Multi-objective traffic signal optimization using 3D
mesoscopic simulation and evolutionary algorithms
Adriana Simona Mihăiţăa,∗, Laurent Dupontb , Mauricio Camargob
b ERPI

a Data61-CSIRO, 13 Garden St, Eveleigh, 2015, NSW, Australia
Laboratory EA6737, Lorraine University, 8 Rue Bastien Lepage, 54010 Nancy

Abstract
Modern cities are currently facing rapid urban growth and struggle to maintain a sustainable development. In this context, “eco-neighbourhoods” became
the perfect place for testing new innovative ideas that would reduce congestion and optimize traffic flow. The main motivation of this work is a true
and stated need of the Department of Transport in Nancy, France, to improve
the traffic flow in a central eco-neighbourhood currently under reconfiguration,
reduce travel times and test various traffic control scenarios for a better interconnectivity between urban intersections. Therefore, this paper addresses a
multi-objective simulation-based signal control problem through the case study
of “Nancy Grand Cœur” (NGC) eco-neighbourhood with the purpose of finding
the optimal traffic control plan to reduce congestion during peak hours. Firstly,
we build the 3D mesoscopic simulation model of the most circulated intersection (C129) based on specifications from the traffic management centre. The
simulation outputs from various scenario testing will be then used as inputs for
the optimisation and comparative analysis modules. Secondly, we propose a
multi-objective optimization method by using evolutionary algorithms and find
the optimal traffic control plan to be used in C129 during morning and evening
rush hours. Lastly, we take a more global view and extend the 3D simulation model to three other interconnected intersections, in order to analyse the
impact of local optimisation on the surrounding traffic conditions in the econeighbourhood. The current proposed simulation-optimisation framework aims
at supporting the traffic engineering decision-making process and the smart city
dynamic by favouring a sustainable mobility.
Keywords: simulation-based transport planning, mesoscopic traffic
simulation; multi-objective optimization; evolutionary algorithms;
eco-neighbourhoods; smart city.
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1. Introduction

5

10

15

20

25

30

35

40

45

Context: Urban areas have known a rapid growth during the last century.
If in the 1950s, only 30% of the population lived in cities, recent statistics show
that this figure has reached 54% in 2014, and could even reach 66% by 2050
[1]. With this rapid increase of urban inhabitants, new problems have emerged,
such as high congestion, low traffic fluidity, unsynchronized inter-modal transport systems, air pollution, noise, etc. Transportation plays a very important
role in the lives of its citizens, as it provides access to jobs, health services,
education and leisure. In 2008, in the European Union (EU), the total external
transport costs were estimated at over 500 billion Euro a year, which represented
almost 4% of the gross domestic product (GDP) [2]. To these costs is added
the annual cost of congestion, which amounts between 146 and 243 billion Euro,
representing 1 − 2% of the GDP [3]. Given also the fact that Europe is a net
importer of fossil fuels, to the tune of 388 billion Euro per year [4], a global initiative was adopted by EU to integrate together the concept of transportation,
health and environment into a sustainable and healthy mobility.
In this context, the concept of eco-neighbourhood has emerged as a response
to the above challenges, and became the perfect place for technical, innovative,
economical and social experimentation. In 1960s, the first ecological areas “had
a rather small and remote location from metropolitan centres”[5]. Today, their
role has become increasingly complex because they must meet several principles
of sustainable development [6]: 1) involve all the citizens, 2) contribute to the
improvement of daily life by developing a healthy and safe living environment,
3) participate in the economical and local dynamics, 4) promote a responsible
resource management and adapt to climate change. The eco-neighbourhoods
offer the opportunity to experience and anticipate the city evolution, and guide
the decision makers in their decision process. The latest changes in design practices (collaborative approach, usage integration directly from the design phase,
citizen participation in experimental projects), offer new perspectives for simulating the impact of future urban reconfigurations [7]. A detailed description of
the evolution of European eco-neighbourhoods is provided in [8].
Motivation With the urban project Nancy Grand Cœur [9] the Grand
Nancy Metropolis in France, wants to rehabilitate the 15-hectares area around
the historical train station including its railway and industrial brownfield. A
visual representation of the train station hosting almost 9 million passengers
each year is provided in Figure 1a). This ecological urban project is intended to
be delivered by 2025, and the objectives for this central area are manifold: new
fluid mobility, traffic regulation, reconciliation between historical and modern
neighbourhoods of the city, environment quality and green spaces, reduced energy consumption, etc. As previously mentioned, improving traffic flow in this
neighbourhood, reducing congestion and travel times represents a high priority for the traffic management center. A better mobility means reduced travel
times, reduced pollution levels and improved connectivity between intersections.
Challenges: Our study focuses on congestion problems in four most circulated intersections of the NGC eco-neighbourhood (see selected area in sub-plots
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(a) Urban project for NGC by 2020 (Arep).

(b) Urban area in 2012.

(c) Focus on the four most circulated intersections.
Figure 1: Case study of the eco-neighbourhood Nancy Grand Cœur.

50

55

60

65

b) and c) from Figure 1). As NGC project involves the reconfiguration and deviation of traffic flow from the most congested intersections to neighbouring
free-flow areas, an important challenge is to find an adapted traffic signal plan
for the most congested intersection (C129) that would meet the following criteria simultaneously: decrease the average travel times when there is increased
traffic flow during rush hours. By traffic signal plan we refer to the scheduling
of red, orange and green lights during a fixed cycle-time interval. Therefore, we
are facing a multi-objective constrained non-convex optimisation problem for
which we propose a 3D simulation and evolutionary optimisation framework.
Solution: A first step to respond to this problem is to use adapted simulation tools, which will enable the analysis and testing of different traffic scenarios
in NGC. We initially built a 3D mesoscopic traffic simulation model of the most
circulated intersection in NGC (C129), which is one out of the main intersections connecting the train station to the Metropolis. This implies a high number
of private vehicles and public transport lines crossing the intersection every day
which have been integrated as well in the model. The model is initialised and
validated using real data sets received from the local traffic management center. The second step is to address the optimization problem by turning to
bio-inspired optimization methods, such as evolutionary algorithms. This part
completes and improves our previous studies [10], as we extend the optimization
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process from a single to a multi-objective optimization procedure. The optimal
traffic signal plan for C129 is then chosen by comparing the Pareto front of all
the available traffic signal plans currently tested.
This paper is organized as follows. In Section 2 we present the state of the
art on different traffic simulation tools and optimization methods. Our proposed optimization framework is provided in Section 3, while the construction
of the 3D mesoscopic traffic simulation model is presented in Section 4. In Section 4.2 we extend the 3D mesoscopic simulation model of C129 to three other
adjoining intersections (C129, C201, C100a, C100b) as represented in Figure
1c. We study the impact of the chosen optimal traffic signal plan on all the
routes interconnecting with C129 in NGC in terms of average travel times and
throughput. The last section of the article presents the conclusions and future
perspectives of this work.
2. Related works
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2.1. Traffic simulation tools
Numerical simulation is a powerful tool to reproduce real life situations.
It can be used to generate, analyse and predict potential problems which are
difficult to detect through real tests, which imply high costs, administrative
rules to respect, or high risk of incidents. Various urban traffic simulation tools
have been designed according to either the scale of the application (networks,
links, intersections), the representation of the process (deterministic, stochastic)
or the scale of independent variables (continuous, discrete). But one of the most
popular classification criterion is the level of details or more explicitly, the level
of description of traffic entities [11]. A comparison study between different
simulation models depending on the level of details (micro, meso, macro) can
be found in [12]. In the remainder of this section, we briefly present the main
simulation tools available for each level of detail.
Microscopic traffic simulators have been conceived to simulate at a high
level of precision the behaviour of traffic entities inside a transportation system,
such as drivers or vehicles, and their interaction with the vicinity. They often require more computational resources and are most suited for simulating
small urban areas as they calculate at each time step the speed, position and
acceleration of each entity, by applying detailed lane changing and car-following
behavioural models. Some of the most popular micro-simulators are: Corsim
[13], Vissim [14], Paramics [15], DynaSim [16] and Aimsun [17]. A more recent and technical comparative analysis between some of the above mentioned
microsimulators can be found in [18].
In comparison to the above simulation tools, the need to represent traffic at a
higher level of aggregation, led to the apparition of macroscopic simulators,
such as METANET [19], the cell transmission model [20] or METACOR [21].
These models use an aggregate representation of traffic and are mostly used for
offline traffic planning applications. Main drawbacks of these models are related
to their restricted ability to model physical queues, spill-backs or route choice
decisions. Various macroscopic simulation tools are detailed in [22].
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At an intermediate level between the micro and macro simulation tools, a
special interest is given to mesoscopic traffic simulators. In contrast to
the above simulators, at the mesoscopic level, the behaviour of small groups
of entities moving together in a probabilistic manner is more important than
the individual behaviour of each entity moving in the simulation. The main
advantage of mesoscopic models is a solid trade-off between the level of detail
and running efficiency. Compared to the macroscopic approach, in a mesoscopic simulation model, the average travel time on a specific road segment is
influenced by the segment flow, occupation or its capacity. As well, the supply models in meso-models are simplified compared to microscopic simulation
models where individual vehicle movement is approximated by speed-density
models on the link, or queue models at the end of a link. Some of the most
popular mesoscopic traffic simulators are: DynaMIT [23], DYNASMART [24],
Metropolis [25], MEZZO [26], PTV Vissim [27]. Most recently, various traffic simulation tools provide hybrid simulation models which offer flexibility to
model and switch between the meso and micro-models, such as Aimsun or Vissim.
Also, various urban traffic simulation models have been developed using
agent-based models (ABMs). Instead of utilizing traffic flows to represent mobility as the previous mentioned tools, the agent-based modelling represents
every traffic participant as an agent which can be assigned specific time schedules or specific activities. ABMs have been successfully used in collaborative
driving [48], agent-based driver behaviour modelling [50], route choice analysis
[53] and multi-agent based microscopic traffic simulation [51, 52]. An overview
of potential and existing applications of agent-oriented techniques in transportation modelling can be found in [46]. Despite their high popularity for deploying
microsimulation models due to a high level of granularity being modelled, ABMs
may need more intensive computational capacity when used at larger scales such
as macroscopic or mesoscopic.
For the study presented in this paper we use FlexSim [28] for building the
3D traffic simulation models, which offers the possibility to: a) test simultaneously various traffic reconfiguration scenarios in NGC at a mesoscopic level, b)
obtain a comparative analysis between scenarios at the end of the simulation,
and c) dynamically visualize statistics during simulation. The simulation model
is initialised and validated using data provided by the local traffic management
centre (TMC), while the simulation output is used as entrance in our evolutionary optimisation module for selecting the best traffic signal plan to be used
during rush hours, as detailed in Section 3.
2.2. Simulation-based traffic optimization
The combination of simulation and optimisation techniques has been successfully applied to address real-world traffic problems and to assist the decision making process into finding the optimal parameter values for traffic control
management. This process often involves a trade-off between satisfying multiple
conflicting objectives [29]. In a simulation-optimisation approach, the optimisation works as a search method that explores the solution space in such a way
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that solutions leading to the preferred system performances can be found. This
approach can be successfully applied for optimizing the traffic signal plans during rush hours, and to simulate the impact of the chosen optimal plan on the
traffic system. Although this can be seen as a non-linear programming problem,
global optimal solutions are hard to find by traditional mathematical methods.
Evolutionary algorithms (EAs) have become popular for traffic optimization problems, as they are suitable to solve problems that require simultaneous
optimisation of more than one objective by using stochastic operators without
gradient information in the search process. In the literature, evolutionary or genetic algorithms combined with traffic simulations can be found in [30, 31]. In
[32] the authors apply a genetic algorithm optimization and cellular automata in
a micro-simulation model from Santa Cruz de Tenerife. Multi-objective genetic
algorithms (GAs) have also been used for vehicle scheduling of urban bus lines
[33], by improving a non-dominated sorting genetic algorithm (NSGA-II). In
[34] the authors used a genetic algorithm with elitism (GAWE) for studying the
transit network design problem related to public transportation. The authors in
[35] used genetic algorithms to construct and improve the travel time prediction
intervals for buses. Multi-objective optimization using GAs has also been successfully applied for road diet plans within transportation networks in [36], or
to reduce vehicle emissions, fuel consumption and vehicle delay simultaneously,
in an urban intersection from China [37].
Evolutionary and genetic optimization procedures have the advantage of
using more than one solution in one iteration (they run on a population approach), unlike most classical optimization algorithms, which update only one
solution at each iteration [38]. EAs have a global search capability and can
effectively balance the solution quality and computational time for complex organisational problems [39]. Various studies have shown that EAs are indicated
for multi-objective optimization problems, as the population-base meta-heuristic
can produce a set of Pareto solutions in a single run [40]. In this paper we therefore propose a simulation-optimisation approach at a mesoscopic level by using
evolutionary algorithms for the optimization of various traffic signal plans of the
intersection C129 (see Section 3.2).
3. Our proposed optimization framework

Figure 2: Traffic simulation and optimization framework
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Figure 2 presents the organizational framework of this paper, which contains
the traffic simulation models, as well as the evolutionary optimization procedure.
We start by analysing the traffic intersection C129, and the available data sets
received from Grand Nancy Metropolis, which uses inductive-loop traffic detectors placed in the roadbed at every traffic intersection. The detectors trace
vehicles as they pass through the loop’s magnetic field and count the number of
vehicles during a 60 seconds time interval. Traffic-flow measurements are then
stored in a centralised database for further analysis and evaluation. For building the 3D traffic simulation model in FlexSim (denoted as STM1), we use the
detailed geometry of the intersection, the available traffic signal plans, the initial OD matrix and registered flow counts during rush hours. During the traffic
simulation, vehicles are generated at the main entrances of the intersection, and
disposed once they leave the network.
The FlexSim simulation model can output various parameters, including: the
mean number of cars (average flow) passing the intersection/each road section,
as well as the average travel-time inside the intersection. These parameters
represent the optimisation criteria which is evaluated using the evolutionary
algorithm we present in the following section. The main objectives for STM1 are:
1) decreasing the average travel-time during rush hours and 2) increasing the
number of vehicles transiting the intersection every day. The C129 intersection is
part of a reconfiguration plan of the NGC eco-neighbourhood, therefore needs
to absorb a higher inflow of vehicles in the future. The current simulationoptimisation approach allows us to compare all the available traffic signal plans
received from Grand Nancy (P55 , P70 , P80 , P90 ), and choose the most adapted
plan for rush hours which we denote Popt (the optimal signal plan). As an
example, P55 stands for the traffic signal plan wherein the switches between
green, yellow and red times, last for a cycle of 55 seconds.
As the eco-neighbourhood will be restructured (new bus lines, lane changes)
based on the current traffic flow, this paper focuses on analysing the impact of
the optimal traffic signal plan of C129, on three other intersections which are
currently interconnected with C129. Using metered data received from Grand
Nancy, we build an extended traffic simulation model (denoted STM2) which
contains four interconnected crossroads (C129, C201, C100a, C100b), as shown
in Figure 2. Various scenarios are considered for the extended simulation and
in Section 4.3 we present the impact of applying an optimal signal plan in C129
on the surrounding intersections.
3.1. Dominance concept and Pareto domain
Prior to discussing the method for obtaining the most suited signal plan,
we begin by giving a short description of the dominance concept. Before the
decision makers choose a good compromise solution by considering a trade-off
between the competing criteria, the search domain can be significantly reduced
by taking into consideration only those solutions that would be potential candidates for the optimal solution [41]. The final set which is called the Pareto
Domain, is a collection of solutions taken from the total set of solutions which
are not being dominated by any other solution within this set. We can say that
7
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a member of a set is dominated by another one if its values on all the optimization criteria are worse than those of the second member. We divide the
solution set in two groups: a set of dominant points and a set of points which
are dominated by at least one other solution.
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Point A, dominated by B, C, and D
Point B, dominated by C and D
Point C is non−dominated
Point D is non−dominated

A
Objective Function 2

4

3

B
D

2

C

1

0

0

1

2
3
Objective Function 1

4

5

Figure 3: Example of dominance for the Pareto domain.
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Figure 3 shows the dominance concept using an illustrative example with
two output functions f1 and f2 , which depend on two input variables x1 and x2 .
In this example, we want to maximize the objective function f1 and minimize
f2 . Point A has the highest value for f2 and the lowest value for f1 , therefore we
say that A is dominated by all the other points B, C and D, and it cannot be
considered as optimal. Although point B has lower values than A in terms of f2 ,
it is still dominated by C and D in terms of f1 . Comparing C and D, we observe
that both points have better values in one function than the other, therefore
we call them non-dominated points which would belong to the Pareto domain
if there would not be other generated points that meet the above criteria.
3.2. The evolutionary algorithm
The current evolutionary algorithm (EA) is a population-based stochastic
search procedure which selects the best members of a population and uses them
to recombine and perturb locally, in order to create subsequent populations until
a predefined goal was reached. Our approach is based on the evolutionary algorithm described in [42], which we adapt and implement for our transportation
problem in NGC. This EA has been chosen due to a good compromise between
execution times and computational precision during initial testing of the multiobjective optimisation method. Due to the scope of this paper, we focus more
on the result interpretation and impact analysis rather than a comparison of
various EA approaches that could be applied for solving the current problem.
Algorithm 1 gives the outline of our developed algorithm. We further detail its
components.
1. The current EA is an iterative optimization process starting from an initial population with nind individuals (points), which are supplied by the
traffic simulation model (as represented in Figure 2), and which are characterized by the mean number of cars and the average travel-time inside
the intersection. Intersection C129 has six interconnected streets. Let
8
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be the mean number of cars on the ith street, i ∈ {1, ..6}, and Tavg
the average travel-time on each street i ∈ {1, ..6}. The initial number of
individuals nind also represents the initial number of solutions (exemplified in Section 4.1.4).
The function initialise population is responsible for the initialization of
all individuals in the first generation. P (ngen) denotes the entire population of individuals, constructed in the ngenth generation. At this step,
each point of the initial population has a domination score of 0.
2. The next step is the computation of two objective criteria for each individual, using the function calculate objective fct: maximize the number
of cars inside the C129 and minimize the average travel-time.
3. Based on the results obtained for the objective criteria, a fitness function
is computed for each individual, using its domination score. Every pair of
individuals is compared and, if one dominates the other, the domination
score of the latter is incremented by one. The entire solution set is then
ordered from best to worst, according to the domination score. A new set
of solutions (the new generation) is further constructed in function calculate nr dominants by keeping: all the dominant points (those having a
domination score of 0) and a pre-determined percentage of the dominated
points having the lowest domination number. The number of the new
survivals nsurv is then computed as:

nsurv = nrdom + F LOOR(ts (nind − nrdom)),
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where nrdom is the number of dominant points, nind is the initial number
of individuals representing the original set, ts is the survival fraction which
is randomly chosen (ts ∈ [0, 1]), and IN T (a) is the integer value of the
variable a. This subset of nsurv points will be part of the next generation
of the Pareto domain. All the above steps are computed in the function
select best indiv.
4. At this step, mutant solutions are randomly generated in order to increase
diversity amongst the population of best survivors, by using the function
generate mutant. Generated mutants will replace current individuals
in the population only if they are better than the last survivor.
5. The main part of the algorithm is to replace the dominated points which
have been previously eliminated, by new points nominated as “children”.
The children are the result of combining two random parents (Ip1 and Ip2 )
from the survivor population, inside the function create child, according
to the equation:
Ichild = Dp Ip1 + (1 − Dp )Ip2 ,
where Dp is a randomly selected real number between 0 and 1, each time
an input Ichild will be created. This step will generate a new individual
for the final optimal solution set, replacing its eliminated ancestor.
6. Steps (2) to (5) are repeated until at least 90% of the generated solution
set points are dominant points. The final set is assumed to approximate
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the true Pareto domain, which provides the optimal information to the
decision experts, and all solutions outside the Pareto should be avoided
for further interpretation. In the present article we apply the EA for
every traffic signal plan we study, and conduct a detailed comparison of
the results in Section 4.1.4.
Algorithm 1 Outline of the evolutionary algorithm.
Require: nind (the number of individuals in a population);
Ensure: P - the optimized population ;
Parameters: nsurv (number of survivors), nmut (number of mutants), ngen
(number of populations), nrdom (number of dominant points).
//Step 1: construct initial population from simulation
ngen = 0;
P (0) ← initialise population();
while do(nrdom ≤ 90%nind)
nrdom = 0;
//Step 2: Compute the objective criteria
for all ind ∈ P (ngen) do
calculate objective fct(ind)
end for
//Step 3: select best survivors/dominant individuals
nrdom ← calculate nr dominants(P (ngen) )
Psurv ←select best indiv(P (ngen) ,nsurv,nrdom)
//Step 4: generate mutants
Pmut ← ∅
for i = 1 : nmut do
mutant ← generate
mutant();
S
Pmut ← Pmut mutant
end for
//Step 5: generate children
Pchild ← ∅
for i = 1 : (nind − nsurv − nmut) do
(p1 , p2 ) ← select parents(Psurv );
child ← createSchild(p1 ,p2 );
Pchild ← Pchild child
end for
//Step 6: create the
S wholeSnew population
P ngen+1 ← Psurv Pmut Pchild
ngen + +; // increase the population counter
end while
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4. CASE STUDY
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Our case study is a real case optimization project for Metropolis’ engineers.
They have to efficiently manage the urban transformation from a 15-hectares
neighbourhood to an eco-neighbourhood. The current area does not contain
housing or retail, and the location and width of the railway right-of-way between
C129 and C201 reduce pedestrian presence and walking movements. Furthermore, at the beginning of this study, researchers and local authorities decided
to focus only on traffic optimisation aspect. The traffic flow inside NGC is
highly affected by the C129 intersection, which suffered various changes in its
bus lanes and link connections. Therefore, for Grand Nancy, the main objectives are: a) maximizing the future vehicle inflow in C129, and b) reducing the
average travel-time during rush hours. The case study presented in this section
responds to this need by building a 3D mesoscopic simulation and evolutionary optimisation method firstly for C129 (STM1), and secondly for including
three other interconnected intersections: C201, C100a and C100b (STM2) and
analyse the impact that the local traffic signal optimization in C129 has on the
global system.

Figure 4: Aerial view of C129 intersection in Nancy, France (Google Maps source) with new
bus line added.
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4.1. C129 traffic simulation model (STM1)
Figure 4 presents an aerial view of C129 which has 5 entrances: a) Pont des
Fusillés bridge (PF), which is the main artery collecting vehicles from south of
NGC, b) Joffre Boulevard coming from the train station, c) Ghetto Varsovie
street passing under the bridge, d) Grand Rabin Haguenaeur (GRH) street, e)
Cyfflé road and f) a new lane reserved only for buses. The main roads for vehicles
to exit the C129 junction are: Abbé Didelot, Cyfflé and Joffre Boulevard.
4.1.1. Model construction
In order to construct the 3D mesoscopic traffic simulation model of C129,
urban planners from Grand Nancy provided: a) the detailed intersection geometry and lane characteristics needed to build the road base and 3D environment
of the model, b) the origin to destination matrix, c) detector flow counts every
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15 minutes during rush hours (07:30 - 09:00, 16:30 - 18:00) for 4 months, and
d) the traffic signal plans which need to be tested. By traffic signal plan we
denote the red-yellow-green cycles of all the traffic lights inside C129, as shown
in Figure 5. For example, the traffic light F 1 has a starting green-light at second
37 and ends at second 13 in the 55-second cycle length, therefore lasting for 31
seconds. The yellow light lasts for only 3 seconds while the red-light will start
at second 17 and end at second 37 after which the green light will be activated
again. As an observation, each of the traffic plans are conceived for all normal
traffic lights but also pedestrian lights inside the considered intersection. Four
signal plans have been received (Np = 4), which we denote: P55 , P70 , P80 , P90 ,
each lasting respectively 55, 70, 80 and 90 seconds. Due to privacy restrictions
from the local community we only showcase the analysis of 4 traffic light plans.
Nevertheless the current method can be generalized for various traffic signal
plans.

Figure 5: Example of a traffic signal plan (P55 ) for C129.

a)

b)

Figure 6: FlexSim 3D simulation model of C129 (a), and its functional structure (b).
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A snapshot of the 3D traffic simulation model can be observed in Figure
6a). In Figure 6b) we represent the links between the different simulation objects which need to correspond to the real-life traffic behaviour: conveyors for
streets, sources and sinks for generating and disposing the simulated entities
(vehicles) in the model, processors for random insertion of vehicles, FlowBin
items for pedestrians, Visual Tools for traffic lights which need to correspond
12
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to the available traffic signal plans. A representation of pedestrian movement
around traffic lights and public transport stops is provided in Figure 7 a) and
b) respectively. Separate traffic control plans for pedestrian movement have
been implemented in the simulation according to the information received from
TMC. Although each pedestrian traffic plan corresponds to each of the traffic
control plans, the phase times cannot be changed or triggered on demand by
pedestrians waiting to cross the intersection.

Figure 7: Pedestrians around: a) traffic light plans and b) tramway stops.
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The detector flow data has been stored in a dedicated database and the first
2 months were used for initialising the simulation model. The static calibration
and validation of the simulation model has been done by using the provided flow
counts for the last 2 months and comparing every 15 minutes with real-observed
counts registered manually during the morning and afternoon rush hour. The
final validated model containing a realistic representation of the traffic in C129
is then used for applying the traffic signal plan optimisation detailed in Section
4.1.4.
4.1.2. Simulation computing times
Due to the stochastic behaviour of the simulation model (which needs a
large number of replications to be performed), and the complexity of all interconnected objects, in this section we test the scalability and performance of the
simulation model in terms of computing times when a larger number of traffic
scenarios need to be tested in parallel or the number of vehicles entering the
intersection increases. We consider the following three parameters which have
a high impact on the computing time (denoted Tc ): the number of replications
(Nr ), the number of traffic signal plans (Np ), and the number of scenarios to be
tested (Ns ). More specifically, we fix two of the above parameters, and variate
the third one. We further analyse the evolution of Tc versus the evolution of
the third varying parameter, as shown in Tables 1 to 3.
The main scenarios tested here come from the need to know the maximal capacity of the intersection in terms of vehicle inflow. Let D2 be the total number
of vehicles entering C129 (actual metered data received from the municipality).
We then construct three additional scenarios based on D2 , having: D1 = D2 /2,
D3 = D2 ×2, and D4 = D2 ×3 vehicles. Let Ns be the total number of scenarios
which takes values in [1, 4]; for example the first scenario uses D1 vehicles, the
second scenario uses D2 , etc. Finally, as we want to analyse the four available
traffic signal plans (P55 , P70 , P90 , P80 ), let Np variable to take values in [1, 4].
13

Nr
Tc [sec]

1
25

5
126

10
271

15
397

20
544

Table 1: Tc versus Nr .

Ns
Tc [sec]

1(D1 )
172

2(D2 )
353

3(D3 )
375

4(D4 )
575

Table 2: Tc versus Ns .

Np
Tc [sec]

1 (Plan)
89

2(Plans)
185

3 (Plans)
298

4 (Plans)
397

Table 3: Tc versus Np .
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Firstly, we first fix the number of plans and scenarios to: Np = 4, Ns = 4,
and vary the number of replications Nr ∈ {1, 5, 10, 15, 20}. Table 1 shows the
results of T c versus Nr . Secondly, we fix Nr = 15, Np = 4, and vary the number
of scenarios Ns ∈ {1, 2, 3, 4} (results provided in Table 2). Thirdly, we test the
computing times by fixing Ns = 4, Nr = 15, and vary Np ∈ [1, 4] (see Table 3).
As an observation, the STM1 simulation model is capable of simulating
bigger traffic inflows without over increasing the computing time in all of the
above cases. The normalized results of the above tests are also represented
in Figure 8, and show an empirical analysis of the temporal complexity of Tc ,
which is linear in Ns , Np , Nr . We notice a continuous evolution of Tc with the
increase of the amount of vehicles entering the system (due to different scales,
the graphics are normalized : every data point of one parameter is divided by
the maximum of that parameter’s data set).
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Figure 8: Normalized computing time Tc versus Nr ,Np ,Ns .
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The last test has the objective to determine the ideal number of replications
which would allow to obtain accurate statistic results, when all the traffic signal
plans are tested simultaneously inside the D2 scenario, as shown in Table 1.
Following the method presented in [43], we run successive simulations until the
average mean and standard variation of the average travel-time (or the mean
number of cars) fall within a 95% confidence interval, using the standard tdistribution. The procedure indicated that running 15 replications for each timeperiod scenario provides accurate results. Increasing this number of replications
will not provide any changes in the final statistics. All simulations were executed
using an Intel Quad Core i7 (2.4 GHz) computer with 8 GB DDR3 SDRAM
memory.
14
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4.1.3. STM1 output analysis
The following simulation outputs are extracted from the STM1 simulation
model: the average number of cars during rush hours (N rcars ) and the average
travel-time (Tavg ) in C129. These model outputs represent the two objective criteria that are maximized/minimized using the evolutionary algorithm described
in Section 3.2. Other objective criteria can be further added, which might be of
a high interest in the optimization process: mean blocking times (or intersection
delay), density, occupancy, speed, etc.

Figure 9: Mean number of cars on Pont des Fusillés, for each traffic signal plans.
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Figure 9 shows the variation of the average number of cars on the Pont
des Fusillés (PF) street, during morning rush hours, while testing each of the
four traffic signal plans inside the D2 scenario (real data set). P90 signal plan
seems to allow a larger number of cars to cross this street and, thus, to be the
one suitable for a bigger vehicle inflow. Figure 10 verifies whether this plan
is also suitable in terms of average travel-time. Although P90 provides as well
the smallest travel-time on the PF street (Figure 10a), it would dramatically
increase the travel time on Joffre Boulevard (Figure 10b). This plan would
have the same impact on other streets as well, making it difficult to analyse
the variation of the mean number of cars and the average travel-time for all the
traffic signal plans that need to be tested.

Figure 10: Tavg on a) Pont des Fusillés and b) Joffre Boulevard.
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As C129 will receive a higher vehicle inflow in the future planned reconfiguration of NGC, we test as well the model outputs during the three other scenarios.
Figure 11 presents the evolution of the mean number of cars versus the average
15
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travel time in C129, through all the four scenarios previously detailed: {1(D1 ),
2(D2 ), 3(D3 ), 4(D4 )}), and for all the available traffic signal plans {P55 , P70 ,
P80 , P90 }. For example, the notation P90 − D1 represents the results obtained
when testing the P90 plan in the 1st scenario, etc. When analysing the Joffre
Boulevard or the Ghetto Varsovie street, there seems to be a clear difference
between the results obtained for different traffic plans, indicating that P55 might
be the most adapted plan to current traffic conditions. But this behaviour does
not apply on some other streets where there is a mixture of possible traffic signal
plans that might be adapted for higher vehicle inflow. This aspect motivates the
application of a multi-objective optimisation criteria through EAs, as further
detailed.
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Figure 11: Mean numbers of cars versus average travel-time on each street of C129.
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4.1.4. Optimization problem for STM1
Previous results confirm the complexity of C129, for which an adapted optimization method needs to be applied, as detailed in Section 3.2. In our case, we
have identified two main criteria by analysing the current needs of TMC. These
would translate in finding the best adapted traffic signal plan which will: a)
maximize the number of vehicles passing through the intersection during rush
hours and: b) minimize the average travel-time spent by these vehicles in the intersection. Therefore, we can express the multi-objective optimization problem
as:
PM
i
Maximize
F1 = i=1 N rcars
PM i
Minimize
F2 = i=1 Tavg
i
i
subject to
Tavg
≥ 0 and N rcars
≥ 0.
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i
where M is the number of streets in the intersection, N rcars
is the average
i
number of cars passing through a street i which belongs to C129, and Tavg
is the average travel-time spent by vehicles on a street i ∈ M during rush
hours. These criteria will be optimised by applying the evolutionary algorithm
previously detailed.
We start by constructing the initial population for the evolutionary algorithm
which contains nind individuals and which represents the initial solution of the
problem. In our case, nind is the total number of points obtained from each
replication of the simulation model (nind = 4 scenarios ×4 signal plans ×15
replications per scenario). Each point of the population is characterized by the
two criteria F1 and F2 previously defined and which represent the total mean
number of cars and the total average travel-time simulated in C129 during rush
hours. A representation of the initial population is provided in Figure 12.

F2

F1

Figure 12: Computation of the F1 and F2 objective functions for the initial population.
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The number of mutants and the survival rate have been set according to the
input data (nmut = 5%nind, ts = 30%). The algorithm is applied until at least
90% of the final optimal solution contains non-dominated points. During this
time, the algorithm creates various generations of individuals until an optimal
solution is reached (for our experiments the algorithm gives optimal results after
6 − 7 generations).
Figure 13 presents the final optimal solutions of the EA applied for each
signal plan. When comparing these solutions, we observe that using the P90
plan as an optimal traffic signal plan has a wider spread in solution points than
all the other plans, and it also provides the best values for maximizing the
number of cars on the streets and minimizing the average travel-time.
The observation seems to be even more conclusive when representing only
the Pareto front of each traffic signal plan in Figure 14. This result also indicates that any intersection which has reached a saturation point in terms of
the accepted vehicle inflow, would produce a high increase in the delay/average
travel-time registered in that intersection. Based on the results showed in Figure
14, we conclude that P90 is the best adapted traffic signal plan for minimizing
congestion during rush hours in C129.
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Figure 13: EA1 applied for each traffic signal plan of STM1.
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Figure 14: Pareto fronts for each traffic signal plan simulated in STM1.

4.2. Extended 3D simulation model (STM2)
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The C129 intersection plays a central part in the NGC eco-neighbourhood
and the optimization method applied locally will have an important impact on
the traffic flow in all the interconnected crossroads. To analyse this impact,
the second part of this case study presents the construction of the extended
traffic simulation model (STM2), as represented in Figure 2, and which contains
four interconnected crossroads: C129, C201, C100a and C100b. Using similar
data received from Grand Nancy, we apply the previous steps for building and
validating the 3D traffic simulation model. A snapshot of the extended 3D
mesoscopic simulation is provided in Figure 15 and a 3D visualisation video can

Figure 15: STM2 simulation model in FlexSim.
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be seen in [45]. If STM1 has 5 entrances and 4 exits, the extended simulation
model STM2 (which lays over the railway tracks) has a total of 8 main entrances
(denoted Ei , i ∈ {1, ..8}) and 8 main exits (Sj , j ∈ {1, ..8}). A graphical
representation of STM2, with various ramifications and lane switching from one
intersection to another, is provided in Figure 16.

Figure 16: Diagram of the entrances and exits of STM2.
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Let tij , i, j ∈ {1, ..8}, be the route starting from an entrance point Ei ∈
{E1 , ...E8 } and ending at an exit point Sj ∈ {S1 , ...S8 }. Due to the physical
interconnections between the crossroads, from all the 64 origin to destination
pairs inside the system, we exclude the returning and the short routes which
are irrelevant to this study (examples: t11 , t22 , t33 , which are marked in orange
in Table 4). We therefore analyse 56 routes in terms of mean number of cars
and average travel-time.
O/D
E1
E2
E3
E4
E5
E6
E7
E8

S1
t11
t21
t31
t41
t51
t61
t71
t81

S2
t12
t22
t32
t42
t52
t62
t72
t82

S3
t13
t23
t33
t43
t53
t63
t73
t83

S4
t14
t24
t34
t44
t54
t64
t74
t84

S5
t15
t25
t35
t45
t55
t65
t75
t85

S6
t16
t26
t36
t46
t56
t66
t76
t86

S7
t17
t27
t37
t47
t57
t67
t77
t87

S8
t18
t28
t38
t48
t58
t68
t78
t88

Table 4: All possible routes inside STM2.
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Currently Grand Nancy is applying only 90 seconds traffic plans in all the
interconnected crossroads (C201, C100a, C100b), which remain unchained during rush hours, a requirement which has been respected for the current study.
This procedure is mainly related to the fact that, during morning rush hours
19

C129 holds the biggest vehicle inflow and outflow compared to its neighbours
(see Table 5), mainly due to the direct connection to the city train station.
C129 C201 C100a C100b
T otal Inf low
2765 2142 1567
1729
T otal Outf low 2786 2190 1581
380
Table 5: Total inflow/outflow inside STM2.
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Let P90 - C129, P90 - C201, P90 - C100a and P90 -C100b be the 90 seconds
traffic signal plans used in respectively C129, C201, C100a and C100b. Similarly,
let P55 - C129, P70 - C129 and P80 - C129 be the other three traffic signal plans
used in C129. Using these notations, the following scenarios with associated
signal plans are evaluated in STM2, which give a more realistic approximation
of the impact that a local optimization procedure can have on a larger and more
complex system:
1.
2.
3.
4.

SC1
SC2
SC3
SC4

applies:
applies:
applies:
applies:

P90
P80
P70
P55

-

C129,
C129,
C129,
C129,

P90
P90
P90
P90

-

C201,
C201,
C201,
C201,

P90
P90
P90
P90

-

C100a,
C100a,
C100a,
C100a,

P90 -C100b.
P90 - C100b.
P90 - C100b.
P90 - C100b.

4.3. Impact of C129 optimisation
Figure 17 presents the average number of cars on all routes in STM2, obtained after simulating all of the above scenarios. Using the 90-seconds plan in
all intersections would maximize the N rcars on 40 routes, as shown in Table 6.
The most significant impact of applying the SC1 scenario can be observed for
all the routes starting from Cyfflé street (E4 entrance), which presents almost
a 17% improvement compared to the other scenarios.
SC1
SC2 SC3
SC4
E1 t12 , t16 , t18
t13 , t15 t14
t17
E2 t21 , t23 , t25 , t26 , t27 , t28
t24
E3 t31 , t32 , t35 , t36 , t37 , t38
t34
E4 t41 , t42 , t43 , t45 , t46 , t47 , t48
E5 t51 , t52 , t53 , t55 , t58
t54
t57
E6 t61 , t62 , t63 , t65
t68
t64
t67
E7 t71 , t72 , t73 , t75 , t78
t76
t74
E8 t81 , t82 , t83 , t85
t84 , t86 t87
Table 6: routes with maximum number of cars for each scenario SC1 , SC2 , SC3 , SC4 .
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Figure 18 presents the results obtained when analysing the average traveltime for all routes of STM2. Observe that in this case is the implementation
of the 55-seconds plan in C129 that minimizes the travel-time on 41 routes,
as resumed in Table 7. This can be explained by some of the initial results
obtained for Boulevard Joffre or Ghetto Varsovie street, but also due to the fact
that a shorter traffic signal plan: a) would assure a minimal travel-time for the
vehicles already in the intersection, b) but would not allow a high flow of vehicles
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Figure 17: Average number of cars on all the routes of STM2.
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to cross the intersection. Interestingly, on small routes which are far away from
C129 (such as t67 , t68 , t76 , t78 , t86 , t87 ), switching between traffic signal plans
has a low impact; this aspect is available for both mean number of cars and
average travel-time. On the other hand, all the routes currently connected to
the congested streets of C129 will be directly affected by the changes of the
traffic signal plans, such as t53 , t63 , t73 , t83 .
SC1
SC2 SC3 SC4
E1 t14 , t15 t12
t16
t17 , t18 t13
t16
E2 t24
t23
t21 , t25 , t26 , t27 , t28
E3 t34
t31 , t32 , t35 , t36 , t37 , t38
E4
t41 , t42 , t43 , t45 , t46 , t47 , t48
E5
t57
t58
t51 , t52 , t53 , t54 , t55
E6 t67 , t68
t61 , t62 , t63 , t64 , t65
E7 t78
t76
t71 , t72 , t73 , t74 , t75
E8
t81 , t82 , t83 , t84 , t85 , t86 , t87
Table 7: Routes with minimum travel-time for each scenario SC1 , SC2 , SC3 , SC4 .

Discussions and method generalisation: Extending the dimensions of
the system is an important aspect to be considered, and the results show a
future need for studying the impact and the propagation of a local optimization
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Figure 18: Average travel-time Tavg [sec] on all the routes of STM2.
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method in a larger system. A bigger amount of data would be necessary for
testing the behaviour of the system on longer periods of time, while other traffic
signal plans can be tested for all intersections of STM2. This aspect would need
further approval and collaboration with Grand Nancy. While other methods
propose decentralized optimization methods for larger transportation networks,
our method (which has been initially created to respond to a real community
demand) shows the importance of analysing the impact of local optimization
and reconfiguration scenarios in urban environments. For a general approach of
our method, independently of the neighbourhood or area to be simulated, the
following steps are applied:
1. build the traffic simulation model/s of the interest area (intersection,
neighbourhood, etc.).
2. apply a data processing and cleaning methodology to build the origin-todestination matrix, as well as the validation datasets (e.g. counts or travel
time when available).
3. calibrate and validate the simulation model/s against collected datasets.
4. run mesoscopic traffic simulation scenarios using different available traffic
plans or specific configuration information for intersection management.
5. use simulation output for multi-objective criteria definition.
6. apply evolutionary algorithms for obtaining the Pareto front and finding
the best solution that satisfies all the criteria.
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7. choose the optimal solution and re-run either the initial simulation model
with new datasets during peak hours or the extended simulation model
(multiple intersections, larger areas).
The proposed methodology is also scalable for the increased number of intersections compared to the base model. Our simulation tests showed a computational time that has doubled for the STM2 compared to STM1 when testing
all four traffic light plans, mainly due to an increased number of lanes, detectors
and traffic lights that need to simulated. The traffic control plan evaluation is
done in parallel in the simulation model which saves computational time and
comparison effort.
5. Conclusions
This paper proposed an urban traffic multi-objective optimization method
for intersections belonging to an transforming neighbourhood from Nancy, France.
Initially, we constructed the C129 traffic simulation model in FlexSim, using
real-traffic data sets from the local traffic management center, which allowed
us to obtain the objective criteria we want to optimize. Using evolutionary
algorithms for the optimization process, we obtained the Pareto fronts for all
available traffic signal plans which have been simulated.
Results: This method identified P90 as the optimal plan to be adopted
in C129 that would accept a higher inflow of vehicles to pass the intersection
during rush hours, in a shorter average travel-time. The optimal plan has been
tested as well in an extended traffic simulation model containing three other
intersections linked to C129. All possible combinations of traffic signal plans
have been also tested inside the extended model. The last part of our work
showed that adopting the 90-seconds plan in all intersections during rush hours
would maximise the number of cars on 71.4% of all possible routes in NGC, while
switching to a 55-seconds in C129 would minimize the average travel times on
75% of the routes. As results indicated, a local optimisation in C129 will highly
impact traffic conditions in all NGC intersections.
Main contributions:
On the research side: we proposed a new application of evolutionary algorithm confirming its robustness. Furthermore, an original integrated framework
using both 3D mesoscopic traffic simulation and multi-objective optimisation allows the comparative scenario testing to support traffic operations and decision
making.
On the operational side: this study allowed developing a tool for public
action dedicated to traffic and public transportation management. The first
result was the development of an internal Metropolis tool. However, engineers
also imagine that this new way of data visualization could help to interact and
work with neophytes and users. Further works will be developed to evaluate this
useful function for civic participation and knowledge sharing, which are inherent
elements of developing an urban eco-neighbourhood. These first outcomes also
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encourage new professional practices orienting engineers towards traffic prediction and mobility forecast for studying usage scenarios and their impacts.
On the technological and pedagogical side: we designed new functionalities and applications for an Assisted Production Management software
involving a group of engineering students (M1 level). This planning and decision tool is currently used as a communication and pedagogical tool which
allows training future traffic engineers.
Model limitations: The main limitation of the current case study is the
number of candidate traffic signal plans, mainly due to limited data provided
by the Metropolis traffic authorities. This exploratory study is based on a real
traffic counting and the needs of the technical department in Metropolis, in
particular for rush-hour situation. In fact, it is a first step and this work will
be extended. The volume of data gathered and examined should be increased
to study a more complex traffic situation including different traffic flows.
As empirically shown in Table 3, the simulation time for the mesoscopic
model is linear with the number of considered traffic signal plans. By extrapolation, one would expect around 2.75 hours for simulating 100 possible traffic
signal plans in C129, proving that simulation time is not a bottleneck of our
proposed framework.
Future work: We are currently engaged with the Metropolis of Grand
Nancy for obtaining additional data for our simulation. Therefore, the immediate perspective of this work is oriented towards testing additional combinations
of possible traffic signal plans for various interconnected crossroads in NGC.
As the Nancy Grand Cœur is labelled as an emerging eco-neighbourhood
for mobility, the air quality inside this neighbourhood is also very important.
We already started collecting data and looking at methods for integrating together traffic simulation models and vehicular emission models, which would
help predict the impact of transportation changes on the air quality in the city
[44]. Ongoing studies are currently analysing the evolution of main vehicle pollutants and traffic behaviour in the Nancy Grand Cœur eco-neighbourhood.
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[47] S. Hallé, J. Laumonier, B. Chaib-Draa, A decentralized approach to collaborative driving coordination, in: The 7th International IEEE Conference
on Intelligent Transportation Systems, Que, Canada, (2004) 453458.
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