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Te principle of system resilience is its ability to withstand disruptions and maintain an equilibrium state. In urban network
systems, adaptive trafc signal control (ATSC) has been an efective countermeasure to mitigate trafc fow disturbance and
improve resilience. Tis research has explored the usage of a decentralised advantage actor-critic (a2c) algorithm-based ATSC in
mitigating disruptions, particularly nonrecurring congestion caused by car accidents. A reward function has also been proposed,
combining deduced resilience metric, safety indicator time to collision (TTC) and system performance. A virtual simulation
environment was created using simulation of urban mobility (SUMO) to facilitate the evaluation of the proposed approach. In the
grid simulation environment, an overall 5.8% improvement is achieved, exceeding benchmark algorithms in three metrics,
especially performance with a margin of over 5.2%. Robustness against diferent levels of car accidents are proven as well. Further
evaluation is also implemented based on a real-world case study and demonstrates an improvement of 20.08%, highlighting the
correlation of proposed method’s efciency on the trafc fow rate and road structure.
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1. Introduction

Due to the rapid development of globalisation, the world has
become more interconnected and thus more vulnerable to
disruptions [1]. In response to this increased vulnerability,
the term “resilience” has then been raised to describe the
ability to tolerate disruptions [2]. Furthermore, four key
characteristics of resilience have been identifed in the feld
of critical infrastructure [3]:

I. Robustness, which describes the ability to withstand
disruptions while maintaining a certain level of
functionality.

II. Redundancy, which describes the capacity for al-
ternative options, choices and substitutions during
emergency.

III. Resourcefulness, which describes the ability to al-
locate resources during emergency.

IV. Rapidity, which describes the speed to restore a new
equilibrium state after disruption.

In summary, characteristics I and IV focus on the ability
of the system to deal with unexpected disruption from
a control perspective, while characteristics II and III aim to
increase the capacity of the system to deal with the emer-
gency from a design perspective.

Emergency has been a well-researched area for a long
period, but the investigation of unexpected disruption has
just emerged in recent years [4–6]. Te main diference
between emergency and disruption lies in the severity of
consequence, while emergency may pose an imminent
danger to life or property, disruption will cause some

Wiley
Journal of Advanced Transportation
Volume 2024, Article ID 3035753, 15 pages
https://doi.org/10.1155/2024/3035753

https://orcid.org/0009-0004-6618-1331
https://orcid.org/0000-0002-5062-5071
https://orcid.org/0000-0002-5530-2503
https://orcid.org/0000-0002-6762-8746
mailto:xiangmin.yang18@imperial.ac.uk
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1155%2F2024%2F3035753&domain=pdf&date_stamp=2024-11-07


applications of the system inoperable for an unacceptable
period of time [7]. Despite disruptions might not have lethal
consequences, they will still lead to severe fnancial losses
and even hazards due to their high frequency and difculty
to be accurately predicted [5]. Following the pace of tech-
nical development, studies of resilience progress gradually
on the agenda.

In this research, ways of constructing resilient cities have
been explored from a trafc control perspective using ad-
vanced multiagent reinforcement learning (MARL). Te
characteristics I and IV of urban trafc network (both
proved essential [8–10]) are our main focus, which can be
concluded as two objectives, increasing trafc system’s
ability to withstand disruptions and maintain an
equilibrium state.

Utilizing the emerging technology adaptive trafc signal
control (ATSC) to improve road network resilience has been
proven as an efective countermeasure [3], as the junction
controller in ATSC can resolve disruptions by evaluating the
trafc state and changing the control policy.

Nonrecurring congestion originated from car accidents
has been identifed as the major disruption in this research.
To simulate the efect of disruptions in trafc fow and fa-
cilitate evaluating the performance of the ATSC, an in-
teractive simulation environment can be created using the
simulation of urban mobility (SUMO) [11].

In summary, the frst objective of resolving urban net-
work disruptions can be achieved through ATSC. Te
second objective, which is maintaining stability, naturally
directed towards the usage of reinforcement learning (RL)
due to its robustness to randomness and reaching an
equilibrium state [12]. Considering the trafc signals are
physically dispersed and a natural multiagent system,
a decentralised multiagent actor-critic (a2c) algorithm is
used in this research that enables each junction to make
separate decisions based on its observation, while still being
coordinated to achieve a global goal.

Two simulation experiments have been conducted in this
research. Te frst experiment is a 5∗ 5 grid with 25 junc-
tions. It serves the purpose of validating the necessity and
efectiveness of the proposed method in a simulated envi-
ronment. On the other hand, the second experiment uses
a real road network from Xiaoshan district, Hangzhou city,
with 31 junctions, which aims to demonstrate the practical
applicability and performance of the proposed method in
real life with the usage of real data.

In this research, the main contribution includes the
following:

I. Propose a MARL-based ATSC method that can
increase resilience of urban road networks against
disruptions, particularly nonrecurrent congestion
caused by car accidents. Te proposed method
outperforms fxed-time and traditional ATSC
strategies, while achieving better results compared to
benchmark algorithms in three metrics, especially
performance with a margin of over 5.2%.

II. Improve trafc resilience through bespoke reward
function containing deduced resilience metric for

training. Te proposed metric shows a 4.58% im-
provement against conventional reward function.

III. Present an overall improvement of 5.8% for the
proposed method in the grid simulation, with real-
world feasibility demonstrated by an improvement
of 20.08% in a real network, highlighting the cor-
relation of proposed method’s efciency on the
trafc fow rate and varying levels of car accidents.

Tis paper has been structured into six sections. Section
2 reviews the related work about ATSC. Section 3 sum-
marises the methodologies of this research. Section 4 in-
troduces the proposed approach to simulate disruptions and
presents the adopted algorithm. Section 5 presents the de-
tailed settings of both experiments and demonstrates their
results. Section 6 summarises our fndings and sheds light on
future works.

2. Related Work

In urban cities, trafc control is widely applied to improve
trafc efciency and equality. ATSC is one of the essential
components of intelligent transportation systems (ITSs).
Using a real-time adaptation in response to the changing
trafc network dynamics, better trafc control performance
can be achieved.

2.1. Traditional ATSC Methods. Famous ATSC techniques
such as the split cycle ofset optimisation technique
(SCOOT) [13] and Sydney coordinated adaptive trafc
(SCAT) [14] utilize real-time trafc information collected
from detectors to optimize the phase split, cycle length, and
ofset of the junction. Te cycle time is the duration to
complete all phases of a signal; phase split is the division of
the cycle time into periods of green signal for competing
approaches; ofset is the time relationship between the start
of each phase among adjacent intersections [15].

Te controller in the junction evaluates the state in the
intersection and then decides whether to extend the current
phase or switch to another one to improve the efciency of
the intersection. Two main ATSC methods, Equisaturation
policy [16] and P0 policy [17], calculate the red or green time
based on fows or delays. Equisaturation policy is the most
widely adopted signal-setting method, whose objective is
more “fair” than “efcient.” In Equisaturation policy, the red
time split redj on lane j is calculated as follows:

redj � 1 −
xjt

saj

, j ∈ 1, 2, . . . , m{ }, redj ∈ [0, 1], (1)

where xj is the fow on edge j, saj is the saturation fow on
lane j, (t � 1/(x1/sa1) + (x2/sa2) + · · · + (xj/saj)), and m

denotes the number of incoming lanes in a junction.
Trough the above equation, the adaptive controller could
rectify the red split to achieve trafc fow equilibrium.
Nevertheless, such ATSC methods face challenges for in-
corporating multiple objective functions and lack of co-
ordination among diferent junctions despite numerous
attempts at upgrades [18–22].
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2.2. RL and Deep Reinforcement Learning (DRL) for ATSC.
Due to distributed and autonomous nature of the trafc
signal control [23], self-learning methods can be used to
tune its performance. Early in 2003, Adbulhai frst in-
troduced model-free reinforcement learning Q-Learning to
two-phase intersection with of ATSC [24]. Following that,
the authors in [25] have explored the choice of reward
function under Q-Learning for ATSC and three have been
summarised as follows:

i. Queue length
ii. Cumulative delay
iii. Troughput

As each junction performs its own actions (change trafc
light state) and can afect its neighbours (in the form of trafc
fow), the urban network system is by nature a multiagent
system. As a result, many researchers have employed multi-
agent approach under Q-Learning framework [26, 27].
However, challenges remained as the state-action space become
enormous, especially with a large number of agents [10].

Fortunately, the successful combination of deep learning
and RL (DRL) has pushed this area forward [28]. Two
popular DRL algorithms (deep Q-Learning and a2c) have
been efectively utilised in ATSC to improve junction per-
formance and increase the scalability to train numerous
agents simultaneously [3, 10, 29].

Based on DRL training algorithms, additional technical
features could be added to ATSC to perform more accurate
observation and enable other desirable functionalities. Te
vision-based observation and prediction of trafc fow have
been successfully deployed in a dynamically changing en-
vironment [30]. A communication functionality that enables
ATSC to exchange observation is also developed by [29],
which enables the real-time coordination of junctions in the
urban network. In this research, both functionalities have
been employed in the experiment environment, as well as
the ability to identify trafc accidents [31].

2.3. Advanced Features Powered by DRL for ATSC. Recent
advancements in ATSC have focused on incorporating
additional objectives and constraints beyond just mini-
mizing trafc delays. Zhang et al. [32] proposed a multi-
objective DRL approach that concurrently optimizes safety,
efciency, and decarbonization at intersections. Teir du-
elling double deep Q network (D3QN)-based ATSC algo-
rithm outperformed traditional methods in reducing trafc
conficts and carbon emissions. Incorporating safety con-
siderations into ATSC is another important research di-
rection. Du et al. [33] proposed SafeLight, a RL method that
incorporates road safety standards as enforcement to ensure
the safety of existing RL methods, aiming towards operating
intersections with zero collisions. Teir safety-enhanced
residual RL method employed multiobjective loss func-
tions and reward shaping for better knowledge integration.
Ahmed et al. [34] introduced a control strategy based on
intersection capacity, formulated from available space at
discharge routes. Teir deep Q-Learning agent utilizes
density and speed measurements to manage signalized

junctions and has demonstrated efectiveness in mitigating
operation at a global scale in a simulated real urban trafc
network.

Te increasing prevalence of connected vehicles (CVs)
and crowd sourcing has also opened up new opportunities
for ATSC. Tan and Yang [35] developed a privacy-
preserving ATSC method using partially CV data. Teir
approach leverages secure multiparty computation and
diferential privacy to aggregate individual-level CV data for
calculating key trafc parameters while protecting the pri-
vacy of CV users. Mishra et al. [36] developed an ATSC
system for developing countries using fused parameters
derived from crowd-sourcing data. Teir method leverages
the economical collection and sharing of trafc data enabled
by mobile technologies.

Te usage of ATSC to increase resilience has been proven
practicable. In Shang et al.’s study [3], diferent ATSC-
controlled policies trained by deep Q-Learning have
shown resilience against generalised percentage loss of
functionality. In this research, out of 3 specifc urban net-
work disruptions ATSC has demonstrated capable of
mitigating [10]; nonrecurring congestion is studied in detail
for retrieving resilience of the system.

3. Methodology

3.1. Resilience. While no consensus has been reached on
a unifed metric for measuring system’s resilience [37],
a common way of quantifying the system’s resilience is to
evaluate its ability to cling to a stable condition under
disturbance [9]. One of the commonly used resilience
metrics ϕcommon [38–40] has been adopted, which can be
denoted as follows:

ϕcommon � 􏽚
tr

te

P(t)dt, (2)

where te and tr are the time of disruption and the time of
reaching new equilibrium, respectively. P(t) is the perfor-
mance of a system at given time t [37].

A detailed illustration of equation (2) is demonstrated in
Figure 1. Te resilience of the system is mainly determined
by the loss of performance P through time, and the ability to
reduce the loss of performance is considered as resilience
characteristic I. On the other hand, as stated in characteristic
IV, reaching equilibrium is quite essential so that large gain
of performance is also not desirable. Terefore, a high
resilience is achieved through maintaining the performance
of the system unchanged through time and thus a new
resilience metric ϕ can be deduced based on the absolute
value of fuctuation of the system performance (so that both
gain and loss can be included) as follows:

ϕ � −􏽘
T

t�1
Pt+1 − Pt( 􏼁

􏼌􏼌􏼌􏼌
􏼌􏼌􏼌􏼌, (3)

where |(Pt+1 − Pt)| stands for fuctuation of performance
within each time step t and T stands for the period of in-
terest. A minus sign is added so that less fuctuation leads to
higher resilience.

Journal of Advanced Transportation 3
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Moreover, the queue length within each junction has
been used as a primary performance metric in urban net-
work systems [41]. It has been proven efective to measure
resilience [42] and been commonly used as the reward
function for ATSC RL training (as shown in 2). Tus, av-
erage queue length q at a junction was selected for the
performance evaluation P in this research as follows:

P � −q � −
1
m

􏽘

m

j�1
qj, (4)

where m is the total number of lanes connecting to the
intersection, j is the lane index, and qj measures the number
of vehicles waiting in lane j.Teminus sign is added as fewer
waiting vehicles stand for better performance.

3.2. Safety Index. As the urban network disruption explored
in this research is nonrecurring congestion from car acci-
dents, a metric to evaluate the rear-end collision risk, time to
collision (TTC), is imported in this research as follows [43]:

TTCego(t) �

min
Xego(t) − Xsu(t)

􏼌􏼌􏼌􏼌􏼌

􏼌􏼌􏼌􏼌􏼌 − lego

Vego(t) − Vsu(t)
􏼌􏼌􏼌􏼌􏼌

􏼌􏼌􏼌􏼌􏼌
, if Xego(t) − Xsu(t)􏼐 􏼑∗ Vego(t) − Vsu(t)􏼐 􏼑< 0,

∞, otherwise,

⎧⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

(5)

where ego denotes the vehicle of interest and su represents
all surrounding vehicles. X is a two-dimensional vector
denoting the location of the corresponding vehicle, while V

stands for the velocity. lego is the length of the vehicle.
Te incorporation of this metric can reduce collision risk

and limit the secondary consequence of system disruption.
As most vehicles choose to change lanes when encountering
blockage in their lane (due to car incidents), the collision risk
coming from the lateral direction also poses a serious threat.
As a result, for each vehicle, TTC in both longitudinal and
lateral directions will be calculated and the minimum value
will be used as the safety indicator.

3.3. Decentralised MARL. RL is favoured for achieving
resilience in urban network systems due to its capacity to
interact with the stochastic environment and its high

resistance to randomness [12]. While conventional MARL
often assumes a centralized learning process with global
information available to all agents, decentralized MARL
allows each agent to make decisions based on local obser-
vations and limited communication with neighbouring
agents. Tis decentralized approach is particularly suitable
for trafc signal control, where global information may be
impractical to obtain in real-time and local decision-making
is crucial for rapid response to changing trafc conditions.

As discussed in Section 2, implementing the MARL in
ATSC is more suitable as each agent (in this case trafc
signal) will need to perform diferent actions locally due to
the heterogeneously distributed nature of trafc fow. Te
direct approach to extending single-agent deep RL to
a multiagent system is to let each agent learn independently,
while considering other agents as part of the environment.
Such approaches are usually computationally expensive, and
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Figure 1: Illustration of equation (2) [9].
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thus an alternative of centralised learning and decentralised
execution is utilised, which is called decentralised
MARL [44].

Under the decentralisation scenario, each agent will
choose the most optimal policy based on its observation,
while having a global common goal, and the local obser-
vation is often varied by extent. For example, the algorithm
proposed by [45] assumes a globally available state, action
and reward for each agent but chooses to keep each policy
private. Such settings can be made to match the real cir-
cumstance for a more accurate simulation.

In the context of trafc signal control, decentralised
MARL is particularly advantageous due to the inherently
distributed nature of intersections in a road network. Each
intersection (agent) makes decisions based on local trafc
conditions and limited information from neighbouring
intersections, mirroring the real-world constraints of trafc
management systems. Tis approach allows for scalable and
adaptive control strategies that can respond quickly to local
disruptions while still working towards global trafc
optimization.

Decentralised MARL has been increasingly used in
networked system control such ass trafc signal control
[46] and connected autonomous vehicle control [47].
Diferent algorithms have also been proposed to dem-
onstrate the usage of decentralised MARL in networked
systems [48] but fail to account for the difculty of
gathering global observation from vastly distributed
agents in these scenarios. As a result, the NeurComm
communication protocol proposed by [29] is used in this
research. It only allows communication of observations
between neighbouring agents, and the propagation of
information through time steps fts perfectly with the
nature of trafc fow.Te selection of this specifc protocol
will be further justifed in Section 5.

Te NeurComm protocol is applied on the a2c algo-
rithm, which consists of an actor neural network for each
agent i, standing for the policy πθi

parameterized by θi, and
a critic network, representing state value Vωi

parameterized
by ωi. Both networks are updated by loss functions as
follows:

L θi( 􏼁policy � −log πθi
ai,t

􏼌􏼌􏼌􏼌 hi,t􏼐 􏼑 R
π
i,t − Vωi

hi,t, aNi ,t
􏼐 􏼑􏼐 􏼑,

(6)

L θi( 􏼁entropy � πθi
ai

􏼌􏼌􏼌􏼌 hi,t􏼐 􏼑log πθi
ai

􏼌􏼌􏼌􏼌 hi,t􏼐 􏼑, (7)

L ωi( 􏼁value � R
π
i,t − Vωi

hi,t, aNi ,t
􏼐 􏼑􏼐 􏼑

2
, (8)

where Ni stands for the neighbouring agents of agent i and t

stands for the step time. Ri,t is the sampled action value and
estimated state value Vωi

(hi,t, aNi ,t
) takes the input of hidden

state hi,t and neighbouring agents’ action aNi
.

Te hidden state hi,t of agent i is generated based on the
observation 􏽥si,t and previous hidden state hi,t−1 through
a LSTM architecture.

hi,t � LSTM hi,t−1,􏽥si,t􏼐 􏼑. (9)

Te observation 􏽥si,t includes its own state si,t, together
with messages from its neighbouring agents mNi,t

.

􏽥si,t � si,t, mNi,t
􏼐 􏼑. (10)

Messages mi,t sent towards neighbouring agents include
its states si,t−1, policies from last step πi,t−1 and hidden state
from last step hi,t−1; thus, all its neighbours receive the same
message.

mi,t � si,t−1, πi,t−1, hi,t−1􏼐 􏼑. (11)

4. Proposed Method

In most urban network simulation experiments, disruptions
are only generalised as a fxed percentage loss of func-
tionality [3, 49]. Tis approach fails to demonstrate the
diferent consequences brought by specifc disruptions.
Aslani et al. [10] has demonstrated the ability of RL-based
ATSC to mitigate three types of network disruptions: im-
patient pedestrian, nonrecurring congestion from incidents
and noisy sensors.

In this research, nonrecurring congestion originating
from car incidents are chosen to be further explored. A fully
interactive simulation environment is desirable, in which
not only disruptive incidents can be reproduced but also
their infuence on the system performance can be moni-
tored. As a result, the widely used open source trafc
simulator (SUMO) [11] is utilised to create an interactive
urban network with ATSC.

4.1. Nonrecurring Congestion Scenario. Nonrecurring con-
gestion has been widely used as the source of disruption to
test trafc network’s resilience [50] and is generally attrib-
uted to car accidents [10]. Unexpected car accidents have
a serious impact on the trafc fow [51] and can even lead to
gridlock due to the random shocks it is creating [10]. To
accurately simulate the nonrecurring congestion in trafc
networks, it is essential to reproduce a reasonable amount of
car accidents.

In the simulated grid network, the assumption that the
number of accidents within a fxed interval Naccident follows
Poisson distribution [52] has been adopted as follows:

Naccident ∼ Pois λaccident( 􏼁, (12)

where λaccident is the expected value of Naccident. Each episode
of RL training is taken as the fxed interval and the number
of accidents Naccident is generated at the beginning of each
episode based on equation (12) Naccident of time steps are
randomly selected from all the time steps of that episode and
marked as accident steps.

In the real network experiment, accident steps are de-
cided based on a Monte Carlo method, bootstrapping the
representative frequency of car accidents in a chosen region.
Tis could lead to higher accident frequency as the simulated
real network is only part of the chosen region. However, as
the purpose of this research is to increase the resilience of the
system against disruptions, higher accident frequency poses

Journal of Advanced Transportation 5
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stronger threat towards the system, which can better
demonstrate the ability of the proposed method to maintain
functionality. In line with this approach, the benchmark
value of λaccident in the simulated network is also calculated
based on the real data.

At the beginning of each accident step, an accident
simulation command faccident will be executed. A vehicle
within the scenario is randomly selected to enter the accident
state. A setSpeed command is then assigned to this vehicle
which will force it to halt immediately to simulate a blockage
of the lane caused by an accident.

Depending on the accident location and space for lane
changing, some following vehicles will also be forced to halt.
Tis can simulate the severity of accidents, as more vehicles
can be afected by the accident. Vehicles behind the blockage
point will then take an overtaking action thus reducing the
output rate of the trafc fow on this edge. After a certain
period, the halting vehicle will resume its journey at the next
edge on the route plan, which indicates the accident is
resolved.

Te beneft of this approach is the consequential efect on
trafc fow will entirely depend on the driving mode of
surrounding vehicles, which is closer to real-life scenarios. In
amultiagent system like an urban network, each vehicle shall
perform its action based on its own target and observation.
By changing one agent’s state, the nonrecurring congestion
can be observed in the form of other agents’ cumulative
behaviour.

In order to increase the cooperation among trafc signals
to alleviate secondary efects on neighbouring junctions,
a functionality that detects occurrence of trafc accidents is
added [31]. An extra accident status Ai,t is added to the state
information si,t and encoded in the communication mes-
sages mi,t. A value of 1 is assigned to accident status if it
detects trafc accident(s), while 0 stands for no car accidents
on the edge. Te number of accidents will not be recorded in
the accident status.

Ai,t �
1, if ∃ accidents,

0, if ∄ accidents.
􏼨 (13)

4.2. Algorithm. In summary, a decentralised multiagent
a2c algorithm is utilised in a SUMO urban network en-
vironment with networked ATSC and nonrecurring
congestion. Te agents are defned to be the trafc signals
at the junctions.

Te actions of each agent ai,t are determined at the
beginning of each time step t based on policy πθi

(ai,t | hi,t),
i.e., the probability of taking action ai,t given hi,t. Under the
ATSC scenario, such action would be choosing the trafc
signal state for next time step. Te exact action space is
determined by the scenario setting.

Te state si,t of each agent i includes the arithmetic mean
of the trafc fow fj,t and accident status Ai,t (as defned in
equation (13)) on lanes j it controls. m stands for the number
of controlled lanes.

si,t �
1
m

􏽘

m

j�1
fj,t, Ai,t

⎛⎝ ⎞⎠. (14)

Te state si,t contributes towards the observation 􏽥si,t of
each agent i, as demonstrated in Section 3.3, combining with
the message mNi,t

received from the neighbouring agents Ni.
Te hidden state hi,t is then determined based on observation
􏽥si,t.

Te local reward ri,t of each agent i is calculated at the
end of each training step t. Te reward consists of three
parts, namely, performance P, resilience ϕ and safety S.

As stated above, the average queue length −qj over lanes
each agent controls is the primary performance metric. Te
resilience ϕ is developed based on the proposed resilience
metric and further adjusted to suit MARL training as
follows:

ϕ �
−Pt − Pt−1
􏼌􏼌􏼌􏼌

􏼌􏼌􏼌􏼌, if t> 1,

Pt, if t � 1,

⎧⎨

⎩ (15)

where t is the episode time step.
Similarly, safety S is decided based on TTC. Since TTC

could reach as high as infnity, the improvement in average
TTC of vehicles within lanes controlled by each agent can be
trivial. Another metric is then proposed, which calculates the
percentage of vehicles under a certain TTC threshold, which
is decided to be 10 in this research, representing less than 10
seconds before potential collision.

In summary, the local reward ri,t of each agent i at time
step t is expressed as follows:

ri,t � Pi + −α∗ Si( 􏼁 + β∗ ϕi, (16)

where α and β are scaling factors that ensure Pi, Si and ϕi are
in the same magnitude. Aminus sign is put in front of Si as it
is desirable to decrease the percentage of vehicles below the
threshold. Te scaling factors α and β are determined
through a series of preliminary experiments and sensitivity
analyses. It should be acknowledged that these values may
need to be adjusted for diferent urban environments or
specifc policy priorities.

Te cooperation between local agents is facilitated
through the NeurComm communication protocol and the
use of a global reward rt. Each agent shares its observations
and policies with neighbouring agents, allowing for co-
ordinated decision-making. Te global reward
rt � 1/n􏽐

n
i�1ri,t, calculated as the arithmetic mean of all local

rewards across n agents, encourages agents to act in the best
interest of the entire system rather than optimizing only for
their local intersection. Global reward rt is introduced in the
calculation of sampled action value Ri,t both in equations (6)
and (8) as follows:

Ri,t � rt + cVωi
hi,t, aNi ,t

,􏼐 􏼑 (17)

where c is the discount factor that controls the trade-of
between immediate reward rt and future reward
Vωi

(hi,t, aNi ,t
). As a result, the usage of global reward rt
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ensures the policy network πθ is updated towards the best
interest of the entire system.

To summarize, the proposed method, both include the
simulation of nonrecurring congestion, as well as calculating
critical inputs for the a2c algorithm, is presented inAlgorithm 1
Pseudocode and visualised in Figure 2.

 . Experiments and Results

Two experiments have been conducted in this research. Te
frst one is a 5∗ 5 grid with 25 junctions controlled by ATSC
capable of communicating with its neighbouring junctions.

In the second experiment, we selected the region with the
highest accident density in Xiaoshan district, Hangzhou city,
as our simulation environment. Tis region has a high
density of intersections (31 intersections) and variable trafc
patterns, making it representative of urban environments.
Te experiments share the same scenario settings as the
frst one.

Te proposed algorithm is developed using TensorFlow.
Te experiment is conducted on a workstation (CPU: 16xi9-
9900K@3.60, GPU: 2xNVIDIA-GeForce-RTX-3090, RAM:
64GB). ReLU is used as the activation function for the
neural network.

During the training simulation, the length of each epi-
sode is set to be 3600 s, equivalent to 1 h. Te length of each
training step is set to be 5 s to prevent the trafc signals from
changing too rapidly, resulting in a total of 720 steps in
a single episode. Each time a green light turns into a red light,
2 s of yellow light will be inserted in between to alert vehicles
to slow down.

5.1. Grid Simulation

5.1.1. Scenario Setting. As shown in Figure 3, the grid
consists of 16 identical blocks. Each block is presented as
a rectangular with 200 m vertical edges and 150 m hor-
izontal edges. Each edge contains two lanes that can be
used to move forward or turn to corresponding directions
at the junctions (junction details available at the centre of
Figure 3). Te speed limit of each lane is set to 20m/s.
During simulation, each junction will only be able to
communicate with junctions that are directly connected
(as shown in Figure 2).

Every junction, in consequence, is identical to each other
and thus same action space is shared among all the junctions.
For each edge, three types of green phase are available,
including straight-through, left-turn and right-turn. Tree
combinations of three green phases are selected and added
into the action space:

i. straight-through + right-turn + left-turn (yield to
straight-through)

ii. left-turn + right-turn
iii. straight + right-turn

which leads to a 6-dimensional action space illustrated in
Figure 3. Combinations with only one phase are excluded as
it leads to lower efciency.

For each junction on the sides, a 75m extension edge is
inserted and served as the origin and destination of trafc
fow. At every second, a vehicle will be generated at the
probability of 15% at each extension edge, equally choosing
25 extension edges as its destination. Terefore, an expected
value of 540 vehicles will enter each extension edge during
a full episode.

At the beginning of each episode, the number of acci-
dents Naccident will be generated according to stats.poisson.
Te duration of accidents in each episode will be randomly
selected from 900, 950, 1000, 1050, 1100, 1150 and 1200 s.

To test the robustness of the proposed method,
λaccident ∈ (0, 1, 2, 4, 6, 8) are evaluated concurrently. Te
results for λaccident ∈ (2, 4, 8) are used to compare with fxed
time (FT) signal control and one traditional ATSC strategy
adopted in SUMO [53].

As stated above, λaccident � 4 deducted from the real data
is chosen as the benchmark. Under the benchmark, the
proposed method is compared with policies trained by other
MARL algorithms including multiagent deep deterministic
policy gradient (MADDPG) [54] and diferentiable inter-
agent learning (DIAL) [55] and also the policy trained by the
same algorithm used in the proposed method but with only
performance as its reward function.

5.1.2. Results. A total of one million training steps have been
conducted for each test run, except for the FT signal control
and traditional ATSC, which only last for 30 episodes due to
no long term improvement. Under the benchmark
λaccident � 4, the proposed method has reached a 5.85%
optimisation for overall reward.

FTcontrol has been widely used in real-life trafc control
[56] and thus becomes a perfect benchmark for the proposed
method. With FTcontrol, each phase of the trafc signal has
a fxed duration. In this experiment, 30 s have been assigned
to each phase of the junction shown in Figure 3. Two s of
yellow light are inserted when changing from green light to
red light.

Similar to SCAT, the ATSC strategy adopted by SUMO
uses detectors installed on each lane to decide the length of
each phase. If the gap between two successive vehicles last
less than 3 s, the current phase is prolonged until longer gap
is detected or the maximum duration 60 s is reached.

Te comparison of both FT and traditional ATSC with
the last 30 episodes of the proposed method is demonstrated
in Figure 4. It can be easily deduced that both methods are
much easier to be afected by random disruptions, as the
standard deviation of all three metrics is much larger than
the proposed method under all three scenarios. As the ac-
cident frequency increases, both methods tend to pose
a higher standard deviation, which indicates severe
disruptions.

In terms of the median, the proposed method out-
performs both traditional methods except for safety. Tis
should be attributed to the focus of traditional ATSC, which
aims to decrease the sudden brake between consecutive
vehicles with a small gap, leading to a higher safety index.
However, the results still emphasise the inability of
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traditional ATSC to achieve multiple objectives, and the
necessity of utilizing the proposed method is thus further
verifed.

On the other hand, the proposed reward function is
tested against the widely used average queue length [25], and
the result is presented in Figure 5. A better resilience is
achieved with a margin of 4.58%.Tis validates the adoption
of the proposed reward function for achieving better
resilience.

Two well-established MARL algorithms that have been
commonly used in ATSC training [29, 57] are imported as
the benchmark: MADDPG [54], which holds no

communication functionality, and DIAL [55], which uses
a diferent communication protocol other than
NeurComm [29].

Te result is demonstrated in Figure 6, and it is observed
that algorithms with communication mechanisms generally
outperform the one without. Te proposed method out-
performs the other two algorithms in all three metrics, es-
pecially in performance P, with a margin of 6.04% with
MADDPG and 5.21% with DIAL.

Furthermore, to test the robustness of our proposed
method against diferent levels of car accidents,
λaccident ∈ (0, 1, 2, 4, 6, 8) are tested separately. Te results are

for t in episode step do
generate accident step;
select accident duration;
if t in accident step then
execute faccident

end
for i in n agents do
calculate si,t � (fi,t, Ai,t);
send mi,t � si,t, hi,t−1, πi,t−1;
receive mNi,t

;
generate 􏽥si,t � (si,t, mNi,t

);
generate hi,t � LSTM(hi,t−1,􏽥si,t);
generate πi,t ∼hi,t;
execute ai,t ∼πi,t;
calculate ri,t � Pi + (−α∗ Si) + β∗ϕi

end
calculate rt � 1/n􏽐

n
i�1ri,t

end

ALGORITHM 1: Pseudocode of one simulation episode.

SUMO interactive environment

Actor-critic

LSTMhi,t – 1

(fi,t, Ai,t)

hi,t

~Si,t

mi
j,t

ai,t

ri,t
𝜋i,t

mj
i,t

Figure 2: Algorithm architecture.
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illustrated in Figure 7, and the proposed method is proved to
withhold accident level as high as λaccident � 8. It is rea-
sonable to observe that a higher accident level leads to worse

performance P, as more blockage of the road results in lower
trafc fow. However, it is also noteworthy that the proposed
method is capable of achieving almost the same resilience R

150 m

200 m

(a)

Right of way
Yield
Stop

(b)

Figure 3: Grid scenario setting. (a) 5∗ 5 Trafc grid. (b) Action space of each junction.
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regardless of the accident level, while better safety S are
presented under a higher accident level.

5.2. Real Net Experiment

5.2.1. Scenario Setting. In this section, the proposed method
is applied to an urban road network with actual trafc data to
verify the approach’s feasibility in a real-world environment.
Te trafc fow data collected from the real-time automatic
number plate recognition (ANPR) system and accident data
recorded by trafc police are imported to create a real-life
environment.

Te accident data, recorded from 2020/8/1 to 2020/10/31
(91 days in total), were collected in Hangzhou, China. By
projecting the place of accidents onto the map (demon-
strated as the blue points in Figure 8), one region with the

highest density of accidents is selected. Te region’s exact
location within the district is marked as a small rectangular
in Figure 8, with a detailed road network shown on the side.

Te road network covers approximately 1.46 km2,
consisting of 31 junctions. Each edge contains one or two
lanes that can be used for left, right, forward and/or U-turns.
Deriving from the real trafc fow data, the vehicle infow
rate is set to be an expected value of 325 vehicles per hour.
Unlike the grid simulation, each junction has a unique
action space, which has a dimension ranging from 2 to 4,
based on its connection feature.

To decide the accident step, a Monte Carlo method is
employed here. Te accident data are divided into sets of
hours, the same length as each episode. At the beginning of
each episode, one set of data will be bootstrapped, and the
exact minutes of accidents will be transferred into
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corresponding episode steps and marked as accident steps
(e.g., an accident that occurs at the 23rd minute will mark
276 episode steps as an accident step).

Same as the setting in the grid network, the duration of
accidents in each episode will be randomly selected from
900, 950, 1000, 1050, 1100, 1150 and 1200 s. Te neigh-
bouring junctions that share information are set as junctions
that are directly connected by a single edge.

5.2.2. Results. A total of 100,000 training steps are con-
ducted in the real net experiment and a convergence has
been successfully reached with 20.08% improvement
(Figure 8).

Te training results are presented in detail in Figure 9,
with the frst 20 episodes compared with the last 20 episodes.
It can be observed that the standard deviation has been
improved for overall reward and three metrics. Although the
median shows a decrease, the overall performance has ac-
tually increased by 34.31%.Te contradiction is attributed to
the rapid improvement, as demonstrated in Figure 8. As
most settings in this experiment are retrieved from real data,
it is reasonable to conclude that the proposed method is
feasible for real-world application.

Compared with the grid simulation, shorter training
time (100,000 vs. 1,000,000) as well as better improvement is
observed (20.08% vs. 5.8%). Tis is assumed to originate
from the lower fow rate (325 vs. 540) and smaller action
space (maximum 4 vs. 6). However, the efciency of
implementing the proposed method in real-world should be
further assessed, especially considering more unstable trafc
fow and diferent network structure. Tese factors could

substantially impact the performance of the system and thus
pose threat to resilience.

6. Conclusion and Future Work

In this research, a decentralised MARL-based method has
been proposed to mitigate random disruptions within urban
network systems. Te control policy training is based on
a proposed reward function including a resilience metric
deduced by the authors. Two experiments have then been
conducted in SUMO based on the proposed method. Te
frst experiment uses a virtual grid network and the second
relies on a real-world urban network. In both experiments,
the random efects caused by vehicle accidents are simulated,
and an assumption that ATSC is capable of observing the
real-time trafc fow and communicating with their
neighbouring junctions is adopted.

Te results from grid simulation experiments have
shown an improvement of 5.8%. Comparative experiments
have also been run to validate the adoption of the proposed
reward function, which demonstrate that the proposed
method outperformed benchmark control policies and
present the robustness against diferent levels of disruptions.
Meanwhile, the result from the real net experiment has il-
lustrated the feasibility of utilising the proposed method in
real world with an improvement of 20.08%.

While our experiment results in SUMO are promising,
we acknowledge the need for further validation in diverse
urban environments to fully establish the broad applicability
of our method. Tere are potential challenges such as the
communication infrastructure required for our
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decentralized MARL approach. While modern trafc sys-
tems increasingly incorporate smart technologies, ensuring
reliable and low-latency communication between in-
tersections may present practical hurdles in some urban
environments. Future work should focus on testing the
proposed approach in multiple cities with varying trafc
patterns, road network structures and other types of dis-
ruptions, such as pedestrian crossing, inaccurate trafc fow
calculation and noise received from the environment.

In addition, it can be observed that the efectiveness of
the proposed method is reliant on characteristics of the
urban road network, particularly the accident frequency and
trafc fow rate in this research. As a result, comprehending
an indicator that refects correlation between characteristics
and efectiveness should the focus of future study, as well as
a comprehensive comparison with benchmark methods.
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