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Abstract: Traffic accidents are a leading cause of premature death for citizens, with millions of injuries
and fatalities occurring annually. Due to the fact that a large proportion of accidents are caused by red
light running, reduction of the frequency of red light running (RLR) has been extensively researched
in recent years. However, most of the previous studies have focused on reducing RLR frequency
through driver education or warning sign design, with little attention paid to the relationship between
RLR behavior and traffic signal control. Considering RLR is significantly affected by the number of
vehicles arriving during yellow, it is possible to identify RLR behaviors in advance by analyzing data
on yellow-arriving vehicles. Meanwhile, based on the strong correlation between yellow arriving
and RLR frequency, it is possible to reduce RLR by traffic signal control. In this paper, we propose
a quantitative model of correlation between RLR frequency and yellow light arrival based on high-
resolution traffic and signal event data from Twin Cities, Minnesota. On this basis, the Non-dominated
Sorting Genetic Algorithm-II (NSGA-II) is implemented to find trade-offs between minimizing the
RLR frequency and the traffic delay. A case study of a 6-intersection arterial road reveals that in
unsaturation, saturation, and supersaturation flow, our approach can converge to a Pareto optimal
front in 30-50 iterations, which shows that is possible to simultaneously reduce RLR frequency and
enhance traffic efficiency safety, which is conducive to ensuring the life safety of traffic participants.

Keywords: high-resolution data; red light running; traffic signal control; multi-objective optimization

1. Introduction

Traffic accidents are one of the most significant reasons of casualties all over the world,
which have already caused about 1.35 million deaths, and are becoming a global public
health concern for all countries [1]. Because of the dense population, traffic accidents
are frequent in urban roadways, which make form a major research area for accident
prevention [2,3]. As critical hubs in modern cities, signalized intersections are generally
considered to be the most dangerous locations in a road network. According to the Federal
Highway Administration (FHWA), approximately 50% of accidents causing casualties
in the United States occurred at signalized intersections [4,5]. Recent studies indicate
that red light running (RLR) is one of the most significant factors of traffic crashes at
intersections [6-8]. On the one hand, RLR behavior leads to extra conflict points within
intersections, and the RLR vehicle may collide with a vehicle of the previous phase. On
the other hand, RLR vehicles usually have high velocity, which may increase the severity
of the accident, and 928 people were killed and 116,000 people injured in crashes that
involved red light running in 2020 in the U.S. [9]. Therefore, research aimed at reducing
RLR frequency reduction has received lots of attention.

Many efforts have been devoted to developing appropriate strategies to reduce the
frequency of RLRs. RLR enforcement is one of the most widely used methods to reduce
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the RLR frequency all over the world [9]. A straightforward way is to use RLR cameras to
detect RLR behaviors, and the traffic police will give a corresponding penalty related to the
severity of the RLR behavior, and much research has shown that RLR cameras significantly
reduce RLR frequency [10,11]. However, some researches argue that RLR cameras may
increase rear-end crashes [12]. Hence, it is not enough to only use enforcement methods for
RLR reduction.

Apart from the enforcement method, some studies use warning signs for RLR fre-
quency reduction, such as pavement markings [13], early warning signs [14], green
flash [15], and countdown warning signal [16]. Others combine RLR cameras and warn-
ing signs; for example, red LED ground lights integrated with a traffic signal and RLR
detection camera warning gantry are being utilized as effective tools to improve safety at
signalized intersections [17]. Moreover, with the development of V2X communications,
Intersection Collision Warning Systems (ICWSs) have been developed. These systems
allow for the detection of vehicles’ speed and position, and drivers can receive messages
about potential RLR risks to prevent RLR behaviors [18]. However, these methods have
practical limitations in terms of warning accuracy and cost and may not be fully effective.
Some researchers have analyzed general risky driver behavior, including RLRs, using
machine learning methods to predict real-time risky driving behavior and crash severity
and proposed a traffic accident risk assessment framework, helping drivers to know the
risk in advance, which may help to reduce traffic crash and RLR behaviors [1-3].

In previous work, through high-resolution traffic and signal event data, we discovered
a strong correlation between RLR frequency and traffic signals [19,20], i.e., RLR most likely
caused by the dilemma zone stemming from unreasonable signal timing, as shown in
Figure 1 [21,22]. When the set signal timing is unreasonable, the maximum distance that
vehicles can travel during yellow may be shorter than the minimum stopping distance,
leading to the formation of a dilemma zone. Drivers may face a difficult decision about
whether to stop or go through, which may cause them to misjudge the start time of the red
light and fail to control the vehicle speed reasonably, eventually leading to the occurrence
of RLR [23,24].
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Figure 1. Dilemma zone.

Due to their excellent self-learning and adjustment capabilities, adaptive traffic signal
control (ATSC) methods have been widely applied to traffic operation optimization in
recent years. Since ATSC can adjust signal timing according to real-time traffic state, it also
shows great potential in RLR behavior reduction. To this end, we establish a correlation
model of correlation between RLR frequency and yellow arrival and develop a novel ATSC
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approach to reduce RLR frequency while ensuring efficiency. The contributions of this
paper are listed as follows:

* A quantitative model of correlation between RLR behaviors and yellow light arrival is
established based on high-resolution traffic and signal event data from Twin Cities,
Minnesota;

¢  Toreduce RLR frequency, a novel ATSC approach based on NSGA-II is developed;

*  We evaluate our approach using a real-world road network, and the results show that
our approach can simultaneously reduce RLR frequency and enhance the efficiency
of intersections.

The remainder of this paper is organized as follows: Section 2 reviews the related
works. In Section 3, we complete RLR behavior identification using high-resolution data
and propose a quantitative model of correlation between RLR and yellow light arrival
based on high-resolution data. A novel ATSC approach based on NSGA-II for the arterial
road to reduce RLR frequency is introduced. Then, a case study of an arterial road with five
signalized intersections is presented to verify the effectiveness of our model in Section 4.
Finally, we conclude the paper and discuss future research directions in Section 5.

2. Related Work
2.1. Identification of Red Light Running

As crashes resulting from RLR are frequent occurrences [25], which seriously threatens
traffic safety, it is imperative to find effective ways to reduce RLR frequency for urban
intersections. To achieve this purpose, the first task is to accurately identify the red light
running behavior. Most current research relies on rare video detector data [26,27], making
it challenging to collect enough RLR behavior data for both analyzing and building an
identification model. To solve the problem of data scarcity from camera monitoring, some
researchers proposed automatic detection of RLR using vehicular cameras [28]. However,
these methods cannot identify and control RLR before it occurs, making it difficult to reduce
the frequency of RLR at its source. In order to reduce the frequency of RLR at its source, it is
necessary to identify RLR behavior in advance. Some studies have taken vehicle trajectory
data, video detector data, connected vehicles data, etc., as a basis for training machine
learning models or deep learning models for RLR prediction [29-35]. However, owing
to the scarcity of RLR vehicle data, these models are difficult to train and hard to apply
in practice.

2.2. Reduction of Red Light Running Frequency

Another urgent issue to find effective ways to reduce RLR frequency for urban intersec-
tions. Not surprisingly, many transportation professionals are dedicated to this issue and
have generated many important research results. One approach to reduce RLR frequency
involves the use of automated red light enforcement. By using a red light camera system,
the intersection can be continuously monitored, and vehicles will be recorded when they
pass the intersection during a red light. Previous studies have shown that red light cameras
can substantially reduce the RLR frequency [10,11,25,36-39]. Besides, since RLR behavior
is usually caused by the dilemma zones, traffic engineers have developed and refined the
dilemma zones protection systems to reduce RLR frequency [26,40]. A straightforward way
is to predict vehicle behaviors and impending signal phase and timing (SPAT) and match
the signal phase with the arrival of the vehicle. For example, some researchers analyzed
the effect of extending the length of the yellow cycle in signalized intersection to reduce
conflict and RLR in high-speed traffic conditions [41], and a number of studies have found
that extending the yellow phase is effective in RLR frequency reduction [42]. Other ways
to reduce RLR is using additional roadside warning display screens, and a typical case
is the Cooperative Intersection Collision Avoidance System (CICAS) constructed by the
United States Department of Transportation [43]. In addition, using dynamic extension of
all red intervals is an alternative way to reduce RLR; in other words, the all-red phase will
be extended when a vehicle is about to run the red light, then an additional clearance time
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can be provided for these vehicles [44-47]. Moreover, a pavement marking with auxiliary
countermeasure (PMAIC) was proposed where drivers can get appropriate suggestions to
guide their driving behavior based on current vehicle speed such that RLR can be prevented
in advance [48].

2.3. Traffic Signal Control for RLR Reduction

However, these methods are limited in warning accuracy or cost with regard to practi-
cal use and therefore fail to achieve a significant impact. To our best knowledge, research
on optimizing signal control methods to reduce red light running (RLR) from upstream
vehicles is rare, and most signal timing methods focus on enhancing only traffic efficiency
based on real-time traffic data or traffic prediction results [49-51]. Only a few studies aim to
reduce RLR behavior at isolated intersections, such as the signal timings method proposed
by Collotta et al. based on the data of wireless sensor networks [52]. However, reducing
the RLR frequency of arterial roads using adaptive traffic signal control methods has not
been proposed in previous studies. This study quantifies the relationship between the
RLR frequency and control factors, i.e., yellow arrival. In order to simultaneously enhance
traffic efficiency and reduce RLR, traffic signal control can be modeled as a multi-objective
optimization problem. The solution of this problem is not a point but a Pareto front of
best trades-offs between RLR frequency and traffic efficiency aimed at reducing delays and
RLR behaviors.

3. Methodology
3.1. RLR Identification Based on High-Resolution Data

Aiming to optimize signal phasing timing for RLR frequency reduction, it is important
to identify control factors that are highly correlated with RLR frequency. In our paper, the
high-resolution data of traffic signals and detectors were used to explore the relationship
between RLR frequency and associated factors, i.e., yellow arrivals. In this section, the
collection method of high-resolution traffic data is first introduced, and the way to identify
RLR behaviors is then discussed. Statistically analysis of RLR data is then conducted,
and we particularly focus on the quantitative relationships between RLR frequency and
significant control factors.

3.1.1. Field Data Collection and RLR Identification

In this section, data analysis based on the data of high-resolution detectors and traffic
signals recorded by the SMART-SIGNAL system is conducted. The system was developed
at the University of Minnesota [53] and can continuously record the traffic signal phase and
loop detector triggers. The loop detectors are located at 400 feet in the upstream of the stop
line, and the stop-bar loop detectors are set right behind the stop-bar. We also installed link
entrance detectors on major approaches. The yellow interval of the traffic signal is 5.5 s. In
this research, approximately 8 months’ data collected from the arterial road of TH55, which
located at Twin Cities, Minnesota, was used in this research. The format of data is shown
in Figure 2, in which two types of data are included, namely detector data and traffic light
data. Detector data are a record of the time, detector number, on/off status (vehicle arrive
or leave), and time since the last activation of the detector. Traffic light data are a record
of the time, phase, color of traffic light, and on/off status (with on representing the phase
start and off representing the phase end). In Figure 3, both detectors and traffic light data
were recorded, the type of devices can be distinguished by column 3, where D, G, and Y
are the detector, green light, and yellow light, respectively, and the state will change if the
vehicle arrives at the detector or the light changes it phase. If the device type is detector
(D), when the state is off, the last column represents the vacant time of the detector before
vehicle arrival, while when state is on, it represents the occupancy time of vehicle. The
device type is green or yellow (G or Y), and when the state is off, the column of last time
means duration of green or yellow light, while when state is on, it represents the duration
before this light since last time this phase was used. For example, detector data 1 shows
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Boone Ave.

that a vehicle arrived at the No. 8 detector at 08:09:15.012 and the previous vacant time of
the detector was 7.902 s, the traffic light data 1 shows that at 08:09:16.761, the green time of
phase 3 ends, and the green time lasts 29.389 s in total.

Winnetka Ave. Rhode Island Ave. Douglas Dr.
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Figure 2. Detector location.
TimeStamp(s) | TimeStamp(ms) | device state duration/vacant time
8:09:15 012 D8 on 7.902s — Detector data 1
8:09:15 481 D8 off 0.468s
8:09:16 761 G3 off 29.389s —— Traffic light data 1
8:09:16 761 Y3 on 179.021s
8:09:17 620 D9 on 2.682s
8:09:18 151 D10 on 2.593s
8:09:18 307 D9 off 0.687s
8:09:18 823 D10 off 0.671s — Detector data 2
8:09:20 244 Y3 off 3.482s
8:09:21 649 D22 on 80.953s
8:09:22 008 D22 off 0.359s
8:09:23 242 Gl on 172.806s — Traffic light data 2

Figure 3. Format of data.

The next step is to identify RLR based on the high-resolution data. Since the vehicles
will be recorded when passed through the stop-line, when combined with the signal phase
data collected from the SMART-SIGNAL system, the RLR can be easily identified. In order
to verify the identification results, we check the downstream detectors to see if there is a
corresponding record that matches the identification results. The detailed data extraction
method has been published in our previous work [19,20]. We analyzed the high-resolution
data collected from THS55 for five intersections over 8 months. The relationship between
RLR frequency and yellow arrival was analyzed based on the RLR identification results.

3.1.2. The Yellow Arrival vs. RLR Frequency

In this section, we aim to quantify the correlation between RLR frequency and yellow
arrival using high-resolution traffic and signal event data. Previous studies have shown
that yellow arrival flow has a significant impact on the probability of RLR [54], and a related
signal optimization method to reduce RLR for intersections was proposed. However, since
the locations of advance detectors of the arterial intersections vary, the travel times (vehicles
run from the advance loop to stop-bar loop) are different. As a result, vehicles that have the
potential to run the red light may arrive at the advance detectors beyond the yellow time.
To address this issue, we will focus on the influence of the arrival volume at the advance
detectors for a period of time before and after the onset of yellow. The descriptive statistics
used in this paper are listed in Table 1 for ease of understanding.
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Table 1. Descriptive statistics in this paper.

Parameter Meaning

ty onset of yellow time
Y estimated frequency of RLR

Tgn ost yellow light start time
regression coefficient
a regression coefficient
b regression coefficient
P k+1 the offset for the intersection between k and k+1
f1(x) optimization function that minimizes the average traffic delay
fa(x) optimization function that minimizes yellow arrival
n throughput of arterial road
d; delay of vehicle i
m number intersections
fri(x) the estimation frequency of red light running
i+ it the closest function value to individual 7 for the s-th objective function
nax the maximum value for the s-th objective function
min the minimum value for the s-th objective function

In this research, the RLR frequency is defined as the number of RLRs per thousand
arrival vehicles (advance detectors). We divide the time into 0.2 s intervals. Based on the
high-resolution traffic and signal event data, we collect the number of vehicles that arrive
at the advance loop during each segment and identify the corresponding RLR vehicle
numbers. Then, we plot a scatter graph of RLR frequency.

As depicted in Figure 4, five months of data for Int. Boone (see Figures 2 and 3) are
used in this research. In this figure, the X-axis describes the time of vehicles arrival at the
advance detectors. The onset of yellow time is marked as 0. The Y-axis represents the RLR
frequency, which is calculated by dividing the corresponding RLR numbers by the arrival
vehicle numbers. Figure 4 shows that the majority of RLR vehicles arrive at the advance
detectors during the interval [t, — 1,1, + 2], where t, represents the onset of the yellow
time. Therefore, this finding indicates that if we can reduce the number of vehicles that
arrive at the advance detectors during the interval, we could reduce the RLR frequency.

RLR Frequency vs. Arrival Time
20

RLR Frequency

nnanHHHHHH | : | HHH”HHHHUHHH

-1 0 1
Arrival Time

Figure 4. RLR frequency.
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Based on the high-resolution data, a quantitative model of correlation between RLR
and yellow light arrival was proposed. Using intersection 101 (Boone) as an example, the
following nonlinear regression model is established:

k

o) @

YBoone =

where, Y is the estimated frequency of running the red light at the intersection, and Q
is the traffic flow to the section detector in a specific time period. For intersection 101,
this specific time period is [T ., — 2, T3 .o + 3], TS, is the time when the yellow light
starts, and k,a,b is the corresponding regression coefficient. For intersection 101, we selected
the red light running frequency from a 10 month period as the sample, and using the
Levenberg-Marquardt method, we estimate the parameters of the nonlinear regression
model to obtain the nonlinear regression model of intersection 101, and the results are
shown in Table 2. The result of T-test and single sample K-S test shows that the residual
follows a normal distribution with the mean value of 0.0. Moreover, the results of ANOVA
test show that the nonlinear regression model proposed in this paper has a good degree of
fit to the observed values, with R? of 0.754. The results also show that the frequency of red
light running at intersections can be predicted based on the traffic flow arriving at the road
detector in a specific time period.

Table 2. Parameter esimation results.

Parameter Estimation Error Lower Bound (%95) Upper Bound (%95)
k 17.072 0.143203 16.781 17.413
a 4.156 0.107117 3.946 4.336
b —0.00631 0.000217 —0.00679 —0.00609

In order to validate the nonlinear estimation model of red light running frequency
proposed in this paper, the actual red light running frequency data are used for validation.
Since the different geometric shapes of intersections and the different locations of road
detector may affect the estimation of red light running frequency, nonlinear regression
analysis was conducted for the other four intersections of TH55 main road. The model was
validated using two months of high-precision data for the main road. The results show
that the proposed model can effectively estimate the frequency of RLR. According to the
prediction results, an error statistics chart for each direction of the intersection is drawn as
shown in Figure 5. In the figure, red represents the estimation error of the red light running
frequency in the direction of the main road, and blue represents the estimation error of
the red light running frequency in the direction of the branch road. The error statistics
results indicate that the estimation error of branch direction at intersections 103 and 104 is
relatively large. This phenomenon is due to the fact that these intersections are T-junctions.
In addition, the estimation error of RLR frequency in the main road direction of these five
intersections is relatively low, indicating that the model proposed in this paper has high
accuracy in estimating the frequency of RLR. This finding provides a theoretical basis for
reducing the frequency of red light running by optimizing the signal timing of main roads.

3.2. Traffic Signal Control Method for Reducing RLR Frequency

This study advocates an approach to optimize the signal timing to reduce RLR fre-
quency for the arterial road. As previously mentioned, reducing the number of vehicles
arriving at a given time interval ([t, — 1,t, + 2] for Int. Boone), we can reduce RLR fre-
quency. However, only minimization of the arrival vehicle numbers may be accompanied
by a reduction in traffic efficiency. This study tries to reduce RLR frequency without com-
promising traffic performance. Hence, a multiple-objective signal optimization framework
is needed. NSGA-II is a population-based optimization method that has been widely used
in multi-criteria signal control optimization in recent years because of its high conver-
gence speed and robust elitist strategy [55,56], which finally lead us to choose NSGA-II for
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optimizing the signal timing toward achieving both RLR reduction and efficiency enhance-
ment. The following section describes the signal optimization procedure to optimize signal
timings to reduce the RLR frequency based on NSGA-IIL.

Estimation of RLR frequency

- Main road direction - Branch direction

1.000

Boone Winnetka Rhode |Glenwood Douglas
0.800
S
=]
=
S 0.600
=
£ 0.163
] 0.400 0 ')l.-‘ (] 1’)]
T 0122 0.323 0.133
E 0.051 o
> 0.047 0.213
2 -
R 0200 0.124' 0.121° | 10.091 25t 0.114) 0144
g EHwa TR IR RD
0.000 = H N i ]

Figure 5. Estimation of RLR frequency.

Instead of minimizing total intersection delay under given demand, we aim to reduce
RLR frequency, which is significantly affected by the arriving vehicle numbers during a
specific time interval. Therefore, we formulate the problem as a multi-objective one. With
multiple objective functions, it is important to find good compromises, or trade-offs, rather
than a single solution. The general notion of a multi-objective optimum was introduced
by [57]. The multi-objective problems are expressed as follows:

Decision variables: The offset for the arterial road {gok,k_;'_l }

Objective: To minimize the number of vehicles that arrive at advance detectors during
the special time interval. Therefore, multiple objectives are involved, i.e.,

min | = (f1(@rit1) f2(Prir1)) 2)

where @y ;11 is a set of offsets between intersection k and intersection k+1. f1(¢y k1) is the
first objective function (minimum average traffic delay under a given demand), and since
we are concerned about the RLR frequency of the arterial road, the first objective function
represents the sum of the arrival vehicle numbers for all of the signalized intersections.
f2(@kk+1) is the second objective function (arriving vehicle numbers during special time
interval), these two objective functions can be calculated according to the following formu-
las. Where n represent the throughput of arterial road, d; represent delay of vehicle i, m
represents the number of intersections, and fg ;(x) represents the estimation frequency of
red light running.

f(@rks) = %dl 3)
fo@rper) = Y fri(x) 4)
i

In this research, multi-objective optimization is implemented to optimize the signal
setting plan and determine timing plans with the best compromises between the number
of arrival vehicles and vehicle delay. The optimal trade-off between the two competing
objectives is presented with an approximation of the Pareto front. In recent years, re-
searchers have presented different multi-objective simulation platforms based on NSGA-II
algorithms, such as fuel consumption, traffic emission, traffic safety, and others [58—60].
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Unlike ordinary genetic algorithms, the NSGA-II algorithm layers individuals based on
the dominant relationship between individuals in the population before selecting operator
execution, which allows excellent individuals have a greater chance to be inherited in the
next generation. A crowding degree index is also added to the algorithm to improve the
distribution and diversity of the population, and it can be calculated as follows:

w L
S= max __ £min
d = —L S 5)

where fi*1 and fi~! represent the closest function value to individual i among all individ-
ual value in population for the s-th objective function, and f"** and f"" represent the
maximum and minimum value for the s-th objective function.

In this research, NSGA-II is used to solve the multi-objective control problem. The
major process is as follows (as shown in Figure 6):

Step1 Create a population individual according to phase of all the intersection in the
arterial road and determine hyper-parameters including the population size,
mutation, gene length, and crossover probability.

Step2 Rank the individuals based on the dominance rule.

Step3 Conduct the crossover and mutation operations to create an offspring population.

Step4 Combine the parent and offspring populations to create a new population for
forming Pareto fronts.

Step5 Add distance to each individual to create a diverse front and obtain the non-
dominated fronts of the population using a fast non-dominated sorting approach.

Step 6 Stop and save the last offspring population if the algorithm meets the criteria of
maximum generation.

Begin

I

Initialization Population

I

Non-dominated sorting and
Crowding Distance calculation

Crossover and Mutation

Selection

Population merge

Generate new population

Non-dominated sorting and
Crowding Distance calculation

i

Satisfy stop

Stop

condition

Figure 6. The procedure of NSGA-II algorithm.
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4. Simulation-Based Study
4.1. Simulation Platform

In this research, Q-Paramics (V6.4.1) software was used to conduct the simulation.
Q-Paramics software can simulate the behaviors of vehicles in urban and highway road net-
works at a micro level. An Application Programming Interface (API) number is provided by
this software, which allows the user to customize underlying features of simulation model.

Q-Paramics can collect high-resolution traffic data using the Microsoft Visual C++
application. Moreover, the traffic metrics such as arrival vehicle numbers can be recorded
when the simulation is finished, and the traffic signal phase will be updated by the “Solution
Algorithms” module once the information is collected. Then, Q-Paramics would restart the
simulation with the new signal timing plan. Figure 7 illustrates how the multi-objective
control is implemented in the simulation platform.

Q-paramics

Event File Multi-Objective Optimization
“““““ o Tt & L bcocianr Parameter Value
o — Average vehicle delay 113
e The arrival vehicle number 257

Multi-Objective Optimization

Population Initialization

Cycle length Green Non-Dominated Sort

splits offset Crowding Distance

Selection

Genetic Operators

Signal Settings

Solution Algorithm

Figure 7. The multi-objective optimization procedure.

4.2. Simulation Setting

As shown in Figure 8, the selected test site is named TH55, which is located at Twin
Cities, Minnesota (the same place where we have collected the high-resolution data). The
arterial road is approximately 2 km long and has five signalized intersections, where inter-
sections 3 and 5 are three-leg intersections. The special time interval for each intersection
was set as [t, — 1, t, + 2]. The simulation time was added as approximately one hour, and
the warm-up time was 5 min. The Q-Paramics road network was built using field data, and
the initial signal timing plan was also collected from the field. Real traffic flow data during
afternoon peak hour (5:00-6:00 p.m.) were used in the simulation test.

The NSGA-II was run to optimize the two objectives. Table 3 summarizes the parame-
ters relative to the NSGA-II procedure.

Table 3. NSGA-II parameters used in simulation tests.

Parameter Value Parameter Value
Population Size 50 No. of Functions 2
Chromosome Length 55 No. of Generation 50
Cross-over Probability 0.7 Mutation Probability 0.125
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Figure 8. The road network.

4.3. Simulation Result

The experiment was conducted under the conditions of unsaturated flow, saturation
flow, and supersaturation flow on the main road. The experiment began from the initial
population, and an initial population was set for each flow condition. For example, Figure 9
shows the relationship between the frequency of RLR on the main road and the average
delay of vehicles corresponding to each individual of the initial population randomly
generated under the condition of supersaturation flow on the main road, where each
individual represents a signal timing scheme, which was randomly selected.

25 -

RN N
(¢ o
L |

RLR Frequency
o
|

inital population(Gen=0)

° ° o ®
°
° . °
° °
™ o o
° o ) . ° ® ®
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®
™
° ° o © .
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I ' I ! ] ' I ' I ' I
220 230 240 250 260 270
Average Vehicle Delay

Figure 9. Initial population under supersaturation flow.



Electronics 2023, 12, 2344

12 of 16

The optimization results under unsaturated flow are shown in Figure 10. From the
figure, it can be seen that the solution after 30 iterations is similar to the solution after
50 iterations, which shows that the algorithm performs well in convergence. A clear Pareto
frontier can be observed, which clearly presents the trade-offs between the minimum arrival
number and the minimum average vehicles delay. It can be seen that our method can find
a Pareto optimal solution that has both low delay and RLR frequency. Therefore, the best
signal timing plan can be designed by using the Pareto frontier, which not only minimizes
the arrival vehicle number but also the average vehicle delay.

In order to test the convergence under different traffic flow conditions, the experiment
is conducted under saturation flow and supersaturation flow. Compared to unsaturated
flow condition, the number of vehicles increase by 15% and 30%, respectively, and the
results are shown in Figures 11 and 12. The results indicate that our method can converge
to a Pareto frontier and find Pareto optimal solutions in both traffic flow conditions.
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Figure 10. Distribution of optimal solutions after various generations.
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Figure 11. Distribution of optimal solutions under saturation flow.

The simulation results under different traffic conditions are compared, and the com-
parison results are shown in Figure 13. When the main road is unsaturated, the algorithm
considering the frequency of red light running on the main road and the average vehicle
delay has the best optimization effect. With the increase in the main road flow, the frequency
of red light running on the main road and the average vehicle delay increase accordingly.
When the main road is oversaturated, the frequency of red light running and the average
vehicle delay on the main road are at a high level, and the algorithm on the main road
fails to produce a significant optimization effect. The simulation results under different
flows show that the algorithm has achieved good control effects in both unsaturated and

saturated states.
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5. Discussion

Since RLR is one of the most important factors of traffic accidents, in this paper, we
propose a novel adaptive traffic signal control approach to reduce the RLR frequency by
controlling yellow-arriving vehicles. Specifically, we explore the correlation between yellow
arriving and RLR frequency based on high-resolution traffic and signal event data and
propose a quantitative model using nonlinear regression method. Furthermore, we develop
a novel ATSC approach based on NSGA-II, aimed at enhancing efficiency while reducing
RLR frequency. On this basis, the simulation is conducted based on a real road network in
Twin Cities, Minnesota. The results show that our approach achieves good performance in
both traffic efficiency enhancement and RLR frequency reduction. Under the conditions of
unsaturated flow, saturation flow, and supersaturation flow, our method can converge to
an optimal Pareto frontier in 30-50 iterations.
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6. Conclusions and Future Work

In this paper, we propose a traffic signal control method to simultaneously reduce
RLR and enhance traffic efficiency. To the best of our knowledge, this is the first time that a
traffic signal control method has been proposed to reduce RLR for arterial roads. Compared
to other methods for RLR reduction, such as RLR camera enforcement and warning signs,
we use only historical high-resolution traffic data to build our model. This means that
the model can be used in different arterial roads as long as the historical high-resolution
traffic data can be collected. Unlike camera enforcement and warning signs, our method
does not require the addition of more roadside facilities, thereby reducing management
costs. Moreover, compared to other methods that use machine learning or deep learning
to predict or identify RLR behavior, our model utilizes less data to build the relationship
model of correlation between RLR and yellow-arriving vehicles, which can predict the
number of RLR vehicles in advance with better explanatory power. However, our model
still has some deficiencies. First, it is costly to collect high-resolution traffic data from each
arterial road. Then, the relationship model of correlation between RLR frequency and
yellow arrival may vary across different arterial roads due to differences in traffic demand,
necessitating adjustments to the model in different environments.

To sum up, in the future, we will focus on addressing these issues. We aim to reduce
its dependence on high-resolution data with the assistance of traffic flow models. Moreover,
we will enhance the RLR estimation model and try to find a more generalized model that can
estimate RLR in different traffic demands and road-net conditions, thereby improving the
generalization performance of the model. In addition, our model uses a centralized control
framework, creating difficulties for its application on large-scale road networks because of
high computing costs. Some emerging computer technologies, such as TinyML [61], may
help to transform the model into a distributed framework, thereby further enhancing its
adaptability in various traffic scenarios.
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