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ARTICLE INFO ABSTRACT

Keywords: This research proposes a multi-model combinatorial congestion mitigation approach to solve the traffic safety
Intelligent Transportation System problem and speed optimisation problem of autonomous vehicles. The proposed model framework consists of
Stability Analysis

three parts: a road modelling module based on meta cellular automata, a traffic flow speed prediction module
consisting of an optimised long and short-term memory algorithm using a sparrow search algorithm, and a
following distance prediction module that determines the optimal safe following distance using an adaptive
cruise control algorithm. In the simulation, this intelligent traffic model for autonomous cars can be applied to
various complex traffic scenarios based on the design of real traffic intersections, which improves traffic effi-
ciency while reducing the collision risk of autonomous vehicles. After setting up a control group experiment to
verify, compared with the traditional optimisation algorithm, the algorithm model designed in this study
significantly improves the prediction ability of the autonomous vehicle when subjected to traffic pressure. In the
one-hour simulation experiment process, the vehicle’s average speed was increased by at least 3.89%. At the
same time, the judgement of the safety distance of the following car was also made ahead of time, which made
the vehicle drive more smoothly. When dealing with traffic congestion caused by accidents on the road, the
average queue length of vehicles was reduced by 92.86%, and the maximum queue length was decreased by

Machine Learning Algorithms
Traffic Safety

Long Short-Term Memory
Cellular Automata (CA) Model

78.57%.

1. Introduction

In autonomous driving system, predicting traffic flow speed and
following distance is crucial. Most existing studies fail to consider the
impact of the traffic environment (i.e., traffic levels and vehicle types)
on traffic flow speed. As a result, these models cannot effectively adapt
to real-world traffic conditions. This study aims to address this issue by
utilizing Cellular Automata (CA) modelling to simulate roads and traffic
flow. Additionally, it predicts the safe range of traffic flow speed and
following distance to maximize traffic efficiency at congested in-
tersections while ensuring safety. Traditional traffic control methods
face multiple challenges against the gradual development of global
transport systems towards intelligence and synergy. Fixed-cycle signals,
follow-up control with lagging response, and distributed traffic sched-
uling mean that lack of learning capability often makes it challenging to
maintain stable operation when dealing with urban road networks with
dramatic fluctuations in traffic density and frequent complex distur-
bances (Moreno-Malo et al., 2024). In order to solve these problems, a
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large number of researches in recent years have focused on combining
sensory data, prediction models and real-time control strategies to build
intelligent traffic control systems with active response capability (Liu,
2024). This trend is based on the core logic of “prediction first + dy-
namic adjustment”, which allows the traffic system to identify trends,
predict risk, and optimise behaviour (Tan et al., 2025).

Moreover, with this trend, the advantages of autonomous driving are
gradually being noticed. According to Montanaro et al. (2019), con-
nected autonomous cars are considered an effective means of alleviating
the problems of traffic congestion, road safety, inefficient fuel con-
sumption and pollutant emissions currently facing the road traffic sys-
tem (Montanaro et al., 2019). Mimicking human behavioural logic and
designing automated driving systems is the future direction of intelligent
transport development (Almusawi et al., 2022; Neamah and Butdee,
2024b; Neamah and Mayorga Mayorga, 2024; Xu et al., 2024b).

In general, mainstream intelligent traffic control methods can be
divided into three categories: rule-based control methods, optimisation
control methods and data-driven control methods. Rule-based control
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strategies rely on fixed logic rules for response (Neamah et al., 2024c;
Tsuchimochi et al., 2023).

There are several issues automated driving needs to deal with when
facing traffic road conditions (Masuk et al., 2022; Yan et al., 2024). De
Gelder et al. (2022) argue that developing new methods for assessing the
performance of autonomous vehicles is crucial for deploying autono-
mous technology due to the complexity of the field in which they
operate (De Gelder et al., 2022). Given the complexity of the realities
modelled by real scenarios, defining a structure to capture them is
challenging. An inward-looking definition can provide a set of charac-
teristics considered necessary and sufficient for the scenarios, thus
ensuring that the constructed scenarios are complete and comparable
(Katona et al., 2024; Nilsson et al., 2017; Nyangaresi et al., 2024).

Beyond that, researchers have raised many more concerns. Czarnecki
(2018a) presented a theoretical model that can be used to design
autonomous driving systems, providing a solid foundation for the
concept of autonomous driving (Czarnecki, 2018b). This research con-
siders factors such as pedestrians, unexpected obstacles, and environ-
mental changes and provides ideas for a multifaceted approach to
safeguarding the safety design of autonomous driving systems (Hu et al.,
2024); (Bryant and Huson, 2023). The theories in this study can help
more researchers better simulate and master the complex traffic envi-
ronment in reality. A study by Di Lillo et al. (2024) assessed the safety
performance of autonomous cars in different traffic environments by
analysing real-world driving data (Di Lillo et al., 2024; Neamah et al.,
2024b; Neamah and Butdee, 2024a).

With the advent of the smart era, driverless vehicles have gradually
taken over a larger and larger part of the transport market (Elrofai et al.,
2016). A lot of people will choose driverless vehicles to travel, or use
driverless technology to improve their lives (Nath et al., 2020). How-
ever, driverless technology is still in the development stage, and both its
judgement and safety factor need to be strengthened (Amir Siddique
etal., 2021). There are a large number of studies on intelligent transport
systems, but the judgement of driverless vehicles in complex road con-
ditions has not always been satisfactory, often leading to dangerous
situations, which will deepen people's concern about the future of
intelligent transport development (Baqa et al., 2021). Abdel-Aty and
Ding (2024) study the differences in accident rates between autonomous
and human-driven vehicles using a large amount of driving data and
information from simulation experiments stored in a database (Abdel-
Aty and Ding, 2024); (Gao et al., 2023).

In such a case, a more rigorous parameter design is necessary to
facilitate the subsequent putting of the research into practical applica-
tions (Abdessalem et al., 2018b). Nevertheless, times are changing
rapidly, and another renewed challenge has been faced on today's traffic
roads (Ranpura et al., 2025). However, using vehicles to simulate real
traffic conditions may still be a good option (Jin et al., 2024). The
practical consideration of vehicle parameters in the design of the
experimental scenarios gives the experimental results more possibilities
to be applied flexibly in reality (Chen, 2024).

After much research and validation, autonomous driving technology
already possesses judgement beyond human drivers (Katz-Samuels
et al., 2021). Chen et al. (2018) proposed a new real-time decision-
making framework to deal with complex traffic environments and
improve autonomous vehicles' decision-making efficiency and safety
under dynamic conditions (Chen et al., 2018). This study significantly
improves the adaptability and reliability of autonomous vehicles in
complex traffic scenarios (Chen et al., 2018); (Wang and Li, 2020). Wang
et al. (2021) proposed a single-step dynamic game lane-changing deci-
sion based on incomplete information and Bézier curve-based path
planning to coordinate the lane-changing performance of vehicles in
terms of safety payoffs, speed payoffs and comfort payoffs (Wang et al.,
2021). The results of the three lane-changing scenarios designed in the
hardware loop experiments show that the vehicle controlled by the
proposed method outperforms the human driver in terms of safety, dy-
namics, and passenger comfort in both discretionary and forced lane-
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changing scenarios (Wang et al., 2021); (Luo et al., 2021).

Of the many studies, it is worth noting that Zhang et al. considered
the average speed of downstream vehicles, so they hoped to know the
traffic condition of the downstream road through prediction (Zhang
et al., 2024). This is similar to the design concept in this experiment.
Their proposed car-following model was shown during the experiments
to help stabilise traffic safety by suppressing and minimising the for-
mation of traffic oscillations as much as possible through the modelling
algorithm, which can help vehicles to form up more quickly. The
methodology provides a good fit for realistic data and helps car drivers
understand the traffic conditions downstream of the road in advance
(Zhang et al., 2024); (Abdessalem et al., 2018a).

In summary, the research of intelligent traffic control methods
gradually shifts from rule response to learning prediction, and the
control strategy also shifts from state feedback to trend guidance (Zhang
et al., 2018). In this context, constructing a unified system capable of
integrating tra ffic flow modelling, in-depth prediction, and real-time
control is an inevitable trend of technological evolution and a prac-
tical impetus for the development of autonomous driving and intelligent
urban transportation (Kovari et al., 2021).

Traffic intersections located near residential areas are often charac-
terized by high upstream traffic volumes, which consequently lead to
reduced downstream traffic safety. This issue becomes particularly
critical during peak traffic periods, as ensuring that autonomous vehi-
cles maintain a stable speed and a safe following distance within the
traffic flow remains a significant challenge.

This research focuses on speed prediction and following behaviour
regulation methods in automatic driving micro-control scenarios, and
constructs a traffic simulation and control system that combines meta-
cellular automata modelling, intelligent prediction models and behav-
ioural controllers. The goal of the research is to improve the rhythmic
consistency, safety margin and system stability of traffic operation.

In this study, a three-lane intersection was modelled as the upstream
intersection in the experimental environment, while an intersection
extending from a residential area was set as the downstream intersec-
tion. This setup comprehensively considers both traffic efficiency and
safety. Furthermore, the speed and following distance of autonomous
vehicles were regulated. The results indicate that the LSTM-based traffic
flow optimisation significantly enhances traffic efficiency, while the
integration with the ACC algorithm ensures traffic safety. Moreover, CA-
based modelling enables the system to handle unexpected road condi-
tions, demonstrating the model’s adaptability to various environments.
The proposed model can be applied to diverse traffic scenarios to
improve traffic efficiency, mitigate collision risks for autonomous ve-
hicles, and enhance traffic management and autonomous driving safety.

2. Research methodology

With the rapid progress of Intelligent Transportation Systems (ITS),
the value of data-driven predictive control methods based on data is
becoming increasingly evident in the application of autonomous driving
and cooperative sensing traffic management. In order to construct a
longitudinal control system with response foresight and operational
stability, the integration of traffic flow modelling theory, predictive al-
gorithms and intelligent control mechanisms has become a key direction
of current research.

2.1. Reference and application of traffic flow modelling theory

Traffic flow modelling is a fundamental part of ITS research, and its
primary goal is to describe the behavioural patterns of traffic partici-
pants in time and space and build mathematical models or rule systems
accordingly to support prediction, optimisation and control tasks
(Schiitt et al., 2023). The cellular automata (CA) model is usually
applied to single or multi-lane traffic flow modelling and has a special
performance in a part of the analysis application field when dealing with
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complex intersections and unexpected events (Neamah et al., 2024a;
Shafaei et al., 2018). For example, when dealing with road emergencies,
the cellular automata (CA) can mark the locations of the emergencies on
the road, which has a good scope of application in the field of road de-
escalation (M. Zhang et al., 2016). The discrete nature of CA models
allows them to show superior computational efficiency when dealing
with large-scale complex traffic problems, but how to further apply their
prediction accuracy remains one of the key topics in current research
(Czarnecki, 2018a).

In the experiments, the meta cellular automata, in addition to
simulating the experimental scenarios, can be combined with the ACC
algorithm to allow autonomous vehicles to avoid obstacles in advance in
conjunction with the prediction algorithm (Thorn et al., 2018). Eskan-
darian (2024), who also worked on the autonomous car topic, attempted
to improve the driving function through algorithms that would allow it
to do lane changing, merging, and automatic intersection navigation
better on its own, as well as training in scenarios with possible collision
scenarios to increase safety (Eskandarian, 2024). Similarly, Zhang et al.
(2025) proposed a trajectory-planning method for intelligent vehicles'
lane-changing problem. The method can vary flexibly according to road
characteristics (Zhang et al., 2025); (He and Lv, 2023).

This study's primary reference for the meta cellular automata simu-
lation approach comes from Li et al (Li et al., 2021). How roads are
segmented into tuples and vehicles and other road parameters are
modelled and integrated with experiments are similar approaches in
many research designs (Xu et al., 2025).

2.2. Design of predictive algorithms and intelligent control mechanisms

The prediction algorithm applied in this study combines a sparrow
search algorithm with a long and short-term memory algorithm (Ben
Abdessalem et al., 2016), as shown in Fig. 1. The traditional rule-based
control strategy usually adopts the closed-loop feedback mode of “speed
difference-distance difference”, which triggers braking or deceleration
when the system senses that the distance between the vehicle and the
vehicle in front decreases (Rong et al., 2020). This strategy is charac-
terised by simple logic and low implementation cost. However, there is
an obvious hysteresis problem: the system can only react passively based
on the current state (Xu et al., 2024a). It cannot predict the upcoming
speed change or distance reduction, which is prone to trigger the phe-
nomenon of “chained deceleration” and the propagation of cadence
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perturbation (Sarrab et al., 2020; Su and Zhang, 2024).

Many researchers have made their algorithm design. Ghodsi et al.
(2021) proposed an efficient de-escalation mechanism tested using a
state-of-the-art driving simulator based on real-world data, modelling
scenarios and generating vehicle failure cases in a simulation (Ghodsi
et al,, 2021). Thus, it is possible to define metrics based on the
complexity of avoiding accidents, rank scenarios, and minimise the
probability of accidents (Ghodsi et al., 2021); (Huang and Lv, 2021). Ban
etal. (2022) focused on improving neural active learning algorithms and
optimising the data selection process through a new sampling strategy to
improve the model's training efficiency and generalisation ability (Ban
et al., 2022; Cabrejas-Egea et al., 2021).

In contrast, the SSA-LSTM control model has forward prediction
capability and a dynamic parameter adjustment mechanism (Han et al.,
2024). By integrating the SSA optimisation method to optimise the pa-
rameters of the LSTM network, the model can extract the vehicle speed
evolution characteristics within the sliding time window and predict the
speed trend in the next three steps. As a result, the controller can issue
acceleration and deceleration commands in advance, realising “front-
loading” and significantly reducing the risk of sudden tempo changes.
This structural difference makes SSA-LSTM more suitable for dealing
with complex, dynamic and uncertain traffic flow scenarios.

When sampling and evaluating real-world scenarios, it is essential to
consider that traditional control models perform reasonably well on
straight roads with simple structures, single-lane traffic, or low-density
jetting conditions. However, their lag and local over-intervention
problems are significantly exacerbated in unexpected situations such
as multi-vehicle mixing, lane convergence and traffic accidents, which
make it difficult to maintain the overall rhythm of the system. In
contrast, the SSA-LSTM controller combines the dual advantages of
model-driven and data-driven approaches, which can learn potential
trends based on historical behavioural sequences and adapt to different
types of vehicles, traffic densities, and complex traffic structures while
ensuring prediction accuracy.

In summary, time series forecasting models are a key component of
intelligent control systems for trend sensing and advanced decision-
making (Cardoso et al., 2023). Among various modelling methods,
LSTM has become one of the primary methods in traffic prediction due
to its superior ability to express short-term trends and long-term de-
pendencies. Combining predictive algorithms with other algorithms can
also lead to better performance in experiments, such as using Adaptive
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Fig. 1. Long and Short Term Memory Algorithm Optimised by Sparrow Search Algorithm.
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Cruise Control (ACC) technology to control vehicle acceleration or
deceleration (Francis et al., 2024).

Therefore, based on the current research content, it is clear that we
should bravely face the challenges of intelligent traffic control tech-
nology, and there are many parts that deserve in-depth research in the
exploration of the technology of driverless vehicles. Moreover,
combining science and technology with life, so that science and tech-
nology can benefit human beings, is always the ultimate demand of
scientific research. Accordingly, this study investigates the application
of SSA-optimised long and short-term memory networks (SSA-LSTM) for
traffic flow prediction, applying it to intelligent traffic simulation ex-
periments, and exploring the coordination ability of intelligent traffic
system combined with multi-faceted. This study not only combines the
flexibility of meta-cellular automata modelling with the advantages of
deep learning models in timing prediction, but also explores the feasi-
bility and practical value of predictive behaviour-driven control in
highly dynamic traffic environments, aiming to provide methodological
support and experimental basis for constructing more efficient intelli-
gent traffic control systems.

3. Cellular automata simulation

This study combines traffic modelling theory and deep learning
techniques in the experimental design to establish a framework for an
intelligent transport system that integrates modelling, prediction and
control. The model shown in Fig. 2 is based on meta-cellular automata to
simulate the real traffic environment. In complex, large-scale traffic
networks, the traditional fixed-time signal control method can no longer
meet the dynamically changing traffic demand, and according to the
conclusions of recent existing research, the signal optimisation strategy
based on machine learning has gradually become the mainstream
research direction. A new framework needs to be proposed to improve
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traffic flow prediction accuracy. The proposed model should be designed
using better application functionality (Bharti et al., 2023).

Applying cellular automata (CA) in traffic road experiments is a
valuable research option. As a discrete model, the cellular automaton
(CA) shows significant advantages in simulating the dynamic behaviour
of traffic flow. It can effectively capture the interactions between vehi-
cles and the non-linear characteristics of traffic flow. It can better handle
and analyse the road situation and present the road in the actual sce-
nario as a modelling simulation, specifically in the experiment. At the
same time, the CA model also has the function of being able to simulate
different specifications of vehicles on the road, which can make the
experimental simulation of the road situation more realistic, the traffic
queue situation more in line with reality, and can therefore take into
account the different scenarios caused by a variety of road conditions in
the experiments, which is indispensable in the targeted research and an
important reference (Xue et al., 2022).

The model implementation consists of several classes and function
modules, including a road modelling module, a vehicle modelling
module, a dispatch control module, and a simulation module. In this
study, the discretisation rule is used to divide the road into tuples with a
length of 2 m, and the vehicles are divided into various types (cars,
trucks, buses), occupying 2, 3 and 5 consecutive tuples, respectively.
Vehicle states include fields such as position, speed, vehicle type, index
of the preceding vehicle, etc., and all states are stored in a global state
table for access by the prediction model and controller module. In each
time step, the system completes the whole process of “perception-pre-
diction-control-execution”, the vehicle updates its state according to its
control results, and the next cycle relies on the current state cache.
Regarding CA model evolution rules, the system adopts the three-stage
speed update mechanism, which includes maximum speed limit, for-
ward collision avoidance determination, and behavioural trend correc-
tion module.
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Fig. 2. Sparrow Search Algorithm Workflow and CA Modelling Diagram.
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The scheduling control module consists of the Cellular-Automaton
class as the core system scheduler, which calls the vehicle's behav-
ioural functions at each time step to perform state updates, collision
detection, and traffic state recording. The module also contains control
mechanisms such as intersection conflict handling, yield logic, and lane
change judgement to ensure that the simulated behaviour conforms to
the real traffic rules. At the same time, the CA model also has the
function of being able to simulate different specifications of vehicles on
the road, which can make the experimental simulation of the road sit-
uation more realistic, the traffic queue situation more in line with re-
ality, and can therefore take into account the different scenarios caused
by a variety of road conditions in the experiments, which is indispens-
able in the targeted research and an important reference (Xue et al.,
2022). In this system, each lane is divided into equal-length cell units
(cells), and the state of each cell at each time step t depends on the state
of itself and its neighbouring cells at time t —1. The system performs
operations such as vehicle injection, position update, speed control, and
steering decisions sequentially at each step, depending on the vehicle's
state and the road structure. The speed update of the vehicle object is
handled by the controller (e.g., ACC module), which outputs regulation
decisions based on the current distance and the vehicle's state ahead.
The road model Road manages the state of the meta cells of multiple
lanes and records the distribution of each vehicle in the visual range to
ensure that the system can monitor the traffic structure in real time.

Vehicle speed limit [cell/s]: The speed of each vehicle v;(t) is satis-
fied.

Vi(t) S [Vmin-,vmax]svmin =30 km/h1 Vmax = 60 km/h (1)

Safe distance determination: At any step t, the distance between vehicle i
and the vehicle in front of i —1.

di(t) = Xij_1 (f) — Xi(t) (2)

where x;(t) is the current position (in tuples) of vehicle i. The vehicle
can accelerate only if d;(t) > dsate-

4. Speed prediction via SSA-optimised LSTM model
4.1. Research framework

In order to enhance the performance of traffic systems, intelligent
optimisation algorithms have been gradually applied to the modelling of
traffic flows. Sparrow Search Algorithm (SSA), as an emerging popula-
tion intelligence optimisation method, imitates the behaviour of spar-
row foraging with powerful global search capability and fast
convergence speed. It has been applied with remarkable success in
several fields. In recent years, SSA has achieved remarkable results in
improving the performance of deep learning models, especially in
parameter optimisation of LSTM networks. In optimising hyper-
parameters, SSA defines the search space, obtains traffic flow informa-
tion, and initialises the sparrow population on the road simulated by the
experiment. The important feature of the SSA optimisation algorithm is
that the data in the population will observe each other's behavioural
performance, which is precisely in line with the characteristics of the
convoy waiting in line to pass the road; the rear vehicles will definitely
judge their actions based on the behaviour of the vehicles in front of
them, and this is also the reason why I chose the sparrow algorithm for
the optimisation of the LSTM algorithm. In the process of iterative
optimisation, the behaviour of the vehicle in front will drive the judg-
ment of the vehicle at the back, and the speed space between each other
will be split in detail in the algorithm. It allows the whole convoy to find
the fastest speed, which is very suitable for the judgment of uncrewed
vehicles, and it can provide the improvement of maximised optimisation
for the judgment of the behaviours of the autonomous system. The SSA-
optimised Long Short-Term Memory Network (LSTM) has demonstrated
excellent adaptability and generalisation capabilities in the field of time
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series prediction. The memory mechanism of LSTM can effectively
handle the time series characteristics of traffic data, while the global
search capability of SSA can further improve prediction accuracy.
Combining these two is the best basis for intelligent behavioural judg-
ment applicable to autonomous systems.

In terms of traffic flow optimisation, an approach that combines a
Long Short-Term Memory Network (LSTM) with a Sparrow Search Al-
gorithm (SSA) can improve the intelligence of signal control, reduce the
waiting time for vehicles on the road, and enhance the capacity of in-
tersections. This is especially applicable in congested roads with high
traffic volume. It has been shown that using deep learning techniques to
predict traffic flow states can more accurately optimise signal control,
thereby significantly reducing the average waiting time of vehicles,
which is exactly the point of optimising the traffic system. This
improvement is further enhanced by combining more experimental
approaches with deep learning models, which have been proven effec-
tive in recent traffic flow prediction tasks (Harrou et al., 2024). In
complex, large-scale traffic networks, the traditional fixed-time signal
control method can no longer meet the dynamically changing traffic
demand, and according to the conclusions of recent existing research,
the signal optimisation strategy based on machine learning has gradu-
ally become the mainstream research direction. A new framework needs
to be proposed to improve traffic flow prediction accuracy. The pro-
posed model should be designed using better application functionality
(Bharti et al., 2023). By observing vehicle behaviour on the road,
combined with the diverse data of road topography, congestion time,
and vehicle types, learning the features in the experimental environment
enables the analytical model to make further optimisation judgments to
be applied to the decision-making of autonomous systems.

As shown in the Fig. 3, the SSA-LSTM algorithm, which forms the
core of the entire system design, is a crucial component of this research.
Extending from that core, the entire structure of the algorithm can be
shown, with each module interacting with one another and data being
passed between them to complete the process from input to prediction to
output optimisation. As shown in the Fig. 3, the main modules of the
system design are these three main functional layers: the first layer is the
traffic environment modelling layer, which uses cellular automata (CA)
to construct the basic microstructural model of the vehicle and the road
system; the second layer is the prediction and analysis layer, which is
based on the improved Long Short-Term Memory (LSTM) network
model to make a time-series prediction of the future speed, and opti-
mised by using the Sparrow Search Algorithm (SSA); The third layer is
the control execution layer, which adopts the adaptive cruise control
(ACC) strategy to dynamically adjust the following behaviour in the
traffic flow, so that the autonomous vehicle can always maintain a safe
distance and get effective safety control.

Based on the time series data generated by the CA model, this study
employs an improved LSTM prediction model for speed prediction.
Although the traditional LSTM model performs well in time series
modelling, it still suffers from the shortcomings of slow decision-making
and the inability to cope with multiple variations when dealing with
traffic systems, a non-linear and highly noisy data source. For this
reason, it was decided to use the Sparrow Search Algorithm (SSA) to
fully optimise the key hyperparameters (e.g., hidden layer dimension,
learning rate) of the LSTM model in order to improve the prediction
accuracy and to enhance the model's adaptability under various traffic
states significantly. The optimised LSTM model can not only accurately
predict the speed trend of the vehicle in the future moments but also be
used as an input to the ACC control module, which can provide a pro-
spective reference basis for the vehicle following strategy.

At the distance control level, this study combines the adaptive cruise
control (ACC) strategy to achieve dynamic adjustment of the safe dis-
tance between the target vehicle and the vehicle ahead. The ACC control
model can calculate the optimal acceleration or deceleration value
based on long-term, short-term memory (LSTM) prediction results and
real-time vehicle distance. The control process can be visualised by
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constructing a traffic speed-following distance mapping graph, demon-
strating the system's ability to operate stably in high-density scenarios.

More detailed explanations of the system design will be given below
presented in Fig. 4; the experimental design framework proposed in this
part is based on a multilevel and feedback structural design combining
modelling, prediction and control, which is suitable for the study of
automatic driving control systems in complex urban road environments
and achieves the dual optimisation goals of traffic efficiency and driving
safety by effectively integrating various modules, providing solid tech-
nical support for subsequent experimental validation and practical
application.

As shown in the optimisation system model diagram, in the initiali-
sation phase, the system is responsible for constructing the basic ele-
ments of the simulation environment, including parameters such as the
required road structure, vehicle type, traffic density and duration. In the
modelling and scheduling module, the system is based on the cell-
automaton class, which advances the system state in time steps during
the core simulation scheduling phase, controls the state update and
interaction processing of all vehicles, and manages the meta cell update
logic and vehicle behaviour execution. At each time step, the evolution
of the system state is controlled, vehicle behaviours are advanced
sequentially, intersection conflicts are handled, and state updates are
executed. Eventually, the system will record data and visualise the re-
sults. During the simulation, traffic states, vehicle information and sys-
tem metrics will be exported and recorded through image frames and
data files and visualised through a graphical interface or animation
frames. In the SSA-LSTM model, the trained LSTM model analyses the
input traffic flow parameters as well as environmental and time step
data. Then, after completing the speed prediction, the smart self-driving
car can adjust its speed independently to achieve optimal speed and
traffic efficiency. The data is then fed into the ACC algorithm for optimal
evaluation of the following distance and control output.

4.2. LSTM algorithm principles

LSTM is a special kind of Recurrent Neural Network (RNN). The basic
units include a forgetting gate, an input gate and an output gate, which
regulate the influence weights of historical information in the current
state. LSTM can retain the key behavioural patterns through the long-
term memory units, which gives it a natural advantage when dealing
with the prediction of vehicle speeds, which is a problem of behavioural
inertia and trend evolution. The input part of the model consists of the
sliding window samples output from the simulation system in the pre-
vious section. Each input sample represents the set of behavioural states
of a vehicle over n consecutive time steps, denoted as:
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X = [X¢ i1, -+, %] € R™ 3

The above equation d represents the feature dimension, which includes
variables such as speed, acceleration, vehicle type (using solo thermal
coding), distance to the vehicle ahead, lane number, and local lane
density. The output is a sequence of speeds over the next 7 time steps:

Y = [Ver1,Visa, -, Vige] € R (C))

The system standardises all continuous variables to prevent scale in-
consistencies from interfering with model training. Discrete variables
are then uniformly transformed into vectors through embedding layers
or solo thermal coding to ensure the consistency of input features in the
numerical space as visualized in Fig. 5.

Suppose that the input of the historical traffic flow sequence is
denoted as x = (x1, Xz, ..., Xr), where T is the prediction period, the
hidden state of memory block h = (hy, hg, ..., hr), and then the real
output sequence y = (1, ¥2,..., yr) can be iteratively calculated by
following the equations (Kang et al., 2017):

Ye = Whyht + by 5)
h; = HWnx + Winhe1 +bp) (6)

Where W denotes weight matrices (e.g. W,y is the input-hidden weight
matrix), b denotes bias vectors, and H is the hidden layer function, which
can be computed in the following formulas:

i = 0(Wyixe + Whihe_1 + Weice—1 +by) @
fo = o(Wapx, + Wighe_1 + W1 +by) (©))
¢ = fiC1 +1:.g(WyeXe +Wiche 1 +bc) (©)]
0 = 6(WioXt + Whohy_1 + Weoc: + by) (10)
h; = o:h(c,) an

The i, f, o, and c are the input gate, forget gate, output gate and acti-
vation vectors, respectively. Where o(.) is the standard logistic sigmoid
function defined in the following formula:

1
o) =77 (12)
he) = s a3

In addition, in model training, this study combined the practical
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Fig. 4. Autonomous Driving Optimisation System Module.
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Fig. 5. Legend of LSTM neural network module form.

adjustment experience in the experiments. For example, when dealing
with some of the vehicle samples in the simulation system with short
trajectory life cycles, a sample screening mechanism was adopted to
retain only the data whose history lengths meet the minimum time
window requirement to ensure the consistency of sample quality. During
this period, a training log recording function was set up in the multiple
iteration phase of the model to track the trend of the loss function value,
training error and validation error and ultimately determine the saving
node of the optimal model in each experimental scenario. It is worth
noting that the model training strategy is not fixed. In several experi-
mental scenarios, this study made adaptive adjustments to the training
strategy. For example, when dealing with the “interference complex”
working condition data, the model's initial training performance fluc-
tuates a lot, and then by combining the strategies of reducing the
learning rate, increasing the number of training rounds, and decreasing
the length of the time step, the stability of the model is significantly
improved. Similarly, in the “congestion impact” scenario, due to the
drastic speed change, the relative speed feature dimension was added to
enhance model performance in high-variation scenarios between vehi-
cles. The programme extended the early stopping judgement window in
the late stage of training to obtain smoother prediction results.

4.3. SSA algorithm principles

The optimisation idea of SSA is based on the “discoverer-joiner”
structure. One part of the individuals undertakes the task of global
search (the discoverer) and continuously moves to a better position to
find the optimal solution for fitness (Xue and Shen, 2020).

Individuals in the population update their positions according to the
pheromone guidelines and adaptive strategies. In this experiment, the
SSA algorithm is embedded into the LSTM model construction process
and acts as an “external optimiser” to jointly tune the network structure
and training parameters. Specifically, each SSA individual corresponds
to a complete parameter combination used to construct an LSTM model
and complete a full training process. Subsequently, the system evaluates
the model performance on the validation set. It takes the mean square
error as the fitness value of the combination, which is fed into the
optimisation algorithm for the next-generation search.

In order to achieve this integration process, the system designs an

automated training and evaluation framework: SSA generates multiple
individuals in each iteration, and the parameter combinations of each
individual are dynamically injected into the training script; the system
calls the model training module to complete the whole process, and
feeds the results back to the SSA main program. In each iteration, the
current optimal individual is retained, and the structure of discoverers
and joiners is updated; all model training processes are enabled with the
logging function for later retrospection and comparison. In the actual
deployment process, the first step is to determine the core parameters to
be optimised, including the number of LSTM layers (determining the
depth of the model), the number of hidden units in each layer (affecting
the expressive ability of the model); the length of the time window of the
input samples (determining the coverage of the temporal information);
the initial learning rate and the size of the training batch (affecting the
efficiency of the training and the path of convergence); and the output
prediction step size (determining the type of prediction task). The sys-
tem automatically generates the initial population, and the range is set
based on prior experience. The program set the maximum number of
iterations during the training to ensure the search efficiency and
convergence speed. It introduced an early stop mechanism to avoid the
waste of resources caused by long-time training. For different traffic
scenarios, the study deploys different optimisation tasks.

The hyperparameters that SSA will optimise are: LSTM cells, learning
rate, dropout rate, batch size, etc. In detail, The SSA algorithm optimises
the size of the hidden layer during the process of optimising hyper-
parameters, finding the optimal value. This enhances the model's fitting
ability, allowing it to capture the complex relationships of traffic flow
more effectively and achieve the goal of optimizing vehicle speed and
density. When optimising using a parameter matrix, overfitting may
occur. To avoid overly conforming to the results obtained from the first
optimisation calculation, the role of the SSA algorithm is to match to
achieve the optimal effect automatically.

Additionally, the SSA algorithm optimises weight parameters. The
parameter matrix is initially random and must be gradually optimised
through training, but it may become trapped in a local optimum during
the optimisation process. The SSA algorithm effectively helps the model
escape from a local optimum state and find the global optimum com-
bination, which is a significant advantage of SSA.

The SSA algorithm optimizes the LSTM network hyperparameters
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through three distinct behavioural mechanisms, inspired by sparrow
foraging and anti-predation behaviours. The algorithm effectively bal-
ances global exploration and local exploitation capabilities, making it
particularly suitable for complex traffic flow prediction tasks. The global
search capability of SSA helps avoid local optima that traditional opti-
misation methods often encounter when tuning neural network
parameters.

According to the biological characteristics and foraging behaviours
of sparrows, the specific calculation steps of the SSA algorithm are as
follows (Li et al., 2022; Xue and Shen, 2020):

(1) Discoverer Position Update: Discoverers typically have high en-

ergy reserves and are responsible for finding food sources for the
entire population. Their position update formula is:

X}J-exp <;> ifR, < ST
Q-1termax 14

Xt + QL ifR,[GRTEQTIST

t+l _
Xt =

where X ; represents the position of the i-th sparrow in the j-th
dimension at the t-th iteration, a[ELEOF](0,1] is a random number,
itermax is the maximum number of iterations, and R, and ST represent
the alarm value and safety threshold, respectively.

(2) Follower Position Update: Followers monitor the behaviour of
discoverers and compete for food resources. When followers have
poor fitness, they need to forage elsewhere:

t t

Xorst-Xi i
Q-exp (“"":;”) ifi > n/2
Xt = (15)

X+ [X-Xp AL otherwise

where Xp is the optimal position occupied by the discoverer, Xyorst
. -1
denotes the current global worst location, and A" = AT(AAT) .

(3) Scout Position Update: Scouts are responsible for monitoring
danger and guiding the population to avoid risks. When scouts
become aware of danger, their position update formula is:

XL + iff; > f,

best

t t
Xt X

(16)

where X, is the current global optimal location, p is the step size
control parameter, and f;, f,, f,, represent the current individual, global
best, and worst fitness values, respectively.

Through these three behavioural mechanisms, the SSA algorithm
effectively optimses the LSTM hyperparameters, including hidden layer
dimensions, learning rates, and network depth, enabling the model to
capture complex traffic flow patterns more effectively and achieve su-
perior prediction performance in vehicle speed and density optimization
tasks.

SSA optimisation significantly improves the experimental results.
Compared with the Unoptimised model, the hyperparameter combina-
tions found by SSA generally show lower average values of validation
and testing errors, especially in the interference complex scenario. The
optimised model can better sense the sudden change in speed trend
while maintaining a compact and synchronised state.

In summary, the sparrow search algorithm serves as the core support
for optimising the LSTM model structure in this study, and its global
exploration capability and local refinement mechanism provide a dou-
ble guarantee of stability and efficiency for the model parameter tuning
process. In complex traffic behaviour modelling, replacing manual
debugging using automated parameter learning improves the accuracy
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of the predictive model and enhances its cross-scenario deployment
capability, which is one of the indispensable optimisation tools for
realising large-scale intelligent traffic modelling (Li et al., 2025).

5. ACC for safe distance regulation

Adaptive cruise control (ACC) technology significantly improves the
stability and efficiency of the traffic flow by ensuring safety by adjusting
the vehicle's speed and distance from the vehicle in front in real-time.
The combination of ACC technology and CA models can more accu-
rately simulate the dynamic changes of the queuing vehicles, thus
providing strong support for developing efficient traffic management
strategies. This study proposes a cellular automata (CA) model for mixed
traffic flows that considers the driving behaviour of vehicles in a queue
of automated vehicles (Jiang et al., 2021). In recent years, the applica-
tion of ACC technology in intelligent networked vehicles has become
increasingly popular, and its integration with traffic flow modelling has
significantly enhanced the efficiency of urban road access.

The structural design of the adaptive cruise control strategy relies on
a multi-module parallel collaboration mechanism. The control frame-
work is divided into three functional layers: the prediction and
perception layer, the control and decision-making layer, and the
execution and regulation layer, each operating in real-time through data
channels and feedback mechanisms. The overall structure is designed to
combine the prediction output with the current state information of the
vehicle and the vehicle in front of it to generate control commands for
future evolutionary trends (Yang et al., 2024).

As shown in the Fig. 6, adaptive cruise control systems usually
respond with a fixed rule-based following model, such as setting a
constant time headway or minimum spacing.

The first core function of the ACC module is calculate_safe_distance
(front_speed, following_speed), whose primary function is to calculate
the required minimum safe following distance in real time according to
the current vehicle speed and the speed of the vehicle in front. The final
result is calculated as the maximum value between the sum of the two
and the minimum set distance, thus ensuring the vehicle's safety under
different speed conditions.

ACC can control vehicle acceleration or deceleration by calculating
the minimum safe distance using the following formula. The formula is
as follows:

2

dsqfe = max (dmi,,., v+ M) a7
2a,

where 7 is the ideal time headway, v is the local speed, vy is the speed of

the front vehicle, and a, is the comfort deceleration threshold. If the

current actual distance is lower than dyqy, the controller outputs nega-

tive acceleration; otherwise, it outputs acceleration.

The second core function is “calculate acceleration”, which de-
termines whether acceleration or deceleration is required based on the
actual distance between the current vehicle and the vehicle in front, and
the target speed. This ensures that the regulation behaviour is carried
out within a comfortable range and that sudden acceleration or decel-
eration is avoided as much as possible.

The actuation tuning layer translates the acceleration values output
from the controller into vehicle longitudinal drive control signals. It
aligns them with the vehicle's physical constraints, including safety
boundary settings such as maximum deceleration limits, lane change
transition locks, and minimum cruise speeds. In addition, this layer is
responsible for linking with the system safety and security mechanism to
override the standard control signals and prioritise the execution of risk
avoidance commands in emergencies.

From the perspective of control strategy evolution, the introduction
of forward prediction capability is considered a key direction to enhance
the performance of adaptive cruise control (ACC) performance. Based on
the existing prediction model, which can predict the future vehicle speed
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sequence with short-term accuracy, constructing an adaptive cruise realisation. This study proposes a cellular automata (CA) model for
control strategy based on the prediction drive has the conditions for mixed traffic flows that considers the driving behaviour of vehicles in a
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queue of automated vehicles (Jiang et al., 2021). This control strategy
aims to improve the vehicle response to complex dynamic scenarios and
reduce unnecessary acceleration and deceleration impacts.

6. Case study region

In order to validate the performance of the control algorithm, a
realistically existing road was chosen as the base reference for meta
cellular automata modelling. As shown in the Fig. 7, the traffic simu-
lation environment constructed in this study is sampled from a realistic
and real-life urban intersection scenario, with a total length of about 70
m, containing a three-lane main road and a single-lane side road,
forming an intersection for vehicles entering and exiting a residential
area. This structure generally reflects the traffic flow relationship be-
tween urban residential areas and the main road, facilitating the analysis
of congestion and following behaviour during peak hours. The core idea
is to partition the road into regular cells, each representing a tuple, with
the state of each tuple depending on whether it is occupied by a vehicle,
which advances at a discrete speed, with each step guided by neigh-
bourhood rules (Bonivento et al., 2011).

The state evolution of meta-cellular automata is updated based on
discrete time steps. In each time step, the vehicle performs operations
such as acceleration, deceleration, lane changing and following ac-
cording to predefined rules. The classical NaSch model is extended in
this study, to include the differences in physical parameters (e.g., length,
maximum speed) of different types of vehicles, which include small cars,
buses, and lorries, and introduce a dynamic lane-changing logic based
on the state of the lanes in front of the vehicle to simulate more realis-
tically the diversified traffic scenarios and to reflect the impact of
vehicle length on road utilisation and capacity (Hu et al., 2024).

7. Results and discussion

To verify the modelling adaptability and execution robustness of the
system in different traffic environments, three typical traffic experi-
mental scenarios are designed in this paper:

Experiment 1: Stable Passage Experimental environment.

The simulation of a regular weekday morning traffic flow with
moderate traffic density and unobstructed lanes is mainly used to test
the system's basic stability under normal traffic conditions and the
natural evolution of vehicle behaviour.

Experiment 2: High-density congestion experimental environment.

Simulate traffic during the morning and evening peak hours, set
higher vehicle injection rates and a mixed environment with multiple
types of vehicles, and shorten the inter-vehicle spacing in parallel to test
the system's operability and state evolution patterns under high-density
conditions. Increase the number of vehicles injected per unit of time and
set some lanes for heavy vehicles to keep the system under high-load
operation.

Experiment 3: Verification of system stability in case of traffic
accidents.

Simulate the accident or temporary closure area, set some road units
as “impassable,” put the impassable unit in the middle of the main road,
simulate the temporary closure of the road or the accident blocking the
scene, observe the vehicles' detouring, deceleration, or blocking phe-
nomenon during this period, and assess the system's adaptability to
unexpected events and ability to deal with faults.

To ensure reproducibility and comprehensively elucidate the
experimental setup, Table 1 summarizes all key parameters employed
within the simulation system. This encompasses cellular automata
modelling, SSA-LSTM optimisation, and adaptive cruise control config-
urations, alongside the parameter settings for the three experiments:

The parameter values listed in this table were selected based on
practical considerations and experimental requirements. The 2-meter
cell size provides adequate spatial resolution while maintaining
computational efficiency, with vehicle type distributions (60 % cars, 20

11
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Table 1
Key parameters table.
Parameter Parameter Name Value Description
Category
Continued on next page
Cell Size 2m Basic discretization
unit for road
modeling
Road Length 70 m Total visible
simulation area (60
cells)
Vehicle Type Cars: 60 % Probability
Distribution distribution for

SSA-LSTM
Parameters

ACC Controller
Parameters

Vehicle Cell
Occupancy

Speed Limit Range

Turning
Probability

Vehicle Injection
Rate

Safety Distance
Threshold
Historical Time
Window
Prediction
Horizon

Model Invocation
Frequency

Total Simulation
Steps

Discoverer Ratio

Scout Ratio

Safety Threshold
(ST)
Population Size

Maximum
Iterations

LSTM Hidden
Units

Feature
Dimension

Ideal Time
Headway (1)

Comfort
Deceleration (a.)
Minimum
Following
Distance

Control Execution
Frequency

Speed Regulation
Range

Safety Boundary
Settings

Trucks: 20 %
Buses: 20 %
Cars: 2 cells

Trucks: 3 cells
Buses: 5 cells
30-60 km/h

Straight: 50 %

Right: 30 %
Left: 20 %
Exp. 1:1per10
steps

Exp. 2: 1 per 3
steps

2 cells (4 m)
10 steps

3 steps

Every 1 step
1000 steps

20 %

10 %

0.8

100
individuals
1000

128

256

Variable

Variable

> 2.90m

Every time step
Dynamic
Max.

deceleration
limits

vehicle injection

Spatial occupation
for different vehicle

types

Upper and lower
bounds for vehicle
operation
Directional settings
at three-lane
intersection

Traffic flow settings
for different
scenarios

Minimum safe
following distance
LSTM input
sequence length
Forward prediction
time range
Prediction module
execution frequency
Complete simulation
cycle duration
Producer proportion
in SSA population
Danger-aware
individual
proportion

Danger detection
critical value

SSA optimisation
swarm size

SSA optimisation
termination
condition
Bidirectional GRU
hidden layer size
Final electrical
feature vector
dimension

Time interval
parameter in
Equation (20)
Threshold to avoid
sudden braking
Lower bound for
actual safe distance

ACC algorithm
response frequency
Acceleration/
deceleration control
magnitude

Physical constraints
and safety limits

(continued on next page)
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Table 1 (continued)

Parameter Parameter Name Value Description
Category
Experimental Experiment 1: Moderate Normal weekday
Scenario Stable Passage density morning traffic
Parameters simulation
Experiment 2: High injection Morning/evening
High-density rate peak hour
Congestion simulation

Experiment 3: Road Temporary closure
Traffic Accident obstruction scenario

Accident Trigger Step 300 Obstacle appearance
Time moment in Exp. 3
Independent Runs 30 trials Statistical analysis

sample size

% trucks, 20 % buses) reflecting a typical urban traffic composition.
Speed limits of 30-60 km/h correspond to urban arterial road condi-
tions. The 10-step historical window balances temporal context with
computational complexity, while the 3-step prediction horizon provides
sufficient foresight for proactive control. SSA population size of 100,
combined with a maximum of 1000 iterations, ensures thorough opti-
misation without excessive computational overhead. Variable ACC pa-
rameters enable adaptive adjustment based on traffic conditions, with a
minimum following distance of 2.90 m providing an adequate safety
margin. Three distinct experimental scenarios (stable, congested, and
accident) ensure statistical significance and reproducibility.

7.1. Stable passage experimental environment

The experiment developed a base access model for a three-lane linear

Traffic states (Time: 20s)

Transportation Research Interdisciplinary Perspectives 36 (2026) 101828

road intersection with a linear section of 60 cells (about 120 m) visible
length, and the system was equipped with a unilateral injection port
with a fixed injection frequency of 1 vehicle per 10 steps. The vehicles
are initially set up with a 60 % probability of occurrence for family cars,
20 % for trucks and 20 % for buses. At three-lane intersections, the
turning probabilities of vehicles are 50 % straight ahead, 30 % right
turn, and 20 % left turn. The speed distribution is concentrated in the
low and medium speed bands with upper and lower limits of 30-60 km/
h. The total number of simulation steps is 1000.

As shown in the Fig. 8, the optimal control group records the vehicle
operating state between the 20th and 25th seconds in six consecutive
frames of the visualisation of the traffic flow in the stable passing
experiment. Each rectangular grid in the figure represents a tuple; each
tuple corresponds to a 2-metre road unit, and the colours indicate
different types of vehicles, with blue indicating family cars, green
indicating trucks, and red indicating buses. It can be seen from the im-
ages that the vehicle presence rate is evenly distributed. There is no
traffic jam in the visible area, indicating that the autonomous vehicle
has a stable speed trend, the following rhythm is consistent, no local
braking or stopping occurs, and the rear of the convoy can complete the
speed synchronisation quickly. This visual continuity visualises the role
of the predictive controller.

The control group adopts the traditional rule-based control based on
vehicle distance difference. In contrast, the optimisation group in-
troduces the LSTM model of SSA optimisation for predicting speed in the
next three steps. The prediction module is invoked once every 1 step and
extracts the historical speed sequence of 10 steps through a sliding
window as the input. The output sequence is handed over to the
controller to judge whether to accelerate or decelerate ahead of time
after the trend analysis to generate the target speed.

Traffic states (Time: 21s)

‘ [ l
30 o v

10 15 20 2 30 3

Traffic states (Time: 24s)

Fig. 8. CA simulated traffic states in Experiment 1 (sec 20-25).
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This study also provides numerical statistics on the speed and
following distance of the vehicle during travelling based on the time
series recorded by the system and as recorded in Table 2.

To quantify the differences in vehicle behaviour further, the
following Fig. 9, “Vehicle speed comparison before and after SSA-LSTM
optimisation,” shows the curves of the vehicle speed changes, comparing
the vehicle speed distribution under different control strategies.

The graph's vertical axis represents the vehicle speed, and the hori-
zontal axis represents the time; the red solid line represents the control
group; the green solid line represents the optimisation group; the red
dashed lines mark the upper and lower limits of the vehicle speed. It can
be observed that the speed curves of the vehicles in the control group
show high-frequency fluctuations, with multiple sharp folding points,
reflecting frequent acceleration and deceleration of the vehicles in a
short period, with a higher frequency of low-speed occurrences, sug-
gesting the existence of more discontinuous behaviours, such as braking
and starting, etc.; whereas, the speed fluctuations of the vehicles in the
optimisation group are small, mainly focusing on the middle and high-
speed intervals, and the speed curves are much smoother, with almost
no mutation points. The vehicle operation discontinuity is significantly
enhanced. Calculated from the graphs, the average speed of the opti-
mised group increased by 3.89 % compared to the control group.

It is worth noting that, as shown in the image, there was a noticeable
increase in the final stage of the simulation experiment (between 55 and
60 min). This increase was also observed in subsequent images, so it is
explained here for consistency.

This change occurred in the traffic flow simulation due to the char-
acteristics of traffic flow. During the CA simulation, since the CA
simulation must be completed within a limited timeframe, all vehicles
must exit the simulation by the end of the simulation. As a result,
boundary effects are more likely to occur toward the end of the
simulation.

Additionally, since the experiment employs the LSTM algorithm as a
predictive tool, and the LSTM algorithm relies on historical sequence
modelling, requiring data from both preceding and subsequent periods
as support, at the end of the experiment, near the simulation boundary,
the behaviour pattern of concentrated vehicle departures differs signif-
icantly from steady-state traffic patterns. This results in the final data
becoming out-of-distribution samples. Consequently, the LSTM algo-
rithm may exhibit phenomena resembling acceleration due to insuffi-
cient generalisation capabilities.

This study also provides numerical statistics on the speed and
following distance of the vehicle during travel based on the time series
recorded by the system. The results show that the speed of the optimised
autonomous vehicle is significantly increased. As shown in the Fig. 10,
the speed of each vehicle has shifted from the low-speed range to the
high-speed range after the optimisation. The concentration area of the
speed data is reflected in the y-axis values where the dense areas in the
picture are located. The speed data of each vehicle has improved after
the optimisation:

Table 2

Speed comparison data in experiment 1.
Time Un-optimised Speed Optimised Speed Improvement
[minutes] [km/h] [km/h] [%]
5 42,89 44,71 4,24
10 43,41 45,24 4,23
15 43,08 45,08 4,66
20 43,51 45,24 3,97
25 43,10 44,83 4,01
30 43,44 45,24 4,16
35 43,13 44,95 4,22
40 43,21 45,11 4,41
45 43,34 44,89 3,59
50 43,41 45,16 4,02
55 43,56 44,90 3,07
60 47,11 48,10 2,09
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The speed standard deviation statistics can be used as an important
reference indicator of behavioural stability throughout the vehicle's
cycle. The data showed that the speed standard deviation of all vehicles
in the optimisation group was generally lower than that of the control
group, with a reduction of approximately 67 %. This indicates that the
predictive control reduces unnecessary acceleration and braking be-
haviours while maintaining the target speed, which reduces the degree
of speed fluctuation and results in a smoother operation, significantly
improving the stability of the operation and the comfort of the ride.
Vehicles were able to complete speed convergence faster after joining
the fleet, reducing unnecessary acceleration and deceleration manoeu-
vres. This conclusion can be verified by the graphical data presented in
Table 3 and Table 4.

According to the graphical data statistics, the average following
distance of the optimisation group was 3.01 m during the simulation
cycle, while that of the control group was 2.83 m, an increase of 6.06 %.
Meanwhile, the minimum distance remained above 2.90 m without
triggering the safety threshold warning. Most of the vehicles had a
minimum distance much higher than the set 2-cell safety threshold and
the minimum following distance increased by 2.37 % compared to the
control group. By analysing the minimum distance, average distance and
distance volatility between the vehicle and the vehicle in front during
the simulation cycle, it is found that the standard deviation of the
following distance is 5.87 % lower than that of the control group, which
reflects the system's effective control of the safety distance, as well as
rhythmic consistency and smooth behaviour. It shows that the system
has good regulation ability in micro-safety. The trend suggests that
under predictive control, the vehicle is able to develop a more consistent
following rhythm, thus reducing the risk of tailgating compression.

In the data analysis of following distance, the optimisation group
demonstrates a more stable and safe following distance judgement when
the traffic flow changes. The control principle is that the vehicle queue
forms a continuous cyclic rhythm of injection and discharge during the
system operation. In the control group, the vehicles usually have a
delayed response after a slight deceleration of the vehicle in front of
them, which can easily lead to a short-term “zip effect”, i.e., a chain
reaction of local acceleration and deceleration. In the optimisation
group, the controller obtains the speed trend information in advance,
and the vehicle behaviour can be fine-tuned in advance, thus avoiding
the rhythm break and forming a more stable operating rhythm. As a
result, the following distance is well controlled regardless of whether the
vehicle speed is accelerated or decelerated in the traffic flow, and the
average following distance is improved by 5.47 %. Detailed data is
shown in Table 5:

Fig. 11 shows the “Optimised speed — Following distance”; the
vertical axis represents the vehicle speed, the horizontal axis represents
the time; the blue solid line represents the current vehicle speed, and the
red dotted line represents the current following distance. It can be seen
that the following distance curve always maintains within the safe
following range. This feature suggests that the predictive support
mechanism improves the speed's stability. In addition, the synergistic
change of speed and following distance also shows that the vehicle speed
can quickly keep in line with the surrounding vehicles after entering the
queue without any noticeable jitter or sudden change, reflecting the
controller's good ability to regulate the rhythm of the traffic flow.

The stable passage experiment verifies the ability of the predictive
drive control strategy to optimise the vehicle operating state without
external perturbations. Vehicle behaviours show better continuity and
consistency in time and space, and the system effectively suppresses
speed and distance fluctuations and improves the overall coordination of
traffic operation through trend identification and front-loaded regula-
tion mechanisms.

7.2. High-density congestion experimental environment

This experiment simulates the high-density traffic conditions during
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Vehicle speed comparison(AvgSmin) before and after SSA-LSTM optimization (average improvement: 3.89%)
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Table 3 Table 4
Vehicle speed STD in experiment 1. Distance analysis in experiment 1.
Vehicle Speed STD (o) Vehicle Un-optimised Distance Optimised Improvement
m Distance %
Un-optimised Speed (km/h) 1,09 (m] [m] [%]
Optimised Speed (km/h) 0,88
Improvement (%) 67 Minimum 2,83 2,90 2,37
Distance
Average Distance 2,83 3,01 6,06

the morning and evening peak periods. It investigates the control
strategy's reaction speed, deceleration smoothness and overall traffic
flow stability under sudden congestion and a sharp decrease in vehicle
speed. Under the premise of keeping the road structure and vehicle type
probability unchanged, the vehicle injection frequency is increased to 1
vehicle every three steps. The traffic flow impact detection is performed
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after 400 consecutive injection steps, and the actual vehicle density is
close to the upper limit of the road capacity. Meanwhile, the system in
the experimental setup randomly triggers a forced deceleration event
(speed plunge of no more than three units) of the front vehicle every 200
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Table 5

Following distance comparison data in Experiment 1.

Time Un-optimised distance Optimised Distance Improvement
[minutes] [m] [m] [%]
30 2,83 2,89 1,92
35 2,83 2,90 2,37
40 2,83 2,99 5,35
45 2,83 2,93 3,43
50 2,83 2,96 4,51
55 2,83 2,92 2,87
60 2,83 3,34 17,84

steps to simulate potential congestion triggers, forcing the vehicle to
decelerate and forming a flow bottleneck; all vehicles are modelled with
the same structure, with an initial speed of 3 units/step and the
maximum speed of 5 units/step, to observe the timing of the interven-
tion of the rear-end vehicle's control response and magnitude of the
effect. The control group continued to use the rule-based control
approach, while the optimisation group predicted trends in real time
through the LSTM model and fed the results back to the controller. The
total number of steps in the simulation is 1000, and the prediction
module is invoked once per step to extract the historical 10-step speed
sequence and predict the future 3-step speed trend. The controller cal-
culates the velocity change slope based on the prediction results and
determines whether to execute the deceleration operation in advance.
As shown in the Fig. 12, the CA simulated traffic state map demon-
strates a visual snapshot of the optimisation group during the peak
congestion period, covering a sequence of frames between the 495th and
500th seconds. The figure shows that despite the obvious area of dense
vehicle stacking ahead of the entering road, the optimal control strategy
allows the following vehicles to generally complete the speed buffer
before the preceding vehicle has dramatically decelerated, thus effec-
tively avoiding the transmission of large-scale fluctuations. Overall,
there did not appear to be congestion, although the roads were busy due
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to the increased injection of vehicles.
In Experiment 2, numerical statistics of the vehicle's speed and

following distance during travelling were carried out based on the time
series recorded by the system. The results are shown in Fig. 13. The
speed of the optimised autonomous vehicle was significantly increased,
with an average speed increase of 4.2 % compared to the control group
with the traditional control method and demonstrated with data shown
in Table 6.

In the image of “Vehicle speed comparison before and after SSA-
LSTM optimisation” in Experiment 2, the curves of vehicle speed
changes are shown to compare the distribution of vehicle speeds under
different control strategies. The vertical axis represents the vehicle
speed, the horizontal axis represents the time, the red solid line repre-
sents the control group, the green solid line represents the optimisation
group, and the red dashed lines mark the upper and lower limits of the
vehicle speed. In Experiment 2, the speed curves of the vehicles in the
control group showed higher frequency fluctuations, reflecting frequent

acceleration and deceleration of the vehicles in a short period. In

contrast, the speed fluctuations of the vehicles in the optimisation group

were more minor, mainly focusing on the middle and high-speed in-

tervals. The speed curves were smoother, with a significantly greater
continuity of the vehicle operation. From the perspective of the behav-
ioural trajectory, most of the vehicles in the optimisation group
completed the transition with a lower slope, reflecting the advantages of
advanced and rhythmic regulation of predictive driving.

Fig. 14 clearly shows that the passing speeds of all types of vehicles in
the optimised group have been effectively increased; the recorded speed
data shows that the speeds have increased from the low-speed range
before optimisation to within the high-speed range after optimisation,
this information can be observed by the concentrated area of data in the
figure:

Fig. 15 shows the relationship between “Optimised speed —
Following distance”, where the vertical axis represents the speed of the
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Fig. 11. Vehicle speed versus following distance after optimisation in experiment 1.
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Fig. 12. CA simulated traffic states in Experiment 2 (sec 495-500).

vehicle and the horizontal axis represents the time; the blue solid line
represents the current speed of the vehicle, while the red dotted line
represents the current following distance. It can be observed that the
curve of the following distance always stays within the safe following
range, hardly touches the warning zone, and always maintains a high
safe distance while maintaining the safe distance. This feature suggests
that the predictive support mechanism not only improves the stability of
the speed but also provides a safer redundancy in the following behav-
iour. In addition, the synergistic change in speed and following distance
suggests that the vehicle was able to quickly align with the speed of
surrounding vehicles after entering the queue:

A more significant improvement is seen in the recovery time metric.
The system further calculates the “Speed Recovery Time” indicator,
which is the time step required to recover from the lowest point of speed
to a stable operating speed. Before the optimisation, the average re-
covery time for a family car experiencing a speed drop was as high as 48
steps, whereas, with the introduction of the SSA-LSTM control mecha-
nism, this value drops to 1 step. This means the system recognises the
downward speed trend in time and quickly guides the vehicle through
the buffering process to return to a stable operating state. The
improvement in buses is also significant. The average recovery time is
reduced from 35 to 19 steps, indicating that heavy vehicles are more
responsive under predictive control as data in Table 7 implies:

As shown in Table 8 and Table 9, the frequency of occurrence of each
type of vehicle in the optimised group is significantly more even than
that of the control group, especially in the occurrence probability of
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trucks. Since the experimental setup was set up to impose restrictions on
trucks when the road is congested, the increased probability of trucks
appearing after the optimisation precisely means that the algorithmic
diversion helps greatly in relieving the pressure at the intersection.

The optimised control system effectively reduces the degree of
vehicle congregation and improves the longitudinal space utilisation
and comfort of the vehicle these results ask presented in Fig. 16.

Since the experimental designs of Experiments 1 and 2 are similar,
and Experiment 2 features a higher number of vehicle injections and a
more realistic simulation of real-world road conditions, I decided to use
Experiment 2 as the representative case, adding a control group to
compare the results of the 'basic control group' with those of the 'basic
LSTM algorithm optimisation.’.

As shown in Fig. 17, (1) and (2) represent speed data for different
models before and after optimisation in Experiment 2, while (3) and (4)
represent quantity data for different models before and after optimisa-
tion in Experiment 2. From the figure, it can be observed that if only the
basic LSTM algorithm is introduced for optimisation, the results are
almost indistinguishable from those of the basic control group. This is
because the LSTM algorithm primarily serves a predictive function.
Additionally, without the cooperation of other algorithms, in the
experimental design where both upstream and downstream in-
tersections are present, the LSTM algorithm may fail to simultaneously
control both upstream and downstream intersections, thereby prevent-
ing improvements in traffic congestion.

Therefore, in previous intelligent transportation system research,
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Vehicle speed comparison(AvgSmin) before and after SSA-LSTM optimization (average improvement: 4.20%)
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Fig. 13. Comparison of vehicle speed before and after optimisation in Experiment 2.

Table 6

Speed comparison data in experiment 2.
Time Un-optimised Speed Optimised Speed Improvement
[minutes] [km/h] [km/h] [%]
5 43,64 45,41 4,07
10 43,38 45,20 4,21
15 43,43 45,45 4,65
20 43,67 45,60 4,41
25 43,47 45,22 4,02
30 43,38 45,36 4,58
35 43,77 45,49 3,94
40 44,08 45,84 3,99
45 43,11 45,02 4,42
50 43,59 45,41 4,17
55 43,84 45,69 4,23
60 46,42 48,68 4,88

LSTM is typically combined with algorithms such as GNN, CNN, and ant
colony algorithms. Depending on the optimisation objectives, it is
necessary to use other information processing models in conjunction
with the LSTM algorithm to achieve comprehensive control.

The experiments in this section verify the buffering and recovery
ability of the predictive support control strategy in traffic fluctuations by
constructing high-density injection scenarios and bottleneck perturba-
tions. The optimised group outperforms the control group regarding
speed response efficiency, indicating that the LSTM model effectively
enhances the system's evacuation capability. As evidenced by the data in
the graphs, the predictive control function of LSTM is well-confirmed in
high-density scenarios.

7.3. Traffic accident experimental environment

Sudden traffic accidents usually lead to the functional degradation of
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a specific road section, which triggers queuing and speed fluctuations
and may even cause widespread traffic congestion. In intelligent control
systems, how to effectively adjust the rhythm of traffic flow after an
accident to avoid the propagation of traffic shock waves is an important
criterion to test the robustness of control strategies. In this section, a
simulated traffic accident obstacle is set up, and the accident vehicle is
placed in a fixed area to construct a traffic system operating environ-
ment under strong interference conditions and to verify the rhythm
coordination and spread suppression ability of the predictive control
mechanism based on the SSA-LSTM model under the accident
interference.

Based on the three-lane structure, Experiment 3 simulates a vehic-
ular accident scenario in the middle section of the road (an intersection
close to a residential area), where a group of static, immovable vehicles
is set up to continuously obstruct the typical passage of some lanes. The
total number of steps in the simulation was 1000, and the incident was
set at step 300 of the simulation, with the incident area set to create an
observable traffic disturbance response.

The optimal control group will continue to use the SSA-optimised
LSTM model for speed prediction in the next three steps and make
speed adjustments in advance in conjunction with the distance and trend
decisions; the control group will use the traditional rule-based control
mechanism to follow the response based on the current distance dif-
ference only.

Fig. 18 shows the change in traffic for the optimised group simulated
from the 1127th to the 1232nd second after the accident. It can be
observed that the green truck parked in the middle of the road is the
vehicle in which the accident occurred. In the simulation demonstration,
the blue family sedan, which was initially driving in the middle lane,
actively completed the avoidance after approaching the accident vehicle
and chose to change lanes and go around, successfully avoiding the
danger of rear-end collision through active, intelligent judgment (Wan
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Fig. 15. Vehicle speed versus following distance after optimisation in experiment 2.

Table 8
Vehicle access to road proportionality regulation data in experiment 2 (Before

Table 7
Comparison of family car and bus speed data in Experiment 2.
Vehicle type Before Optimisation After Optimisation Optimisation).
car average speed [km/h] 41,06 46,78 Time Range [s] Car Truck Bus
car recovery time [step] 48,00 1,00 0-720 79,18 % 0,90 % 19,91 %
bus average speed [km/h] 23,30 27,99 720-1440 70,05 % 1,64 % 28,31 %
bus recovery time [step] 35,00 19,00 1440-2160 73,99 % 3,09 % 22,92 %
2160-2880 64,73 % 3,54 % 31,73 %
2880-3600 78,37 % 0,07 % 21,56 %

total number of queuing vehicles counted in the system. The queue
change curves for the optimised and un-optimised control groups are
plotted using a two-line comparison, where the green line represents the
SSA-LSTM control strategy, and the red line represents the system
response performance of the traditional rule-based control mechanism

et al., 2024).

As shown in Fig. 19, the image 'Comparison of queuing vehicles
before and after SSA-LSTM optimisation' demonstrates the trend of the
vehicle queue length during the system operation cycle under the acci-
dent scenario, with the horizontal axis being the simulation. The hori-
zontal axis is the simulation time (in minutes), and the vertical axis is the
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Table 9

Vehicle access to road proportionality regulation data in experiment 2 (After

Optimisation).
Time Range [s] Car Truck Bus
0-720 63,86 % 9,37 % 26,58 %
720-1440 53,18 % 27,21 % 19,79 %
1440-2160 67,27 % 12,93 % 20,00 %
2160-2880 50,64 % 19,49 % 30,05 %
2880-3600 58,65 % 7,02 % 34,34 %

in the face of road accident perturbations. The yellow area represents
the time from a crash leading to the stationary area where the accidental
vehicle resides until the accidental vehicle is removed. At the beginning
of the accident, the set point arrives (around minute 20), and the queue
length of the un-optimised control group increases rapidly. It maintains
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a high level of fluctuation in the middle and late stages of the simulation,
with a peak of more than 28 vehicles at one point. The failure of the
traditional control strategy to adjust the rhythm before entering the
accident area leads to a sharp compression of the distance between ve-
hicles, a multi-point chain braking phenomenon. In contrast, the
queuing curve of the optimisation group rises at a much slower slope,
and the maximum value is significantly limited, with at most six vehicles
in congestion, which is 78.6 % less than that of the control group, and
falls back quickly after stabilising the situation through algorithmic
interference:

According to the graph, the average queue length for the un-
optimised control group was 19.6 vehicles in the ten minutes after the
accident, with a peak of 28 vehicles at one point, while the average
queue length for the optimised group was stable at 1.4 vehicles, with a
peak of up to 6 vehicles. This shows that the SSA-LSTM algorithm can
effectively respond to accidental events in the traffic environment, this
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Fig. 16. Quantity data for different models before and after optimisation in Experiment 2.
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Fig. 17. Speed and quantity data for different models before and after basic LSTM optimisation in Experiment 2.
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Fig. 18. CA simulated traffic states in Experiment 3 (sec 1227-1232).

data and improvement percentage is summarized in Table 10. Regu-
lating vehicle lane changing and steering can ensure the responsiveness
and safety of autonomous vehicles.

Experiment 3 verifies the ability of the SSA-LSTM control strategy to
regulate the vehicle in response to unexpected accidents. The algorithm
is high-speed and effective in controlling the range of the queuing area
without letting the vehicles queue up to an uncontrollable degree. It
does not cause congestion on the road. The comprehensive analysis re-
sults show that the predictive control mechanism is highly adaptive to
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non-regular changes under multiple overlapping disturbance scenarios
and provides scalable model support for urban multi-situation
deployment.

8. Conclusion and discussion on future research
This study proposes an integrated methodological framework

combining deep learning prediction and adaptive control strategies for
speed prediction and longitudinal control in intelligent transport
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Fig. 19. Comparison of queuing vehicles before and after SSA-LSTM optimisation in experiment 3.

Table 10
Queuing length comparison.
During Before After Improvement
the accident Optimisation Optimisation [%]
Average Queue 19,60 1,40 92,86
[Vehicles]
Max Queue 28,00 6,00 78,57
[Vehicles]

systems and verified by multiple sets of experiments on a self-developed
microscopic traffic simulation platform.

This study addresses autonomous driving vehicles, improves the ef-
ficiency of vehicle systems' automatic judgement and response, and
effectively reduces the response processing time when the vehicle en-
counters various accidental conditions on the road. In the traffic flow, all
vehicles' travelling speeds and safe travelling distances are guaranteed,
which has been demonstrated in both theoretical and experimental
results.

Therefore, this study has achieved comprehensive coverage in mul-
tiple aspects of the theoretical and systematic experimental design for
traffic research of autonomous vehicles. Combining ACC and SSA-LSTM
algorithms has realised the overall research objectives.

As autonomous driving technology evolves from the perception layer
to the decision and control layer, vehicle intelligence no longer relies
solely on passive responses but shifts to active control mechanisms with
prediction and regulation capabilities. The system architecture proposed
in this study, which is based on the deep fusion of the LSTM speed
prediction model optimised by the sparrow search algorithm and
adaptive cruise control (ACC), is just right to satisfy the core needs of the
autonomous driving control system in terms of behavioural foresight,
rhythmic stability and microscopic synergy. The control framework can
be embedded into the intelligent control chain of the autonomous
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vehicle as the prediction module of the ACC controller to enhance the
vehicle's dynamic response capability in complex road conditions such
as high-density traffic, ramp convergence, and urban signal zones. The
prediction mechanism identifies future speed trends by analysing his-
torical data to achieve front identification and speed regulation of
vehicle distance changes, thus slowing down the braking chain effect,
reducing fuel consumption and safety risks, and improving the comfort
of following the vehicle. In urban roads, the model can be combined
with traffic light information to achieve green wave speed regulation; in
high-speed scenarios, lane change and queue fusion control can be
accomplished through roadside units or on-board modules in collabo-
ration; in scenarios affected by unexpected accidents, the prediction
mechanism can also support pre-accident vehicles to achieve adaptive
tempo mitigation to avoid forced braking and queue compression. At the
same time, the modular meta cellular automata simulation platform
constructed in this study can also interface with the digital twin plat-
form, which provides a good foundation for the iterative validation and
virtual deployment of autonomous driving strategies.

As the traffic flow simulations in the three experiments of this study
were based on programme-set parameter inputs rather than real traffic
flow datasets, discrepancies may arise between actual traffic diversion
outcomes and experimental simulations when applied to real-world
conditions. The data calculated in this experiment represent idealised
scenarios, and numerous real-world road condition errors that could
influence experimental simulations were not fully accounted for in this
research. For instance, real-world scenarios may involve a greater va-
riety of vehicle types and necessitate observation of more vehicle sizes,
which could influence road congestion levels. Furthermore, given that
the simulated road conditions are situated near residential areas, pe-
destrians may be present on the roads. This poses a challenge to the
fleet's responsiveness, where even minor miscalculations could lead to
accidents. Moreover, real-world scenarios involve more complex
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interactions between upstream and downstream vehicles. Achieving
precise overall vehicle scheduling presents a significant challenge for
this research. Consequently, the feasibility of the experimental results in
practical applications requires further investigation and validation.
Integrating the control scheme developed in this study with real traffic
data for subsequent experiments is part of the researchers' plans.

Future research can be expanded and deepened in several ways. First
and foremost, more complex sequence modelling networks at the pre-
dictive model level, such as the Transformer architecture based on the
attention mechanism, should be introduced to enhance the modelling
capability of long-distance state correlations. On the other hand, a
reinforcement learning mechanism is introduced into the controller ar-
chitecture to equip the control logic with self-learning and self-tuning
parameterisation capabilities over multiple simulation trials to
enhance further the system's adaptive level in response to unknown
disturbances. In addition, the control objectives in this study will
observe each other, i.e., make each autonomous vehicle in the traffic
flow a part of the whole and, at the same time, cluster into a controllable
whole that will influence each other. The simulation system used in this
study allows for prediction and control by reading traffic data. With the
help of judgemental commands and vehicle sensing data, it is expected
that the feasibility of the control system can be further verified in the
future, even in a real road environment.
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