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Abstract 

In urban traffic systems, traditional signal control can no longer meet the increasing traffic 
demand, and local congestion is severe during peak hours. Fixed detector data is charac-
terized by high deployment density, full sample detection and restorable vehicle paths, 
providing new data support for coordinated signal control. We propose an optimization 
method for regional coordinated control, with the Changsha road network as the study 
area. Firstly, based on License Plate Recognition (LPR) data, the road network is divided 
into sub-networks and combined with the boundary control for regional coordinated con-
trol. Then, the critical path is taken as the control object, and the phase coordination rate 
is introduced as the optimization objective. The particle swarm optimization algorithm 
improved by the logistic chaotic map is used as the global searcher, and sequential quad-
ratic programming is adopted as the local searcher to solve the optimization strategy for 
the objective function. Finally, a simulated road network is constructed in VISSIM 6.0 sim-
ulation software to verify the effectiveness of the strategy. The results show that the opti-
mization strategy reduces intersection delay and saturation by 20.3% and 19.3% in the 
critical path coverage area. Road travel time and the average number of vehicle stops are 
reduced by 21% and 22.1%. This indicates that the regional coordinated control based on 
the improved particle swarm algorithm can better alleviate the peak hour traffic conges-
tion. 
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1. Introduction 
Signalized intersections play a critical role in managing and controlling urban traffic. 

In a high-traffic environment, traditional timing control cannot meet the traffic demand. 
The resulting bottlenecks also limit traffic efficiency. Therefore, the optimization of urban 
traffic control strategies often focuses on intersection signal management [1–4]. To ad-
dress the challenges posed by intersection traffic flow, a range of innovative control meth-
ods have been developed, including inductive control and dynamic control, among oth-
ers. These control strategies are usually tightly coupled to the historical data of the inter-
section, so that control strategies calibrated with actual data are more effective than tradi-
tional fixed-time control. 
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However, with the rapid development of cities, the area of the road network is ex-
panding and the volume of traffic is increasing. The vast amount of data makes computa-
tion difficult, hindering large-scale coordinated control. For large-scale road networks, the 
first step in coordinated control should be to reduce complexity while ensuring effective-
ness. To solve the problem, many scholars have conducted research from the perspective 
of sub-network control. The results have shown that control efficiency can be improved 
by dividing a large road network into several sub-networks prior to coordinated control. 
To improve the effectiveness of coordinated control, researchers try to find the optimal 
solution of coordinated control according to different control objectives, which can be di-
vided into two categories: optimal efficiency and maximum bandwidth. Among the for-
mer, the effectiveness of coordinated control is mostly measured by indicators such as 
delays and number of stops. The method is based on assumptions and modeling to char-
acterize the control effects under different parameters. However, the actual control bene-
fits are influenced by many factors, making it difficult to apply accurately. In contrast, 
coordinated control based on bandwidth maximization has the advantages of simple in-
puts and low influence of other factors, but is mainly suitable for arterial roads rather than 
large-scale regional networks. 

In addition, suitable optimization models can also improve the effectiveness of the 
optimization strategy, and common methods include: genetic algorithms, cellular models, 
simulated annealing algorithms, particle swarm optimization, and so on. As a heuristic 
algorithm, particle swarm optimization has a rapid convergence rate and straightforward 
parameters, making it suitable for the optimization of practical problems. However, its 
global search ability is insufficient, which may lead to the problem of premature conver-
gence, and the integration of stochastic theory can address this limitation. 

In order to explore the impact of different coordinated control methods on large-scale 
urban road networks, the study takes Changsha city road network as the research object 
and extracts vehicle data from the LPR system as the database. Firstly, the road network 
is divided into sub-networks based on vehicle data and actual road parameters, and 
boundary control is applied at the boundaries of sub-networks. In the optimization model, 
the phase coordination rate is taken as the optimization objective. Based on particle swarm 
optimization, logistic chaotic mapping is introduced to form the global searcher. And se-
quential quadratic programming is used as the local searcher to strengthen the algorithm 
accuracy. Finally, the solved optimization scheme is applied to the simulated road net-
work constructed by VISSIM 6.0 to analyze the optimization effect. The main contribu-
tions of this study are: (1) a data-driven network partitioning method using LPR trajecto-
ries that better reflects real traffic distribution; (2) phase coordination rate as an optimiza-
tion objective, which is more suitable for large-scale networks than bandwidth-based in-
dicators; (3) an improved hybrid PSO algorithm combining logistic chaotic mapping and 
SQP for better global and local search; (4) a complete coordinated control framework in-
tegrating partitioning, boundary control, and multi-intersection coordination; and (5) em-
pirical validation using real LPR data from Changsha and VISSIM simulation. 

2. Literature Review 
2.1. Regional Coordinated Control 

As the scope of the urban road network expands and the number of motor vehicles 
increases, research on regional travel is increasing. Reasonable area divisions are the basis 
for studying regional travel. 

In the implementation of urban road network control, if vehicle density varies signif-
icantly across the network, control efficiency will be reduced. Therefore, in order to im-
prove the control efficiency of road networks, many scholars have conducted research 
from the perspective of road network division. Ji et al. [5] developed a segmentation 
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method comprising three key components: a normalized segmentation, a merging algo-
rithm based on the initial segmentation, and a boundary adjustment algorithm. This 
method has the potential to enhance the quality of road network segmentation. Saeed-
manesh et al. [6] proposed a snake clustering algorithm that considers road dependencies, 
similarities between roads, and the size of sub-networks. The method achieves homoge-
neous network segmentation. Lopez et al. [7] compared and contrasted the k-means algo-
rithm, density-based segmentation, and snake clustering segmentation in an urban road 
network environment. The k-means algorithm was determined to be more advantageous 
in terms of the division results. Lukas et al. [8] proposed an inhomogeneous network di-
vision algorithm using traffic information collected by stationary sensors. The method 
generates several possible division results. Then, a homogeneity analysis is performed 
based on the corresponding MFD. Finally, the division result with the highest homogene-
ity is filtered as the solution of the algorithm. Yang et al. [9] extracted traffic features under 
different spatio-temporal conditions using tensor decomposition. A spectral clustering ap-
proach was used to divide the large road network into independent sub-networks with 
similar levels of congestion. Hu et al. [10] developed a correlation model for adjacent in-
tersections on arterial roads based on vehicle detection data. The model was able to quan-
tify the correlation of intersections more accurately. Then, the road network was divided 
using a zoning method based on the correlation indicator, and the results showed that the 
method could significantly improve the operational efficiency of arterial roads. Dimitriou 
et al. [11] investigated the effect of different division methods on road network delinea-
tion. They pointed out that data-based clustering methods have some limitations in road 
network division. Using a graph-based segmentation method can better divide the road 
network. Niu et al. [12] proposed a spatio-temporally integrated road network delineation 
method based on density clustering. This method takes into account the spatio-temporal 
characteristics of traffic flow and can dynamically divide the road network. Wen et al. [13] 
improved the road network delineation method for unsaturated traffic state. The new cor-
relation model was constructed by integrating physical distance, flow rate, and queue 
length. By simulating in the simulation environment, it was concluded that the road net-
work division results based on the DBSCAN algorithm were closer to the actual situation. 

After segmentation of the road network has been completed, coordinated control of 
the sub-networks is required. Aboudolas et al. [14] designed three signal control strategies 
for massively congested urban road networks using control and optimization methods. 
de Oliveira et al. [15] proposed an urban road network control method based on model 
predictive control. The method is an improvement of traffic-responsive urban control. 
However, with the complexity of the city scale, the optimization problem of traffic signals 
becomes more and more complicated. Many scholars have proposed layered control ar-
chitectures. Hajbabaie et al. [16] proposed a hierarchical control based on signal timing 
optimization and traffic assignment. A new objective function was proposed for saturated 
traffic networks to improve the system performance. Feng et al. [17] optimized a two-layer 
control model. The green light time extremes were improved in the upper-layer model, 
and the phase order and green light time were optimized in the lower-layer model. Huang 
et al. [18] proposed a three-layer hierarchical model-based approach for network-wide 
traffic signal control. This method divides regional coordinated control into three layers: 
the regional coordination layer, the intersection coordination layer, and the local signal 
coordination layer. The results show that this approach can reduce computational com-
plexity while maintaining the overall performance of the road network. In recent years, 
advancements in machine learning have led many researchers to apply these techniques 
to cooperative control [19,20]. While they have demonstrated the effectiveness of their 
proposed methods in reducing local delays and improving traffic network efficiency, 
some new limitations have also emerged. 
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In the above study, for the coordinated control of large-scale road networks, the idea 
of optimization mainly to make it smaller first, and then apply the control. That is to say, 
firstly, the road network is divided into sub-networks. Second, coordinated control is ap-
plied to the sub-networks to improve the operational efficiency. The method can also be 
applied to key sub-networks and key intersections in the road network to achieve similar 
optimization results. 

2.2. Particle Swarm Optimizations for Traffic Control 

Particle swarm optimization (PSO) is a stochastic search algorithm based on group 
cooperation, which was developed by simulating the foraging behavior of flocks of birds. 
The method has many advantages such as simple operation, fast convergence, few param-
eters and easy adaptation, etc. Therefore, it has been applied in many fields of optimiza-
tion. The application of PSO in traffic control mainly includes signal optimization [21,22], 
path navigation [23], vehicle deployment [24], flow control [25,26] and other aspects. The 
application of PSO in traffic control reflects its strong optimization ability and adaptability. 
By simulating the cooperation and competition mechanism in the foraging behavior of 
flocks of birds, PSO can effectively solve the complex optimization problems in traffic con-
trol and improve the efficiency and performance of the traffic system. 

Garcia-Nieto et al. [27] used PSO to find an optimization scheme for signal control. 
They optimized the number of vehicles reaching the destination and the total travel time. 
The simulation results show that the method is able to obtain a more efficient signal con-
trol scheme. Hatri et al. [28] proposed a traffic control model based on multi-objective 
particle swarm optimization. The model can be used to optimize both vehicle path and 
signal control. Zhang et al. [29] proposed an expressway traffic control method combining 
ramp control and variable speed limit, using the PSO algorithm to search for optimal sig-
nals for coordinated control schemes. Qin et al. [30] incorporated the chaos algorithm and 
agent interaction techniques into the traditional PSO algorithm. It achieves the collabora-
tive decision-making of multiple intersections. The method can speed up the convergence 
of the optimization algorithm while improving the overall traffic efficiency. The study by 
Olivera et al. [31] is based on a sustainable development perspective. In the selection of 
optimization objects, not only are motor vehicles considered, but pedestrian traffic flow is 
also optimized, which is relatively rare in urban traffic control. Yuen et al. [32] proposed 
an improved multi-objective PSO algorithm with a competitive mechanism. Compared 
with the commonly used multi-objective particle swarm algorithms, the improved com-
putation with the introduction of a competitive mechanism can optimize the control effect 
more effectively, especially in the hypervolume traffic problem. Yong et al. [33] improved 
the PSO algorithm by utilizing the idea of natural selection in a genetic algorithm. The 
joint simulation results of VISSIM 5.2 and MATLAB show that the improved particle 
swarm algorithm can improve the passing efficiency of transit traffic flow. Subrahman-
yam et al. [34] optimized Ant Colony Optimization (ACO) and PSO algorithms from an 
IoT perspective. In their proposed algorithms, ACO can select the best driving route dur-
ing peak traffic hours. Meanwhile, the PSO algorithm can optimize speed, avoid conges-
tion, and save travel time. The computational results also show that the integration of 
ACO and PSO algorithms can improve the effectiveness of traffic management. 

Currently, particle swarm optimization (PSO) remains the mainstream intelligent op-
timization method in the field of regional traffic coordination control, with research focus-
ing on multi-objective optimization [35], adaptation to engineering constraints [36], and 
hybrid intelligent frameworks [30]. Relevant findings indicate that improved Particle 
Swarm Optimization algorithms demonstrate superior optimization performance when 
addressing the dynamics of road networks and multi-intersection coordination problems, 



Mathematics 2026, 14, 1374 5 of 24 
 

https://doi.org/10.3390/math14081374 

effectively enhancing control outcomes and providing a viable approach for signal timing 
optimization in complex traffic scenarios. 

2.3. Traffic Flow Research Based on Chaos Theory 

Chaos is a complex dynamic system. It is characterized by nonlinearity and random-
ness, which provide the complexity of the system. Chaotic signals generated by such sys-
tems are also characterized by initial value sensitivity and noise-like properties. They play 
an important role in mathematics, computer science, cryptography and other disciplines. 
Chaotic property analysis is also very common in traffic flow data. The main research 
method is to use a chaotic discrimination method to discriminate the data. The differences 
between existing studies are mainly in the discriminating method or the type of traffic 
flow data. 

Due to the limitations of the actual environment, the changes in each parameter of 
the traffic flow are difficult to fully record in the actual collection process. Therefore, many 
scholars select a theoretical model of traffic flow as the basis, use simulation software to 
build a simulation road network, and change the parameters of the model to explore the 
change rules of chaotic phenomena. 

On the basis of the research on chaos phenomena, chaos theory has also been applied 
to traffic control. Keiji Konishi et al. [37] extracted the proportional components of front 
and rear vehicle speeds as feedback control signals based on a simple tracking model with 
delayed feedback to realize the purpose of traffic flow chaos control. A multi-layer chaotic 
neural network involving feedback has been proposed by Dong et al. [38]. Optimizing 
signal timing using this method can effectively reduce vehicle delay. Zhao et al. [39] sim-
plified the four control variables in Keiji’s study to one control variable to control for the 
chaotic nature of traffic flow. According to the study by Narh et al. [40], the application of 
chaos theory to urban traffic control is very reliable. It can detect the occurrence of con-
gestion. Influenced by data sources, its application has mainly been focused on highways 
and relatively simple intercity roads in the past. The emergence of high-resolution data 
sources and large data storage capacity will overcome this problem. Therefore, in the fu-
ture, chaos theory will enable traffic control in more complex road environments to pre-
vent and improve congestion. For instance, Qin et al. [30] proposed a chaotic particle 
swarm optimization (CPSO) that combines a chaos algorithm with agent-based coopera-
tive control technology for multi-intersection signal timing optimization, using vehicle 
delay, queue length, and regional access ratio as optimization objectives, showing how 
chaos theory can be directly integrated into traffic signal control algorithms. Zhong et al. 
[41] developed a neural network-based adaptive control for the Aw–Rascle–Zhang mixed 
traffic flow model under unknown external disturbances, demonstrating how nonlinear 
traffic dynamics can be effectively regulated. These studies provide a basis for chaotic 
control of traffic flow, but the studies use more assumptions that differ from actual traffic 
flow and are more difficult to apply. 

3. Methodology 
The following figure (Figure 1) illustrates the research process outlined in the study. 

Initially, a calibrated simulated road network can be generated based on the data in the 
LPR system and the real road network. The network can then be utilized to verify the 
control effect. The data in the LPR system can be used to ascertain the origin and destina-
tion of the traveling vehicle. Furthermore, the results of the sub-network division can be 
integrated with the information to determine the route of the vehicle traveling through 
the sub-network. Subsequently, particle swarm optimization is employed to optimize the 
route in accordance with the parameters of the origin and destination of the route and the 
state of the road network. Upon reaching the convergence condition, the optimal route is 
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output. The results are then substituted into the simulated road network. The coordinated 
control of the road network is performed by the two-layer model and sub-network bound-
ary control. Finally, the effects of different optimization models on the coordinated control 
are analyzed, and the effectiveness of the model is verified. 
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Figure 1. Scheme of traffic control process. 

3.1. Bilevel Control Model 

3.1.1. Back Pressure Value 

In a two-layer control model, the upper layer model needs to select a traffic parameter 
that can characterize the operational state of the road network. Based on the results of 
existing studies, back pressure control can be applied to signal control at a single intersec-
tion because it identifies the maximum pressure value. Consequently, in the study, the 
back pressure value is employed as a characterization index for road sections, intersec-
tions, and road networks. The corresponding equations are presented in Equations (1)–
(3), respectively. 𝑤௟,௠ሺ𝑘ሻ = 𝑥௟,௠ሺ𝑘ሻ − ∑ 𝑟௠,௛ሺ𝑘ሻ𝑥௠,௛ሺ𝑘ሻ௛∈௢೘   (1)

where 𝑥௟,௠ሺ𝑘ሻ denotes the number of vehicles traveling from road l to road m at time k, 𝑟௠,௛ሺ𝑘ሻ denotes the turning rate from road l to road m from time k to k + 1, 𝑟௠,௛ሺ𝑘ሻ ∈ ሺ0,1ሻ, 
and 𝑜௠ denotes the downstream ensemble of road m. 𝑝௨ሺ𝑘ሻ = ∑ ∑ 𝑤௟,௠ሺ𝑘ሻ𝑠௟,௠ሺ𝑘ሻ𝑐௟,௠ሺ𝑘ሻሺ௟,௠ሻ∈௨ೠ௨ೠ∈௎ೠ   (2)

where 𝑈௨ represents the set of phases of intersection u, 𝑢௨ represents the phase of inter-
section u, 𝑠௟,௠ሺ𝑘ሻ represents the signal value from road l to road m from time k to k + 1, 
and 𝑐௟,௠ሺ𝑘ሻ represents the saturation flow rate of the traffic flow from road l to road m 
from time k to k + 1. 𝛾ሺ𝑘ሻ = ෍𝛿௟𝑤௟ሺ𝑘ሻ (3)

where 𝛿௟ is the weighting factor of road l, which is used to balance the delay time of dif-
ferent sections in the road network. 

3.1.2. Upper-Level Model 

For the upper-level model, the optimization objective is the optimal back pressure 
value of the road network, as shown in Equation (4). In the constraints, for intersection u, 
the phase 𝑢௡ at time k has two forms of open or closed, corresponding to the values of 1 
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and 0. The cumulative sum of the phase 𝑢௡ for the whole intersection at time k is 1. It is 
guaranteed that only a single phase is in the open state, as shown in Equation (5). 

For most road sections, there are both arriving and departing vehicles at a given time. 
Considering only the back pressure value could potentially result in a situation where the 
road capacity is exceeded, resulting in a meaningless solution. Therefore, it is necessary 
to constrain the road capacity as shown in Equation (6). 𝑚𝑎𝑥 𝑍 = 𝛾ሺ𝑘ሻ (4)

෍𝑢௡ሺ𝑘ሻ = 1 (5)

𝑥௟,௠ሺ𝑘 + 1ሻ = 𝑥௟,௠ሺ𝑘ሻ + 𝑧௟,௠ሺ𝑘ሻ − ℎ௟,௠ሺ𝑘ሻ (6)

where 𝑥௟,௠ሺ𝑘ሻ denotes the number of vehicles traveling from road l to road m in time k, 𝑧௟,௠ሺ𝑘ሻ denotes the traffic demand of path p from time k to time k + 1, and ℎ௟,௠ሺ𝑘ሻ denotes 
the number of vehicles traveling from road l to road m within times k to k + 1. 

3.1.3. Lower-Level Model 

For the lower-level model, the goal is to make decisions about the timing of traffic 
signals at intersections within the road network. During peak hours, some intersections 
are highly saturated. In the case, using Webster’s timing method significantly increases 
vehicle delays. Therefore, we consider incorporating intersection capacity maximization 
and vehicle delay minimization as objective functions while using the effective green time 
constraint. This could improve the applicability of the method in highly saturated envi-
ronments. The calculation method is defined as follows: 𝑚𝑎𝑥 𝑄 = ∑ ∑ 𝑆௜௝ ௚೔஼௠೔௝ୀଵ௡௜ୀଵ   (7)

𝑚𝑖𝑛 𝑑 = ∑ ∑ 𝑞௜௝𝑑௜௝௠೔௝ୀଵ௡௜ୀଵ∑ ∑ 𝑞௜௝௠೔௝ୀଵ௡௜ୀଵ  (8)

𝑦௜𝑌 ሺ𝐶௠௜௡ − 𝐿ሻ ≤ 𝑔௜ ≤ 𝑦௜𝑌 ሺ𝐶௠௔௫ − 𝐿ሻ (9)

where 𝑄 is the intersection capacity, n is the number of phases, 𝑚௜ is the number of lane 
groups in phase i, 𝑆௜௝ is the saturation flow rate of lane group j in phase i, 𝑔௜ is the effec-
tive green time in phase i, 𝐶 is the signal cycle time, 𝑑 is the average delay per vehicle 
at the intersection, 𝑞௜௝ is the flow rate of lane group j in phase I, 𝑑௜௝ is the average delay 
for lane group j in phase i, 𝑦௜ is the flow rate in phase i, 𝑌 is the total flow rate at the 
intersection, 𝐿 is the total lost time per cycle, 𝐶௠௜௡ is the minimum cycle time, and  𝐶௠௔௫ 
is the maximum cycle time. 

3.2. Phase Coordination Rate 

Traditional coordinated control methods often use bandwidth maximization as the 
optimization objective. Bandwidth measures the continuous green time window for vehi-
cles traveling along an arterial at a constant speed. However, in large-scale regional net-
works, vehicles do not maintain constant speeds, and the network topology is not linear. 
These factors make bandwidth conceptually ambiguous and computationally challenging 
to apply directly. Therefore, this study introduces the phase coordination rate as an alter-
native optimization objective. Unlike bandwidth, the phase coordination rate is a pairwise, 
data-driven metric that measures, for each pair of adjacent intersections, the proportion 
of upstream vehicles that arrive during the downstream green time. It does not assume 
constant speeds or linear topology, making it naturally scalable to regional networks. 
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The concept of phase coordination rate is applied to two neighboring intersections, 
and Figure 2 shows the phase timing diagram for two neighboring intersections. 

 

Figure 2. Phase time diagram. 

Taking north–south traffic as an example, assuming that the green light time in the 
mth cycle is 𝐻௠, there is a corresponding 𝐻௜ାଵ,௝௠  for intersection 𝐼௜ାଵ.௝. And 𝐻௜ାଵ,௝→௜,௝௠  de-
notes the mapped green time of the intersection 𝐼௜ାଵ.௝  at the intersection 𝐼௜.௝ , whereas 𝐻௜,௝ଶ௡ denotes the green time of the nth cycle of intersection 𝐼௜.௝ in the north–south direc-
tion. 𝛼௜ାଵ,௝௠ denotes the part of 𝐻௜ାଵ,௝→௜,௝௠  that overlaps with 𝐻௜,௝ଶ௡, i.e., the amount of phase 
coordination. 𝛾௜ାଵ,௝௠  is the phase difference between the mth cycle of the upstream inter-
section and the corresponding phase of the downstream intersection. 𝛽௜ାଵ,௝௠  donates the 
part of 𝐻௜ାଵ,௝→௜,௝௠  that does not overlap with 𝐻௜,௝ଶ௡. For 𝛼௜ାଵ,௝௠ , dividing it by 𝐻௜ାଵ,௝→௜,௝௠ , the 
larger the value, the more likely it is that the upstream intersection traffic will be in the 
green time when it arrives downstream. The concept is known as the phase coordination 
rate 𝛿௜ାଵ,௝→௜,௝௠ , as shown in Equation (10). 𝛿௜ାଵ,௝→௜,௝௠ = 𝛼௜ାଵ,௝௠𝐻௜ାଵ,௝௠  (10)

Similarly, for the intersection 𝐼௜ିଵ.௝ downstream of the intersection 𝐼௜.௝, there exists 𝛼௜ିଵ,௝୫  and 𝛿௜ିଵ,௝→௜,௝௠  from the south to the north, and its calculation equation is as follows: 𝛿௜ିଵ,௝→௜,௝௠ = 𝛼௜ିଵ,௝௠𝐻௜ିଵ,௝௠  (11)

In signal coordination for intersection 𝐼௜.௝, if 𝛿௜ିଵ,௝→௜,௝௠  and 𝛿௜ାଵ,௝→௜,௝௠  correspond to 
the same phase, the smaller of the two is chosen as the coordination rate 𝛿௜,௝௠. 

After obtaining the phase coordination rates for individual directions, the phase co-
ordination rates for intersections can be further derived. Figure 3 represents each turn and 
phase at the intersection, and Table 1 shows the numbering of each lane corresponding to 
the phase coordination rate. Figure 4 displays the green time projection relationship be-
tween two adjacent intersections. 
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Figure 3. Diagram of intersection phase sequence. 

Table 1. Phase coordination rate coding rules. 

Direction Number 1 2 3 4 5 6 7 8 

phase coordination rate 𝛿௤ସ௠ 𝛿୯ଵ௠ 𝛿௤ଶ௠ 𝛿௤ଷ௠ 𝛿௣ସ௠ 𝛿௣ଵ௠ 𝛿௣ଶ௠ 𝛿௣ଷ௠ 

p: i + 1, j → i, j;  𝑞: i − 1, j → i, j. 

 

Figure 4. Relationship of green time mapping. 

From Figure 4, we can get 𝛼௜ାଵ,௝ଶ௠  as in Equation (12). 𝛼௜ାଵ,௝ ଶ௠ = 𝐻௜ାଵ,௝→௜,௝ଶ௠ ∩ 𝐻௜,௝ଶ௠ = 𝑚𝑖𝑛൫𝑇௜ାଵ,௝௘ଶ௠+ 𝑇௧ଶ௠,  𝑇௜ାଵ,௝௘ଶ௠  ൯ − 𝑚𝑎𝑥 (𝑇௜ାଵ,௝௦ଶ௠+ 𝑇௧ଶ௠,𝑇௜ାଵ,௝௦ଶ௠ ) (12)

In addition, the intersecting roads forming an intersection may be of different classes 
and the signal cycle time may not be consistent. Therefore, 𝜎௜,௝ is introduced to represent 
the number of cycles that intersection 𝐼௜.௝ goes through in a large cycle 𝐶௜,௝௜ାଵ,௝. The value 
of 𝐶௜,௝௜ାଵ,௝ is taken as the least common multiple of the intersections 𝐼௜.௝ and 𝐼௜ାଵ.௝. Equa-
tion (12) can be derived from Equations (13) and (14). 

𝜎௜,௝ = 𝐶௜,௝௜ାଵ,௝𝐶௜,௝  (13)

𝛿௜ାଵ,௝→௜,௝ଶ௠ = ఈ೔శభ,ೕమ೘ఙ೔శభ,ೕு೔శభ,ೕమ೘   = 
ఈ೔శభ,ೕమ೘ఙ೔శభ,ೕቀ௚೔శభ,ೕభ ା௚೔శభ,ೕమ ቁ (14)

Similarly, the coordination rate 𝛿௜,௝ଶ௠ for the north–south straight at intersection 𝐼௜.௝ 
is determined by the lower rate of the coordination rate 𝛿௜ାଵ,௝→௜,௝ଶ௠  for intersection 𝐼௜ାଵ.௝ 
and the coordination rate 𝛿௜ିଵ,௝→௜,௝ଶ௠  for intersection 𝐼௜ିଵ.௝. 

The coordination rates for the other three phases can also be derived and are denoted 
by 𝛿௜,௝ଵ௠, 𝛿௜,௝ଷ௠, and 𝛿௜,௝ସ௠. The phase coordination rate for the intersection 𝐼௜.௝ is shown in 
Equation (15). 
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𝑔൫𝐼௜.௝൯ = 𝜏ଵ𝛿௜,௝ଵ௠ + 𝜏ଶ𝛿௜,௝ଶ௠ + 𝜏ଷ𝛿௜,௝ଷ௠ + 𝜏ସ𝛿௜,௝ସ௠ (15)𝜏 is the phase weight ratio, for intersections with high saturation, the value of phase 
weight should be determined in conjunction with the operation status of the intersection. 
First, under the same phase, the maximum traffic flow among all traffic flows is selected 
as the weight value. Then, under different phases, the weight ratio value is the ratio of the 
maximum traffic flow of the phase. 

When using the phase coordination rate as the optimization objective for coordinated 
control, the main inputs and influencing factors differ from those of traditional band-
width-based methods. Specifically, the following factors need to be considered: vehicle 
driving trajectories (obtained from LPR data), intersection topology, the degree of green 
time overlap between upstream and downstream intersections, the distribution of vehicle 
arrival times, and phase sequence and offset settings. These factors collectively determine 
the achievable coordination quality in large-scale road networks. 

3.3. Improved Chaotic Particle Swarm Optimization 

3.3.1. Particle Swarm Optimization 

In particle swarm optimization, each solution is a particle in the search space. First of 
all, a set of random particles needs to be generated, and their position is defined as x௜ =(𝑥௜ଵ, 𝑥௜ଶ,⋯ , 𝑥௜ேሻ் . Its velocity is 𝑣௜ = (𝑣௜ଵ, 𝑣௜ଶ,⋯ , 𝑣௜ேሻ் , and its extreme value is 𝑝௜ =(𝑝௜ଵ,𝑝௜ଶ,⋯ ,𝑝௜ேሻ் . Meanwhile, the global extreme value is defined as 𝑝௚ =൫𝑝௚ଵ,𝑝௚ଶ,⋯ ,𝑝௚ே൯். The particle swarm optimization searches for the optimal solution by 
adjusting the individual extreme value 𝑝௜ and the global extreme value 𝑝௚ for update 
iterations. Let 𝑓(𝑥௜ሻ denote the fitness function of particle i. The updates of velocity and 
position are calculated as in Equations (16) and (17). 𝑣௜ௗ௞ାଵ = 𝑤 ⋅ 𝑣௜ௗ௞ + 𝑐ଵ ⋅ 𝑟𝑎𝑛𝑑() ⋅ ൫𝑝௜ௗ − 𝑥௜ௗ௞ ൯ + 𝑐ଶ ⋅ 𝑟𝑎𝑛𝑑() ⋅ ൫𝑝௚ௗ − 𝑥௜ௗ௞ ൯ (16)

𝑥௜ௗ௞ାଵ = 𝑥௜ௗ௞ + 𝑣௜ௗ௞ାଵ (17)

where i = 1, 2, … M, M is the total number of particles, d = 1,2, …, N, N is the dimension of 
the solution space, i.e., the number of independent variables, k is currently the number of 
iterations, 𝑘௠௔௫  denotes the maximum number of iterations, 𝑤  is inertia weight, and 
rand () is a random variable that is independent and follows a uniform distribution in [0, 
1], and 𝑐ଵ and 𝑐ଶ are acceleration factors that control the maximum step size of the flight 
towards 𝑝௜ and 𝑝௚, respectively. Although the classical particle swarm optimization has 
a fast initial convergence speed, the search speed is slow and the accuracy is not high 
when approaching the extremes, which leads to easy falling into the local optimum. Also, 
the rapid loss of species diversity can cause the algorithm to mature prematurely, so cha-
otic mapping is introduced to improve the shortcomings of the typical particle swarm 
optimization. 

3.3.2. Chaos Mapping 

Due to its ergodicity and stochasticity, chaotic strategies are often used in optimiza-
tion and have been incorporated into particle swarm optimizations many times to help 
particles escape from the local optimum. When the particle swarm optimization reaches 
convergence, the population is chaotically mapped according to the probability 𝑃௠. First, 
all non-globally optimal particles are screened, and each particle is configured with a ran-
dom number r distributed in [0, 1]. Then, it is determined whether each r is less than 𝑃௠. 
If so, a one-dimensional variable is randomly selected for the particle to perform the cha-
otic mapping. This paper aims to address the premature convergence problem in the 
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standard particle swarm optimization algorithm. It employs logistic chaotic mapping. 
This chaotic mapping enhances the diversity of the population during the initialization 
stage and helps the particles escape from local optimal solutions by providing chaotic 
perturbations, thereby improving the global search capability. Logistic mapping is used 
here as an example, as in Equation (18). 𝑥௞ାଵ = 𝜇 ⋅ 𝑥௞ ⋅ (1 − 𝑥௞), 0 ≤ 𝑥଴ ≤ 1 (18)

where 𝑥௞ is the ratio of the population to the maximum possible population size at time 
t, which takes values from 0 to 1; 𝜇 is the scale factor, which takes values from 0 to 4. The 
current particle is first recorded as the optimal solution, and the search for optimality pro-
ceeds to the next cycle. Specifically, it involves the following steps. 

Step 1: For the N-dimensional variable 𝑥௜ to be chaotically mapped, randomly ini-
tialize the mapping subscript i between 1 and N. 

Step 2: The decision variable 𝑥௜ is mapped to a chaotic variable 𝑐𝑥௜ between 0 and 
1 according Equation (19). 𝑐𝑥௜ = 𝑥௜ − 𝑥௜௠௔௫𝑥௜௠௔௫ − 𝑥௜௠௜௡ (19)

where 𝑥௜௠௔௫ and 𝑥௜௠௜௡ are the upper and lower bounds of the search for the i-th dimen-
sional variable, respectively. 

Step 3: Update the chaotic variable 𝑐𝑥௜ with Equation (18). 
Step 4: The chaotic variable 𝑐𝑥௜ is converted to the decision variable 𝑥௜ according 

to Equation (20). 𝑥௜ = 𝑥௜௠௜௡ + 𝑐𝑥௜(𝑥௜௠௔௫ − 𝑥௜௠௜௡) (20)

3.3.3. Sequential Quadratic Programming 

Introducing chaotic mapping into particle swarm optimization can effectively im-
prove the shortcomings of the algorithm, but it can still be optimized in terms of conver-
gence accuracy. Therefore, we consider adding a local search to the chaotic particle swarm 
optimization to improve the convergence accuracy. 

SQP is an optimization method for solving nonlinear planning problems. It can be 
used to solve extremal problems of multivariate functions with constraints. In the study, 
the method is incorporated into the chaotic particle swarm optimization. The chaotic par-
ticle swarm optimization is used as the global searcher and the SQP algorithm is used as 
the local searcher. And the optimization algorithm automatically switches between global 
and local search according to convergence. 

First, chaotic particle swarm optimization is used to find the optimal solution. Then, 
taking the current optimal particle position as the starting point, SQP is called to perform 
local search and iterate until the termination condition is reached. To balance computa-
tional efficiency and solution quality, SQP is invoked every 𝑓௦௤௣ iterations. At the same 
time, the gradient information is used to speed up the local search during each iteration. 
Chaotic mapping is used to maintain the diversity of the population so that the particles 
can search the whole space based on fast local optimization. After the above algorithm 
fusion, the improved chaotic particle swarm (ICPSO) optimization based on SQP and cha-
otic mapping is finally formed. 

3.3.4. Pseudo-Code of the Improved Algorithm 

To provide a clear and complete description of the proposed hybrid optimization 
algorithm, Algorithm 1 presents the pseudo-code of the ICPSO integrating logistic chaotic 
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mapping and SQP. The algorithm consists of four main steps: chaotic initialization, stand-
ard PSO iteration, chaotic perturbation, and periodic SQP refinement. 

Algorithm 1: ICPSO with Logistic Chaotic Mapping and SQP 
 Input: Number of particles M, dimension of solution space N, maximum itera-

tions 𝑘௠௔௫ , inertia weight w, acceleration factors 𝑐ଵ  and 𝑐ଶ , chaotic 
mapping probability 𝑃௠, scale factor 𝜇, SQP local search frequency 𝑓௦௤௣ 

Output: Global extreme value 𝑝௚ 
  
1 //Chaotic initialization 
 Initialize cx = 𝑥଴ with 𝑥଴ ∈ (0,1); 
2 for i = 1 to M do 
3  for d = 1 to N do 
4   Generate chaotic sequence: 𝑐𝑥 = 𝜇 ⋅ 𝑐𝑥 ⋅ (1 − 𝑐𝑥); 
5   𝑥௜,ௗ = 𝑥ௗ,௠௜௡ + 𝑐𝑥 ⋅ ൫𝑥ௗ,௠௔௫ − 𝑥ௗ,௠௜௡൯; 
6  end for 
7  Evaluate fitness 𝑓(𝑥௜); set personal best 𝑝௜ = 𝑥௜; 
8 end for 
9 Find global extreme 𝑝௚ as the particle with the best fitness; 
   
10 //Main loop 
11 for k = 1 to 𝑘௠௔௫ do 
12  for i = 1 to M do 
13   Update velocity 𝑣௜ and position 𝑥௜ using Equations (16) and (17); 
14   if 𝑓(𝑥௜) < 𝑓(𝑝௜) then 𝑝௜ = 𝑥௜; 
15   if 𝑓(𝑝௜) <  𝑓൫𝑝௚൯ then 𝑝௚  =  𝑝௜; 
16  end for 
17  for i = 1 to M do 
18   if rand() < 𝑃௠ and 𝑖 ≠ 𝑖𝑛𝑑𝑒𝑥൫𝑝௚൯ then 
19    Apply chaotic perturbation using Equations (18)–(20); 
20   end if 
21  end for 
22  if k mod 𝑓௦௤௣ = 0 then refine 𝑝௚ using SQP; 
23  Update inertia weight 𝑤: 𝑤 =  𝑤௠௔௫  −  (𝑤௠௔௫ − 𝑤௠௜௡) ∙ (𝑘 𝑘௠௔௫⁄ ) 
24 end for 
25 Return 𝑝௚ 

The pseudo-code illustrates how the chaotic map enhances population diversity and 
helps escape local optima, while SQP locally refines the global best solution to improve 
accuracy. 

3.4. Model Validity Test 

In order to compare the effectiveness of the model, the number of function evalua-
tions was chosen as an evaluation metric. For a given desired optimal value VTR, the run 
is considered successful if the results within the range of the desired optimal value are 
searched within the maximum number of function evaluations. In the process, when the 
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optimization result reaches VTR for the first time, the number of completed function eval-
uations is called the number of valid function evaluations FES. The following are the steps 
of the validity test. 

Step 1: Initialization. 
1.1 The variables are randomly initialized within a range of values. These include the 

population size M, the maximum number of function evaluations Max_FES, the desired 
optimal value VTR, the number of valid function evaluations FES, the convergence thresh-
old ε, and the chaotic transformation rate 𝑃௠. 

1.2 Initialize the position 𝑋௜  and velocity 𝑉௜  of the particles uniformly and ran-
domly within the constraints. 

1.3 By computing 𝑓(𝑋௜), the particle corresponding to the best function value in the 
population is the initial global pole position 𝑝௚. The position of each particle is the initial 
individual pole position 𝑝௜, and the cumulative number of function evaluations is k = M. 

Step 2: If k = Max_FES, save the optimization result 𝑓൫𝑝௚൯, and quit. Otherwise, run 
the particle swarm search algorithm. 

2.1 Update the position 𝑋௜ and velocity 𝑉௜ of particles. 
2.2 For each particle, compute the target value 𝑓(௫೔)௞  at the new position and update 

k. Determine whether 𝑓൫𝑝௚൯ is less than VTR for the first time, and if so, FES = k. 
2.3 Based on the particle information, update 𝑝௜ and 𝑝௚ and record the optimal par-

ticle subscript m_ix. 
Step 3: Determine whether the particle swarm optimization converges or not; if it 

does, then proceed, otherwise, return to step 2. 
Step 4: Using the position of the globally optimal particle, 𝑋௠_௜௫, as the starting point, 

the SQP algorithm is run to update 𝑋௜ , 𝑉௜ , 𝑝௚ and k. 
Step 5: If k = Max_FES, save the optimization result 𝑓൫𝑝௚൯, and quit. Otherwise con-

tinue. 
Step 6: Perform a chaotic mapping and determine whether 𝑓൫𝑝௚൯ is less than VTR 

for the first time, if so, then FES = k. 
Step 7: Return to Step 2. 
In order to verify the stability of the model, three evaluation metrics were chosen, 

namely the success rate SR, the average number of valid function evaluations AVEN, and 
the desired runtime ERT. Equations (21)–(23) show the calculation method. 

𝑆𝑅 = 𝑆𝑅𝑁TRN × 100% (21)

𝐴𝑉𝐸𝑁 = ∑௜ୀଵௌோே 𝐹𝐸𝑆௜𝑆𝑅𝑁  (22)

𝐸𝑅𝑇 = 𝑆𝑅 × 𝐴𝑉𝐸𝑁 + (𝑙 − 𝑆𝑅) × 𝑀𝑎𝑥ି𝐹𝐸𝑆𝑆𝑅  (23)

where SRN is the number of successful runs, TRN is the total number of runs. It can be 
seen from the equations that the lower AVEN and ERT are, the higher the efficiency of the 
algorithm. 

4. Data Collection and Traffic Simulation 
4.1. Study Area 

The study area is part of the road network in Changsha City, the scope of which is 
shown in Figure 5a. The area has an LPR system to collect the information of passing ve-
hicles. According to the location of the data collection points extracted from the LPR 
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system, the road network is transformed into an abstract road network of road sections 
and intersections, as shown in Figure 5b, which contains 48 intersections. 

  
(a) (b) 

Figure 5. Study area (a) Scope of road network (b) Abstract road network. 

4.2. LPR System Data 

The LPR data of Changsha City is obtained from vehicle data collected by fixed col-
lectors. Collectors are usually deployed at key nodes or sections of urban roads. This sys-
tem utilizes technologies such as high-definition imaging, vehicle detection and image 
recognition to automatically collect and process the license plate information of passing 
vehicles. It can conduct round-the-clock uninterrupted monitoring of traffic flow condi-
tions and vehicle behaviors. All LPR data used in this study were fully anonymized prior 
to analysis. The original license plate numbers were replaced with unique but meaning-
less identifiers. Therefore, our analysis is entirely based on anonymized vehicle data. 

The primary objective of the study is to assess the impact of coordinated control on 
road network congestion. Therefore, the weekday morning rush hour has been selected 
as the research subject. During the morning peak hour, traffic congestion on the road net-
work is more pronounced, with some sections experiencing severe congestion. Although 
the network contains two-way eight-lane roads and two-way ten-lane roads, there are 
more localized congestion points, which still cause greater traffic pressure on the network. 
The data set for analysis in the study comprises traffic volumes for five consecutive week-
days from 1 July to 5 July 2019. The LPR data from Changsha show a similar traffic distri-
bution trend across the five weekdays. The selected time period is from 7:00 a.m. to 9:00 
a.m. We analyzed traffic volume at 15 min intervals to capture its temporal distribution. 
The results indicate that traffic demand remained at a high level throughout the 7:00 a.m. 
to 9:00 a.m. period, rather than peaking sharply at any specific time. Consequently, the 
averaging method was employed to obtain the morning peak traffic volume. Table 2 pre-
sents the base information for the selected intersections. 
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Table 2. Information of intersection flow. 

Number Direction Number of Lanes 
Traffic Flow 
(Vehicles/h) Number Direction 

Number of 
Lanes 

Traffic Flow 
(Vehicles/h) 

2 

East 4 1084 

12 

East 4 838 
West 3 865 West 4 1090 
South 5 765 South 6 1944 
North 6 618 North 6 1104 

36 

East / 

41 

East 5 813 
West 3 602 West 5 892 
South 2 433 South 1 204 
North 2 392 North / 

4.3. Simulation Network 

4.3.1. Network Mapping 

In order to verify the optimization effect, the study requires the construction of a 
simulated road network. Based on the field survey and the data in the LPR system, the 
relevant parameters in the abstract road network can be determined, such as the length of 
the road section, the number of lanes, and the signal timing. The abstract road network is 
transformed into a simulated road network by these parameters in VISSIM 6.0 software, 
as shown in Figure 6. 

 

Figure 6. Simulated road network. 

It should be noted that the simulated road network does not include all real roads. In 
the LPR system in Changsha City, there are some intersections where data collection 
points are not set up, so the roads associated with them are excluded. To reduce the influ-
ence of these road flows on the accuracy of the simulated road network, we adjusted the 
traffic flow load to make the simulation results as close as possible to the real results col-
lected by the LPR system. 

4.3.2. Network Calibration 

The number of intersections in the study area is high, and using a single indicator to 
calibrate the road network may have a large error. According to our calculations, calibra-
tion using two indicators reduces the error rate by approximately 5% to 12% compared to 
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using a single indicator. Therefore, in the study, we chose to calibrate the data from two 
indicators, namely the road travel time and the number of vehicles passing the intersec-
tion, as shown in Figure 7. 

  
(a) (b) 

Figure 7. Network calibration (a) Road travel time (b) Number of vehicles passing the intersection. 

Firstly, eight road sections were selected from the road network to compare the error 
rates of the travel times. The maximum error rate is 22%, and the average error rate is 
10.9%. In terms of the number of passes, the maximum error rate for the 48 intersections 
is 18%, and the average error rate is 5.4%. From the results, the simulated road network 
calibrated with actual data can better simulate the actual operating state and can be used 
to conduct comparative experiments. 

4.4. Network Division and Boundary Control 

In order to facilitate the control of a large-scale road network, it is necessary to divide 
the network. In a previous study, we found that dividing the road network into four sub-
networks for coordinated control can achieve better results. Therefore, in this study we 
used the division as a basis for analysis, and the division result is shown in Figure 8a, 
which employs a normalization algorithm to divide the road network. 

Following completion of the sub-network division, flow exchange intersections are 
established at the sub-network boundary. From the LPR system data of the boundary in-
tersections, the two intersections with the highest traffic volume are identified as flow ex-
change intersections. The results are presented in Figure 8b. 

  
(a) (b) 

Figure 8. Results of road network division and boundary control. (a) Network division. (b) Inter-
sections of boundary control. 
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For the flow exchange, the peak value of the flow within each sub-network is deter-
mined by the extreme value of the macro fundamental map fitting. At the conclusion of 
each control cycle, it is necessary to ascertain the magnitude of the flow of the sub-network 
in relation to the peak value. The result of the judgment will determine the inflow and 
outflow of the traffic in the subsequent control cycle. 

5. Results and Analysis 
In order to ascertain the efficacy of each algorithm in terms of optimization, the study 

initially compares the optimization effect of the genetic algorithm, particle swarm optimi-
zation, and adaptive particle swarm optimization in a simulated road network. Subse-
quently, chaotic mapping is integrated to address the shortcomings of the particle swarm 
optimization and to assess its efficacy. In order to enhance the convergence accuracy, a 
particle swarm optimization incorporating chaotic mapping is employed as a global 
searcher, while an SQP algorithm is introduced as a local searcher to form an improved 
chaotic particle swarm optimization. Finally, the chaotic mapping parameters in the im-
proved algorithm are optimized. 

To assess the impact of the algorithm on the road network state, a series of indicators 
are selected, including intersection delay time, intersection saturation, travel time, and the 
number of stops. Furthermore, the study only coordinates the control of critical paths, so 
the two cases of areas covered by the critical path and all areas are compared. 

5.1. Algorithm Optimization Result 

Figure 9 illustrates the optimization of the road network by different algorithms. As 
the objective of the algorithm is the critical path, the optimization effect of the areas cov-
ered by the critical path is considerably higher than that on all areas. Furthermore, the 
optimization performance of the particle swarm optimization is enhanced by adjusting 
the particle weights to an adaptive configuration. However, the improvement across all 
areas is not significant. 

  
(a) (b) 

Figure 9. Simulation results of algorithms. (a) Areas covered by the critical paths. (b) All areas. 

5.2. Results of the Improved Chaotic Particle Swarm Optimization 

To address the limitations of particle swarm optimization in global search, the study 
proposes the incorporation of chaotic mapping as a means of addressing the issue. Chaotic 
mapping includes a variety of mapping forms. In order to identify the form of chaotic 
mapping that best matches the current optimization problem, four common chaotic map-
pings are selected in the study for effect comparison. The results are presented in Tables 
3 and 4. Intersection saturation, defined as the ratio of actual traffic flow to capacity, is a 
key indicator of traffic congestion. A saturation value close to or exceeding 1.0 indicates 
that the intersection is operating at or beyond its capacity, leading to increased delays and 
queue lengths. In this study, saturation is used both as a criterion for identifying network 
bottlenecks and as a performance metric for evaluating the proposed control strategy. 
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Table 3. Effect of different chaotic mappings on the optimization rate (areas covered by the critical 
paths). 

 Intersection Delays Intersection Saturation Travel Time Number of Stops 
Standard particle swarm 14.52% 15.17% 15.31% 15.84% 

Logistic mapping and Particle swarm 17.13% 17.63% 18.01% 18.33% 
Tent mapping and Particle swarm 16.98% 17.25% 17.32% 18.01% 

Cubic mapping and Particle swarm 16.32% 17.25% 16.85% 17.95% 
Sine mapping and Particle swarm 16.63% 17.03% 16.93% 18.005% 

Table 4. Effect of different chaotic mappings on the optimization rate (all areas). 

 Intersection Delays Intersection Saturation Travel Time Number of Stops 
Standard particle swarm 6.49% 7.81% 8.57% 8.75% 

Logistic mapping and Particle swarm 8.63% 9.85% 11.01% 10.84% 
Tent mapping and Particle swarm 7.93% 9.13% 10.52% 10.33% 

Cubic mapping and Particle swarm 7.97% 9.12% 10.17% 10.23% 
Sine mapping and Particle swarm 8.01% 9.15% 10.12% 10.28% 

The results show that: (1) The introduction of chaotic mapping to improve the parti-
cle swarm optimization algorithm can achieve better optimization results. (2) logistic map-
ping achieved the best optimization results in all indicators. In areas covered by critical 
paths, it was able to achieve a rate of over 17%. This indicates that the proposed model 
achieves a satisfactory optimization effect and meets the requirements of coordinated con-
trol. In all areas, it was able to achieve a rate of over 8%. These findings suggest that in-
corporating logistic mapping into the particle swarm optimization can enhance its perfor-
mance on the optimization problem. In order to improve the convergence accuracy at the 
later stage of the algorithm, after incorporating logistic mapping, SQP was introduced as 
a local search into the particle swarm optimization to obtain the final improved chaotic 
particle swarm optimization. Figure 10 demonstrates the optimization effect. 

(a) (b) 

Figure 10. Simulation results of improved particle swarm optimization. (a) Areas covered by the 
critical paths. (b) All areas. 

As shown in Figure 10, the optimization effect on the area covered by the critical path 
is better than that on all areas. This is because the optimization objective is the critical path 
that is determined through the initial screening. Therefore, after applying the optimiza-
tion strategy, the improvement effect on the critical path itself is significant. For other sec-
tions and areas within the network, their impacts are different. Some sections may benefit 
from the alleviation of congestion, and the traffic condition improvement is more obvious. 
Meanwhile, some roads may experience a slight negative impact due to the optimization 
adjustments, as these adjustments mainly aim to ensure the passage of the critical path. 
Therefore, in the final effect, the overall performance improvement of the entire network 
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is positive, but compared to the improvement only on the critical path, its effect is not so 
significant. For large-scale networks, this result is acceptable because the adopted strategy 
not only improves the performance of the optimization objective but also ensures the ef-
ficiency of the entire road network. 

5.3. Optimization of Logistic Mapping Parameters 

The scale factor in logistic mapping exerts control over the complexity and dynamic 
behavior of the mapping. If the value is less than 1, the mapping is stable. As the value 
increases, the dynamic behavior of the mapping becomes increasingly complex, eventu-
ally leading to chaos. When the value of the scale factor is greater than 3.57, the mapping 
enters a chaotic state. As the value continues to increase within the chaotic range (3.57 to 
4), the behavior becomes more random and uniformly distributed. At µ = 4, the mapping 
reaches its fully chaotic state with maximum randomness and the best uniform distribu-
tion across the [0, 1] interval, which is ideal for population initialization and perturbation 
in particle swarm optimization. If the value exceeds 4, the sequence diverges and tends to 
infinity, making it invalid for optimization. The specific value range depends on the re-
search problem. The study endeavors to optimize the parameters of logistic mapping. 
Therefore, the optimization encompasses two aspects: the scale factor µ and the popula-
tion ratio 𝑥௞. 

Several papers have demonstrated that the mapping formulae exhibit chaotic behav-
ior for values of µ taken between 3.6 and 4 [42–44]. In order to identify the optimal scale 
factor for the problem at hand, five alternative values of µ, namely 3.6, 3.7, 3.8, 3.9, and 
4.0, were selected at intervals of 0.1 in the study. 

For each scale factor, the impact of randomizing the initial position to values within 
the range of 0 to 1 was evaluated. The optimal initial position at each scale factor was 
identified based on the optimization results of the phase coordination rate. The results are 
presented in Table 5. 

Table 5. Parameter test results. 

μ 𝒙𝒌 Optimal Value of Phase Coordination Rate 
3.6 0.3 89.32% 
3.7 0.6 88.52% 
3.8 0.7 89.63% 
3.9 0.6 94.91% 
4.0 0.8 95.13% 

From the results in the table, the best optimization results are obtained when the scale 
factor is 4.0. Consequently, the logistic mapping with a scale factor of 4.0 and an initial 
position of 0.8 is integrated into the particle swarm optimization to assess the optimization 
efficacy. The results are depicted in Figure 11. 

  
(a) (b) 

Figure 11. Parameter optimization comparison results. (a) Areas covered by the critical paths. (b) 
All areas. 
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The results demonstrate that the improved particle swarm optimization based on lo-
gistic mapping has achieved superior outcomes in all aspects. In terms of the overall effect 
of road network improvement, the improved particle swarm optimization achieved better 
results than the other methods. This shows that the parameter improvement for chaotic 
mapping makes the model more suitable for the research problem. 

5.4. Model Testing 

To evaluate the effectiveness of the proposed ICPSO model, we conducted tests from 
two aspects: validity and stability. Four benchmark functions were selected for the test 
(Rosenbrock, Sphere, Rastrigin, and Ackley). Each test function was run 30 times inde-
pendently to ensure statistical significance. The population size was set to 30, and the 
maximum number of iterations was 500 for all algorithms. 

At the same time, we also conducted a Wilcoxon test. This was used to compare the 
significance of ICPSO compared to the standard PSO. The Wilcoxon signed-rank test was 
conducted on the optimal values obtained from 30 independent runs for each of the four 
benchmark functions. The p-values represent the significance test between ICPSO and 
standard PSO. It should be noted that for the standard PSO to obtain valid results on the 
four benchmark functions, the search boundaries and convergence criteria were appro-
priately relaxed. The results are shown in Table 6. 

Table 6. Results of model validation and statistical comparison. 

Function Algorithm Mean ± STD SR p-Value 

Rosenbrock 
PSO 3.83 × 101 ± 1.25× 101 12% 

3.21 × 10−6 
ICPSO 1.80 × 10−3 ± 7.50 × 10−4 96% 

Sphere 
PSO 6.07 × 10−8 ± 2.12 × 10−8 95% 

1.47 × 10−8 
ICPSO 5.67 × 10−15 ± 2.12 × 10−15 97% 

Rastrigin 
PSO 1.25 × 101 ± 4.32 × 100 72% 

2.89 × 10−7 
ICPSO 9.09 × 10−7 ± 3.41 × 10−7 94% 

Ackley 
PSO 1.86 × 100 ± 5.18 × 10−1 85% 

4.53 × 10−6 
ICPSO 1.05 × 10−2 ± 3.78 × 10−3 96% 

The results show: 

(1) Model effectiveness: The proposed ICPSO achieves better optimal values and lower 
mean and standard deviation values compared to PSO across all four benchmark 
functions. This indicates that the introduction of logistic chaotic mapping and SQP 
local search effectively enhances the global search capability and convergence accu-
racy of PSO. 

(2) Model stability: The results demonstrate that ICPSO achieves a higher success rate 
and lower computational cost, showcasing its superior stability and efficiency. 

(3) Wilcoxon test: All p-values are below the 0.05 significance level, indicating that the 
differences between ICPSO and PSO are statistically significant. This confirms that 
the introduction of logistic chaotic mapping and SQP local search leads to a genuine 
improvement in optimization performance, rather than random variation. 

To evaluate the computational cost of the proposed ICPSO, we analyzed its time com-
plexity and compared its runtime with standard PSO. The standard PSO has a time com-
plexity of O(M·N·T), where M is the population size, N is the dimension, and T is the 
maximum number of iterations. The proposed ICPSO introduces chaotic perturbation and 
periodic SQP local search. The chaotic perturbation has a complexity of O(M·N·𝑝௠·T), 
where 𝑝௠  is the chaotic probability (typically 0.1–0.3). The SQP local search has a 
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complexity of O(T·𝐶௦௤௣), where 𝐶௦௤௣ is constant. Since 𝑝௠ is small and 𝐶௦௤௣ is con-
stant, the overall complexity remains O(M·N·T), the same order as standard PSO. 

A preliminary runtime comparison was conducted on the Rosenbrock function using 
the same hardware. The average runtime of ICPSO was approximately 1.6 times that of 
standard PSO (0.83 s vs. 0.52 s over 10 independent runs). Given that the optimization is 
performed offline and ICPSO achieves significantly better results (as shown in Table 6), 
this additional computational cost is considered acceptable. 

6. Conclusions 
In the study, a simulated road network was constructed in VISSIM 6.0 software based 

on the actual road network. Vehicle data from the LPR system was utilized for calibration. 
Second, the coordinated control of large-scale road networks is achieved through sub-
network division and boundary control. Meanwhile, the path correlation is selected as an 
indicator to filter the critical paths in the cross-sub-network traffic flow from the vehicle 
data. In the optimization solution process, the phase coordination rate is taken as the op-
timization objective. A global searcher is constructed by integrating the improved logistic 
chaotic mapping and particle swarm optimization, and the sequential quadratic program-
ming search is used as the local searcher. The final stage of the process is the solution of 
the optimal coordinated control strategy for a multi-sub-network. The effectiveness of the 
solution is then verified in a simulated road network environment. The main conclusions 
are as follows: 

(1) The results obtained through the particle swarm optimization can facilitate more ef-
fective optimization of the area encompassed by the critical path. However, the im-
provement in the global road network is limited, and the experimental results also 
indicate that particle swarm is prone to falling into local optima during the optimi-
zation search process. 

(2) The incorporation of chaotic mapping addresses the shortcomings of the particle 
swarm optimization, and the addition of sequential quadratic programming search 
further enhances the quality and efficiency of the optimization results. The simula-
tion results of the optimal solution demonstrate improvement in both the critical path 
coverage area and in all areas. These findings indicate that the improved particle 
swarm optimization developed in this study can be effectively applied to the coordi-
nated control of large-scale urban road networks. 

(3) Optimizing the initial position and scale factor of the logistic mapping can improve 
the control effect. The coordinated control model proposed achieves a phase coordi-
nation rate indicator of 95.13%. Concurrently, other traffic indicators such as inter-
section saturation, intersection delay time, road section travel time, and the average 
number of stops are also improved. This demonstrates that parameter optimization 
can further improve the algorithm’s effectiveness for this problem. 

The coordinated control model proposed targets the critical paths in the cross-sub-
network flows, and therefore the coordinated control optimizes only the intersections and 
road sections covered by a part of the paths. For other road sections and intersections, the 
coordination scheme also has a positive effect on most of them. However, some road sec-
tions will have slight negative effects due to vehicle detours and signal changes. It should 
be noted that the study has not yet considered the contingency factors that exist in the real 
road environment. Consequently, the optimization effect of coordinated control on the 
road network may be lower than the experimental effect in practical applications. 
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