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Abstract: Unmanned traffic signal control is regarded as a sustainable intelligent management
methodology. However, it faces the challenge of unpredictable traffic flow due to stochastic arrivals.
The digital twin (DT) has emerged as a promising approach to address the challenges of time-
varying traffic demand in urban transportation. Previous studies of DT-based adaptive traffic
signal control (ATSC) methods all assume ideal synchronization conditions between the DT and the
physical twin (PT). It means that the DT can immediately figure out the next neglecting limitation
of realistic conditions, i.e., discrepancies between the DT and PT and computational ability. This
paper proposes a DT-ATSC framework aimed at reducing the total delay at isolated intersections
under limited synchronization conditions. The framework contains two parts: (1) a cell transmission
model-based intersection simulation model featuring less computational consumption and the
parameter self-calibration mechanism; and (2) scheme searching algorithms that can guide the DT
to create optimization-oriented signal timing scheme candidates. Three options are provided for
the scheme searching algorithms, i.e., grid search (GS), the genetic algorithm (GA), and Bayesian
optimization (BO). A testing platform is created to validate the effectiveness of the proposed DT-ATSC.
Experimental results indicate that the proposed DT-ATSC-BO outperforms the DT-ATSC-GA and DT-
ATSC-GS. Meanwhile, the average vehicle delay of the DT-ATSC-BO is up to 53% lower than that of
the current adaptive signal control method, which indicates that the proposed DT-ATSC has achieved
the expected effect. Moreover, compared to the previous related work, the proposed DT-ATSC
framework is more likely to be able to be applied in realistic situations because synchronization issues
are incorporated in the design of the DT-ATSC by assuming a limited margin time for a decision.

Keywords: sustainable smart traffic control; isolated signalized intersection; adaptive signal control;
digital twin; synchronization problem

1. Introduction

Evolving demand is a major challenge for traffic signal control. Adaptive traffic signal
control (ATSC) has emerged as a promising solution to address this issue by dynamically
adjusting signal timings based on real-time traffic conditions. Recently, the technology of
real-time and reliable communication between onboard units (OBUs) and RSUs has been
realized. Connected vehicles (CVs) within a certain distance to RSUs of an intersection can
update their driving state through wireless communication (speed, position, lane index,
and turning direction) frequently and accurately. Existing methods process data in an
aggregated manner, by which the great potential of such fine-grained and real-time CV
data cannot be fully utilized. With the availability of individual continuous trajectory data
from CVs, control strategies of ATSC are expected to be improved.

In recent years, the development of digital twin technology has unveiled new pos-
sibilities across various domains, particularly in the realm of ATSC [1]. A digital twin is
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a virtual representation of a physical object or process, enabling two-way data exchange
between the digital twin (DT) and physical twin (PT) in real-time. By establishing a digital
counterpart of the actual traffic environment, this approach enables dynamic simulation,
deduction, and selection of signal control at signalized intersections. Real-time data are
continuously utilized to update the DT so that closed-loop control can be achieved.

Assuming the signalized intersection as the PT, some studies have tried to combine
the DT with ATSC and achieved good results [2]. In such an ATSC method, the DT system
includes a simulator created based on traditional traffic flow models or directly applies
commercial simulation software such as simulation of urban mobility (SUMO 1.5.0) At
any time when the controller is working on the next step signal phase plan, a DT will be
generated referring to the real-time traffic data obtained from sensors, CVs, and traffic
signals. Then, the future performance of the intersection will be deduced repeatedly
assuming that the signalized intersection in the DT applies different signal phase timing
schemes. Such deduction work terminates until the performance of the generated scheme
converges into a satisfying level. In this way, the algorithm could optimize traffic signal
operations adaptively.

However, the current DT-based ATSC methods are tested under ideal synchronization
conditions between the DT and PT. They do not consider discrepancies between the DT
and PT and computational resource constraints. Therefore, the current DT-based ATSC
methods may not achieve the expected performance once they are applied in real-world
systems. The specific problem is dissected in the following two aspects:

e Discrepancies between the DT and PT: The DT serves as an approximation and im-
itation of the PT; there should be inevitable differences between them because their
operating mechanisms are different. Minimizing the discrepancies between the DT and
PT using real-world data is necessary because it directly determines the effectiveness
of the solution validated in the DT;

e  Computational limitations: Current DT-based ATSC methods assume unlimited com-
putational resources can be called upon for the deduction work of the DT. In their
methods, the calculation will terminate only when the performance indicator in the
DT converges, then an optimal solution will be found. However, in the real world, the
computation ability of RSUs is limited, which means that the total number of signal
timing schemes to be tested is not enough. Therefore, how to find a better solution
through testing a limited number of schemes will be a critical problem to be solved.

Considering the above two issues, this paper proposes a new DT-ATSC framework
that is able to accommodate the synchronization problem. In particular, the framework in-
cludes a cell transmission model (CTM)-based intersection simulation model featuring less
computational consumption and a scheme searching algorithm that guides the DT to create
optimization-oriented signal timing schemes to be tested. Overall, the key contribution,
which distinguishes this study from previous works, can be summarized as follows:

e A DT based on a modified CTM with a parameter self-calibration mechanism is
introduced based on real-time CV data, aiming to mitigate the discrepancies between
the DT and PT;

e  Three scheme searching algorithms for the DT-ATSC are created and compared, in-
cluding grid search and two other heuristics algorithms, i.e., the genetic algorithm and
Bayesian optimization.

The rest of this paper is organized as follows. Related works are summarized in
Section 2. Section 3 mainly introduces the whole structure of the framework and the
algorithms, i.e., the CTM-based DT and scheme searching algorithm. The performance
of the proposed DT-ATSC is interpreted in Section 4. Finally, Section 5 summarizes the
conclusion, current limitations, and future works.
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2. Related Work

Addressing inadequate control at signalized intersections resulting from evolving
demands has long been a priority for researchers and practitioners. ATSC can dynamically
modify the signal timing in response to real-time traffic flow, thereby improving traffic
operation efficiency. Over the past decades, a large number of scholars have dedicated their
endeavors to advancing ATSC methods [3].

Conventional ATSC methods primarily rely on basic traffic data from inductive loop
detectors and connected vehicles (CVs). Inductive loop detectors are usually positioned
near the stop line [4], upstream of the stop line [5,6], or at upstream intersections [7,8].
Due to its mature technological development, it is widely applied in existing adaptive
signal control methods. Classic systems such as SCATS [4] and SCOOT [8] employ pattern
matching or real-time prediction of intersection traffic conditions, followed by dynamic plan
selection or real-time plan generation to optimize signal control parameters. Larry predicted
downstream vehicle arrivals based on signal timings, queues, and free-flow speeds from
upstream intersections [7]. However, these systems have limitations, as the fundamental
traffic data derived from traditional detectors may not provide the required accuracy and
completeness to achieve theoretical performance, and low-dimensional analytical models
are required to make assumptions and simplifications, resulting in a loss of precision [9].

In recent years, vehicle trajectory data from connected vehicle (CV) environments
have been utilized to refine ATSC performance [9-11]. Predictive traffic control algorithms
leveraging robust trajectory data have been developed, optimizing signal timings based on
future traffic conditions [10]. Aljaafreh et al. explored multi-agent-based control methods
for an integrated network of ATSCs within a CV communication environment [11]. Addi-
tionally, Bhave et al. developed real-time adaptive signal phase allocation algorithms using
CV data to optimize phase sequence and duration [12].

Digital twin (DT) technology has emerged as a promising approach to enhance traf-
fic signal control, with its potential in modeling road traffic and enabling autonomous
vehicles as a crucial component of smart mobility [13—-15]. Based on the evolution of the
concept of the DT in transportation, Aslani et al. developed DT simulation models ca-
pable of providing traffic performance measures in real-time [16]. DT-assisted real-time
traffic data prediction methods have been explored for analyzing traffic flow and veloc-
ity data transmitted via 5G networks [17]. Successful implementations of DTs on local
roads have accurately measured road characteristics and assisted in road planning [18].
Additionally, principles of developing DTs for active vehicle safety systems, such as the
braking system [19] and automated driving system [20], have been studied. Furthermore,
several studies have proposed techniques and methods for evaluating the reliability and
safety of digital twin technology based on its application at various stages of the vehicle
development lifecycle [21,22].

However, despite the transformative potential of DT technology, there remains a lack
of sufficient evidence supporting its direct application in traffic signal control. Thus, this
study aims to address this gap by proposing a comprehensive DT-ATSC framework.

Meanwhile, it is also necessary to explain the relationship between simulation and
digital twins before the main part of this paper for distinguishing these two terms. Ac-
cording to the definition given in Wikipedia, this study defines traffic simulation as a tool
to approximate and imitate traffic evolution, whereas the digital twin is defined as the
technical process including collecting real-world data, calibrating the simulation platform,
obtaining control scheme suggestions through running the simulation, and implementing
the scheme in the real world. Therefore, to some extent, the simulation can be regarded as
the core part of the digital twin.

3. Methods
3.1. Framework of the Digital Twin-Based Adaptive Traffic Signal Control (DT-ATSC)

As in Figure 1, a framework of the DT-ATSC has been built for isolated intersections.
The whole framework includes two parts, i.e., the modified CTM-based DT and the scheme
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searching algorithm. Unlike in previous studies, the framework in our study has been
modified to consider computation time and scheme limitations. As illustrated in Figure 2,
the deduction work in the DT of each scheme takes a certain amount of time. After
experiments based on the average computational ability of the current RSU, the time length
for each scheme is given as 0.01 s. It is obvious that the more the scheme is tested, the more
computational time is needed in the DT, and the more margin time should be reserved
before the next cycle. However, longer margin time leads to greater discrepancies between
the PT and DT due to the difference in external demand input and the internal traffic flow
evolution mechanism. Therefore, the maximal number of schemes to be tested is limited. A
“2 s margin time” is assumed to be acceptable considering the synchronization problem
discussed above, which indicates the maximal number of schemes to be tested is 200 for
each decision.
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Figure 1. Framework of the DT-ATSC.
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Figure 2. Discrepancies between the DT and PT.

Therefore, the workflow of the DT-ATSC was consequently modified. At 2 s prior to
the end of every cycle, the DT will create a simulation platform according to the obtained CV
data. Based on the simulation platform, the algorithm optimizes the control performance of
the signalized intersection by repeatedly testing different signal timing schemes generated
by the scheme searching algorithm. Within the 200 schemes tested in the DT, the scheme
with the best future performance among the ones tested will be selected and implemented
for the next cycle.
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3.2. DT Based on Modified CTM
3.2.1. Simulation Model for Isolated Intersection Based on Modified CTM

In most of the previous studies related to DT-ATSC [2], a commercial simulation
software SUMO 1.5.0 is introduced to play the role of the simulation platform in the DT. To
balance the simulation accuracy and computational burden of the DT, this study applies
CTM as the core simulation model for the DT.

The CTM is a meso-level simulation tool that effectively replicates the hydrodynamic
characteristics of interrupted traffic flow on each lane at intersections while maintaining
lower computational demands. This model aligns well with the synchronization needs of
our framework due to these advantages. CTM predicts the spread of traffic by calculating
the boundary fluxes and the density across a defined number of cells at various time
intervals. These fluxes between cells are determined through specific sending (upstream
cell) and receiving (downstream cell) functions outlined in Equations (1)—(4) of the modified
CTM. However, the discharge flow as modeled by the standard CTM does not realistically
depict actual traffic conditions. To address this, Srivastava et al. refined the sending
function, as detailed in Equation (5) [19]. This enhancement enables the model to more
accurately reflect the discharge characteristics of queues. As a result, the revised CTM is
particularly utilized for cells situated immediately upstream of the stop lines.

At

kj(t08) = ki) + 7 (Pj(1) = i (1)) 1)
@;i(t) = min{S;j_q(t), Rj(t)} 2)

Si(t)= S(ki(t)) = min{oki(t), g} ©)
Rj(t)= R(kj(t)) = min{qe, w (kjom — kj(t)) } (4)
Si()=S'(k;(t)) = min{vfkj(t),c* (k;;,m - kj(t))} 5)

where j is the cell number, k() is the density of cell j at time  (veh/m), At is the time step,
@;(t) is the flux from cell j — 1 to cell j (veh/h), vy is the free speed (m/s), 5;(t) is the sending
value of cell j at time ¢ (veh/h), R;(t) is the receiving value of cell j at time ¢ (veh/h), §'i(t) is
the modified sending value of cell j at time ¢ (veh/h), g, is the cell capacity (veh/h), w is
the shockwave speed (m/s), ¢* is the slope of modified sending curve (m/s), kjg;,* is the
projected jam density for the modified sending curve (veh/m), and k; is the critical density,
Kjam 1s the jam density (veh/m).

In this study, the conventional and modified CTM are expanded by analyzing the
movement of vehicles from cell j to cell j — 1 (denoted as y;) and the vehicle occupancy
(n;) at multiple intermediate points over varying time steps, as illustrated in Figure 3. Two
constants are defined for each cell: Vehicle Holding Capacity (N;): This represents the
maximum number of vehicles that can occupy cell j at any given time t. N; is determined
by multiplying the cell’s length by its jam density; Cell Capacity (Q;): This defines the
maximum number of vehicles that can enter cell j during the time interval from £ to t + At.
These constants change over time, enabling the model to accurately simulate temporary
traffic incidents, as described in Equations (6)—(13).

Nj: kjumL (6)

nj= k](t)L (7)

Qj = qc/3600 (8)
yir1(t)=min{n;(t), Qjy1, w/vs[Njy1 —nj1(t)]} )
nj(t+At) = ni(t) +yi(t) —yj(t) (10)

N = Ky L (11)
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Five types of functional cells are created to compose the simulation platform, i.e.,
normal cell, source cell, ending cell, merging cell, and diverging cell. The iterative formulae
for each type are shown in Equations (14)—(18). Any types of intersection (different lane
number and lane function) can be modelled by simply stacking cells as shown by the

example illustrated in Figure 4.

{ yj(t) —mm{S] 1
Yj1 (t) = min{S;(t

{ yi(t) = J(t)
yis1(t) —ml”{s (), Rja (1)}

{}/j( ) = min{S;_1(t), R;(t) }
5;(t)

]/]+1( )=

/ ]+1 )}

()} jEN

ormal

j € Source

j € Ending

{yi,j(t) = min{S'(f) ; tl D) R; (t)} i€ M(j),j € Merging
Yyjpa(t) = min{S;(t), Riz1(t)}

{y](t = min{S;_( ,R(t)}
JRi()}

]/]z —mzn{,B]l

i € D(j), j € Diverging

(14)

(15)

(16)

(17)

(18)

where D;(t) is the traffic demand generated at the source cell at time ¢, M(j) is the set of
upstream cells merging into the cell j, §;; denotes the diverging proportion of traffic from j
to 7, and D(j) is the set of downstream cells that cell j diverges into.
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Figure 4. Cell types in cell transmission models.
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Any existing traffic in a cell that cannot leave in the next steps incurs a delay. In this
way, the total delay (TD) is introduced to evaluate the performance of each signal scheme
as in Equation (19).

TD =YY ((nj(t) — ®j1(t) x At) X At) (19)
tj

3.2.2. Updating Internal Traffic State and Predicting the External Traffic Input

Firstly, approaches within the communication distance (200 m radius area) are sliced
into the virtual grid form referring to the layout of the CTM model in the DT as in Figure 4.
At every decision time, CVs in this area will report their position (geometric center point)
and turning direction to the RSU. Then, the state parameters of each cell in CTM model
are updated:

(1) the DT counts the number of vehicles in each gird as n;;
(2) the B;; of each diverging cell will be updated on the basis of turning direction
information.

There is no doubt that traffic input from the outside should be considered for the
testing of traffic signal schemes. Therefore, many traffic input prediction approaches are
worth being considered. For instance, by accessing the departure data from upstream
intersections, the arrival flow can be accurately mastered. However, this part is not the
highlight of this article. In this study, we simply assume that the traffic input will not
drastically change over two consecutive cycles. Therefore, the RSU records the profile of
arrival flow in each cycle. The assumed traffic input profile for the next period will simply
copy the one recorded during the last cycle.

3.2.3. Parameter Self-Calibration

When the DT creates a simulation platform, the parameters of each cell will be updated
before the deduction work starts according to the data recorded during the last cycle. In
this study, two types of CTM are applied, i.e., the traditional CTM and the modified
CTM. Their parameters are calibrated by following procedures: (1) the vf and kg, of the
traditional CTM and modified CTM are kept invariant; (2) the SFR; and SLI] of each
lane 1 should be calculated based on the CVs’ passing time at each stop line through
Equations (20)~(22); (3) g, w, and ¢" of cells applying the modified CTM should be adjusted
through Equations (23)—(25). The mechanism of the self-calibration is illustrated in Figure 5.

T, —T.
_1g— 14
hs = -, (20)
spR = 8% (21)
hs
4
SLT =Y (ki — hs) (22)
i=1
gc = SFR (23)
[
w = 9 (24)
Z)fkjam —Yc
. SLT x w?
¢ T SITxwil @5

where £ is the average saturation headway (s), Ty is the discharge time of the last queued
vehicle in the platoon (s), T4 is the discharge time of the 4th queued vehicle (s), 1, is the
total number of queued vehicles observed, and k;, defines the queue discharge headway of
the i vehicle (s).
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3.2.4. Scheme Searching Algorithms

As in Figure 6, when the structure and order of the phase is fixed, different signal
control schemes are generated by adjusting the length of the green time (g1, g2, g3, g4) in
each phase respectively. ATSC is time-sensitive and requires the decision-maker to find a
better control plan from the given scheme. In this study, the maximal number of schemes to
be tested for each decision is assumed as 200. We conducted extensive research on several
MEC devices available in the Chinese market and found significant variability in their
computational capabilities. Consequently, the assumed simulation time of 0.01 s per signal
control scheme in this paper cannot be confirmed as realistic. However, it is anticipated
that in the near future, a guiding standard will be established, specifying the configuration
requirements for roadside MEC devices. At that point, it will be possible to provide a more
concrete answer to this question.

"5 A ——
92

| e

3 93

"It | —— —

I | — — i

Figure 6. Signal phase diagram.

Under limited conditions, tests of signal control schemes should not be carried out
at high dimensions, so (g1, g2, g3, g4) is taken as the decision variable of signal control
optimization in this paper. The goodness of the schemes provided for the DT is a nec-
essary and controllable issue in this framework. Such a problem can be represented in
Equation (26). For letting the provided X be close to optimal x, three scheme searching
algorithms for the DT-ATSC are created in this study, i.e., the grid search (GS), and the
other two heuristics algorithms, i.e., the genetic algorithm (GA) and Bayesian optimization
(BO). The overall procedure of those algorithms can be summarized into the following two
steps: (1) Generate an initial scheme; (2) Search the traffic signal scheme that is close to the
optimal solution according to a given rule starting from the initial scheme. Their details are
explained by pseudo-code as Appendix A.
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s.t.
xi€ X ={x),x,...%j,...Xn} (26)

n
121 time(xi) < Tmargin
1=

4. Experiment
4.1. Experimental Platform

In this study, SUMO 1.11.0, C++ 20, and Python 3.11 were integrated to build the
DT-ATSC experimental platform as in Figure 7. The function of each component includes:
(1) SUMO 1.11.0 was used as the data source and operation object. In every time step,
the information of all vehicles was obtained and relayed via the traffic control interface
function (TraCI) from SUMO to Python; (2) The CTM was programmed in C++. Pybind11
library was used to package it as a Python extension package; (3) Python is a middle layer
that implements data conversion, preprocessing, and scheme searching algorithms. In

every time step, the signal control command for the intersection was calculated and sent
back to the SUMO through TraCL

7 |
N | Perceptual Information !
4 1 !
Roadside unit SUMO:! Input traffic prediction
H WY

1
I
e — : CV data processing
'j L' 1
1
1

Scheme searching algorithms

1
: u
N : i
:\ / i

1 L *Mulischeme deduction (000

Figure 7. DT-ATSC experimental platform.

To promote academic exchanges, the code of the platform can be accessed from the
following links: https://github.com/Eightina/Digital-Twin-CTM (accessed on 23 January
2024). A study site of an isolated intersection was created, as illustrated in Figure 8. The
traffic volume and vehicular parameters were directly set as the default one in SUMO.

VN

Roadside unit

VE

On board unit

VS

Figure 8. Study site of an individual intersection.
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4.2. Discussion
4.2.1. Comparison of Three Scheme Searching Algorithms

The performance of DT-ATSC using three scheme searching algorithms, i.e., grid search
(GS), the genetic algorithm (GA), and Bayesian optimization (BO) was tested in two different
demand scenarios. For the two scenarios, the traffic volume in the opposite direction was
assumed to be at the same level, i.e., VN = VS and VWV = VE. Asin Figure 9a,b, scenario 1 was
designed for testing the adaptive ability of control algorithms to changes in demand level,
while scenario 2 was created for comparing their performances under changing demand
splits. It is noteworthy that in both scenarios the ratio of left-turn/straight/right-turn was
always equal to 1:7:2.

700 700
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- VEW

73 Y
=3 S
S =
Y
S
S
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w
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/

o \ o
300 <zl

1 v«'// | — \
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e

(a) Scenario 1 (b) Scenario 2

Figure 9. Tested scenarios with different demands.

This paper introduces the cumulative total waiting time (CTWT) to measure the control
performance as in Equation (27).

t n
CTWT; =) ) WT; (27)
i=0j=1

where 7 is the total number of vehicles that are within the intersection at time ¢, WTj; is
a Boolean value indicating whether vehicle i is waiting at time j, and WTj; equals 1 if the
speed of the vehicle Vj; is less than the threshold, else it equals 0.

Figure 10 illustrates the result of scenario 1 during a 30 min period (including 24 cycles).
From Figure 10a, it can be observed that among the three scheme searching algorithms, the
trend line of DT-ATSC-BO is consistently lower than those of DT-ATSC-GA and DT-ATSC-
GS. This indicates that the DT-ATSC-BO algorithm achieves superior control performance
compared to the other two algorithms when the demand level at the intersection changes.
Notably, the cumulative total weighted tardiness (CTWT) difference between DTs-ATSC-BO
and DT-ATSC-GS reaches approximately 7000 s at the 850 s mark. The same trend is evident
in Figure 10b, which further demonstrates that DT-ATSC-BO has a better adaptive ability
to demand split changes than both DT-ATSC-GA and DT-ATSC-GS. As the simulation
time progresses, the performance gap between DT-ATSC-BO and DT-ATSC-GS becomes
more pronounced. By the end of the simulation at 1700 s, the CTWT difference between
DT-ATSC-BO and DT-ATSC-GS increases to 10,000 s. These results suggest that, with a
limited number of searching schemes (up to 200 schemes assumed in this study), applying
Bayesian optimization (BO) enables the decision tree (DT) to identify more effective signal
control schemes compared to using genetic algorithms (GAs) and grid search (GS). The
superior performance of DT-ATSC-BO highlights its potential for optimizing traffic signal
control under varying demand conditions, ensuring better adaptability and efficiency in
managing intersection traffic.
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Figure 10. Results of three scheme searching algorithms.

In more detail, the observed trends in Figure 10a,b reflect the ability of the DT-ATSC-
BO algorithm to respond dynamically to real-time changes in traffic demand, minimizing
delays more effectively than the other methods. The DT-ATSC-GA, while better than
DT-ATSC-GS, still lags behind DT-ATSC-BO, indicating that the evolutionary approach
of GA, although powerful, does not match the precision of the BO method within the
same timeframe. The increasing divergence between the DT-ATSC-BO and the other
methods as simulation time advances suggests that BO is particularly advantageous in
longer operational periods, where its optimization capability compounds benefits over time.
This is crucial for real-world applications where traffic conditions can fluctuate widely
and unpredictably, demanding robust and flexible optimization techniques. Furthermore,
the results underscore the practicality of Bayesian optimization in scenarios with limited
computational resources, as it efficiently narrows down the optimal solutions from a vast
search space. This efficiency is vital for real-time traffic management systems that require
swift and accurate decision-making to enhance overall traffic flow and reduce congestion.

In conclusion, the empirical evidence from Figure 10 clearly demonstrates that DT-
ATSC-BO outperforms DT-ATSC-GA and DT-ATSC-GS in managing traffic signal control,
especially under varying demand levels. The Bayesian optimization method not only
provides better control performance but also exhibits superior adaptability to changing
traffic conditions, making it a valuable tool for modern intelligent transportation systems.

4.2.2. Comparison with Other Adaptive Signal Control Methods

With respect to the performance of DT-ATSC-BO (better than the other two) and
DT-ATSC-GS (worse than the other two), they were selected to be further tested in more
scenarios compared to the Adaptive Webster proposed by [23]. The signal control mode of
Adaptive Webster will generate a signal timing scheme for the next cycle through Webster
theory at the end of every cycle according to the aggregated demand information gathered
during the current cycle.

Notably, it was originally intended to compare the proposed method with existing
DT-ATSC methods; however, there are very few such methods available. To the best of
our current knowledge, only one paper accurately falls into the DT-ATSC category. Un-
fortunately, that study does not consider the computational cost of the approach. In their
methodology, tens of thousands of scenarios are simulated instantaneously before generat-
ing a solution, which is clearly unrealistic under real-world conditions. Additionally, their
method employs SUMO as the platform for both the DT and PT, implying no differentiation
between the DT and PT, which is also unrealistic. Consequently, this paper does not use
DT-ATSC methods for comparison but instead selects the Adaptive Webster method as
the benchmark.

As in Figure 11, it is important to clarify that the experimental scenarios in this paper
were designed based on data collected from real-world situations. The scale of traffic
flow rate and the range of variation in distribution ratios were referenced from actual
data (intersections in Shanghai). Additionally, to highlight the technical characteristics
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of the method, two scenarios were specifically considered: traffic flow fluctuation and
distribution ratio fluctuation. Furthermore, four different levels of arrival traffic fluctuation
were assumed. Through this sensitivity analysis experiment, it can be demonstrated that the
proposed method is robust and superior to other methods under different traffic settings.
Group 1 refers to scenarios with changing demand levels (four different peak volumes) and
group 2 refers to scenarios with changing demand splits (four different changing rates).
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The CTWT was introduced to measure the control performance as well. From
Figures 12 and 13, it can be observed that the trend line of the proposed DT-ATSC-BO
is consistently lower than those of DT-ATSC-GS and the Adaptive Webster. This indicates
that both DT-ATSC methods maintain superior control performance compared to the Adap-
tive Webster. The results further reveal that by using the solution generated by the Webster
method as the initial solution, the controller can find better solutions through iterative
searching and optimization, utilizing grid search or Bayesian optimization.
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Figure 12. Results of group 1.
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Figure 13. Results of group 2.

A critical observation is made when the peak volume of the group becomes
Vn = Vs =350veh/h and Vi = Vg =700 veh/h, where the trend lines of DT-ATSC-BO and
DT-ATSC-GS intersect at around 850 s. Upon examining the simulation records, it was
found that DT-ATSC-BO may generate inappropriate signal control schemes when traffic
congestion, such as secondary queuing, occurs in certain approaches. This highlights a
potential area for further refinement in the DT-ATSC-BO method to enhance its robustness
under varying traffic conditions.

Additionally, the average delay and control effectiveness of the three ATSC methods
are compared across different scenarios in Table 1. In Scenario 1, DT-ATSC-BO achieves
an average delay of 8.9 s, which is 16.6% lower than the Adaptive Webster method at
10.6 s. DT-ATSC-GS shows a slight improvement with an average delay of 9.0 s, 1.2% lower
than Adaptive Webster. In Scenario 2, DT-ATSC-BO significantly outperforms, with an
average delay of 9.2 s, 53.7% lower than Adaptive Webster’s 19.8 s. DT-ATSC-GS also
shows substantial improvement with an average delay of 13.2 s, 30.4% lower than Adaptive
Webster. Scenario 3 results indicate DT-ATSC-BO with an average delay of 32.9 s, 22.8%
lower than Adaptive Webster’s 42.6 s, while DT-ATSC-GS achieves 33.7 s, 2.5% lower than
Adaptive Webster. In Scenario 4, DT-ATSC-GS performs the best with an average delay of
44.8 s, 23.4% lower than Adaptive Webster’s 58.4 s. However, DT-ATSC-BO shows a delay
of 49.8 s, 10.1% higher than DT-ATSC-GS.

The detailed analysis for Group 2, illustrated in Figure 13a—d, reinforces the supe-
rior performance of DT-ATSC-BO and DT-ATSC-GS compared to the Adaptive Webster.
Interestingly, as the changing rates of VN (VS) and VW (VE) increase, the performance
gaps between DT-ATSC-BO, DT-ATSC-GS, and the Adaptive Webster tend to diminish.
However, this trend is relatively minor, suggesting that the changing rate of demand splits
does not significantly impact the performance of adaptive control methods.

In conclusion, the proposed DT-ATSC methods, especially DT-ATSC-BO, exhibit
remarkable performance in reducing average delay and enhancing control effectiveness
compared to the traditional Adaptive Webster method. This is evident across various traffic
scenarios, validating the robustness and efficiency of the DT-ATSC approach. These findings
underscore the potential of DT-ATSC methods in achieving more efficient and responsive
traffic signal control, contributing to smoother traffic flow and reduced congestion in urban
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environments. Further research and development could focus on refining these methods
to handle more complex and unpredictable traffic conditions, thereby enhancing their
practical applicability and reliability.

Table 1. Average delay evaluation results.

Ratio Compare to the

Scenarios ATSC Method Average Delay(s) Lowest One(.)
Adaptive Webster 10.6 16.6%
Scenario 1 DT-ATSC-GS 9.0 1.2%
DT-ATSC-BO 8.9 -
Adaptive Webster 19.8 53.7%
Scenario 2 DT-ATSC-GS 13.2 30.4%
DT-ATSC-BO 9.2 -
Adaptive Webster 42.6 22.8%
Scenario 3 DT-ATSC-GS 33.7 2.5%
DT-ATSC-BO 329 -
Adaptive Webster 58.4 23.4%
Scenario 4 DT-ATSC-GS 44.8 -
DT-ATSC-BO 49.8 10.1%

5. Conclusions

This paper proposes a DT-ATSC framework to address the signal control problem at
signalized intersections under changing traffic demand. This study assumed that the traffic
flow consists of 100% CVs and vehicular driving state data within the control area of the
intersection will be transmitted to RSU through wireless communication between the CV
and RSU every second. At 2 s prior to the end of every cycle, the algorithm optimized the
control performance of the signalized intersection by repeatedly generating and testing
different scenarios with different signal timing schemes in the DT. Then, the scheme with the
best future performance among the ones tested are selected for the next cycle. The proposed
method aims to optimize by reducing delays, and compared to traditional methods, it can
reduce delays by up to 53.7%. Lower vehicle delays mean fewer stops and starts, which
in turn contributes to energy savings and emission reductions, supporting the sustainable
development of cities.

Unlike previous works, the DT-ATSC framework consists of two key components,
i.e., the modified CTM-based DT which highlights the self-calibration mechanism and the
scheme searching algorithm. The DT is constructed on the basis of the modified CTM which
is a meso-level simulation model that reproduces hydrodynamic properties of interrupted
traffic flow at signalized intersections resulting in low computational consumption. To
ensure synchronization between the DT and the PT of the signalized intersection, we
introduced a parameter self-correction mechanism that calibrates the parameters of the
modified CTM model based on real-world CV data. For facilitating the DT-ATSC to find a
better signal timing scheme, three scheme searching algorithms were employed and tested
to approximate the global optimal solution considering computational limitations (the
number of schemes is assumed up to 200).

Through numerical studies, the performance of scheme searching algorithms (GS, GA,
and BO) were compared. The DT-ATSC-BO consistently demonstrated superior perfor-
mance and the average vehicle delay of DT-ATSC-BO under 750 veh/h demand level was
32.9 slower than the other two (DT-ATSC-GS and DT-ATSC-GA). Furthermore, experiments
for comparing the performance of three adaptive signal control methods (DT-ATSC-GS,
DT-ATSC-BO, and Adaptive Webster) across various scenarios were conducted. The DT-
ATSC-BO and DT-ATSC-GS consistently outperform the Adaptive Webster. The delay of
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DT-ATSC-BO is up to 53% lower than Adaptive Webster. Overall, it can be concluded
that the proposed DT-ATSC has achieved the expected effect. Moreover, compared to the
previous related work, the proposed DTATSC framework is more likely to be able to be
applied in realistic situations since synchronization issues are considered.

Although this article addresses the technical challenges of applying digital twin
technology to traffic systems, applying the DT-ATSC method to real-world scenarios
presents the following issues that need to be addressed: (1) The uncertainties present in
real-world scenarios are key factors limiting the effectiveness of solutions derived using
the CTM model, which is a deterministic model; (2) In real-world scenarios, there is a
certain delay in the collection of traffic operation data at intersections by sensing devices,
which significantly constrains the real-time effectiveness of the signal control schemes
generated by DT-ATSC. Moreover, the system’s behavior and characteristics are described
through rigorous mathematical models and logical reasoning, a process known as formal
methods [20]. By using formal methods, errors in the system can be significantly reduced,
thereby enhancing the system’s sustainability.

The proposed framework can be further improved considering the following two
aspects. First, the DT-ATSC can be further improved by incorporating an advanced exter-
nal traffic input prediction. For instance, by accessing the departure data from upstream
intersection [24-26], the arrival flow can be accurately mastered. Second, this study as-
sumes traffic flow with 100% CV, the method should be further modified to accommodate
situations of traffic flow with different CV penetration rates. Third, the proposed DT-ATSC
is designed and verified at a single intersection. We also plan to further extend the idea
to multi-intersection scenarios. Meanwhile, future work will also focus on incorporating
feedback mechanisms and adaptive learning algorithms to enhance the adaptive capa-
bilities of the DT-ATSC framework. For instance, the parameter self-calibration function
of the digital twin model can adjust model parameters in real-time based on perceived
parameters, ensuring that the digital twin platform consistently aligns with the operational
dynamics of the actual intersection. This will improve system performance and ensure
long-term sustainability and resilience across various operational scenarios.
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Appendix A

Algorithm A1: Genetic Algorithm

Input: parameter space
Output: scheme x;
1 Initialize Population x:
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Algorithm A1: Cont.

2 Create an initial population of individuals according to the solution by Webster method.

3 Define Fitness Function f(x):

4 Evaluate the fitness of each individual in the population.

5 Assign a fitness score to each individual based on their performance.

6 Repeat for a Fixed Number of Generations:

7 For generation = 1 to max_generations do

8 / /Stepl: Selection

9 Select individuals from the current population to create a mating pool.

10 The selection probability of an individual is proportional to its fitness score.

11 / /Step2: Crossover

12 Perform crossover between pairs of parents in the mating pool.

13 Create new individuals (offspring) by exchanging genetic information from the
parents.

14 / /Step3: Mutation

15 Apply mutation to some of the offspring.

16 Randomly change some of the genes in the offspring to introduce diversity.

17 / /Step4: Evaluate Offspring

18 Calculate the fitness of the newly generated offspring.

19 / /Step5: Survival Selection

20 Combine the offspring and the current population to form a new
population for the next.

1 Use some strategy to determine which individuals will survive and form
the next generation.

” Possible strategies include elitism, or a combination of offspring and
parents.

23 END FOR

24 Select Best Individual:

25 Select the individual with the highest fitness score as the best solution to the optimization
problem.

26 Output:

27 Return the best individual.

Algorithm A2: Bayesian Optimization

Input: X: parameter space
Output: optimal x

1 Initialize:

2 Define the search space of the parameters.

3 Set the initial set of observations xg by the Webster timing method and their
corresponding evaluations.

4 Define Acquisition Function f(x):

5 Choose an acquisition function to guide the search.

6 Evaluates the utility of different points in the search space based on previous
observations.

7 Repeat for a Fixed Number of Iterations:

8 FOR iteration = 1 to max_iterations

9 / /Stepl: Optimize Acquisition Function:

10 Find the next point in the search space that maximizes the acquisition function.

11 This step balances the exploration and exploitation trade-off.

12 / /Step2: Evaluate Objective Function:

13 Evaluate the objective function at the selected point in the search space.

14 Add the new observation and its evaluation to the set of observations.

15 / /Step3: Update Gaussian Process Model:

Update the surrogate model (e.g., Gaussian Process) using the new
observations.
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Algorithm A2: Cont.

17 Estimates the underlying function and its uncertainty based on the
observations.

18 END FOR

19 Select Best Parameter Configuration:

20 Return the parameter configuration with the best evaluation value as the optimized
solution.

21 Output:

22 Return the optimized parameter configuration and its corresponding evaluation value.

Algorithm A3: Grid Search

Input: X: parameter space

Output: optimal x

1 Define Parameter Grid:

2 Define a grid of hyperparameter values for each parameter of the model.
3 Specify the range or discrete values for each hyperparameter.

5 Initialize Best Score and Best Parameters:

6 Set best_score to a small value (for minimization tasks).

7 Set best_parameters to None.

9 Repeat for Each Combination of Hyperparameters:

10 FOR hyperparameter_combination in parameter_grid

11 Set Model Hyperparameters:

Set the model’s hyperparameters to the values specified in

12 -
hyperparameter_combination.
13 Fit and Evaluate Model:
14 Train the model with the current hyperparameters on the training data.
15 Evaluate the model’s performance on the validation or cross-validation set.
16
17 Check for the Best Score:
18 IF the model’s performance is better than best_score
19 Update best_score with the new score.
20 Update best parameters with the current hyperparameter combination.
21 END FOR
22 Output:

23 Return best_parameters as the optimal hyperparameter combination.
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