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Abstract: The use of Crowd Simulation for re-enacting different real life scenarios has been studied
in the literature. In this field of research, the interplay between ambient assisted living solutions
and the behavior of pedestrians in large installations is highly relevant. However, when designing
these simulations, the necessary simplifications may result in different ranges of accuracy. The more
realistic the simulation task is, the more complex and computational expensive it becomes. We present
an approach towards a reasonable trade-off: given a complex and computational expensive crowd
simulation, how to produce fast crowd simulations whose results approximate the results of the
detailed and more realistic model. These faster simulations can be used to forecast the outcome of
several scenarios, enabling the use of simulations in decision-making methods. This work contributes
with a simplified faster simulation model that uses a graph of queues for modeling an environment
where a set of agents will navigate. This model is configured using Genetic Algorithms (GA) applied
to data obtained from complex 3D crowd simulations. This is illustrated with a proof-of-concept
scenario where a 3D simulation of one floor of a faculty building, with its corresponding students,
is re-enacted in the network of queues version. The success criteria are achieving a similar total
number of people in particular floor areas along the simulation in both the simplified simulation and
the original one. The experiments confirm that this approach approximates the number of people in
each area with a sufficient degree of fidelity with respect to the results that are obtained by a more
complex 3D simulator.

Keywords: crowd simulation, genetic algorithms, Ambient Intelligence

1. Introduction

Crowd simulation is a challenging application area for agent-based modeling and simulation [1,2].
There exists an active field of research on this topic thanks to its usefulness in several applications
such as evacuations planning, designing and planning of pedestrian areas, indoor buildings,
subway, sport-stadiums, among others. Several agent-based tools for this kind of simulation,
both commercial and research based, address the problem, such as: Vadere http://www.vadere.org/,
Pedestrian Dynamics https://www.incontrolsim.com/product/pedestrian-dynamics/, PEDSIM http:
//pedsim.silmaril.org/, or Legion http://www.legion.com/. These systems try to represent with
high fidelity and realism the behavior of the individuals in a crowd simulation, usually including a
3D graphic representation of the individuals, complex animations, calculation of shorter paths and
interpolated movements. These simulators usually require the definition of 3D models that represent
the environment or the physical area to simulate, the pedestrians avatars and obstacles, to cite some.
Although useful for uses such as modeling the interplay between pedestrians and ambient assistive
solutions [3], building these assets is expensive both in resources, time, and computational power.
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Some works propose mathematical techniques to solve crowd movement problems [4], as a
faster approximation method to simulate crowds behavior [5,6]. In these systems, the environment is
modeled as a network of walkway sections, where the nodes represent rooms and the links represent
doors. Each pedestrian is treated as a separate agent. In others approaches [7] the agents are modeled
as unique flow objects where the time to traverse each link is dependent on the overall density of
pedestrians present at the link. The problem of these methods is their trade-off with other features,
such as accuracy in the movement of characters, so as to have a faster output. Nevertheless, there are
situations where it is better to sacrifice the accuracy of these systems in order to obtain a faster
simulation (for instance, a reinforcement learning system for simulating pedestrian navigation [8])
or for running them in not very powerful computing devices (for instance, a smart-phone without
Internet access inside a building does not have communications during an evacuation).

The fact that some simulations are expensive does not mean that such simulations are useless
or expendable. Sometimes complexity is really needed, but in other cases efficiency and a high
performance is preferred, so it is interesting to have an alternative to be able to maintain both kinds of
simulations (high accuracy and fast simulations). Then the research question is how to combine both
and keep them consistent during the development or in production.

This work contributes to this issue with a method to derive a fast crowd simulation from a more
complex and slow crowd simulation. If the faster simulation produces valuable results for some
variable or parameter of interest, such results need to be consistent with those returned by the more
complex simulation along the duration of the original simulation.

This paper shows how this can be done using as the selected parameter the occupation of spaces
within the floor of a university building. As a first step, the paper will focus on final values of this
parameter to investigate if the approach is correct. In this way, future work can focus on intermediate
states, which are more challenging. The faster solution is based on a network of queues model, and the
derivation method is based on genetic algorithms (GA), which produces particular configurations for
the queues network. The GA is applied over a set of samples that were obtained from a more complex
crowd simulation to determine the runtime parameters for the queue based simulation.

This queue-graph approach is similar to the one presented in [5,6]. The queuing network is named
graph of queues and contains two types of elements: nodes and edges. The nodes of the graph represent
the different walkable spaces (not necessarily rooms) in which the physical space to simulate has been
divided. These nodes contain a queue of pedestrians with a fixed size. And the edges of the graph
represent the interconnections between two nodes and restrict the flow of pedestrians that can pass
through them per unit of time.

The problem of these methods is the high number of the system parameters that have to be set to
configure the system, and to assure that they have a good degree of similarity with the environment to
simulate. For example, setting the maximum queue size of each node, or the pedestrian flow in each
area, becomes unmanageable when the number of areas is high.

This is solved here by using genetic algorithms (GA) [9]. The GA use as input the number of
pedestrians allocated in different pre-determined areas, which are represented by nodes in the graph.
This traffic information is obtained from a more complex simulation. The GA uses this information to
find a configuration of the parameters of the model that gets a count similar to the system we want
to approximate.

The remainder of this paper is organized as follows. Section 2 reviews related work. Then,
Section 3 presents our approach to build faster simulators and how to configure them by using a
genetic algorithm. Section 4 shows the results of the experimentation. Finally, Section 5, presents some
conclusions and future lines of work.

2. Related Work

In the last decade, most works on crowd modeling follow an agent-based approach where the
agents move through a two or three-dimensional map.
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Some works are focused on simple models. For instance, in [10], the authors use a 2D map that
it is divided into small squares that represent places in the environment that can be free or occupied
by an obstacle or by an agent. This approach is a good solution to reduce the computational cost and
the developing time when the world modeled is small. Nevertheless, it requires having an expensive
cell structure used to calculate the path-finding comparing with other models such as navmesh [11].
Another problem with this representation model is the lack of accuracy that it is produced in the
frontiers that delimited the walkable and no-walkable areas and the obstacles [12] but, in certain
environments, the model may be sufficiently precise.

This approach is less computationally expensive than other approaches such as the one used
by Narain et al. [13], where the realism prevails using techniques more computationally demanding.
The work cited want to manage thousands of pedestrian in 3D, with animations as opposed to the
previous one who intended to get a less detailed simulation. They aim of this work is to replicate some
behaviors that appear when the density of the individuals is very large, like the pilgrimage to Mecca
or the evacuation of a sport stadium. This kind of situations are close to those that our work intends
to consider. In the experiments, we compare ourselves with an indoors simulator called Massis [14],
with similar realistic simulations. Another example of this most realistic approach is Clearpath [15]
where the authors use the power of parallel computing and a custom collision avoidance algorithm
that simulates the behavior of thousands of agents in complex 3D environments in real-time.

These so strongly disparate approaches show us that different levels of realism and accuracy are
needed, depending on the environment to be simulated and the information that we want to obtain
from the simulation. Despite this, even the simplest 2D models are computationally demanding thanks
to the cost of the path-finding algorithms. For that reason, other computationally lighter models are
also used. One of the most used is Queue theory [16].

Queue theory is a mathematical model of waiting lines. It can be applied to a multitude of the
human process. For instance in [17] authors describes a model of queue theory for modeling the
pedestrian traffic flow. They call it M/G/c/c queue model. Their queue model shows adequately
the congestion that occurs in public buildings when pedestrians arrival to the building follows a
Poisson distribution. Xu et al. [18] use a queuing network to model the pedestrian flow in a subway
station. The proposed model has the limitation that it is not bidirectional. In the bidirectional sections,
the system uses two independent links, for that reason the traffic in one direction not hinder to another.
In addition, the authors assume that passenger arrival and departure at the platform follows another
Poisson probability distribution. In our approach, we do not assume any specific statistical distribution
function because it depends on the context to be simulated. Our simulation models the pedestrian
arrival by using simple agents that move from one point to another. In each simulation, the arrival
frequency will be different and it is part of the simulation. Each agent has a previously defined
behaviour which is simplified by a list of way-points. This approach is more costly but also more
real and independent of the environment to be simulated. Moreover, our model allows bidirectional
communication between the different nodes.

To conclude, in our approach we use genetic algorithms to adjust the queue model to the
simulation context. Some uses of genetic algorithms [19] in crowd simulations have been documented
in the literature, but not specifically in the optimization of a queue system. In our approach, the genetic
algorithm obtains a configuration of parameters of the queue model. That it is a different approach to
the typical ones that can be found in the literature where is usually used in the optimization of the
trajectory or to achieve a more realistic behavior of the agents. To cite some examples of these we can
see the work of Wolinski et al. in [20] where the authors describe an optimization framework that
uses GA in combination with greedy algorithms to create the pedestrian trajectories. In this work,
the authors compare the optimization of two methods of collision avoidance: RVO2 [21] and social
forces. Another approach to use GA in crowd simulation is shown in [22], where different methods of
partitioning the space are compared.
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3. Model for Crowd Simulation

The purpose of this work is to obtain a simplified model that subsumes the main aspects of a
more complex pedestrian simulation while returning similar results in significantly less time. In this
section, we describe the graph model that we propose and the genetic algorithm used to configure and
optimize it.

3.1. Graph of Queues

In this work, the physical environment is modeled using an undirected graph where the nodes of
the graph are the spaces where the pedestrians can transit and the edges of the graph are doors or other
structures that communicate the spaces among them. We assume, for simplicity, that these structures
(edges) can be traversed by a pedestrian in zero units of time. Each node internally is modeled with a
queue of a specific size.

The time that pedestrians spend walking between two points is modeled with a variable in each
node that establishes the time that an individual takes to go through the node at the average speed of
an adult (about 1.2 m/s [23,24])

In this model, the pedestrians are queued when they arrive to a node. Furthermore, each edge
in the graph can extract an amount of pedestrians buffered in the node each time step. Each agent
representing a pedestrian has a path to follow, and selects the edge to leave the node following this path.
A pedestrian can leave its current node when it stays enough time. We consider that this is enough
time when the waiting time was sufficient for an agent to traverse the space in the original simulation.

This time is calculated using the average time to traverse the node, which is stored in each node,
and the speed of the pedestrian (usually the average speed). In the experiments, we assume that all
the pedestrians walk at the average speed for simplicity.

The number of pedestrians that can departure from a node is determined by the number of
individuals that can move simultaneously through the edges that connect the node with its neighbors
within the simulated time interval. These edges are derived from the physical corridors that connect
areas. For example, if there were twenty simulated pedestrians waiting to get outside a node, and if the
edges that communicated this node with others could accommodate 10 of them each cycle, it would
take two cycles to evacuate the waiting pedestrians.

According to these abstractions, we define a graph of queues framework, as Figure 1 shows.
The framework is represented by the structure G(N, E, M), as an undirected graph structure composed
of a set of nodes N = {n1, n2, ...nn} that represent the different subdivisions of the simulation physical
space; the set of edges E = {e1, e2...em} that represent the interconnection between two nodes; and a
movement function (M) that determines when a pedestrian can move across nodes.

Figure 1. Example of a graph of queues.

Each node contains a queue of pedestrians where pedestrians can be removed (they leave the node)
or added (they arrive to the node). Given a pedestrian, its movement across nodes is determined by the
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connecting edges (E) and a movement function (M). The set of edges E represents the interconnection
between two nodes ni, nj ∈ N such that:

e(ni, nj) : a character can move from node ni to node nj (1)

The division is determined manually by the designer of the simulation. This subdivision must be
done taking into account the physical configuration of the building. Each node has a pair of values
qi, ti that represents the maximum queue size (q) and the average time to traverse the node (t):

ni(qi, ti) ∀ ni ∈ N (2)

Each edge has a parameter (c) that represents the number of pedestrians that can move between
both nodes involved in the edge (in the Equation (3) these are ni and nj):

ek(ni, nj, ck) ∀ ek ∈ E (3)

One pedestrian pk ∈ P = {pi, p2...pp} can be defined as a sequence of consecutive movements
pk = n1 · n2 · ... · nk. It is necessary to account its current queue (the node it is currently occupying) and
its waiting time in the current queue (w).

Each cycle moves a pedestrian from the current node nc to the next ni through an edge ek when
the pedestrian has waited for a certain time wk and the following condition is satisfied:

M(nc(qc, tc), ni(qi, ti), wk)→


∃ek(nc, ni, ck) ∈ E and

wk > tc and

|ni| < qi and

|ek| < ck

(4)

where |ni| is the current size of the queue in the node ni, ck is the capacity of the edge ek and |ek| is the
number of pedestrians that have transited by the edge ek and pk in this time interval. In other words,
a movement between two nodes nc, ni is possible if there exist an edge that interconnects both nodes
and the waiting time of the pedestrian in the source node is greater than the time to traverse the source
node, and the number of pedestrians enqueued in the destination node is less than its maximum
capacity, and, finally, this edge is not fully occupied by other pedestrians.

The queue-based simulation will be defined over G as a cycle where:

1. For each pedestrian, determine if it can move from one node to the other.
2. If a pedestrian cannot move to the next node according to M, it waits in the current node until it

can do it, increasing its current waiting time w by some δ.
3. If a pedestrian can move, then add the pedestrian to the queue of the next node in the pedestrian

travel sequence and remove it from the previous node.

3.2. Configuration and Optimization of the Model

The configuration of this model requires defining the topology of the graph, the size of each node
(max queue size), the average time to traverse each node, and the size of each connection (the number
of pedestrians that can transit for each edge in each simulation’s step time). This configuration is
a tedious problem that involves measurements of the free space of each node, the average time to
traverse them, and the flow density in the interconnections. Moreover, the hand-made optimization of
this model probably requires a process of trial and error to correctly set the parameters.

For that reason, we use a genetic algorithm to obtain the configuration of all the parameters of the
model, namely: the size of the queues, the time to traverse the nodes, and the number of pedestrians
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that can cross an inter-node connection. Each particular configuration of these variables will become
an individual of the population.

The algorithm needs a reference criterion that guides the search and that determines whether the
obtained configurations are correct. This reference criterion should be easy to calculate and obtain in
order to consider a large population of individuals.

In this case, we propose to count the number of persons leaving each node in the queue simulation
at different instants of time. This information can be easily obtained from a real scenario (there are
automatic methods but also it can be collected manually by counting people) and specially for the
initial complex simulations we wanted to address. With this information, we can compare the results
obtained by the simulator we want to approximate with the results obtained by our model. But also it
will easily obtain this information in a real environment, if that is the current application scenario.

As a first step towards a more complete solution, this space occupation measurement is computed
at the end of the simulation. Intermediate states are not checked, yet. We will address this information
as the reference traversal dataset.

Therefore, the purpose of the genetic algorithm is to find an individual that represents the best
configuration of the queues graph model to obtain the closest values to the final total people account
per designated section. The error will be computed with respect to the known values of the reference
traversal dataset. This dataset store the number of pedestrians counted with each node in the simulation.

The genetic algorithm will follow the following steps: Reproduction, crossover, mutation and
replacement. In the reproduction phase, the algorithm selects the individuals that make up the next
generation. This selection is made based on how good they are solving the problem (in this case,
reproducing the reference traversal dataset). There are different types of selection in the literature.
We have implemented three of them: tournament, hierarchical and roulette [25]. With the selected
individuals the algorithm crossovers them with a certain probability. The crossover mechanism
is similar to the genetic crossover among chromosomes and there exists a plethora of methods.
We implemented three of them: uniform, point, or multi-point crossover [25]. Next, the algorithm,
with a certain probability, modifies randomly the individual in the mutation phase. Finally, the new
individuals are evaluated using a fitness function that quantifies how good the individual is to solve
the problem. The new population replaces the previous and the algorithm repeats the process as many
times as the number of generations has been configured.

In our approach, each individual of the GA has already been introduced as a specific configuration
of the queues graph model. The genotype (the value of the individual) encodes each parameter of the
system as an integer number. The average time to cross a node must be a discrete magnitude to be
represented by an integer number. A unit can, for example, represent one second or half a second,
depending on the accuracy that we want to obtain.

In order to keep the consistency among the different types of parameters, an individual is coded
using three arrays of parameters: The size of the queues of each node, the time to traverse each node,
and the size of each link. The number of edges and nodes can be different, for that reason the genetic
operators are applied to each genotype separately.

Figure 2 shows an example of coding a simulation graph into an individual in the genetic
algorithm.

Also the implementation allows elitism and dynamic diversity control using as metric the entropy
of the population [26]. Using the diversity parameter of the GA, we manage to adjust the probability
of the mutation and the size of the tournament. Whether this selected method is used depends
on the diversity value. If the diversity value is near to 1 the mutation probability will be low and
the tournament size will be high, maintaining a greater selective pressure. This combination favors
the convergence towards the nearest local minimum. On the contrary, whether the diversity is low,
the mutation probability will be high and the tournament size will be smaller, reducing selective
pressure, allowing to increase the diversity, and increasing the exploration of the new local minimums.
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Figure 2. Example of coding a simulation graph as an individual of the genetic algorithm.

All the operators have to preserve the integrity of the individuals. The operators always must
generate valid solutions within the value ranges of the three parameter types. Their ranges are shown
in the Table 1:

Table 1. The range of value of three types of parameters codified in the genetic individual.

Type of Parameter
Range of Value

Min Max

Max Queue size 5 600
Time to traverse a node 0 40

Link size 2 20

The fitness function in the GA is the execution of the queues graph simulator that is configured
with the different individuals of the population. When the simulation is finished, the graph simulator
returns the number of counted pedestrians in each node during the simulation time. This result is
compared with the results that were obtained by a the 3D multi-agent simulation system MASSIS
(a multi-agent simulator of pedestrian crowds) [14], the reference traversal dataset.

The number of pedestrians per second that are present in an area is obtained automatically in
the simulation by inspecting it in run time. However, it is not distinguished whether, within two time
intervals, the same person has been counted twice. This information is used in the fitness function
to compare the result between the queue graph simulation and the original simulation in MASSIS.
The similarity measure used was one minus the relative average error in each node.

similarity = 1− ∑
|N|
i=1 e(ni)

NumSensors
(5)

where e(ni) is shown in the Equation (6) and calculates the absolute error in a node ni divided by the
people counted by the MASSIS simulation. In this equation, we denote p(ni) as the number of people
counted by the MASSIS simulation in the node ni and p′(ni) as the number of people counted by the
graph simulator.

e(ni) =
|p(ni)− p′(ni)|

p(ni)
(6)
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The fitness function discards the nodes that have counted 0 individuals because they would
artificially increase the similarity by having an error of 0 and therefore a similarity of 1 always,
which would increase the average.

Section 4 describes some of the experiments that have been performed taking into account the
solution proposed to the problem in this section with different simulation scenarios and different GA
configurations. In addition, the different results that are obtained for different scenarios are discussed.

4. Experimentation

We have performed a set of experiments with the goal of testing whether the queue graph
simulator configured with GA can get a final people account per section that is similar to the one
obtained with a more complex 3D simulation. If the premise is correct, this system could be used as
reliable fast approximation of a more complex simulator in certain environments where using a most
complex simulator is not applicable or too costly. The introduction (Section 1) has presented some of
these scenarios where it is interesting to consider the use of the fast simulator, e.g., in a wearable or
smart device with a significant lower computation capability, or in machine learning scenarios.

As a proof of concept, a run of the queue graph simulator, as introduced in Section 3.1, was fast
enough to apply GA optimization and produce the results presented in this section. In these
experiments, we used the graph of queues as a part of the fitness calculation of population with
hundreds of individuals that represented valid configurations of the simulator and the evaluation of
each generation only took a few seconds running on a laptop, whereas the original 3D simulator took
several minutes. The modeled scenario was the floor areas represented by the Figure 3 whose actual
3D representation, segmented by area, is shown in Figure 4.

Figure 3. The graph model of the faculty.

To evaluate the results, we used a reference traversal dataset that counted the persons occupying a
section, as it was mentioned in Section 3. We compared the number of people that were counted in
MASSIS and the queues graph approximation configured with GA. Both simulators measured their
environment with the same time interval, which was defined as 1 s for these experiments. The number
of agents that represented a pedestrian in both simulators was the same and followed the same routes.
The simulation length was also the same in both systems but in MASSIS it was executed in real-time,
while our approximation was run as fast as the computer could.

The environment that has been chosen to perform the experimentation is a 3D model of the
building of the Faculty of Computer Science of the Universidad Complutense of Madrid. Using this
model, we defined a simplified graph that is shown in Figure 4. This subdivision in areas became nodes
in the queue graph (see Figure 3) with the sole criteria of creating nodes as squares when possible so
that the average traverse time (parameter used in the queue simulator) was a realist approximation.
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In order to simplify the experiment, all the agents (i.e., people that were simulated) moved with the
same speed.

Figure 4. The division of the environment in Regions. (Capture obtained from the MASSIS simulator.
Leyend layer added afterwards).

The simplified graph has 28 nodes that represent the different places of a floor of the building,
and the interconnections between them. Some places represent rooms or corridors but others are
subdivided to get a better representation of the environment. Some interconnections are doors but
other interconnections do not have associated structures.

In the experiments, we have simulated different scenarios using this environment with different
amounts of people through different routes that produced different people accounting in the
nodes. The configuration of the nodes and the places was the same in all the scenarios that have
been simulated.

The simulated scenarios in the experiment were:

• Scenario 1: The students could enter to the Faculty by two gates, the main gate and the back gate.
Students entering through the main gate went to the classrooms 1 to 3. Students entering through
the back door went to the classrooms 3 and 4. The number of students simulated was 150, with 30
for each classroom.

• Scenario 2: Students evacuated the classrooms on an emergency situation. Each class left
the building by the nearest gate. The number of students simulated was 150, with 30 for
each classroom.

• Scenario 3: This simulation showed some typical behaviors that occur in a university. A group
of people entered the Faculty building while other group of students left. Other group left the
cafeteria and went to their classrooms, some students changed the classroom and, finally, a group
of people waited for an event in the Hall of events. The number of people simulated was 210.
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• Scenario 4: Entry of the morning shift and departure of the afternoon shift. The number of
students simulated was 240.

Each scenario was run in the original 3D simulator to obtain the corresponding reference
traversal datasets.

Table 2 shows the results obtained for each scenario at the end of the simulation. The last column,
sim, shows the similarity obtained with respect the reference traversal dataset. The rest of the table shows
the configuration of the GA that has been applied to get the result, where P is the population size,
Gen is the number of generations used, Sel is the selection method used, Cross is the crossover method
used, Mr is the mutation rate (that we remember is dynamic depending on the diversity and it varies
between the range shown in the table as explained in Section 3), Cr is the crossover probability and
El is the degree of elitism. The selection method used were: tournaments (TU in the table); and the
crossover methods used where uniform crossover (UN in the table).

Table 2. Table that summarizes the results obtained by the best individual obtained after the application
of the GA in the different scenarios.

Scen.
GA Setup

P Gen Sel Cross Cr Mr El Similarity

1 1500 2000 TU UN 50% 10–90% 2 0.9341
2 1500 2000 TU UN 50% 10–90% 2 0.9609
3 1500 2000 TU UN 50% 10–90% 2 0.8974
3 1500 2000 TU UN 50% 10–90% 2 0.9096

We performed different executions with different configurations of the GA, but the better results
were obtained with the tournaments selection and the uniform crossover. For space reasons, only the
results for the first and second scenarios and shown in Figure 5.

(a) First Scenario

Figure 5. Cont.
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(b) Second Scenario

Figure 5. Experiments results comparing MASSIS and graph of queues per node in the first and second
scenarios.

As Table 2 shows, the similarity between both simulators is very high for all scenarios that have
been tested, especially in the first and second scenarios, which get a similarity degree close to 95%.
Figure 5a,b show the results obtained by both simulators and indicate that in most nodes the result is
very close between them.

The bigger deviations have been obtained in the nodes MainGate and BackGate. They refer to
the primary and back door that are used to enter the Faculty. In both simulations, most of the
students started from both nodes, so the differences in these nodes represent likely the result of some
bottlenecks that have delayed the entrance of students at the university in the graph of queues to a
greater extent than in the MASSIS simulation. In the rest of the nodes, the number of counted people
is remarkably similar.

In the third and fourth scenarios, the accuracy is lower than in others but it is also high
(close to 90%). Simulation for scenario 3 shows that the bigger deviation was produced in the nodes
ElevatorsLobby and the first part of the entrance hall. The simulation four presents minor deviations
with the rest of the scenarios.

As the results show, the system can approximate the results obtained by MASSIS whether we
optimize the graph with GA with the same scenario in both simulators. This result is promising and it
can apply in known scenarios, but we want to identify the ability of the model to generalize the results
in more than one scenario. With this premise, we have realized two additional experiments.

First, we have modified the fitness function of the GA to simulate several scenarios at the same
time. The total fitness of the individual represents the average of the accuracy taken for each scenario.
This function aims to find a graph configuration that allows approximating all these scenarios with
a right accuracy. The experiment obtained a accuracy average of 79.81%, executing the GA during
1500 iterations with a population of 1000 individuals and similar configuration from the previous
experiments in the rest of parameters. The accuracy achieved is lower than the previous experiments
because, in those experiments, the simulator is over-fitting to maximize the results in the scenario used
in the fitness function. With this new fitness function, the GA tried to find a generic configuration that
fits all these scenarios at the same time.

The second experiment aimed to configure the queue graph with a set of scenarios and later
on using the same queue graph to approximate other different non-trained scenario to validate its
performance. Using the take-one-out approach, one scenario was used to validate while the others
were used to train. Table 3 shows the results of this experiment with different scenarios used in the
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fitness function in the validation scenario. As it can be seen, the similarity obtained in the third and
fourth scenarios is acceptable, with around 70% of accuracy. However, in the first and second scenarios
is very poor. That is because the third and fourth scenarios are more similar to each other than the
other two. The first and second scenarios are entirely different from the rest and the model is not right
configured for them when they are not present. This experiment shows that the capacity of the model
to generalize is not too good as it tends to over-fit.

Table 3. The summary table with the scenarios used to configuring the simulator and the scenario used
to validate it.

Scenarios Used to Train

Scenario 1 Scenario 2 Scenario 3 Scenario 4 Valid. Scenario Valid. Similarity

- X X X 1 0.1381
X - X X 2 0.1608
X X - X 3 0.7197
X X X - 4 0.7139

Therefore, if we want to configure a graph that can approximate several types of scenarios
(different from the usages in the configuration process) we must select carefully the set of scenarios
used in the configuration. These scenarios must be representative of the possible scenarios to simulate.
Otherwise, the simulator may not predict these scenarios correctly. That result is probably caused by
two circumstances. On the one hand, the limitations of the graph of queues used; on the other hand
the over-fitting produced by the GA that the graph to maximize the results in the scenarios used to
setup the fitness function.

This result does not invalidate the approach, but suggests that a more complex method is needed.
We expect that a way to overcome this is the classification of the current situation in a number of known
and trained scenarios whose accuracy is satisfactory. In this way, the right queue graph configuration
could be selected and the results correctly predicted.

5. Conclusions and Future Work

This paper has presented a fast and easy-to-configure method to approximate complex pedestrian
crowd simulators using a graph of queues that is capable to approximate them with a high degree
of similarity.

As the experiments have demonstrated, this approach can approximate more quickly a variable
whose final value is obtained after a complex simulation, which makes this system an ideal method
to use as an alternative in a multitude of environments where execution time (and low computing
resources) is crucial. The graph of queues simulator is auto-configured using a GA that optimizes the
similarity in terms of the number of people that is present in certain areas of the simulated building.

The interest of the queues of networks is that we could obtain intermediate results for the variable
we were observing. In the experiments, we focused on its final value to validate the approach, but we
intend to run additional experiments and adjustments to estimate the variations of the variable along
the simulation and how consistent it is with respect to those values observed in the original simulation.

Currently, the main issue is that it tends to over-fit trained scenarios leading to unsatisfactory
results in others. A more generic approach to the problem is one of the aims to work in the future.

As an additional line of research, we want to use this estimator of crowd simulations into a
machine learning system. Also, for creating cheap simulations in smart-devices that can simulate in
few seconds which will be the result of an evacuation of a public building at the exact moment of an
event occurring, without the need of using cloud-based alternatives as in some emergence situations
there may be not good Internet connectivity.
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