establish the
balanced objective function with equal priority, so as to realize multi-objective balanced
optimization. In weight allocation scenarios focusing on a single performance indicator,
the original indicator values can be directly adopted without magnitude unification. This is
because scaling a single indicator with fixed constants cannot alter the ranking of candidate
trajectories and thus exerts no substantial influence on the optimization results.

min{wl*E**ECerz*C**U+W3*T*tm”} (18)

where EC is the economy term; ¢ is the comfort term; tal ig the efficiency term; E*
denotes the normalization coefficient of economy with a value of 19.1571; C* represents
the normalization coefficient of comfort with a value of 5.3996; and T* stands for the
normalization coefficient of efficiency with a value of 0.02833. It is noted that E* can be
calculated via benchmark group experiments, as shown in Section 6.2.2.

This paper adopts the fixed-magnitude scaling method adapted to the [1, 1, 1] equi-
librium condition for data preprocessing, obtains normalization coefficients to unify the
magnitudes of the three indicators, and avoids optimization deviations caused by magni-
tude differences.

It is noted that the core focus of this research is to explore the internal mechanism of the
multi-objective collaborative optimization of automated vehicles for diverse performance
demands, and the adopted data processing method can effectively reveal the evolution
laws of various performance indicators. From the perspective of practical application,
automated vehicles can independently assign objective weights in actual operating sce-
narios, so as to accurately match differentiated performance requirements under various
working conditions. The weighted-sum objective function established in this paper is a
performance evaluation framework tailored to specific application scenarios, rather than
a rigorous Pareto-optimal multi-criteria optimization system. As the accurate calibration
of the Pareto front has not been fulfilled in this study, the analytical results derived from
weight assignment can only reflect the evolutionary characteristics of system performance
under preset decision preferences, and they cannot be adopted as universally applicable
global optimal trade-off strategies.

5.3. Constraints

To ensure the feasibility and safety of the generated trajectory, this paper establishes
corresponding constraints. On the one hand, physical constraints including vehicle dy-
namic limits, road boundaries, and traffic signal control are satisfied to ensure that the
trajectory conforms to vehicle motion characteristics and traffic regulations. On the other
hand, safety constraints such as safe spacing, collision avoidance, position, and velocity
boundaries are adopted to prevent potential hazards in the complex intersection envi-
ronment. Meanwhile, these constraints provide a feasible solution space for the multi-
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objective optimization problem, thus guaranteeing the stable convergence and rationality
of the algorithm.

Vehicle dynamic constraints conform to the inherent motion characteristics and me-
chanical limits of vehicles, effectively guaranteeing the physical feasibility of the planned
driving trajectories. These constraints are mainly presented in Equations (1)-(2d). The
piecewise constraints formulated for driving strategies under signalized intersection sce-
narios divide control rules according to different driving phases, standardize the operating
states and adjustment logic of vehicles in different driving intervals, and enable the overall
driving strategy to better adapt to the traffic timing characteristics at intersections; they are
shown in Equations (6)—(9). The various boundary and operational constraints established
in the trajectory generation stage define the feasible range of trajectory planning from the
perspectives of the driving space, operating state, and travel sequence. Such constraints
can avoid illegal driving behaviors and potential collision risks and further improve the
rationality and safety of planned trajectories. All the above constraint relations are fully
expressed and strictly restricted in Equations (10a)—(17).

To determine whether the current phase is being executed as expected, the actual
longitudinal position of the ego vehicle is compared with the desired position specified for
that phase. The operation produces a stage decision variable that supports phase transition
judgment and terminal-state updating during online execution.

(19)

. lon,
x(t) = {1/ i dmn) < dypir (1)

2, if d'mE(t) > dy (1)

where x(t) is the stage decision variable; d'*+¢¢°(t) is the actual longitudinal position
lon,ego

of the ego vehicle; and 4 1Dt

(t) is the desired longitudinal position specified for the
current phase.

To guarantee collision-free car following during the maneuver, the admissible longi-
tudinal spacing behind the preceding vehicle must be evaluated explicitly. The operation
calculates the minimum safety distance from the current speed condition, braking ca-
pabilities, and static safety margin, thereby providing a safety screening criterion for

candidate trajectories.

2
lon,ego (t) _lon? ( )

dsafe(t) _ Upsta 1D 1 4+ gmin (20)

2gu

lon,ego
IDStH
is the speed of the preceding vehicle; g is gravitational acceleration; y is

where d°%/¢ is the minimum longitudinal safety distance; v is the speed of the ego

lon
IDS[H 1 4
the road adhesion coefficient; and 4" is the static safety margin.

vehicle; v

5.4. Strategy Solving Algorithm

In the actual execution process, optimization solution is realized through the dynamic
selection of limited candidate trajectories. Within each planning step, feasible candidate tra-
jectories are generated in accordance with phased lane changing rules; infeasible candidate
trajectories are eliminated by constraints; the remaining candidate trajectories are evaluated
via the objective function; and the trajectory with the lowest cost is selected in the end. The
search process terminates when all candidate terminal states within the current planning
area have been evaluated or no feasible trajectories remain. It can be concluded from the
above analysis that the driving behavior and multi-performance collaborative optimization
problem of automated vehicles at signalized intersections present obvious strong nonlin-
earity, so it is difficult to obtain rigorous analytical solutions through theoretical derivation.
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Accordingly, this study adopts the dynamic programming algorithm to solve the numerical
solutions of the model, so as to effectively approximate the theoretical analytical solutions.
The strategy solving algorithm is outlined in Algorithm 1.

Algorithm 1

Note:

(1) Input variables: v (£), d ("), a (t™);

(2) Output variables: a(t);

(3) Risk variables and decision variables: x(t)

Input: Initial vehicle states v (¢), d (t*), a (t""*); signal phase and timing at t = 0
Output: Optimal longitudinal trajectory and control command

Initialize t — 0

Obtain intersection information: vehicle states {v, d, a} and signal phase

Initialize the stage flag and optimal trajectory
If the vehicle is at the strategy departure time, then

Step 1: Calculate desired position via Equation (13a—c)

Step 2: Implement phase division via Equations (6)—(9)

Step 3: Generate candidate trajectories via Equations (10a)-(12e) and
Equations (14)-(17)

Evaluate performance of feasible trajectories via Equations (3)—(5)

Step 4: Select the optimal trajectory via Equation (18)

Step 5: Judge stage decision variable via Equation (19); if x(¢) = 1, update the stage
endpoint, go to Step 3; otherwise, risk variable judgment; if yes endpoint update, go to
Step 3; otherwise, go to Step 6

Step 6: Determine execution variable at time t

Step 7: Time iteration: t <— t + tt

Step 8: Strategic variable judgment Equation (19); if x(t) > 1, go to Step 5; otherwise,
end loop

It is noted that the dynamic programming-based solution method proposed in this
study is only validated in simulated scenarios and remains at the stage of simulation
research. Although this method exhibits favorable anti-interference capabilities, further
standardization of the iteration termination criteria and state transition rules is essential for
its practical engineering application. In addition, practical constraints including computa-
tional complexity, perception uncertainty, and communication delays should be fully taken
into account in the application.

6. Results and Discussion

Numerical experiments are conducted from three perspectives: strategy-related factors,
system-side factors, and application adaptability. Strategy-related factors include objective
weights. System-side factors include the traffic demand, green time ratio, and strategy
trigger region length. Application adaptability factors include the AV penetration rate,
allowable lane changing gap, benchmark strategy, and sudden information disturbances.

In addition, other factors that generate auxiliary disturbances are analyzed qualita-
tively. The simulation parameters can be seen in Table 2 [24-26]. This simulation calculation
is carried out on the MATLAB platform (R2023a) [24]. Vehicles are generated in accordance
with preset traffic flow volumes, and vehicle movement trajectories are measured under
consistent conditions in terms of road length, split ratio, strategy trigger interval length,
and vehicle parameters.
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Table 2. Simulation parameter settings.
Symbol Definition Value/Unit
At Simulation time interval 01s
st Stage time allocation coefficient 0.2
e Vehicle width 1.7 m
texp Time headway 2s
Joeh Vehicle length 4m
1o Drivetrain efficiency 0.85
W Target lateral displacement 3.5m
wj Vehicle performance coefficient, where j € 1,2,3 1, 1, 1]
asto Maximum vehicle deceleration 4m/s?
asta Maximum vehicle acceleration 3m/s?
() Average vehicle speed at entry 10m/s
dsto Parking spacing 2m

It is worth noting that the conclusions drawn in this study are only applicable to
standardized and simplified simulation scenarios. The proposed model fails to take real
traffic elements into account, including pedestrians, non-motor vehicles, lateral traffic
flows, and diverse driving behaviors. Accordingly, the research results only verify the
effectiveness of the proposed method under ideal and controllable conditions. In future
studies, relevant practical factors will be comprehensively considered to provide theoretical
support for its practical engineering application.

6.1. Strategy Weight Sensitivity Analysis

This section evaluates the performance sensitivity of the proposed trajectory optimiza-
tion method in terms of economy, comfort, and efficiency. It then analyzes the feasibility
and scenario adaptability of the proposed strategy in signalized intersection environments.

In the signalized intersection trajectory planning strategy proposed in this paper, the
vehicle’s traffic economy, efficiency, and ride comfort are primarily determined by the
longitudinal travel displacement, longitudinal travel velocity, and lateral displacement.
Among these, the longitudinal displacement and velocity directly influence the vehicle’s
intersection passing efficiency and longitudinal safety distance, while the lateral displace-
ment governs the lane changing amplitude and lateral safety clearance. Indicators such
as vehicle acceleration, trajectory curvature, and collision risk can all be derived from the
above three variables. Therefore, selecting the longitudinal displacement, longitudinal ve-
locity, and lateral displacement as sensitivity analysis variables enables the comprehensive
characterization of the variation patterns in trajectory planning performance. To investigate
the performance sensitivity of the trajectory optimization method, the weight coefficients of
the objective function are sequentially set to [1, 0, 0], [0, 1, 0], [0, 0, 1], and [1, 1, 1], yielding
the optimal trajectories oriented toward economy, comfort, and efficiency under different
driving demands, respectively. Hence, the economic trajectory (ECO), comfort trajectory
(COM), efficiency trajectory (EFF), and balanced trajectory (BAL) can be obtained.

The effects of the longitudinal displacement demand on economy, comfort, and effi-
ciency are examined and can be seen in Figure 5 and Table 3. The three types of vehicle
performance trajectories exhibit distinct performance differentiation under various longitu-
dinal displacement demands. The economic trajectory and comfort trajectory show highly
consistent performance in terms of energy consumption and acceleration fluctuation: the
longitudinal displacement demand increases from 30 m to 150 m and the energy consump-
tion of both trajectories decreases from 6.6 to 0.63, while the acceleration fluctuation drops
from 21 to 0.19 and the completion time increases linearly with the displacement (1.5-1.6 s
for 30 m and 7.5 s for 150 m). This reflects smooth, low-energy-consumption operation,
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reflecting the design foci of the two trajectories on economy and comfort, respectively. In
contrast, the efficiency trajectory takes maximum-speed driving as its core objective, pos-
sessing a significant advantage in terms of completion time. Under the same displacement
demand, the completion time of the efficiency trajectory is only approximately two-thirds
of that of the economic/comfort trajectories (e.g., for 150 m displacement, the efficiency
trajectory takes 5 s, far less than the 7.5 s of the economic/comfort trajectories). How-
ever, this advantage comes at the cost of drastically increased energy consumption and
acceleration fluctuations: at 150 m displacement, the energy consumption of the efficiency
trajectory (8.8) is about 14 times that of the economic/comfort trajectories (0.63), and the
acceleration fluctuation (9.0) is approximately 47 times that of the latter (0.19), clearly
verifying its efficiency orientation. In summary, the three trajectories form clear perfor-
mance preferences in the dimensions of economy, comfort, and efficiency. The economic
and comfort trajectories achieve low energy consumption and low impacts through gentle
acceleration and deceleration, while the efficiency trajectory reduces the completion time
via limited acceleration/deceleration and maximum-speed driving. These results validate
that the proposed strategy can generate longitudinal driving trajectories oriented toward
corresponding performance objectives according to specific demands.

o]

(9]

w

N

Lateral displacement (m)
N

0 50 100 150
Longitudinal displacement (m)

Figure 5. Sensitivity of trajectories to longitudinal displacement demand.

Table 3. Performance indicators under different longitudinal displacement demands.

. Longitudinal Displacement Ener Acceleration . .
Trajectory Type ® Demand (§1) Consumpti(f);lz’ (KJ/m) Fluctuation Completion Time (s)
30 6.6 21 1.5
60 2.0 2.8 3
ECO 90 1.1 0.86 45
120 0.77 0.36 6
150 0.63 0.19 7.5
30 6.8 21 1.6
60 2.0 2.8 3
COM 90 1.1 0.86 45
120 0.77 0.36 6
150 0.63 0.19 7.5
30 44 204 1
60 21 54 2
EFF 90 14 25 3
120 11 14 4
150 8.8 9.0 5

The effects of the lateral displacement demand on the three performance dimensions
are investigated. According to Figure 6 and Table 4, the three types of vehicle performance
trajectories exhibit distinct performance differentiation in terms of energy consumption,
acceleration fluctuation, and completion time under various lateral displacement demands.
The economic trajectory consistently maintains low energy consumption and relatively
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stable acceleration fluctuation: as the lateral displacement demand increases from 3.5 m to
14 m, the energy consumption rises gradually from 2.0 to 6.4, the acceleration fluctuation
increases from 2.8 to 9.3, and the completion time only increases slowly from 3 s to 3.3 s.
This reflects a design focus centered on low energy consumption while balancing driving
stability, verifying its economic orientation. The comfort trajectory prioritizes the suppres-
sion of acceleration fluctuations as its core objective: at a lateral displacement demand of
3.5 m, its acceleration fluctuation (2.47) is slightly lower than that of the economic trajectory
(2.8); as the displacement demand increases to 14 m, the acceleration fluctuation only rises
slightly to 6.0, which is significantly lower than the 9.3 of the economic trajectory at the
same displacement. Meanwhile, the completion time is notably prolonged with increasing
displacement (reaching 6.4 s at both 10.5 m and 14 m), verifying its comfort orientation.
The efficiency trajectory takes maximum-speed driving as its core, possessing an absolute
advantage in terms of completion time: the completion time remains stable at 2 s under
all lateral displacement demands, far shorter than those of the economic and comfort
trajectories. However, this advantage comes at the cost of drastically increased energy
consumption and acceleration fluctuations—at 14 m displacement, the energy consumption
of the efficiency trajectory (26) is approximately 4.1 times that of the economic trajectory
(6.4) and 3.0 times that of the comfort trajectory (8.7), while its acceleration fluctuation (65)
is about 7.0 times that of the economic trajectory (9.3) and 10.8 times that of the comfort
trajectory (6.0). In summary, the three trajectories form clear performance preferences in
the dimensions of economy, comfort, and efficiency. The economic trajectory achieves low
energy consumption through gentle acceleration and deceleration, the comfort trajectory en-
hances ride comfort by extending the driving time to suppress acceleration fluctuations, and
the efficiency trajectory reduces the completion time via limited acceleration/deceleration
and maximum-speed driving. These results validate that the proposed strategy can gen-
erate vehicle driving trajectories oriented toward corresponding performance objectives
according to the lateral displacement demand.

Table 4. Performance indicators under different lateral displacement demands.

Lateral
Trajectory Type Displacement Consun}infirfrz] (KJ/m) Acceleration Fluctuation Completion Time (s)
Demand (m) P
Economic trajectory 3.5 2.0 2.8 3
7 3.5 53 3.1
10.5 5.0 7.5 32
14 6.4 9.3 3.3
Comfort trajectory 3.5 9.0 2.47 3
7 3.5 5.3 3.1
10.5 8.4 59 6.4
14 8.7 6.0 6.4
Efficiency trajectory 3.5 21 54 2
7 22 56 2
10.5 24 60 2
14 26 65 2

6.2. Analysis of Main Factors of the Intelligent Transportation System

Under the vehicle-road-cloud integrated architecture, the road traffic flow, green
signal ratio, and strategy trigger region length are the primary representative key pa-
rameters at the vehicle, road, and cloud levels, respectively [18,20,22]. The coupling of
these three parameters determines the scenario adaptability and robustness of the strategy,
and they constitute the direct external factors affecting the operational efficiency of the
system. In this section, a quantitative analysis is carried out on the above three types

https:/ /doi.org/10.3390/systems14070852


https://doi.org/10.3390/systems14070852

Systems 2026, 14, 852

23 of 37

of parameters, while qualitative supplements are provided for other environmental and
information-related factors.
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Figure 6. Sensitivity of trajectories to lateral displacement demand.

6.2.1. Impacts of Vehicle Factors on the Strategy

To examine the impacts of vehicle factors on the strategy, the objective function weights
are set to [1, 1, 1], and the proposed strategy is evaluated under different traffic demands.
Road traffic flow directly reflects the traffic load and vehicle interaction intensity and is the
most critical vehicle-side factor affecting driving smoothness, energy consumption, and
traffic efficiency. In this paper, three levels of traffic flow, 500, 1000, and 2000 veh/h, are set
for comparison. The following tables summarize the available simulation outputs reported
in the current work.

Regarding the influence of the traffic demand (seen in Table 5), as the traffic volume
increases from 500 veh/h to 2000 veh/h, the economy indicator rises from 0.0361 to
0.0457, and the energy consumption performance gradually deteriorates with increasing
traffic densities. The comfort indicator reaches 0.125 at 1000 veh/h, which is significantly
higher than that at 500 veh/h (0.0402) and 2000 veh/h (0.0441), indicating frequent vehicle
interactions and intensified acceleration/deceleration shocks under a medium traffic flow,
leading to degraded ride smoothness. The efficiency indicator remains stable at 35.2-35.3
in the range of 500-1000 veh/h and increases to 40.1 at 2000 veh/h. Congestion tends to
emerge under high traffic flows, reducing the traffic efficiency. The detailed trajectories can
be seen in Figure 7.

Table 5. Strategy performance under different traffic demands.

Traffic Demand (veh/h) Economy (KJ/km) Comfort Efficiency (s)
500 0.0361 0.0402 35.3
1000 0.0421 0.125 35.2
2000 0.0457 0.0441 40.1

The results indicate that, under a low traffic flow, economy and comfort are optimal
while efficiency remains stable; under a medium traffic flow, vehicle interactions become fre-
quent, and comfort decreases significantly; under a high traffic flow, congestion intensifies
and both economy and efficiency deteriorate synchronously. The overall performance of
the strategy tends to be more conservative with increasing road traffic flows. Besides traffic
flow, other vehicle factors, such as the vehicle type, speed distribution, and car-following
behavior discrepancies, also exert influences; they increase acceleration fluctuations and
energy consumption dispersion but do not alter the dominant effect of traffic flow on the
overall performance.

6.2.2. Impacts of Road Factors on the Strategy

The green signal ratio determines the effective passage time window at intersections,
directly governs vehicle start-stop behavior and traffic efficiency, and is the most critical
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road factor affecting road resource utilization. In this paper, simulations are carried out
with three levels of green signal ratio: 20%, 50%, and 100%. The green signal ratio directly
determines vehicle start—stop operations and traffic efficiency (as seen in Table 6).
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Figure 7. Vehicle trajectories under different traffic demands.

Table 6. Strategy performance under different green ratios.

Green Ratio Economy (KJ/km) Comfort Efficiency (s)
20% 0.0192 0.0272 55.3
50% 0.0522 0.185 35.3
100% 0.0502 0.156 74

The economic performance is optimal (0.0192) at a 20% green signal ratio, with values
of 0.0522 and 0.0502 at 50% and 100%, respectively. A higher green signal ratio increases
idle and braking events, elevating the energy consumption. Comfort is best at 20% (0.0272)
and worst at 50% (0.185), as frequent acceleration and deceleration occur under a medium
green signal ratio. Efficiency improves markedly with an increase in the green signal ratio,
with the indicator dropping from 55.3 at 20% to 7.4 at 100%. A longer green light duration
substantially reduces waiting times and enhances road traffic efficiency. The detailed
trajectories can be seen in Figure 8.

The results show that the lower the green signal ratio, the worse the efficiency but
the better the economy and comfort; at a medium green signal ratio, frequent acceleration
and deceleration result in the worst comfort. The higher the green signal ratio, the higher
the traffic efficiency, accompanied by increased energy consumption and fluctuations. The
green signal ratio is positively correlated with efficiency and negatively correlated with
economy and comfort. In addition to the green signal ratio, other road control factors, such
as the signal cycle, phase sequence, and queue clearance length, also exert impacts that
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alter the temporal constraints of the trajectory, yet they do not change the dominant effect
of the green signal ratio on traffic efficiency.
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Figure 8. Vehicle trajectories under different green ratios.

6.2.3. Impacts of Cloud Factors on the Strategy

The length of the strategy triggering region determines the trajectory pre-optimization
space and lane changing feasibility and directly governs the lead and smoothness of cloud-
side global planning. It serves as the most critical cloud element affecting the cooperative
performance. In this paper, three length levels of 20 m, 50 m, and 100 m are set for
comparative analysis.

The length of the lane change zone exerts a significant impact on all performance
indicators (seen in Table 7). The economy indicator at 50 m is 0.0522, worse than that at 20 m
(0.0198) and 100 m (0.0268). A medium-length lane change zone tends to trigger frequent
lane changes, raising the energy consumption costs. The comfort indicator peaks at 0.185
for 50 m, much higher than those for 20 m and 100 m. The 100 m lane change zone achieves
the best comfort (0.0266), suggesting that sufficient lane change space effectively reduces
driving shocks. The efficiency indicators are 37.2 and 37.3 for 20 m and 100 m, respectively,
and 35.3 for 50 m, demonstrating that a moderate lane change zone length helps to improve
the overall traffic efficiency. The detailed trajectories can be seen in Figure 9.

Table 7. Strategy performance under different strategy trigger region lengths.

Strategy Trigger Region

Length (m) Economy (KJ/km) Comfort Efficiency (s)
20 0.0198 0.0547 37.2
50 0.0522 0.185 35.3
100 0.0268 0.0266 37.3
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Figure 9. Vehicle trajectories under different strategy trigger region lengths.

The results indicate that a short interval leads to insufficient planning space; a medium
interval brings frequent lane changes, achieving the optimal efficiency but the worst com-
fort; and a long interval enables sufficient planning, delivering the optimal smoothness and
economy with stable efficiency. Appropriately expanding the regional length contributes to
an improvement in comprehensive performance. In addition to the regional length, cloud
elements such as communication delays, the calculation frequency, and the perception
range also exert certain impacts. An increase in delay will reduce trajectory reliability, yet it
cannot change the leading role of the region length in planning quality.

6.3. Analysis of Application Adaptability of the Strategy

In the mixed traffic scenario with automated vehicles at signalized intersections, the
automated vehicle penetration rate, allowable lane changing gap, mainstream control
strategies, and sudden disturbances in traffic information are the most representative core
influencing factors in terms of traffic composition, driving behavior, strategy comparison,
and information transmission, respectively. These four types of factors determine the adapt-
ability and robustness of the proposed optimization strategy under complex intersection
traffic conditions, and they serve as key indicators to evaluate the engineering practica-
bility and scenario applicability of the strategy. In this section, a systematic quantitative
simulation analysis is conducted on the above key parameters to explore the influence
rules of parameter fluctuations on the multi-performance optimization effect of the strategy.
In the subsequent simulation experiments, vehicles entering the system are generated by
stochastic functions to guarantee the randomness of the traffic flow distribution. The traffic
flow is set to 1000 vehicles per hour, the length of the variable lane area is 50 m, the green
light timing ratio is set to 50%, and the weights of all performance indicators are uniformly
defined as [1, 1, 1] [23-25].
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It should be noted that the simulation scenario constructed in this paper is theoretical.
Reasonable assumptions are adopted to highlight the coupling effects of vehicle, road, and
cloud elements, which jointly form complex real-world traffic scenarios. Accordingly, the
simulation analysis under such assumptions can effectively explore the application effects
and feasibility of the proposed strategy in practical working conditions.

6.3.1. Influence of Penetration Rate on Strategy Application

This simulation experiment aims to explore the influence law of the automated vehicle
penetration rate on various traffic performance aspects of the proposed strategy. In the
simulation, the traffic flow is set to 1000 veh/h, the length of the lane change area is
50 m, the green signal ratio is set to 50%, and the weight of each performance objective is
uniformly defined as [1, 1, 1]. The total simulation duration is fixed at 1 h. The penetration
rate of automated vehicles increases gradually from 0% to 100% with an interval of 2%. To
ensure the reliability of the simulation results, 16 independent, repeated simulations are
conducted under each penetration rate condition, and a total of 816 groups of traffic flow
statistical samples are obtained. Each sample value in the box plot represents the average
performance of all automated vehicles and human-driven vehicles in a single simulation,
which can directly reflect the evolution characteristics of the overall traffic performance in
mixed traffic flows.

All four evaluation indicators adopted in this study are cost-type indicators, where
a smaller value indicates better corresponding performance. Specifically, the economic
indicator characterizes the energy consumption cost per unit driving distance; the comfort
indicator is quantified based on parameters related to the acceleration variation rate;
the efficiency indicator measures the time cost for vehicles to pass through signalized
intersections; and the comprehensive performance indicator is obtained by summing the
economic, comfort, and efficiency indicators.

The comprehensive performance consists of three cost components: economy, comfort,
and efficiency. As shown in Figure 10, the comprehensive index rises from 35.0 at a 0% pene-
tration rate to approximately 37.4 near the 10% penetration rate, representing an increase of
around 6.9%, which clearly reflects a brief negative response under mixed traffic conditions
with low penetration rates. Afterwards, the comprehensive index keeps declining as the
penetration rate grows, registering 32.6, 28.4, and 26.2 at penetration rates of 30%, 50%,
and 70% respectively, and dropping to 24.6 at the 100% penetration rate—a reduction of
roughly 29.7% compared with the 0% penetration rate. Since the current comprehensive
index is calculated by directly summing the three indicators, and the absolute value of
the efficiency indicator is relatively large, the overall trend in comprehensive performance
is similar to the variation in efficiency. Nevertheless, the simultaneous improvement in
economy and comfort further intensifies the downward trend. The comprehensive index
only fluctuates slightly at high penetration rates, indicating that, when most vehicles adopt
similar trajectory optimization logic, the system operating state gradually stabilizes, and the
performance improvement shifts from rapid enhancement to diminishing marginal returns.

Opverall, the simulation results can be divided into three stages. In the low penetration
rate range of 0% to 10%, a small number of automated vehicles fail to form stable group
coordination, and behavioral differences between automated and human-driven vehicles
may cause local car following disturbances, leading to varying degrees of increases in
all four indicators. In the range of approximately 10% to 60%, the rising proportion
of automated vehicles enables candidate trajectory optimization, safety gap screening,
and unified control to gradually produce group effects, which significantly improve the
economic efficiency, driving comfort, traffic efficiency, and comprehensive performance.
In the medium-to-high penetration rate range of 60% to 100%, the four indicators keep
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decreasing, with a gradually narrowed improvement range and slight random fluctuations,
indicating that the traffic flow has gradually reached a stable operating state.
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Figure 10. Box plots of comprehensive performance under different AV penetration rates.

6.3.2. Influence of Lane Changing Factors on Strategy Application

This simulation is conducted to explore how the lane changing activity of human-
driven vehicles affects the implementation effects of the proposed intelligent driving
strategy and group operational performance at signalized intersections. Human-driven
vehicles can obtain the headway distances to the preceding vehicles in the current lane,
left adjacent lane, and right adjacent lane in real time and judge whether to change lanes
according to the difference between the forward headway of adjacent lanes and that of
the current lane. When the difference exceeds the threshold, the vehicle will perform lane
changing toward the adjacent lane with a larger gap. Accordingly, the threshold character-
izes the lane changing prudence of human-driven vehicles: a smaller value means more
frequent lane changing behaviors, while a larger value indicates more conservative lane
changing decisions. The simulation environment remains consistent with that described in
Section 6.3.1. The threshold a is set to vary from 0 m to 150 m at an interval of 10 m, forming
16 working conditions in total, and 12 independent repeated simulations are carried out
for each condition. The output results presented in Figure 11 cover the trajectory planning
success rate, the trajectory completion degree, and variations in the comprehensive per-
formance of automated vehicles, which can reflect the overall response characteristics of a
mixed traffic flow.

As the lane changing threshold of human-driven vehicles increases from 0 m to 150 m,
the number of lane changes among human-driven vehicles drops significantly from 4059.8
to 99.3. Meanwhile, the trajectory success rate of autonomous vehicles rises from 77.5% to
95.2%, and the trajectory completion rate grows from 84.9% to 97.6%. The group economic
efficiency, comfort, efficiency, and comprehensive performance all show a declining trend as
a increases, among which the comprehensive performance falls from 30.6 to 25.5. The results
indicate that overly aggressive lane changes by human-driven vehicles will undermine the
target lane stability of autonomous vehicles, reduce the success rate of trajectory execution,
and raise the overall operating cost of the vehicle group. Increasing the lane changing
threshold can effectively alleviate this issue; however, in the high threshold range, the
magnitude of performance improvement gradually diminishes and levels off.

When a is small, human-driven vehicles frequently change lanes due to minor ad-
vantages in forward spacing, leading to the constant restructuring of the lane occupancy
relationships within the local traffic flow. For autonomous vehicles, such frequent lane
changes continuously alter the positions of preceding vehicles, available insertion gaps, and
potential conflict relationships in the target lane. Consequently, autonomous vehicles more
often encounter failed safety screening, trajectory interruptions, or strategy revision during
candidate trajectory searching. The additional speed adjustments and brake-accelerate
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cycles induced by these issues simultaneously raise the costs related to economic efficiency,
comfort, and traffic efficiency.
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Figure 11. Box plots of the influence of lane changing factors on strategy application.

As the threshold a rises, human-driven vehicles only execute lane changes when
adjacent lanes offer considerably greater advantages, and their lane changing behavior
shifts from frequent active steering to relatively cautious operation. At this point, variations
in the lane structure of the traffic flow slow down. Autonomous vehicles can carry out
trajectory planning under more stable surrounding vehicle interactions, the success rate
of target lane insertion improves, and speed fluctuations during lane changing and car
following are reduced, thereby enhancing economic efficiency and comfort. Meanwhile,
unnecessary yielding and trajectory interruptions are cut down, the average travel times of
vehicles are shortened, and traffic efficiency is improved accordingly.

It should be noted that, after the threshold rises to 90-110 m, although the median
and mean values in the box plots still show improvements, the marginal changes are
markedly weakened. This demonstrates that, once the lane changing activity of human-
driven vehicles is suppressed to a certain level, further curbing their lane changing behavior
can only yield limited additional benefits. For the mixed traffic flow scenario studied in this
paper, restricting overly aggressive lane changes of human-driven vehicles can significantly
boost the executability of autonomous driving strategies and the overall operational quality
of the vehicle group. Nevertheless, when the local traffic flow has become relatively
stable, the performance gains brought by further increasing the threshold will gradually
reach saturation.

6.3.3. Comparison with Other Automated Driving Strategies

This simulation explores whether the proposed strategy can still exhibit targeted ad-
vantages over the adaptive cruise control (ACC) strategy when independently prioritizing
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economy, comfort, and efficiency under segmented lane changing conditions within the
same standard traffic environment. To intuitively demonstrate the superiority of the pro-
posed strategy, this paper compares its performance improvement amplitude against that
of the ACC strategy. In the simulation, the traffic flow is set to 1000 veh/h, the length of
the lane change area is 50 m, the green signal ratio is set to 50%, and the weight of each
performance objective is uniformly defined as [1, 1, 1]. The total simulation duration is
fixed at 1 h.

In Figure 12, when comfort is regarded as the sole optimization objective, the average
comfort index of the comfort-oriented strategy proposed in this paper is remarkably lower
than that of the adaptive cruise control strategy, achieving an optimization improvement
rate of approximately 50.0%. By prioritizing candidate trajectories with minor variations in
lateral and longitudinal acceleration and smoother trajectory transitions during the candi-
date trajectory screening process, the comfort-priority group effectively mitigates speed
fluctuations during lane changing and car following, thus achieving optimal performance
under the single comfort objective.
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Figure 12. Box plots of comfort performance: comfort-oriented strategy versus ACC strategy.

In Figure 13, when economic benefit is taken as the sole optimization objective, the
average economic benefit index of the proposed economy-priority strategy is obviously
lower than that of the ACC strategy, with an improvement amplitude of approximately
33.3%. Meanwhile, the overall average performance value of the economy-priority strategy
is also superior to that of the ACC strategy. This indicates that, under the framework of
segmented lane changing and candidate trajectory screening, when the objective function
emphasizes energy consumption-related costs, controlled vehicles tend to select trajectories
with mild speed fluctuations and fewer additional accelerations and decelerations, thereby
reducing the energy consumption cost of the entire mixed traffic flow.
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Figure 13. Box plots of economic performance: proposed strategy versus ACC strategy.

In Figure 14, when efficiency is taken as the sole objective, the average efficiency index
of the efficiency-first group adopting the strategy proposed in this paper is significantly
lower than that of the ACC strategy, with an improvement margin of approximately 21.6%.
This indicates that, when the objective function prioritizes minimizing the travel time, the
segmented lane changing strategy can more proactively utilize opportunities in adjacent
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lanes, reduce low-speed car following and waiting durations, and thus achieve higher
operational efficiency in mixed traffic flows.
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Figure 14. Box plots of efficiency performance: efficiency-oriented strategy versus ACC strategy.

To fully verify the superiority of the proposed autonomous driving strategy, this sec-
tion presents a systematic comparison with three mainstream strategies, namely rule-based,
utility optimization-based, and data-driven methods. The rule-based strategy performs
optimization under fixed constraints, which yields a low computational cost and satisfac-
tory real-time performance, yet it suffers from limited optimization flexibility and marginal
improvements in overall vehicle performance. The utility optimization-based strategy
achieves favorable optimization results through multi-variable global optimization, but
its high computational complexity leads to low operating efficiency, which restricts its
application in real-time vehicle control. Although the data-driven strategy realizes fast
calculation and decent optimization performance, its effectiveness is strongly subject to the
quality and quantity of the training data. It lacks targeted optimization capabilities and fails
to fully exploit the potential of autonomous driving systems. Furthermore, the large-scale
deployment of autonomous vehicles is still limited, and high-quality driving data are
difficult to acquire, which further hinders the practical application of data-driven strategies.
Differing from the above single-mode methods, the proposed strategy integrates rule con-
straints and performance optimization. It ensures driving safety and real-time computation
via rule setting and breaks through the performance bottlenecks of traditional rule-based
methods through optimization algorithms. This approach avoids shortcomings such as the
insufficient computing efficiency of utility-based methods and strong data dependence of
data-driven methods and balances real-time responsiveness, optimization effectiveness,
and application potential, thus possessing better comprehensive practical performance.

It should be noted that all validation experiments described in this study were im-
plemented based on simulations. The conclusions regarding performance improvements
compared with adaptive cruise control are only valid under preset simulated conditions. In
future research, field-measured traffic data will be incorporated, comparative benchmark
algorithms will be optimized, and repeated experiments will be carried out. Meanwhile,
confidence interval analyses and statistical significance tests will be adopted to further
strengthen the empirical verification results.

6.3.4. Influence of Disturbances on Strategy Application

This set of simulations is designed to evaluate the robustness of the proposed intel-
ligent driving strategy when short-term sudden changes occur in the perceived speed
information of preceding vehicles. The disturbance is only imposed on the preceding vehi-
cle speed information received by controlled automated vehicles, while the actual speed of
the preceding vehicles remains unchanged. As shown in Figure 15, the fluctuation range of
perceived speed is randomly generated within 0% to 30%, with a duration ranging from 0 s
to 2.3 s. Herein, 2.3 s represents the response time required for system takeover, state recog-
nition, and trajectory replanning in automated vehicles. The simulations reveal the group
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response characteristics of mixed traffic flows after perceived disturbances are transmitted
through the decision-making processes of controlled vehicles. This study mainly focuses
on the variation in comprehensive performance with the disturbance probability.
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Figure 15. Box plots of the influence of disturbances on strategy application.

This paper investigates the impact of sudden fluctuations in preceding vehicle speed
perception on policy robustness under segmented lane changing constraints and the objec-
tive function weight vector [1, 1, 1]. In Figure 14, as the disturbance probability rises from
0% to 100%, the comprehensive performance index increases from 28.1 to 32.3, with comfort
suffering the most significant relative degradation. The results reveal that speed perception
fluctuations degrade group operational performance via short-term acceleration corrections
and candidate trajectory replanning. Nevertheless, the performance degradation evolves
gradually overall owing to the persistent effectiveness of segmented lane changing, safety
filtering, and real-time replanning mechanisms, which demonstrates that the proposed
policy possesses moderate robustness against perceptual disturbances.

6.4. Impact Discussion Regarding the Intelligent Transportation System

To verify the statistical validity of the proposed control strategy, this paper presents a
quantitative analysis with vehicle longitudinal and lateral accelerations as core evaluation
indicators. Vehicle acceleration can effectively characterize the dynamic driving state and
is also a direct output parameter of the proposed strategy, being of great significance for
verification. On this basis, frequency distribution diagrams of the acceleration for human-
driven vehicles (HVs) and autonomous vehicles (AVs) are established to systematically
illustrate the overall probability distribution characteristics of vehicle acceleration under
the two driving modes, thereby providing solid data support for the statistical analysis of
the strategy’s effectiveness.

In the longitudinal direction, the relative frequency distributions of HVs and AVs
both approximate a normal distribution, while the distribution of AVs is evidently more
concentrated. In Figure 16, the mean longitudinal acceleration and standard deviation
of HVs are 0.029 m/s? and 0.919 m/s?, respectively; those of AVs are 0.017 m/ s2 and
0.590 m/s?. The smaller standard deviation of AVs indicates that the proposed autonomous
driving strategy reduces the occurrence frequency of aggressive acceleration and abrupt
braking. In the central interval near 0 m/s?, AVs occupy a higher proportion than HVs,
whereas HVs show higher proportions in the tail intervals at both positive and negative
extremes. As shown in Figure 17, in the lateral direction, the distributions of HVs and AVs
can also be well fitted by normal curves. The mean lateral acceleration of HVs is 0.000 m/ 2,
with a standard deviation of 0.221 m/s?, and that of AVs is —0.001 m/s2, with a standard
deviation of 0.144 m/s?. The lateral acceleration distribution of AVs is more clustered
around zero, demonstrating that autonomous vehicles achieve smoother lateral adjustment
during lane changing, while human-driven vehicles are prone to larger lateral steering
corrections. As shown in Table 8, for a normal distribution, the corresponding standard
normal quantile is z = 0.984 when the central probability reaches 67.5%. Accordingly, the
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concentration range of each vehicle type is defined as y + 0.9840, and the width of such
a range equals 2 x 0.984¢. A narrower concentration range implies more concentrated
acceleration values and fewer extreme acceleration or deceleration behaviors, while a wider
range represents more prominent vehicle motion fluctuations.
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40 4 —— AVnormal fit
B Human-driven vehicles
30 Autonomous vehicles

20
10 4

Relative frequency (%)

-4 -3 -2 -1 0 1 2 3
Longitudinal acceleration (m/s?)

Figure 16. Relative frequency distribution and normal fitting of longitudinal acceleration.
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Figure 17. Relative frequency distribution and normal fitting of lateral acceleration.

Table 8. The 67.5% concentration intervals of longitudinal and lateral acceleration.

67.5% .
Direction Vehicle Type =~ Mean (m-s—2) Std (m-s—2) Concentration Interval_\';hdth
Interval (m-s—2) (m-s™%)
Longitudinal HV 0.029 0.919 [—0.875, 0.934] 1.810
Longitudinal AV 0.017 0.590 [—0.564, 0.597] 1.161
Lateral HV 0.000 0.221 [—0.218, 0.218] 0.436
Lateral AV —0.001 0.144 [—0.142, 0.141] 0.283

As shown in Table 9, in terms of longitudinal acceleration, 67.5% of the acceleration
values of human-driven vehicles (HVs) are distributed within [—0.875, 0.934] m/s?, with
an interval width of 1.810 m/s?. For autonomous vehicles (AVs), 67.5% of the acceler-
ation values fall within [—0.564, 0.597] m/s?, and the corresponding interval width is
1.161 m/s?. The width difference between the two intervals is 0.648 m/s?. Based on the
calculation formula whereby the width difference is divided by the smaller interval width,
the concentration interval of HVs is 55.8% wider than that of AVs. In a more commonly
adopted expression, the longitudinal concentration interval of AVs is narrowed by 35.8%
compared with that of HVs. This reveals that the proposed autonomous driving strategy
enables the longitudinal acceleration to converge significantly toward the central value. In
terms of lateral acceleration, 67.5% of the lateral acceleration data of HVs are concentrated
within [—0.218, 0.218] m/s?, with an interval width of 0.436 m/s?, while those of AVs are
distributed within [—0.142, 0.141] m/ s2, with an interval width of 0.283 m/s%. The width
difference reaches 0.153 m/s2. When calculated with the smaller interval width as the
denominator, the concentration interval of HVs is 53.9% wider than that of AVs, and the
lateral concentration interval of AVs is narrowed by 35.0% relative to HVs. Accordingly,
it is unnecessary to compare various acceleration intervals one by one. Only two typical
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regions need to be analyzed. Within the 67.5% dominant concentration region, AVs possess
an obviously narrower distribution interval. In the remaining 32.5% scattered region, AVs
contain fewer sample data. The above results demonstrate that the autonomous driving
strategy suppresses the occurrence of excessive acceleration and deceleration and renders
both the longitudinal and lateral acceleration characteristics more concentrated and stable.

Table 9. Concentration interval widths and acceleration convergence degrees.

Directi HV AV Width Relative Actual Narrowing
trection Interval Width Interval Width Reduction Difference Rate Relative to HV
Longitudinal 1.810 1.161 0.648 55.8% 35.8%
Lateral 0.436 0.283 0.153 53.9% 35.0%

Combined with the above distribution characteristics and statistical analysis results
regarding vehicle longitudinal and lateral acceleration, the proposed trajectory optimization
strategy can significantly optimize vehicle operating conditions from the perspective of
vehicle driving dynamics, effectively restrain aggressive driving behaviors, and make
vehicle acceleration, deceleration, and lateral movements smoother and more standardized.
On this basis, the comprehensive effects and practical application value of this multi-
objective trajectory optimization strategy in intelligent transportation scenarios can be
further analyzed comprehensively from multiple levels, including individual vehicles,
signalized intersections, and road network systems.

The multi-objective trajectory optimization strategy proposed in this paper exerts
positive effects on the intelligent transportation system at the vehicle-intersection-road
network levels and improves the overall operational efficiency of intelligent transporta-
tion from multiple dimensions. At the vehicle level, fully considering Equations (3)—(5),
by smoothing vehicle speeds and steering maneuvers, the strategy reduces unnecessary
acceleration and deceleration and aggressive lane changing behavior, thereby effectively
enhancing the driving economy, comfort, and safety of individual vehicles. While ensuring
that the trajectories of autonomous vehicles comply with kinematic constraints and safety
margin requirements, the proposed strategy maintains a stable driving dynamic state for
vehicles passing through signalized intersections. At the signalized intersection level, fully
considering Equations (6)—(9), the strategy adaptively adjusts driving trajectories according
to signal timing schemes, traffic flows, and regional road segment lengths. It makes full
use of the green light duration, reduces the vehicle start-stop frequency, shortens the aver-
age travel time at intersections, and mitigates traffic conflicts, realizing the collaborative
optimization of signal control and vehicle trajectories. At the intelligent transportation
system level, fully considering the outcomes in 6.2, by relying on vehicle-road—cloud
information collaboration and global planning optimization, the strategy reduces regional
energy consumption and exhaust emissions, alleviates traffic fluctuations and congestion,
and improves the operational robustness and resource utilization efficiency of the road
network. This research can provide reliable underlying technical support for coopera-
tive driving and regional dynamic traffic scheduling and promote the development of
intelligent transportation systems toward an optimal balance of economy, comfort, and
operational efficiency on the premise of guaranteed traffic safety. At a broader societal level,
the accumulation of vehicle-level improvements may contribute to more predictable urban
mobility, lower transport energy demands, and a more stable public travel environment.
The vehicle-road—cloud linkage, therefore, provides a systems-based connection between
local autonomous driving decisions and the wider social objectives of efficient, low-carbon,
and reliable transportation.

https:/ /doi.org/10.3390/systems14070852


https://doi.org/10.3390/systems14070852

Systems 2026, 14, 852

35 of 37

7. Conclusions

This paper proposes an area-based driving strategy for autonomous vehicles at signal-
ized intersections under the vehicle-road—cloud collaborative framework of an intelligent
transport system. By treating the intersection and its adjacent control area as an integrated
decision region, the method coordinates phase division, rapid trajectory generation, dy-
namic target position correction, and the multi-objective optimization of economy, comfort,
and efficiency. The sensitivity analyses show that the generated trajectories exhibit clear
performance orientations under different longitudinal displacements and lateral displace-
ments, which verifies the effectiveness of the proposed objective function design. The
feasibility and scenario adaptability analyses further demonstrate that the strategy can
maintain safe and smooth motion while adapting to different traffic demand levels, trigger
region lengths, and signal timing conditions related to the vehicle side, road side, and cloud
side in an intelligent transport system. The analysis of application adaptability explores
the influence of the AV penetration rate, lane changing, other strategies, and disturbances
on strategy application. The experimental results demonstrate that the proposed strategy
achieves performance improvements of 50% in comfort, 33.3% in economy, and 21.6% in
efficiency when benchmarked against the conventional common strategy. Overall, the
proposed method provides a practical framework for reconciling the conflicting objectives
of energy consumption, ride comfort, and traffic efficiency under the guarantee of safety at
signalized intersections.

The simulation results verify that the strategy proposed in this paper outperforms the
benchmark scheme of the adaptive cruise control system in various test scenarios targeting
economy, comfort, and traffic efficiency. Disturbance tests also indicate that perception
errors will degrade the vehicle’s economy, comfort, traffic efficiency, and comprehensive
performance indicators, yet the strategy maintains a certain degree of robustness. It is
noted that, to concentrate on the performance-oriented behaviors of autonomous vehicles
at signalized intersections, this paper simplifies the chosen objective, algorithm design,
validation scope, and model settings. In future research, we will fully consider the indi-
vidual characteristics of control strategies and further investigate the influences of weight
parameters on diverse decision-making strategies and overall system operational states.
Multiple benchmark algorithms will be supplemented, and repeated experimental trials
will be implemented. Combined with confidence interval analysis and statistical signifi-
cance tests, the credibility of the experimental results can be effectively enhanced. Moreover,
experiments concerning mixed traffic scenarios and stochastic human driving behaviors
will be incorporated to conduct comprehensive validation within intelligent transportation
systems, enabling the accurate prediction of vehicle speed fluctuations and improving the
precision of decision-making outputs. In addition, various practical traffic influencing
factors will be integrated to construct simulation scenarios that better conform to actual
traffic operational conditions.
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