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Abstract—In post-incident traffic management, traffic light
control is one of the most widely adopted approaches. Although
many existing studies can optimise traffic signal control patterns
using multi-objective evolutionary optimisation techniques, the
commonly used objective functions are not specifically designed
for post-incident management and thus cannot effectively fa-
cilitate efficient traffic recovery. In this work, we first formu-
late traffic recovery as traffic conditions returning to normal
within a predefined road area, and then propose two recovery-
oriented objectives: Relaxed Traffic Recovery Time, which aims
to minimise the time required for traffic to return to normal,
and Overall Recovery Count, which seeks to improve recovery
stability at the network level. The proposed recovery-oriented
objectives, together with a safety-related objective (speed vari-
ance), are incorporated into NSGA-II and evaluated via traffic
simulation. This results in a bi-objective optimisation approach
for deriving traffic light control patterns that enable fast and
safe post-incident traffic recovery. Experiments on both synthetic
and real-world road networks demonstrate that, compared to
traditional congestion-based objectives, the proposed recovery-
oriented objectives lead to more effective traffic light control for
post-incident traffic recovery.

Index Terms—Traffic incident recovery, Traffic light control,
Traffic incident management, Multi-objective optimisation

I. INTRODUCTION

Post-incident traffic management aims to restore disrupted net-
works to their normal operating state as quickly and safely as
possible. Among the available operational levers, traffic light
control (TLC) is particularly effective and widely used [1]-
[3]. Signalised intersections are present across nearly all urban
networks, and their timing plans can be adjusted remotely
via electronic controllers without requiring additional physical
infrastructure. Consequently, TLC represents both the most
fundamental and the most readily actionable mechanism for
incident response.

Recent research has explored using multi-objective genetic
algorithms to optimise traffic light patterns. These studies
typically aim not only to improve congestion-related network
performance indicators, such as average travel time [4]-[6],
average travel delay [7], [8], queue length [9], [10], and
throughput [11], [12], but also account for potentially conflict-
ing objectives, including safety [13]-[15] and emissions [11],
[12]. Although improving congestion-based objectives can
alleviate congestion and contribute to faster traffic recovery,
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these objective functions are not specifically designed for
post-incident scenarios, and none explicitly optimise from the
perspective of how quickly the network recovers to normal
conditions. As a result, existing formulations cannot directly
support recovery-oriented TLC, even when applied in post-
incident traffic management.

To address the absence of a recovery-oriented formulation,
we first formulate the concept of traffic recovery for an
affected region, enabling recovery itself to become a directly
optimisable criterion. Based on this formulation, we propose
two recovery-oriented objective functions: Relaxed Traffic
Recovery Time (RTRT), which aims to minimise the time
required for traffic to return to normal, and Overall Recovery
Count (ORC), which seeks to improve recovery stability at the
network level. These objectives, when embedded into a multi-
objective optimisation framework, provide a pathway to traffic
light plans that explicitly pursue rapid and steady post-incident
recovery, rather than achieving it as an incidental by-product
of reducing delays.

In this work, we incorporate the proposed RTRT and ORC
objectives into an NSGA-II optimisation framework. In ad-
dition, we use the Average Speed Variance (ASV) to reflect
safety concerns during recovery. We test the framework using
both synthetic and real-world networks. The results show that
RTRT consistently leads to faster traffic recovery compared
with conventional congestion-based objectives, while ORC
demonstrates superior stability and comprehensiveness of the
recovery process. These findings confirm the effectiveness of
our recovery-oriented optimisation approach for post-incident
TLC.

The main contributions of this paper are summarised below:

« We propose two recovery-oriented objective functions for
post-incident TLC: RTRT and ORC. This is enabled by a
clear formulation of network-level recovery, allowing op-
timisation to target recovery performance directly rather
than relying on indirect congestion-based metrics.

¢ We develop an NSGA-II-based optimisation method that
incorporates the two proposed objectives, evaluate it on
synthetic and real-world road networks through a traffic
simulation software, and compare it with conventional
approaches. Our experiments demonstrate that recovery-
oriented objectives outperform conventional congestion-
based ones for post-incident traffic management.



II. METHODOLOGY

A. Problem Formulation

Given an intersection with n one-way roads, denoted
as ri,re,...,7rn, a traffic light regulates vehicle movement
at this intersection and operates in m phases, denoted as
Py, P, ..., P,, with each representing a set of traffic rules. A
phase P specifies which vehicle movements are permitted by
defining binary variables p; ; for all pairs 4,5 € [1,n] with
i # j. If p;; = 1, vehicles from road r; are allowed to
move to approach r;; otherwise, that movement is prohibited
in that phase, denoted as p; ; = 0. Each phase is active for
a duration xp,. Given a predefined sequence of traffic light
phases, the traffic controller sequentially activates each phase
for its designated duration and repeats the cycle from the first
phase upon completion of the last.

Consider an area comprising multiple intersections, each
controlled by a traffic light with predefined phases. When an
incident occurs, traffic efficiency may be adversely affected.
Our goal is to optimise the phase durations at all intersections
to minimise the traffic recovery time (TRT) while ensuring
safety, as formally defined below.

Traffic Recovery Time. To formulate the TRT, we first define
the weighted average speed (WAS) for each road. Each road
r; consists of L, lanes, with a traffic sensor on each lane
that records both vehicle count and corresponding speeds. For
a given time slot ¢, let ¢;(¢) denote the number of vehicles
detected on lane [, and s;(t) denote their average speed.
Following [16], the WAS of road r; at time slot ¢ is defined
as:

si(t)-q(t .
SR i Sier, ) >0

0, otherwise.
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To enable a fair comparison of WAS values across time
slots, we employ the Z-score [17] to standardise the value.
Specifically, we define an indicator I;(t1,t2) to represent
whether the WAS at ¢5 is statistically equivalent to or greater
than the WAS at t; for road r;:

Ii(ty,t2) = {

1, 4”’“51(53“1) > )
0, otherwise,
where o;(t1) is the standard deviation of vehicle speeds at
time ¢1, and ¢y is a positive threshold constant.

Let ¢, denote the time slot immediately before the incident
occurs. Let tp5 denote the first time slot that satisfies
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where c; is a positive integer. TRT is then measured by Zpos —
tpre- Intuitively, ?p0s represents the earliest time when traffic
conditions on all roads have recovered to a level statistically
comparable to their pre-incident condition, as indicated by the
WAS, for at least ¢y + 1 consecutive time slots.
Average Speed Variance. Large speed differences between
vehicles can lead to more hazardous interactions. The ASV

Traffic

simulation
(SUMO)

Configurations
(Network, demand,
etc.)
ﬁnitializationH Evaluation }—»{ Selection H Crossover H Mutation }

topping
Criteria
Met ?

YES

Recommended
Response Plan,

Fig. 1: Proposed post-incident decision-support framework for
TLC.

provides a concise measure of the heterogeneity of vehicle
speeds within the system. For safety considerations, following
[18], we introduce the ASV as an indicator, which is defined
as follows:

v
1
ASV(t1,ta) = v E g, “4)
=1

where V' is the number of vehicles in the area between the time
slots £; and %9 (inclusive), and o; is the standard deviation of
the speed for vehicle ¢ during this interval. To ensure safety,
our goal is to minimise ASV (tpre + 1, tpost)-

B. The Framework of Our Method

We now introduce our framework using a genetic algorithm,
starting with a description of how to represent the problem
using genetic sequences.

Solution Representation for Genetic Algorithm. A solution
is represented as a chromosome that specifies the activa-
tion times of each phase at every intersection. Specifically,
xp,,...,xp, denotes the activation times for one intersection,
and concatenating these sequences across all intersections
forms the complete solution representation (i.e., the TLC plan)
for the entire network.

Framework Overview. To support traffic operators in se-
lecting an effective post-incident TLC plan, we develop a
decision-support framework that automatically explores and
evaluates alternative response plans. This framework aims
to balance two conflicting objectives: traffic recovery per-
formance and safety. As shown in Fig. 1, the framework
integrates a multi-objective optimisation algorithm and mi-
croscopic traffic simulation. In the optimisation loop, a set
of candidate TLC plans is iteratively optimised using the
NSGA-II algorithm [19]. Each candidate’s plan is simulated
to evaluate its performance through the objective functions.
When the stopping criterion is reached, the algorithm outputs
a Pareto front, meaning a set of solutions where no objective
can be improved without worsening at least one other. This
enables operators to consider response plans across multiple
criteria and select one that best aligns with their operational
priorities.

Optimisation Process of NSGA-II Algorithm. The optimisa-
tion module in the proposed framework is implemented based



Algorithm 1 NSGA-II with Local Search

Algorithm 2 Local Search for NSGA-II

Require: Population size N, maximum generations Gmax, local
search start generation G5, crossover probabilities (Pre1, Pres),
mutation probabilities (Prm1, Prmz2)

Ensure: Final Pareto-optimal front

1: Initialise a population Og of N individuals randomly
2: Evaluate each individual in Op to obtain objective values (f1, f2)
3: Perform non-dominated sorting on Op and calculate crowding
distance for all individuals in Og
4:t+0
: while ¢t < Gax do
6: Select N parents from O; using the TournamentDCD method
(selection based on dominance and crowding distance )
7: Apply crossover with probabilities (Prci, Pre2) and muta-
tion with probabilities (Prm1, Prm2) to generate offspring Q:
of size N

W

8: Evaluate all individuals in Q;

9: if t > G5 then

10: Apply Local Search to Q: > See algorithm 2

11: end if

12: R +— Ot U Qt

13: Perform non-dominated sorting on R; and calculate crowding
distance for all individuals in R;

14: Select the best N individuals from R; to form O;41

15: t+—t+1

16: end while

17: return The first Pareto front obtained from the final population
O

on the NSGA-II algorithm. The overall process of NSGA-II
is summarised in Algorithm 1.

QOur Crossover Operator and Mutation Operator Imple-
mentation. The crossover operator exchanges genetic infor-
mation between two parent individuals to produce diverse off-
spring. In this work, crossover is first applied at the individual
level: for each selected parent pair, a predefined probability
Pr.; determines whether crossover occurs. The crossover
operates at the segment level (each segment represents one
intersection), where segments are swapped between parents
with probability Pr.o if triggered.

The mutation operator maintains diversity and encourages

exploration of the solution space. Similarly, each chromosome
undergoes mutation with probability Pr,,;, and, if triggered,
each segment is mutated with probability Pr,,2. Mutated seg-
ments have all values replaced by random integers within the
predefined range [rmin, "max], While others remain unchanged.
This two-level design introduces randomness while preserving
solution feasibility.
Our Local Search Operator Implementation. To further im-
prove the offspring quality and explore the neighbourhood of
Pareto-optimal individuals, a local search procedure is applied
to the offspring population in each generation after certain
loops. The detailed process is summarised in Algorithm 2.

C. Objective functions

Objective Functions 1: Traffic Recovery Performance. To
better optimise traffic recovery performance, we further pro-
pose two objective functions, namely relaxed traffic recovery
time and overall recovery count. Both functions are designed
based on TRT but emphasise different aspects of recovery.

Require: Offspring population @, range r,,, selection proportion ¢
Ensure: Updated offspring population ) after local search

1: F + Pareto front of Q

2: for each individual ind € F do

3: mutated_individuals < [ ]

4 Randomly select g fraction of gene cells in ind: cells

5: for each cell € cells do

6: mut_ind < copy of ind

7: mut_ind.genes|[cell] < Clip(mut_ind.genes[cell]+

8 Uniform(—7m, m), Tmin, "max

9: Append mut_ind to mutated_individuals
10: end for

11: Evaluate all mutated_individuals

12: for each mut_ind € mutated_individuals do
13: if mut_ind dominates ind then

14: Replace ind with mut_ind

15: end if

16: end for

17: end for

18: return Updated Q

Relaxed Traffic Recovery Time. RTRT generalises TRT by: (i)
relaxing the requirement that all roads must return to pre-
incident conditions and instead only requiring a fraction an
of roads to recover, and (ii) providing a fallback measure based
on the average speed difference when full recovery is not
achieved within a given time.

Specifically, RTRT consists of two patterns. The first one
is a relaxed version of the TRT where we apply a constant
parameter @ € (0, 1] to Eq. (3), so that there exists a subset
S C{1,2,3,---,n} and |S| = an that satisfies:

[
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Intuitively, we only require at least an roads that have
recovered to the pre-incident traffic level, and we denote the
time as T;.+,-. The reason behind this relaxation is that requiring
100% of roads to recover would often include the time taken
to remove the incident vehicles, which is a factor that TLC
cannot influence. By allowing a small proportion of roads to
remain below the normal level, the measure better reflects the
effectiveness of the TLC strategy in recovering traffic over
the majority of the area, and hence leading to faster recovery
overall.

However, it is possible that ?p, cannot be found. In such
cases, the second component of the objective function is
introduced to capture the difference in WAS between the pre-
incident state and time slot t.

Specifically, we use the area-level mean road speed differ-
ence as defined below:

" {0 if 0; (tpre) — vi(t) < 0

1
Ab(tpre, t) = — )
pre n ; Vi (tpre) — vi(t) otherwise

(6)

This component accounts for the worst-case scenarios in
which all TLC plans fail to restore normal traffic conditions
in the area before the specified time slot ¢. In such cases, the
algorithm selects the plan that minimises the speed difference.



The overall objective function can then be represented as:

) wi(Tie — c3),
fi(t) = {Av(tpm,t),

if £post .exists, 7
otherwise,

where w; are user-defined weight for visualisation scaling, and
c3 is a constant that ensures f; < 0 when ¢, exists to flavour
finding the (relaxed) TRT.

Overall Recovery Count. While RTRT rapidly restores traffic
in the affected area to pre-incident levels, its traffic light plan
is tailored to the incident scenario and may cause congestion if
applied continuously. ORC is therefore introduced to guide the
network toward a stable and comprehensive recovery within
a given time window, still using the road recovery definition
from Egq. (2). ORC represents the number of roads that have
recovered (I;(tpe,t) = 1 as defined in Eq. (2)) at each time
slot ¢t for V t between two time slots ¢; and to (inclusive),
which is defined as:

to n
Ulti,t2) = > Y Tiltpe, 1) (8)

t=t; i=1

By optimising
fl = U(tpre + 1; t), (9)

the objective function not only aims to accelerate the speed
of recovery but also maintains a larger proportion of recov-
ered roads over the entire recovery period. This formulation
places more emphasis on the spatial extent and consistency
of recovery across the network. Since NSGA-II is formulated
as a minimisation problem, this objective is equivalently
transformed by minimising its complement, i.e., the number
of unrecovered road instances.

Both RTRT and ORC can effectively and efficiently guide

the algorithms toward promising recovery plans. RTRT places
greater emphasis on recovery time, whereas ORC prioritises
the overall recovery rate, as will be demonstrated in the
Experimental Section.
Objective Function 2: Average Speed Variance. For the
second objective function, we use the previously defined
ASV (t1,t2) (Eq. (4)). The goal is to minimise ASV (tpre+1,1)
to reduce abrupt speed variance and improve driving comfort
and safety across the network.

III. EXPERIMENTS
A. Scenario setup

We conduct traffic simulations in Eclipse SUMO (Simula-
tion of Urban MObility) on both a synthetic road network and
a real road network.

1) Scenario 1: synthetic network

The synthetic network consists of four standard four-leg
intersections arranged in a grid layout, forming a 2 x 2
structure, as shown in Fig. 2a. Each road has three lanes and
an average segment length of approximately 280 meters.

Each traffic light has 4 phases within a fixed 120 s cycle
with p, +xp, = p, + 2 p,, and each phase is followed by a
3-second yellow light. For the phrase rules, we only show the
rules with p; ; = 1, and those not shown are with p; ; = 0.

Based on the road numbering shown in Figure 2a, the phases
of Intersection 2 are summarised below:

e Pi: pro=LlLpra=1pseg=1 pss=1,
o Po: pro=1,pre=1p56=1,p52=1;
o P3: p3a=1,p3s=1,prg=1pra=1,
o Pi: p3a=1,p3g=1,prg=1pra=1

The other three intersections have the same phrases, hence
are omitted here.

2) Scenario 2: real-world network (Pasubio, Bologna)

For real-world validation, we further employ the Pasubio
network from the SUMO scenario examples [20], located in
Bologna, Italy, as shown in Fig. 2b. The network comprises 24
intersections in total, 12 of which are signalised. Among these,
four key intersections are selected for TLC plan optimisation.
The same cycle time is applied, with xp, + zp, = zp, +
xp,, and each phase is followed by a 3-second yellow light.
With the road numbering illustrated in Figure 2a, the phases
of Intersection 2 are summarised as follows:

o Pii pro=1,pra=1pe=1,p34=1ps6=1,
psg=1,ps2o=1,prg=1;

o P pro=1,pra=1,p1g=1,p3a=1,p5s6=1,
prg =1,

o P35 p1o=1,p3a=1,p36=1,p38=1,p56=1,
prg=1,pr2=1,

o Pi: pro=1,p3a=1,p38=1,p56=1, prg=1,

pra = 1.

The other three intersections have similar phrases, which
are omitted here.

3) Synthetic incident

In both case studies, the incident occurs at 360 seconds and
lasts until 1200 seconds. The locations of the incidents in the
synthetic and real-world networks are illustrated in Figure 2a
and Figure 2b (both on the rightmost lane), respectively. A
150-meter safety buffer zone is introduced around the incident
vehicle, with different control strategies depending on the lane
and position of the approaching vehicles:

e Vehicles on the incident lane must merge to another
lane at least 150 meters before the incident vehicle, with
a 5-second merge delay and deceleration to 3 m/s. If
merging fails, they queue at least 100 meters upstream
and decelerate to a full stop without delay.

o Vehicles on other lanes decelerate more safely to avoid
emergency braking: on the adjacent lane, a 3-second
merge delay and slowdown to 8 m/s are applied; on lanes
one step further, a 1-second delay and slowdown to 10
m/s are used.

o Vehicles that have passed the incident location gradually
restored to normal speed over 5-seconds.

B. Experimental setup and results

1) Parameter set up for NSGA-II

The NSGA-II algorithm is configured with the parameters
as summarised in Table 1.

The parameters related to the proposed objective functions
are listed as follows. ¢c; = 2 (Eq. 2), co =4, a = 0.9 (Eq. 5),
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Fig. 2: Networks used in experiments.

TABLE I: Parameter settings for the NSGA-II algorithm.

Parameter Symbol / Value
Population size N =40
Number of generations Gmax = 150
First-level crossover probability Prc1 =0.8
First-level mutation probability Prpy,1 =0.125
Second-level crossover probability ~ Preo = 0.5
Second-level mutation probability Pryo = 0.5
Mutation minimum range Tmin = 10
Mutation maximum range Tmax = 44
Local search start generation G1s =50

Local mutation range Tm =
Local search mutation rate Prs =0.5

c3 = 3600 and wy = W%o (Eq. 7). t is set to the last time slot
of the simulation (tmax) in Eq. (7) when tp. is not found, as
well as Eq. (9).

2) Effectiveness of proposed objectives

We compare two objective functions proposed in this study:
RTRT and ORC. RTRT focuses on fast recovery after an
incident, while ORC aims to improve the overall traffic
condition during the recovery process. We also compare both
objectives with a recent study on incident management [21],
which uses Average Travel Time (ATT) as its objective, which
will be detailed below. For all objectives, the second objective
in the multi-objective optimisation is ASV. We conduct these
comparisons on the two networks as described above.
Average Travel Time. AAT is a conventional performance
metric widely used in traffic optimisation studies. It represents
the mean duration required by vehicles to complete their routes
within the network. The ATT is calculated as the arithmetic
mean of all such durations across all vehicles, as follows:

1 \4
ATT=—S T,
v

where V' is the total number of vehicles, and 7; is the time of
the i" vehicle complete the route.

Comparison of Optimisation Objectives on Recovery Time.
After optimisation, we collect the solutions from all three
objective settings—(RTRT, ASV), (ORC, ASV), and (ATT,
ASV)—across five independent runs. For each setting, we
merge all solutions and compute a new Pareto front to rep-
resent the best trade-offs. To ensure a consistent evaluation,
we evaluated the final Pareto front solutions derived from the
(ATT, ASV) and (ORC, ASV) on the RTRT and plotted the
results in Fig. 3 with (RTRT, ASV).

As shown in Fig. 3a, in the synthetic network, the solutions
obtained using the proposed RTRT objective function show
a clear advantage over the other two objectives. Given that
c3 = 3600 and wy = the value of —1 on the z-axis

(10)
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Fig. 3: Comparison of solutions using different objective
functions evaluated by RTRT.
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Fig. 4: Comparison of solutions using different objective
functions evaluated by NRP.

indicates a recovery time of 3100 seconds (Eq. (7)). A single
unit on the x-axis corresponds to an average speed difference
of 1 m/s relative to the pre-incident average speed.

In the RTRT setting, solutions almost always dominate those
from ORC and ATT. In the fully recovered region (values < 0),
RTRT also produces a more balanced and continuous spread
of solutions, indicating more stable trade-offs. ORC performs
worse than RTRT but still outperforms ATT. In contrast, ATT
yields relatively weaker results, as it does not explicitly target
incident recovery and only improves recovery indirectly via
travel time reduction. Notably, ATT and ORC outputs more
unrecovered plans (with z-axis values > 0) than RTRT, but
in these cases, RTRT can still output safer and smaller speed
difference plans.

For the real network shown in Fig. 3b, similar trends are
observed across RTRT, ORC, and ATT. However, only RP and
TS achieve the best recovery performance values, as the real
network is more complex and inherently more challenging to
TECOVer.

Comparison of Optimisation Objectives on Overall Re-
covered Percentage. To evaluate the overall recovery per-
formance for each individual sensor, we introduce the not
recovered percentage, defined as follows:

U(tpre + 1, tmax)
n(tmax - tpre - 1) .
Intuitively, it reflects the proportion of unrecovered sensors
accumulated over all time slots. As shown in Fig. 4a, solutions

optimised with the ORC achieve the best performance, almost
dominating those from RTRT and ATT. RTRT-based solutions

Not Recovered Percentage = 1 —




tend to flavour plans with higher unrecovered percentages and
lower ASV. This is because RTRT focuses on identifying faster
recovery plans and does not account for the level of congestion
before recovery. ATT performs relatively worse among the
three objectives, further demonstrating the robustness of our
proposed objective functions for post-incident management.

A similar pattern is observed in the real-world network
as shown in Fig. 4b. ORC again delivers the best overall
performance and dominates most solutions. Although the
performance gap between RTRT and ORC narrows compared
to the synthetic network, both remain clearly superior to ATT.
This shows that ORC provides the most stable optimisation
across networks, while RTRT continues to offer significant
advantages for recovery time.

IV. CONCLUSIONS AND FUTURE WORK

In this work, we investigated post-incident traffic management
via TLC and formulated traffic recovery as restoring normal
traffic conditions within a predefined road area. To achieve
fast and stable recovery, we propose two recovery-oriented
objective functions: Relaxed Traffic Recovery Time and Over-
all Recovery Count, which are used in conjunction with a
safety-related objective (speed variance) in NSGA-II for bi-
objective optimisation, where the objective function evaluation
is based on a traffic simulation software SUMO. Experimental
results on both synthetic and real-world scenarios show that,
compared to traditional congestion-based objectives, the pro-
posed recovery-oriented ones lead to the improved TLC plan
for post-incident recovery. In particular, RTRT achieves faster
recovery, while ORC enhances stability and overall traffic
conditions during recovery.

Effective traffic incident management typically requires
rapid decision-making. Therefore, TLC strategies are expected
to be generated and deployed promptly after the incident
is detected to gain practical benefits. However, the real-
time capability of this work remains limited due to the high
computational cost of traffic simulations. Our future work
plan to investigate hardware parallelisation and algorithmic
surrogate modelling to address the limitation. In addition,
while speed variance is relevant, it may not closely characterise
traffic safety. Our future work will explore safety metrics more
suitable as optimisation objectives.
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