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ARTICLE INFO ABSTRACT

Keywords: The transportation environment of smart cities is complex and ever-changing, and traffic flow is
Adaptive artificial fish school algorithm influenced by various factors. With the increase of traffic flow in smart cities, optimizing traffic
Smart city

intersection signal control has become an important method to improve traffic efficiency and
reduce congestion. To this end, a smart city traffic intersection(SCTI) signal control optimization
method based on adaptive artificial fish swarm algorithm was studied. Establish the Equation of
state of traffic flow at SCTIs to understand the actual traffic flow at SCTIs. On this basis, design
SCTI signal control parameters, with the minimum average delay and average number of stops as
objective functions, and construct an optimization model for SCTI signal control. By combining
chaotic search theory and adaptively improving the artificial fish swarm algorithm, based on the
adaptive artificial fish swarm algorithm, the intelligent city traffic intersection signal control
optimization model is solved to achieve intelligent city traffic intersection signal control opti-
mization. The experimental results show that the average delay of this method is 7.8 ms, the
average number of stops is 2, and the travel time is 68.4 s s. Thus, it is proved that the method in
this paper has a good optimization effect of traffic signal control at smart city intersections, which
can improve the optimization efficiency of traffic signal control at smart city intersections and
reduce traffic congestion at smart city intersections.

Traffic intersections
Optimization of signal light control
Chaotic search

1. Introduction

Smart cities emphasize the rapid development of cities in informatization, digitalization and intelligence. With the progress and
innovation of science and technology, smart cities have become an important direction of urban development, aiming at improving the
sustainability, quality of life and economic benefits of cities [1-3]. Under the background of smart city, intelligent transportation, as an
important part of it, has received more and more attention and application. Intelligent transportation intelligently manages and op-
timizes the urban transportation system by comprehensively applying information technology, communication technology, big data,
artificial intelligence and other means. Intelligent urban transportation system uses big data, sensor networks and other technologies to
collect, analyze and utilize traffic data. By monitoring and analyzing real-time traffic conditions, urban managers can make more
accurate and effective decisions and respond to traffic problems in time [4]. Intelligent traffic lights, intelligent parking guidance
system, intelligent public transportation and other technical means are adopted to optimize traffic flow, reduce traffic congestion and
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improve traffic efficiency [5,6]. Encourage and support sustainable modes of transportation, such as public transportation, cycling and
walking. By providing convenient public transport services, building cycling streets and pedestrian streets, we can reduce the use of
private cars, reduce environmental pollution and improve the travel experience of urban residents. In this context, the optimization of
signal light control at traffic intersections in smart cities has become a hot issue.

Reference [7] proposes dynamic traffic light control methods with different priorities. The dynamic state constructor is used to
control the signal combination conversion of traffic lights. By designing duration particles and enhancement particles, the quantum
particle swarm optimization algorithm is rebuilt to allocate intersections with different optimization priorities. However, this method
has a long travel time. Reference [8] proposes an optimization method for traffic signal control based on deep reinforcement learning.
By extending the centralized traffic signal learning and decentralized execution mode of Actor-Critic strategy gradient algorithm,
critics use additional information to simplify the traffic signal control process and complete the traffic signal control optimization.
However, the average delay time of this method needs to be verified. Reference [9] puts forward an artificial fish swarm algorithm to
optimize dynamic fuzzy neural network. Taking the reciprocal of the average delay of vehicles as the food concentration of AFSA, and
taking the weights and thresholds of dynamic fuzzy neural network that need to be corrected as the individual state of artificial fish, a
set of optimal parameters of dynamic fuzzy neural network are obtained through iterative updating, so as to realize the multi-phase
phase phase-change sequence intelligent control of five forks. However, this method has a high average number of stops. Reference
[10] puts forward the urban green wave traffic control system. The adaptive mechanism and crossover and mutation operators are
introduced into the artificial fish swarm algorithm to adjust the evolutionary population. By setting up bulletin board measures and
retaining strategies, the individual state of the optimal artificial fish is recorded, and the green wave traffic control at continuous
intersections is completed. However, this method has the problem of poor control effect. Reference [11] proposes artificial fish swarm
algorithm, chaotic search and feedback strategy based on signal timing optimization theory. Taking the average of vehicle delay and
parking number as the goal, the optimization algorithm is used to improve the intersection timing scheme of the target road. However,
this method has the problem of low efficiency. Reference [12] proposes a dynamic traffic signal system based on density. In the
intelligent traffic signal, the target detection is processed and transformed, and various features are extracted. According to the
calculated threshold, the contour is drawn, the vehicle density and quantity are known, and the signal distribution is completed.
However, this method has high computational complexity. Reference [13] proposes an adaptive real-time traffic light control algo-
rithm based on traffic flow. Using neural network and YOLOv3 framework, single image processing is carried out, traffic permission is
established at the signal, and traffic flow distribution at traffic intersections is completed. However, the control efficiency of this
method for traffic intersection signal lights needs to be verified. Reference [14] puts forward an intelligent traffic monitoring system
based on pc, which captures the images of vehicles and pedestrians, helps cities optimize traffic flow and reduce congestion. According
to the emergency vehicles in each lane, intelligently decide when to change signals, thus increasing road capacity and traffic flow.
However, this method is easy to cause data redundancy.

In response to the above issues, a SCTI signal control optimization method based on adaptive artificial fish swarm algorithm was
studied. By establishing the Equation of state of traffic flow at SCTI, design the control parameters of SCTI signal lights, and build the
optimization model of SCTI signal light control. By combining chaotic search theory with adaptive artificial fish swarm algorithm, an
optimization model for traffic signal control at intersections in smart cities is solved. The optimization effect of SCTI signal control
using this method is good, which can improve the optimization efficiency of SCTI signal control and reduce congestion at SCTI. The
contributions of this method are as follows.

(1) Most of the traditional traffic signal control methods only consider setting a fixed time interval, which can’t be flexibly adapted
when the actual traffic flow changes greatly. In this paper, the control parameters of traffic lights are dynamically adjusted
according to the real-time traffic flow to achieve the goal of minimum average delay and average parking times.

(2) By establishing the state equation of traffic flow at traffic intersections in smart cities, the actual traffic flow at traffic in-
tersections can be accurately understood, so that the optimization of control parameters of traffic lights is more accurate and
effective.

(3) In order to further improve the optimization effect of the algorithm, the chaotic search theory is used to improve the artificial
fish swarm algorithm adaptively. Chaos search theory can increase the diversity of algorithms and find the optimal solution
more comprehensively in the search space. By combining chaos search theory, this method can better adapt to the dynamic
characteristics of traffic flow changes at traffic intersections and improve the effect of signal light control.

2. Establish the Equation of state of traffic flow at traffic intersections in smart cities

The traffic network structure has an important influence on the traffic efficiency of smart cities. In the actual urban traffic system,
the traffic network is usually composed of complex road networks, including main roads, secondary roads, branch roads and other
roads of different grades. There may be differences in traffic flow, speed and road width of these roads. Therefore, this paper establishes
the traffic flow state equation of SCTI, and understands the actual traffic flow of SCTI through this equation.

In a SCTI signal light cycle [15-17], the set of time interval m corresponding to the signal light of SCTI J; is Qn,, and the time of
green light in time interval m € Qp, in SCTI J; is um,. The cycle constraint of traffic signal lights at smart city intersections is:
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Where, N; is the number of cycles, S, is the saturated traffic flow in n, and T; is the loss time of traffic intersections in smart cities.
Constraints limit the time of green light at SCTI as follows:

min max
un,m S Unm S Mn.m (2)

Where, u™ is the minimum time allowed for the green light at the intersection of smart cities, and u™® is the maximum time allowed
for the green light at the intersection of smart cities.

The traffic flow of vehicles at the intersection of smart cities is:

gu(k) = Z Z vp, (k) 3

neJyn+l1el,

Where, v is the vehicle speed and p,(k) is the vehicle flow from the connecting section n.
Set the road width as y, the interval between any time periods in the period T as AT [18,19], and the state equation of traffic flow at
the intersection of smart cities is:

X, (k+ 1) = g, (k) + ATS, (k)
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Where, Sy (k) is the allowed flow of vehicles in the continuous section n, and T is the time when the green light flashes in the signal
period of SCTI. Establishing the state equation of traffic flow at traffic intersections in smart cities can provide real-time traffic flow
information, predict congestion and provide accurate and timely data support for traffic managers.

3. Building an optimization model for traffic signal control at intersections in smart cities

SCTI is an important node in the urban traffic network, and its design also has an important impact on the traffic efficiency of smart
cities. The design of traffic intersections in smart cities includes the number of lanes, the width of lanes, the timing of signal lights and
other parameters, which have a direct impact on the traffic efficiency of vehicles. After establishing the Equation of state of traffic flow
at the SCTI, the optimization model of traffic light control at the SCTI is constructed. The Equation of state of traffic flow at the SCTI is
taken as the input parameter of the optimization model to determine the optimal optimization strategy of traffic light control.

In a week, the time required for the change of the phase sequence of the traffic signal lights at SCTI is the signal period [20-22]. The
short signal period of SCTI will reduce the traffic capacity of SCTIL, while the long signal period of SCTI will increase the average delay
time of vehicles. Effective green time refers to the actual effective time when the traffic light is green, and vehicles can use this green
time period to pass through the intersection. This time period includes the acceleration of the vehicle starting, the time during driving
and the possible waiting time to ensure the vehicle passing through the intersection smoothly. The setting of time parameters of traffic
lights at smart city intersections has a direct impact on the control of traffic lights at smart city intersections. The time parameters of
traffic lights at smart city intersections set in this paper are shown in Table 1.

According to the parameters shown in Table 1, set the signal time parameters for SCTIs to ensure that the SCTIs are in a normal and
orderly traffic state in real time.

Improper control of traffic lights at intersections will easily lead to traffic delays and increase the overall traffic congestion.
Therefore, minimizing the average delay can effectively reduce the time for vehicles to stay at intersections, improve the efficiency of
vehicles passing through intersections, and relieve traffic pressure. In terms of average delay e, the calculation is mainly based on the
sum of random delay e, and consistent delay e, [23-25]. The calculation process of random delay e, and consistent delay e, is shown in
formulas (5) and (6):

W2
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Table 1
Time parameter settings for traffic signal lights at smart city intersections.
Name Time
Green light Phase green light time <70s;

Main road green light time >15s;
The green light time on the secondary main road is > 8 s.
Yellow light Normally set to 3 s
Red light Red light time under unsaturated traffic conditions <120s;
Under saturated traffic conditions, the red light time is < 150s.
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Where, w;; is the saturation of the j inlet in phase i, r; is the actual traffic volume at the j inlet in phase i, and pj is the flow ratio at the j
inlet in phase i.

The calculation of the average delay E; required in this article can be obtained by weighting the average delay of different signal
phases:

e =e +e,
. ;eiri 10o)
;=
Ti

Where, e; is the average delay of the i phase, and r; is the actual traffic flow of the i phase.

Too long signal light period will lead to frequent parking of vehicles, increase the time of vehicle queuing and parking times, and
reduce the overall operating efficiency of the transportation system. By minimizing the average number of stops, the number of stops at
intersections can be reduced, the delay time of vehicles can be reduced, and the traffic efficiency can be improved. In terms of the
average number of stops, in order to ensure normal traffic at smart city intersections, efforts should be made to avoid secondary
parking of vehicles and strive to fully release all vehicles within a cycle [26-28]. The calculation process of the average number of stops
s; is shown in formula (8):

C—-G,
N
1 —p;

(8)

The calculation method for the average number of vehicle stops S; required in this article is obtained through weighted calculation:
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By optimizing the control parameters of traffic lights, the delay time of vehicles can be reduced, and the number of vehicle stops can
be reduced, thus improving the traffic capacity of intersections and the operating efficiency of the overall traffic system. By taking the
average delay index and the average number of stops as the objective function, the intersection traffic can be smoother and more
efficient to the greatest extent.

The weighting coefficient « is introduced, and 6 is set to represent the signal phase of SCTI, and the signal period of SCTI satisfies
15 x § and less than or equal to 200s. The cycle time consists of green light time and lost time L. If the saturation w;; needs to be 0.6-0.9
to maintain good traffic conditions at SCTI, then:

1I5x6<C <200
5
AC=C—-L
; 10)
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Establishing the optimization model of traffic signal control at intersections in smart cities:
. asirif+ (1 — a)er;
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4. Optimization model solution based on adaptive artificial fish swarm algorithm

Based on the establishment of an optimization model for traffic signal control at smart city intersections, an adaptive artificial fish
swarm algorithm is used to solve the optimization model for traffic signal control at smart city intersections. The artificial fish swarm
algorithm is a population intelligent optimization algorithm. The basic idea is to simulate the foraging behavior, tail chasing behavior,
and herd behavior of fish [29-31]. This algorithm can be used to solve various continuous optimization problems and Combinatorial
optimization problems.

Assuming that the current state of an artificial fish is Z, set its field of view to V, and the viewpoint position of the artificial fish at a
certain moment is Z,. When the position state of the viewpoint is better than the current artificial fish state, the artificial fish can choose
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to move one step in that direction to reach state Z,; If the state of the viewpoint is not better than the current state of the artificial fish,
continue to search for other positions within the field of view. As the number of searches increases, artificial fish have a more
comprehensive understanding of the surrounding environment, enabling them to have a more comprehensive understanding of the
surrounding environment, which helps make corresponding judgments and decisions.

Reasonable adjustment of green signal ratio can directly affect the traffic flow in different directions. Priority is given to setting the
green light time for straight and left-turning vehicles at peak hours to meet the demand of main traffic flow, thus reducing waiting time
and improving traffic efficiency. In the low peak period, set a balanced green signal ratio according to the actual situation to avoid
excessive waiting and wasting traffic resources. Among them, state Z = (21, 23, ..., 2,) and position Z, = (21,,22y,...,%), then the process
can be represented as follows:

Z,=Z+V-Rand()

—Z - Step - Rand() (12)

Z, =7+ 1z —7Z|
Where, the Rand() function is used to generate a random number between 0 and 1, and Step is the step size of the artificial fish
movement. Because the number of companions in the environment is limited, artificial fish will perceive the state of their companions
in their field of vision and adjust their own state accordingly.

The variable section includes the total number of artificial fish N, the state of individual artificial fish Z = (21,22,...,2,), the field of
view V of the artificial fish, the crowding factor y, the maximum step length of the artificial fish movement Step, the number of attempts
Try, and the distance between individual artificial fish &, ¢, calculated as follows:

Der = |X: = X;

13)

The function section includes the food concentration p = f(X) at the current location of the artificial fish, where p is the objective
function value. Through encapsulation, the state of artificial fish can be perceived by other companions.

Chaotic phenomena have the characteristics of certainty, randomness, and ergodicity. Certainty refers to the fact that chaotic
trajectories are usually generated by determined iterative formulas; Randomness refers to the sensitivity of the trajectory of chaotic
phenomena to initial values; Ergodicity refers to the ability of chaotic trajectories to experience all states without repetition within a
certain range of intervals. In response to the problem of low global optimization ability and easy falling into local optima in the
artificial fish swarm algorithm, by combining chaos search theory [32-34], the artificial fish swarm algorithm is adaptively improved
to achieve the optimization model solution of traffic intersection signal control in smart cities. Consider an optimization model
problem with A-dimensional variables, where j, is the A decision variable and the range of the variable is jmini <ji <jmaxs. The
implementation process for solving the optimization model based on the adaptive artificial fish school algorithm is as follows:

Step 1: Initially, let k = O map the 1 dimensional decision variable ji’o to the chaotic variable jg’j) using formula (14):

B~ nins
.(»k) _Ja min,A (14)

Jer == :
Jmax,z — Jmin,A

Step 2: Based on ji’;), use chaotic mapping to generate the next generation of chaotic variable jg’j*l):
== (1-12) (s)
. . ; : +(k+1) s : (k+1),
Step 3: Use formula (16) to map chaotic variable j,, "~/ to decision variable J; ":
J£k+]) :jmin./l +]f,:1+l) (imax,l 7,jmin,1) (16)
Step 4: Evaluate the advantages and disadvantages of the new decision variable Jl(lkﬂ) ;
Step 5: If the new decision variable Jﬁkﬂ) is better than JX, output (J(lkH) , J&kﬂ), ., J¥1Y as the local search result of the chaotic

search; otherwise, return to step 2 with another k = k + 1; There are many mapping methods for the chaotic mapping in step 2, and
the chosen one here is the Logistic mapping. The iterative equation for the Logistic mapping is as follows:

Xp(k+1)=p-F(x)-[1 — F(x)] 17

In formula (17), u is the control parameter. When y = 4, formula (17) will be in a chaotic state, which means that except for points 0,
0.25, 0.50, 0.75, and 1, all other points will be generated through iterative formulas, and they are all within the range of 0-1.
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Through the above steps, optimization of traffic signal control at intersections in smart cities based on adaptive artificial fish swarm
algorithm is achieved.

5. Experimental analysis

In order to verify the effectiveness of the intelligent city traffic intersection signal light control optimization method based on
adaptive artificial fish swarm algorithm, this paper takes Xi ’an traffic intersection as an actual case to model and optimize. Choose an
intersection in Xi ’an as a traffic scene. There are both east-west traffic and north-south traffic at the intersection. All directions are two-
way lanes, including three traffic directions: straight, left and right turns. At this intersection, an intelligent traffic signal control system
is set up. By monitoring the traffic flow and collecting sensor data in real time, combined with traffic management strategy, the traffic
signal is optimally controlled. 12 detectors are set at the intersection, covering all key positions at the intersection, and compre-
hensively grasping the flow direction of different vehicles. The specific traffic scene is shown in Fig. 1.

According to Fig. 1, straight lanes and left-turn lanes are set in the east-west direction, and the number of turning lanes is adjusted
according to the traffic flow. Set the corresponding signal light phase, so that straight and left-turning vehicles can reasonably pass
alternately. There are also straight lanes and left-turn lanes in the north-south direction, and the number of turning lanes is adjusted
according to the traffic flow, and the corresponding signal lights are set to make the straight and left-turn vehicles pass according to
reasonable priority. Set up a right-turn lane on the right side of each direction, and set the corresponding right-turn signal phase, so
that right-turn vehicles can pass quickly.

In order to effectively carry out the optimization test of traffic signal control at traffic intersections, an experimental test is carried
out on VISSIM traffic simulation software. The operating system is Ubuntu 18.04, the CPU is Intel i5-5200U, the main frequency is 2.2
GHz, the physical memory is 64 GB, the programming language is JAVA, and the deep learning framework is TensorFlow 2.0. The
parameter setting of the optimization model based on adaptive artificial fish swarm algorithm is shown in Table 2.

5.1. Experimental preparation

VISSIM is a professional microscopic traffic simulation software, which is mainly used for the simulation and analysis of urban
traffic and highway traffic. It can simulate the driving situation of vehicles in the road network, including vehicle acceleration,
deceleration, lane change, parking and other behaviors, and can provide rich traffic flow data and performance indicators. In the
VISSIM traffic simulation software, the urban traffic conditions are simulated according to the parameter settings in Table 2, and the
corresponding signal light control and management functions are provided. Perform the test according to the test case, record the
values such as car flow and parking record, and track the abnormal situation. The specific process is shown in Fig. 2.

5.2. Experimental results

5.2.1. Optimization effect of traffic intersection signal light control in smart cities

In order to verify the optimization effect of SCTI signal control using the method proposed in this article, the average delay and
average number of stops are used as evaluation indicators. The smaller the average delay and average number of stops, the better the
optimization effect of SCTI signal control. This article incorporates the methods of this article, the method of reference [7], and the
method of reference [8] into VISSIM and conducts simulation experiments. Twelve detectors are set to measure the positions, and the

& Detector N

Fig. 1. Traffic intersections and lanes.
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Table 2

Algorithm implementation setting parameters.
Parameter Value
Total number of artificial fish 1000
Visual field of artificial fish 2m x 2m
Congestion factor 0.5
Maximum step length of artificial fish movement 1
Number of attempts 30
Signal lamp phase 55s
Lane width 3.5m
Driving speed 40-60 km/h
Steering ratio 20 %

Compare the method of reference [7] with the method of reference [8] to verify the

effectiveness of the proposed method.

Integrated test execution

Does it meet the
test requirements?

Fig. 2. Experimental flow chart.

— The reference [7] method
—®— The reference [8] method
-#— The proposed method

The position measured by the detector/piece
(a)Average delay

Number of times/times

18

15

12

0

— The reference [7] method
—o— The reference [8] method
-s— The proposed method

0 2 4 6 8 10 12
The position measured by the detector/piece

(b)Average number of stops

Fig. 3. Average delay and average number of stops for three methods.
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average delay and average stopping times of the three methods are obtained as shown in Fig. 3.

From Fig. 3, it can be intuitively seen that the average delay and average stopping times results of the method proposed are
significantly smaller than those of the method of reference [7] and the method of reference [8]. In this optimization model, the average
delay and average stopping times generated by SCTI are effectively reduced, and the current traffic situation of SCTI is improved. From
this, it can be seen that the optimization effect of the intelligent city traffic intersection signal control using the method proposed in this
article is good.

5.2.2. Optimization efficiency of traffic intersection signal light control in smart cities

Further validate the rationality of the intelligent city traffic intersection signal control optimization method proposed in this article,
using travel time as an evaluation indicator. The smaller the travel time, the higher the efficiency of intelligent city traffic intersection
signal control optimization. By comparing the method of reference [7] and the method of reference [8], and this article, the travel
times of the three methods are shown in Table 3.

According to Table 3, as the traffic flow at smart city intersections increases, the travel time of the three methods also increases.
When the traffic flow at smart city intersections reaches 140 veh/h, the travel time of the method of reference [7] and the method of
reference [8] is 81.5 s and 76.6 s, respectively, while the travel time of the method proposed is only 68.4 s. From this, it can be seen that
compared with the method of reference [7] and the method of reference [8], the travel time of this method is smaller, indicating that
through the optimization of traffic signal control in smart city intersections, this method effectively improves the efficiency of traffic
signal control optimization in smart city intersections and reduces traffic congestion in smart city intersections.

5.3. Discussion

The method in this paper performs well in the test of optimization effect of traffic signal control at smart city intersections, and its
average delay and average parking times are low. This is mainly due to the in-depth understanding of the actual traffic flow when
establishing the traffic flow state equation of smart city traffic intersections, and based on this, the control parameters of traffic lights
are designed. At the same time, taking the minimum average delay and average parking times as the objective function, an optimi-
zation model of traffic signal control at smart city intersections is constructed, which effectively reduces the average delay and average
parking times and improves the traffic status of smart city intersections.

In the efficiency test of traffic signal light control optimization in smart cities, this method also performs well. With the increase of
traffic volume at smart city intersections, the travel time of the three methods will increase. However, when the traffic volume reaches
140veh/h, the travel time of this method is only 68.4 s s. In this paper, the adaptive artificial fish swarm algorithm is selected as the
optimization method, which has strong global search ability and diversity. By dynamically adjusting the parameters and behavior rules
of artificial fish swarm algorithm, the algorithm can better adapt to different traffic flow changes and find better control parameters of
traffic lights. At the same time, the adaptive artificial fish swarm algorithm is improved by combining chaotic search theory. Chaos
search theory can increase the diversity of algorithms, and thus search the optimal solution more comprehensively. In this way, this
method can better adapt to the dynamic characteristics of traffic flow changes at different traffic intersections and improve the effect of
signal light control.

To sum up, the method in this paper is excellent in the optimization effect and efficiency of traffic signal control at smart city
intersections, which is mainly due to its in-depth understanding of the actual traffic flow, the optimization model design with the
minimum average delay and average parking times as the objective function, and the efficient solution of the adaptive improved
artificial fish swarm algorithm based on chaotic search theory. These advantages make this method have high application value and
popularization prospect in the field of traffic intersection signal light control optimization in smart cities.

5.4. Control strategy of traffic intersection signal lights in smart cities

In the past 30 years, more than 8000 pedestrians in Australia have died in road traffic accidents [35]. The vulnerability of pe-
destrians to road collision conflicts with the sustainable traffic goal. In order to improve the safety of these vulnerable road users,
machine learning algorithm is used to control the traffic lights at traffic intersections. The results of this study show that the traffic
efficiency of traffic intersections in smart cities can be improved and congestion can be reduced by optimizing the control of traffic
lights. Therefore, urban management departments should pay attention to the optimization of traffic signal control at traffic in-
tersections as an important means to improve urban traffic conditions. The study of travel mode selection is an important task in
forecasting travel demand in transportation planning and policy making [36]. Usually, the data set of pattern selection is unbalanced,

Table 3
Travel time for three methods/s.
SCTI Traffic Flow (veh/h) The method proposed The method of reference [7] The method of reference [8]
100 48.4 58.2 54.7
110 53.7 64 60.2
120 58.9 69.9 65.6
130 64.2 75.7 71.1
140 68.4 81.5 76.6
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and the unbalanced pattern can be dealt with based on support vector machine model and kernel scale adjustment theory. In this study,
considering the actual traffic flow, the state equation of traffic flow is established, and the control parameters of traffic lights are
designed on this basis. Therefore, when implementing the optimization of signal light control, we should fully understand the actual
traffic flow, including the traffic flow during peak hours and off-peak hours, so as to formulate a more reasonable optimization scheme.

Health and transportation are interrelated in many stages, for example, transportation affects health, and health affects trans-
portation choice, which shows that health is a permanent restriction [37]. Traffic intersections in smart cities usually involve pe-
destrians and other non-motor vehicles. Therefore, in the process of signal light control optimization, we should consider the needs of
pedestrians and non-motor vehicles, arrange the traffic time reasonably, improve the traffic efficiency of intersections, and ensure the
safety of pedestrians and non-motor vehicles. Time use interacts with activities, travel participation, built environment and social
health [38], and there is a nonlinear relationship between car ownership and social population factors and the quality of built
environment [39]. At the same time, bike-sharing is also considered as a sustainable mode of transportation [40]. In this study, the
artificial fish swarm algorithm is improved adaptively by combining chaotic search theory, and the efficient control optimization of
traffic lights is realized. Therefore, urban management departments can introduce advanced optimization algorithms to further
improve the efficiency and accuracy of traffic light control optimization, thus improving the travel behavior of urban cars and
bike-sharing and promoting the sustainable development of the built environment.

Travel mode selection prediction is an important part of travel demand prediction, and the negative consequences of automobile
use are alleviated by using optimized machine learning methods [41]. The optimization of traffic signal control at traffic intersections
in smart cities needs to strengthen the support of traffic planning and management, and urban management departments should
rationally plan road networks to improve the utilization rate and traffic capacity of roads. At the same time, strengthen traffic
management, including publicity and enforcement of traffic regulations, traffic guidance and flow control, to further alleviate the
urban traffic congestion problem.

6. Conclusion

Smart city is an urban model based on intelligent technology and realizing urban management and service through information
technology. As an important part of urban traffic system, the smooth and efficient operation of traffic intersections is very important to
improve urban traffic efficiency and residents’ travel experience. Therefore, an optimization method of traffic intersection signal light
control in smart cities based on adaptive artificial fish swarm algorithm is proposed. By establishing the state equation of traffic flow at
traffic intersections in smart cities and optimizing the control of traffic lights, traffic delays and parking times can be significantly
reduced, thus improving the traffic capacity of traffic intersections, helping to alleviate the problem of urban traffic congestion and
making urban traffic more efficient and smooth. Design the control parameters of traffic signal lights at smart city intersections,
construct the optimization model of traffic signal lights at smart city intersections, and make intelligent adjustment according to real-
time traffic flow, so as to realize intelligent and dynamic traffic signal control. Based on the adaptive artificial fish swarm algorithm,
the optimization model of traffic signal control at smart city intersections is solved, which gradually improves the efficiency and
operation level of the whole urban traffic system and promotes the wider progress of the traffic system. The experimental results show
that this method has good control optimization effect and high control optimization efficiency. The average delay is 7.8 ms, the
average number of stops is 2 times, and the travel time is 68.4s.

However, there are still some limitations in this method. This method only considers the signal control at traffic intersections, and
does not consider the influence of other traffic management strategies on traffic efficiency. At the same time, this method mainly pays
attention to the traffic efficiency of vehicles, but does not consider the traffic safety and convenience of pedestrians and non-motor
vehicles.

Future research can further expand and improve this method, and comprehensively consider a variety of traffic management
strategies, such as roadside parking management, public transport priority, etc., in order to achieve more comprehensive traffic
optimization. In addition, we can pay more attention to the traffic safety and convenience of pedestrians and non-motor vehicles in
order to realize more humanized traffic management.
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