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Abstract
When a dangerous event arises for people inside a building and an immediate evacuation is required, it is 

important that suitable routes have been previously defined. These situations can happen especially when 
buildings are crowded, making the occupants have a very high vulnerability and can be trapped if they do not 
evacuate quickly and safely. However, in most cases, routes are considered based just on their proximity or 
short distance to the exit areas, and evacuation simulations that include more variables are not performed. This 
work aims to propose a methodology for building's indoor evacuation activities under the premise of processing 
simulation scenarios in multi-agent environments. In the methodology, importance indexes of simplified and 
validated geometry data from a BIM (Building Information Modeling) are considered as heuristic input data 
in a proposed algorithm. The algorithm is based on AP-Theta* pathfinding and collision avoidance machine 
learning techniques. It also includes conditioning variables such as the number of people, speed of movement 
as well as reaction ability of the agents that influence the evacuation times. Moreover, collision avoidance is 
applied between people or with objects along the route. The simulations using the proposed algorithm are tested 
in NetLogo for diverse scenarios, showing feasible evacuation routes and calculating evacuation times in a 
multi-agent environment. The experimental results are obtained by applying the method in a study case and 
demonstrate the level of effectiveness of the algorithm, and the influence of the conditioning variables analyzed 
together when performing safe evacuation routes.

Keywords :     Multi-Agent Evacuation, Simulation Scenarios, Pathfinding Algorithm, Collision Avoidance, 
Machine Learning

265  

1. Introduction

One of the main characteristics considered in the 
framework of sustainable cities is that they must offer security 
to their citizens. Therefore, prevention actions to face events 
that may affect their normal dynamics must be clearly 
defined. These actions also include the feasible evacuation 

of people from inside buildings when emergencies happen. 
Therefore, prevention is a keyword, which implies defining 
specific actions based on tests and simulations of dangerous 
situations that may arise in the future. 

Currently, several software technologies are used to 
arrange a baseline of elements and conditions inside 
buildings. Likewise, the development of various methods 
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for the processing and data validation, whether of tabular or 
spatial connotation, has been remarkable. In addition, there 
is a variety of machine learning techniques and multi-agent 
based models researched that support, through algorithms, 
the calculation of routes under different criteria. 

In comparison to previous studies performed, our research 
aims to propose a method for calculating evacuation routes 
and times for multi-agent and crowded environments, 
through simulations that integrate machine learning 
techniques such as the use of AP-Theta* pathfinding and 
collision avoidance. In addition, our simulations include 
conditioning variables such as the number of people, speed 
of movement and reaction ability of the agents, which 
influence the results of the models and generate conditions 
for various scenarios. Likewise, our method uses heuristic 
data taken from the importance indexes of the geometric 
elements, where security is prioritized for the movement of 
agents.

First, we design the geometry that describes the 
characteristics of the structural and non-structural elements 
of the building under the BIM platform and simplified to 
vectors linked to attribute tables. Likewise, the BIM stores 
data on the characteristics of the elements that are used 
for the subsequent calculation of their safety conditions. 
Second, we perform the data validation through the AHP 
(Analytic Hierarchy Process), which allows verifying the 
consistency of the data in order to apply importance indices 
to the geometry vectors. Finally, we simulate evacuation 
routes and times through an algorithm that integrates the 
importance indices as heuristic data together with the 
machine learning techniques of AP-Theta* pathfinding and 
collision avoidance. Likewise, the simulation is applied in 
different scenarios that vary based on conditioning variables 
such as the number of crowded people, speed of people, and 
the reaction ability of the agents that influence evacuation 
times. Multi-agent evacuation simulations for an office floor 
case study are performed with the support of NetLogo. 

The experimental results show the differences in each 
scenario according to the influence of the conditioning 
variables and heuristic data on the execution of the 
algorithm when calculating evacuation routes and times in 
multi-agent environments. These results are important for 

optimizing evacuation plans made by decision-makers who 
must consider feasible routes under appropriate times that 
people would need to reach safe areas.

2. Literature Review

Studies related to the application of algorithms for 
calculating evacuation routes within buildings have been 
performed. Hart et al. (1968) proposed the pathfinding 
algorithm A*, using heuristic information applied to the 
mathematical theory. The advantages and disadvantages of 
using the pathfinding algorithms, Field D*, A*, Basic Theta*, 
and the variant Angle Propagation Theta* commonly called 
AP-Theta* were presented by Nash et al. (2010). Because of 
their experiments, they proved that AP-Theta* finds shorter 
and more realistic looking paths than either of these existing 
techniques. Weerasekara (2015), used a model based on the 
Dijkstra and open cleared path algorithms, and applied it in 
various scenarios to optimize evacuation plans at Hancock 
Stadium in Illinois State University. Yoo et al. (2018) 
used network analysis and genetic algorithm for selection 
and evacuation to shelters. Naderpour (2018) showed the 
usefulness of pathfinding algorithms, emphasizing the 
advantages of the AP-Theta* model, to simulate a more 
suitable human movement behavior. 

In addition, researchers have also carried out studies 
that consider the analysis of multi-agent and crowded 
environments with collision avoidance for evacuation 
activities. A model based on preconditions for the movement 
of pedestrians within enclosed spaces and the prevention of 
overcrowding hazards at strategic points was presented by 
Helbing et al. (2000). Huang et al. (2003) developed a practical 
collision avoidance mechanism based on the "Tower of Babel" 
problem in which obstacles are added to the environment and 
agents move to the goal node without colliding with those 
obstacles. Moussaid et al. (2011) generated a model to predict 
possible collisions based on movement behaviors and modify 
individual trajectories within the line of sight of an agent. 

Likewise, several studies that apply different evacuation 
methods in multi-agent based models have been performed 
by researchers. Bo et al. (2010), presents a new emergency 
evacuation simulation system based on multi-agent 
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framework and GIS (Geographic Information System), 
which can simulate human's typical behaviors in multi-
exit amusement buildings. Lee, J.K. and Park, J.W. (2013), 
presented a study to calculate the pedestrian's conflict Index, 
applying friction values and using a multi-agent based model 
tested by NetLogo simulator. Fachri et al. (2017) proposed a 
method that employs leader-following behaviour, and multi-
agent based model system with RVO (Reciprocal Velocity 
Obstacles) for navigation, thus creating leader-follower 
relationship between evacuees, where their behavior will 
be based on following the leader's movement. A multi-agent 
based model using the cellular automata parallel computing 
tool to simulate evacuations in a school with individual 
behaviors was proposed by Kontou et al. (2018). A collision 
avoidance technique, using the Reynolds model, for a crowd 
robust navigation of individuals with several behavioral 
criteria in the evacuation of a multi-agent system, including 
its performance tested by NetLogo, was proposed by 
Chennoufi et al. (2019). 

After conducting the review, we distinguish that the 
difference between the previous works and our research 
is that we propose the calculation of evacuation routes and 
times for multi-agent environments, performing simulations 
that integrate machine learning techniques such as the use 
of the AP-Theta* pathfinding and collision avoidance. 
Likewise, we add in our simulations conditioning variables 
that influence the processing, such as the number of people, 
speed of movement, and reaction ability of the agents, as 
well as heuristic data taken from the importance indexes of 

the geometric elements. The results for different simulation 
scenarios make it possible to compare the differences in the 
calculation of evacuation routes and times and select the most 
feasible ones to be included in action plans.

3. Methodology

In this study, the process considered for the generation of 
evacuation simulation scenarios in a multi-agent environment 
is shown in Fig. 1.

Fig. 1. Process diagram

3.1 Spatial data design

The BIM contains the spatial and non-spatial information 
of the building elements. The spatial information collects 

Table 1. IFC standards classification for BIM

Structural
IFC Classes IFC Geometry Object Category Element Name Example

Ifc Wall IfcSurface Space boundary Wall Wall, partition
Ifc Column IfcSurface Space boundary Column Column

Non-Structural
IFC Classes IFC Geometry Object Category Element Name Example

Ifc Room IfcSurface Space Room Room
Ifc Space IfcSurface Space Space Floor
Ifc Door IfcPolyline Horizontal portal Door Door

Ifc Furniture IfcSurface Furnishings Furniture Table, cabinet
Ifc ElectricAppliance IfcSurface Flow Terminal Electric Appliance Power box, IT rack
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location, size, distance, and area data, and is represented 
by vectors. Non-spatial information includes characteristics 
such as types, descriptions, materials, and others that define 
spatial objects conditions. Likewise, building objects are 
classified in their structural context (fixed support elements 
of the building) and non-structural context (decorative and 
functional elements for use indoors). For both classifications, 
BIM follows the rules described in the IFC (Industry 
Foundation Classes) standards shown in Table 1.

Spatial objects are simplified to a set of polygon-type 
vectors that store their relevant and geometric characteristics 
in primary attribute tables arranged inside a spatial 
database. The characteristics of the elements are used for 
the subsequent calculation of their safety conditions. The 
standard for storing the tables is applied according to its data 
dictionary shown in Table 2.

Table 2. Data dictionary standards

Tables
Standard Description Example

NAM_TAB Table name Floor
STA_TAB Standard table name T_FLO_BUI
TYP_TAB Table type Spatial, non-spatial

Columns
Standard Description Example

NAM_COL Column table name Floor material
STA_COL Standard column name N_MAT_FLO
KEY_COL Key column PK, FK
TYP_COL Type of data column Number, varchar
WID_COL Number of characters Total 10 & Dec. 3
GET_COL Geometry type Polygon
GEO_COL Geometry data Hexadecimal

3.2 Data consistency validation

The AHP method, developed by Saaty (1990), is used in this 
second stage, and is a decision-making method that analyzes 
data conditions, compares them with each other through 
paired matrices, classifies them based on their priority, and 
validates their group consistency. The validation is based 
on a suitability model, in which conditions of the vector 
elements are classified according to the priority related to 

the safety of movement in the multi-agent environment. The 
classification range varies from 1 to 5, receiving the value of 
1 those elements that greatly favor safe displacement, and on 
the other hand, those elements that present the most negative 
or most unsafe conditions for displacement receive a value 
of 5. The classifications apply to each vector. Subsequently, 
through paired matrices, the comparison is made between 
the conditions listed in the suitability model to establish their 
level of influence among them. 

Likewise, the AHP evaluates the consistency of the model, 
calculates the CI (Consistency Index), uses the RI (Random 
Consistency Index) previously defined in the research by Saaty 
(1990), and verifies that the CR (Consistency Ratio) complies 
with being lower to 10% thus guaranteeing the data consistency. 

Because of the validation, weights are obtained that are 
assigned to each condition. Based on the priority of the 
suitability model, the vectors are rasterized into sets of 
cells for every condition. Subsequently, through the WLC 
(Weighted Linear Combination) method, the multicriteria 
analysis is performed using the influence weights of the AHP 
results. Finally, the (Sn) or importance indexes are obtained, 
and stored as heuristic data to be used in the evacuation 
simulation as defined by Castillo et al. (2020). Fig. 2, is 
showing the process. 

Fig. 2. Data consistency validation process

3.3 Multi-agent evacuation simulation

In the multi-agent evacuation simulation process, the main 
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objective is the calculation of feasible evacuation routes and 
times inside crowded buildings, that is, extreme multi-agent 
environments. The simulation process is performed through 
an algorithm that combines the techniques of pathfinding 
and collision avoidance. These techniques are based on the 
concept of machine learning, which allows the algorithm to 
make decisions when moving agents from their initial node 
location to a goal node.

The pathfinding technique selected in our research is based 
on the AP-Theta* (Angle-Propagation Theta*) algorithm, 
which is a variant of A* algorithm. Thus, it also associates 
a cost or heuristic function to each node. However, there are 
differences between these techniques. A* analyzes the cost of 
the surrounding nodes to the initial node (S)  where the agent 
is located and takes the decision to which of them should 
move the agent. On the other hand, AP-Theta* algorithm 
allows the movement of an agent from an initial node (S)
to a goal node (G) that is located within the direct line of 
sight of the agent. The displacement difference between both 
algorithms is shown in Fig. 3.

Fig. 3. Generated path AP-Theta* and A*

AP-Theta* propagates from the agent's initial location 
node (S), a range of line of sight. The area of the line of 
sight is expanded through the angles (θ1, θ2) limited at their 
edges (e1, e2) by obstacles areas around the initial node (S). 
Inside the area of the line of sight are a set of potential nodes 
(G?) to be targeted. The algorithm evaluates the cost or 
heuristic function of each node (G?) as well as the influence 

of predefined conditioning variables. After the analysis, the 
algorithm makes the decision to select the goal node  (G) and 
performs the movement on its way to reaching the ending 
node. The formal definition of the construction of the angle 
ranges in the AP-Theta* algorithm is described in Eq. (1).

          
  θx(G, S, ex) ∈ [-180º, 180º] (1)

Where, θ = angle result of the sum of the angles θ1 + θ2 ;  S 
= initial node; G = goal node; ex = edge of the angle  θ;  x = 
value {1,2}. 

The angles θ1 and θ2 are measured in degrees and are 
calculated from the ray formed between node (S) towards 
node (G) and the edge rays e1 and e2 bounded by obstacles. The 
graphical explanation is shown in Fig. 4, and for this case, 
the angle θ1 will be positive because the ray from (S) to (G)  is 
located clockwise from the ray e1, while the angle θ2 will be 
negative since it is the reverse case, located counterclockwise.

Fig. 4. AP-Theta* node selection

The collision avoidance technique is also considered in 
the simulation process because it detects possible collisions 
between agents and fixed obstacle areas (furniture and 
walls inside buildings, etc.) or dynamic obstacle nodes 
(other agents). The early detection of the obstacle (A) near 
the current position (S) of an agent allows the algorithm 
to make the decision to change its most optimal way. This 
incurs in a minimum deviation in its displacement to the 
goal node (G) but ensuring that it is not positioned at the 
same time in a node that contains an obstacle (A), as is 
shown in Fig. 5.
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Fig. 5. Collision Avoidance displacement modification

The detection of possible collisions depends on the location 
and distance between the agent in a node (S) and other agents 
that cross its way to the goal node (G) at certain times. The 
operation of the collision avoidance technique is shown in 
Fig. 6. Agent P is initially located at the node (S). Agent P 
must move towards the goal node (G), following the line of 
distance d that joins them. The agent P moves at a speed V 
and has a field of sight set by the angle θ. Along the route, 
there are two sectors, the SZ (Safe Zone) and RZ (Risk Zone), 
that change proportionally to the variation of the distance d. 
Other agents moving at speed V are outside and inside of the 
field of sight. The agents located outside are not considered in 
decision-making since they cannot be observed by the agent 
P. The agents located in the SZ of the field of sight are detected. 
However, they do not represent a collision hazard due to the 
distance they have with agent P. The agents located in the 
RZ represent collision hazards. Therefore, a decision must be 
made to move the path of agent P based on a deviation angle 

β. Through this change, a new field of sight will be created, 
and the process will be repeated.

The simulation process is also influenced by conditioning 
variables. These variables alter the initial environment 
generating various simulation scenarios. The three 
conditioning variables considered for this case are (a) 

number of people, (b) speed of movement, and  (c) the 
reaction ability.

The variable (a) number of people defines the number of 
agents inside the building. For this research, each person 
assumes the role of an agent. In order to run the simulation 
in a multi-agent environment, there must be at least two 
people. The maximum number of agents, considered as 
the maximum overcrowding, is calculated based on the 
minimum free space that each agent can occupy at a given 
moment, and that is defined by an area of 40cm x 40cm, 
according to studies performed by Weidmann (1993). The 
variable (b) speed of the movement defines the speed that 
is configured for the movement of the group of agents. The 
minimum value excludes the speed of 0 m/sec because the 
simulation requires that the agents try to reach the goal 
node (G). Likewise, based on the study by Bandini et al 
(2014), the average speed of movement of a person in a 
healthy condition is 1.34 m/sec. The variable (c) reaction 
ability has been defined as the reaction of the agents at the 
moment of starting the evacuation simulation. Stollard and 
Johnston (1994), defines a model of human movement as 
physical science, where it assumes that in a risky situation 
and with the possibility of having no escape; people 
have irrational behavior, with various levels of panic and 
competition to achieve the exit. Likewise, Freud (1921) 
argues that people organized in crowds act differently 
than people not organized in crowds. Each person in the 
crowd becomes less aware of his instincts and follows 
the behavior of the crowd. Based on both studies, we use 
a supervised learning technique proposing conditions for 
reaction ability of agents. First, a percentage of the total of 
agents is disoriented or uninformed about the evacuation 
options until they manage to approach some exit sign 
randomly. The exit signs are located near the doors of each 
room within the building and at hallway intersections. An 
alternative condition for disoriented agents to react and Fig. 6. Operation of the collision avoidance
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move along the evacuation routes is that in a nearby radius, 
the agent can detect other agents following the same 
direction and movement pattern. The conditions to achieve 
the reaction ability of the agents are shown graphically in 
Fig. 7.

Fig. 7. Conditions for reaction ability of agents: (a) close to 
doors, (b) close to hallway intersections, (c) close to agents 

with same pattern 

When the percentage of reaction ability is 0%, it indicates 
that the total number of agents is uninformed moving 
aimlessly, while the percentage of 100% indicates that 
all agents are informed and proceed with the evacuation 
immediately. For the simulation, the parallel processing of 
machine learning techniques including the pathfinding and 
collision avoidance, plus the influence of the conditioning 
variables and the importance indices obtained from the 
data consistency validation is performed. The simulations 
are divided into different scenarios, and each of them is 
performed multiple times to make comparisons of the 
results. Feasible multi-agent evacuation routes are obtained. 
The evacuation average time, where the last agent moves and 
reaches the goal node is also calculated.

3.4 Software architecture

In order to implement the proposed methodology, a 
set of free and open software has been used, which are 

shown in Fig. 8

Fig. 8. Software diagram

The educational version of Revit software, specialized in 
BIM, has been used for the initial processing of the spatial 
data. Through its API (Application Programming Interface) 
function the BIM data has been simplified. The vectors and 
their attribute tables have been stored in a spatial database 
designed in the PostgreSQL management system. This 
open software has a plugin named PostGIS that supports 
geometric data. The validation of the data consistency, 
including the AHP and WLC methods, has been performed 
through functions programmed in the open software Python. 
The simulation process of multi-agent evacuation scenarios 
as well as the algorithm programming that includes machine 
learning techniques have been developed and tested in the 
open software NetLogo.

4. Experimental Results

The study case is presented for the application of the 
methodology in a multi-agent environment. The data for an 
office floor in a building has been designed using the Revit 
software. The total area of the office floor is 36m x 21.8m. 
The floor has various spaces that fulfill different functions 
such as offices, meeting rooms, computer lab, data center, 
surveillance center, kitchen, bathrooms, etc., as is shown in 
its perspective view in Fig. 9. 
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Fig. 9. Perspective view of study case

The geometric elements of the office floor are coded 
using IFC standards, which divide them into structural and 
non-structural. Conditions for both types of elements are 
considered in the research. Subsequently, with the Revit API 
application, we use the algorithm proposed by Castillo and 
Yoo (2019) to simplify the BIM model, resulting in a set of 
polygon-type vectors inside the study area, as shown in Fig. 
10.

Fig. 10. (a) BIM Model, (b) Simplified model 

The simplified vectors store data of characteristics arranged 
in the suitability model shown in Table 3. This model supports 
the prioritization of areas for the movement of people in a 
multi-agent environment. For this research, five conditions 
based on the Building Vulnerability Assessment Checklist 
proposed by the FEMA (Federal Emergency Management 
Agency) of the United States (2003) are considered: the width 
of the free area for multi-agent movement (c1), availability and 
restrictions for walkability in spaces (c2 ), the materials that 
provide stability to the walkable floor (c3), the vulnerability 
of structural elements (c4), and the vulnerability of internal 
systems and non-structural elements (c5). Each condition is 
divided into five suitability levels.

The comparison matrix is used for AHP, and the influence 
levels between conditions are obtained. 

The relative importance in Matrix 1 is assigned by 
the authors based on the scale proposed by Saaty (1990), 
comparing the pairs of conditions for our case study. The 
Matrix 2 is obtained from the normalization of the data in 
Matrix 1. The weight (w) is an eigenvector, the average of 
the values in each condition of the normalized comparison 
matrix. Likewise, the eigenvector Amax is the result of the 
multiplication of Matrix 2 and Matrix (w). The consistency 
index (CI) is the result of the average (Amax - n) / ( n - 1). “n” 
represents the number of conditions. After dividing CI by 
the random consistency index (RI), the consistency ratio (CR) 
is obtained. We use an RI = 1.12, obtained of the random 
consistency index table proposed by Saaty (1990). The AHP 
verifies that the CR is 2% (less than 10%), thus ensuring the 

ID Very High (1) High (2) Normal (3) Low (4) Very Low (5)

C1 > 2.28m 2.28m < 2.28m & > 0.92m 0.92m < 0.92m

C2 Walkable   free Walkable   Walkable few obstacles Walkable   many 
obstacles Walkable   restrictions

C3
Stable   surface, 

totally flat Stable surface
Carpet < 13mm. 

Opening< 13mm. 
Change level < 6.4mm 

Carpet = 13mm. 
Opening = 13mm. 

Change level = 6.4mm

Carpet > 13mm. 
Opening > 13mm. 

Change level > 6.4mm

C4
No cracking. No 

drift
Minor cracking. No 

drift
Minor cracking. No 

permanent drift
Some permanent drift. 
Damage to partitions

Large drifts. Near 
collapse

C5 No damage Negligible damage.
Utilities are available

Equipment may not 
operate, mechanical 

failure
Many systems are 

damaged Extensive damage

Table 3. Conditions and suitability levels



Analysis of suitable evacuation routes through multi-agent system simulation within buildings

273  

consistency of the data and the levels of influence. The results 
of this process are detailed in Table 4.

Fig. 11. Graphical situations (a) GSA with Sn, (b) GSB 
without Sn

After the rasterization of the prioritized polygons under 

the suitability table, the WLC assigns the weights calculated 
by the AHP for each condition, and integrates them into a set 
of cells that store data from the areas classified by importance 
indexes (Sn). The result shown in Fig. 11 (a) is considered as the 
graphical situation GSA for the simulation, which includes 
the (Sn) values. Likewise, a graphical situation GSB shown in 
Fig, 11 (b) is presented, where there are only free and blocked 
areas, without (Sn), that is, without considering the safety 
conditions for movement in a multi-agent environment.

In order to perform the simulations and subsequently 
compare the results, we have based the process on 12 
scenarios in which the conditioning variables influence. 
Likewise, each simulation is performed in the two graphical 
situations GSA and GSB obtained from the data consistency 
validation process, doubling the scenario’s value to 24. 
The conditioning variables applied for the 24 multi-agent 
simulation scenarios are detailed in Table 5. 

The conditioning variable (a) number of people has been 
divided into three sub-conditions:

(a1) = 2 people, minimum to be considered a multi-agent 
environment.

Matrix 1 = Paired Comparison   
Matrix

Matrix 2 = Normalized Comparison   
Matrix (w) Amax CI CR

C1 C2 C3 C4 C5 C1 C2 C3 C4 C5

C1 1 5 7 2 3 0.46 0.41 0.32 0.51 0.44 0.43 5.15 0.04

C2 0.2 1 3 0.25 0.5 0.09 0.08 0.14 0.06 0.07 0.09 5.04 0.01

C3 0.1 0.3 1 0.1 0.25 0.07 0.03 0.05 0.04 0.04 0.04 5.02 0.01

C4 0.5 4 7 1 2 0.23 0.32 0.32 0.26 0.30 0.29 5.13 0.03

C5 0.3 2 4 0.5 1 0.15 0.16 0.18 0.13 0.15 0.15 5.10 0.02
Σ 2.2  12.3  22.0  3.9  6.8  1.00 5.09 0.02 0.02

Table 4. Comparison matrix and AHP results

Table 5. Multi-agent simulation scenarios and their conditioning variables

GSA

(a) number of people (a1) (a2) (a3)
(b) speed of movement (b1) (b2) (b1) (b2) (b1) (b2)

(c) reaction ability
(c1) SM1A SM3A SM5A SM7A SM9A SM11A
(c2) SM2A SM4A SM6A SM8A SM10A SM12A

GSB

(a) number of people (a1) (a2) (a3)
(b) speed of movement (b1) (b2) (b1) (b2) (b1) (b2)

(c) reaction ability
(c1) SM1B SM3B SM5B SM7B SM9B SM11B
(c2) SM2B SM4B SM6B SM8B SM10B SM12B
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(a2) = 100 people, the maximum capacity allowed in the 
assumption that each of them occupies or expects to be 
attended at a work desk (28 people), studies in the computer 
center (20 people), is participating in a meeting room (24 
people) or is having food in the cafeteria (28 people).

(a3) = 200 people, which is double the maximum capacity, 
considered as a crowded environment.

The conditioning variable (b) speed of movement has been 
divided into two sub-conditions:

(b1) = 1.34 m/s, average speed of movement of people in 
healthy conditions.

(b2) = 2.68 m/s. which is twice the average speed of 
movement of people in healthy conditions.

The conditioning variable (c) reaction ability has been 
divided into two sub-conditions:

(c1) = 50% of people, chosen at random, are in active mode 
reacting when the evacuation begins, and moving through 
the exit routes, while the rest are in passive mode and react 
afterward. 

(c2) = 100% of people are in active mode to react when the 
evacuation starts and they move through the exit routes.

The conditioning variable (c) assigns an active and passive 
mode to agents. An agent "A" has an active mode in two 
cases. The first case is when it is within a radius of two 
meters near a door or crossing of corridors. The second case 
is when there are at least five other agents with the same 
pattern of movement and direction within a two meter radius 
of agent "A". In any other case, agents have a passive mode. 
To verify the agent's reaction in the simulation process, the 
icon color change from black (passive mode) to white (active 
mode) has been set. Moreover, for the case of simulations that 
use the conditioning variable (c1), a time limit is defined in 
its execution because the agents may take too long to react 
and change their mode. The execution time limit is 43.1 s and 
has been calculated based on the maximum time an agent 
can move from the furthest point of the study area to the exit 
point, located 57.8 m away at an average speed of 1.34 m/s. 
After the time limit, the agents who did not reach the exit are 
considered as "trapped".

Moreover, the rules related to the set of cells and the 
machine learning techniques in the graphical situations GSA 
and GSB, are detailed below:

1.  The cells are divided into two groups, the "free" cells 
and the cells marked as "blocked".

2.  Agents can only move through the "free" cells.
3.  There is a cell marked as "goal" located in the upper 

right corner.
4.  Agents must move towards the "goal" cell at the 

established speed and according to their reaction ability.
5.  Two or more agents cannot occupy one cell at any given 

time.
6.  All the cells of the grid are assumed homogeneous and 

isotropic.
7.  The free cells contain a marker that defines their 

importance index (Sn).
8.  An agent may not move to a cell that contains a lower 

suitability (Sn) than the one currently located.
9.  An agent may move to a cell that contains a (Sn) with an 

equal or higher suitability value than the one currently 
located.

The first six rules are applied to the graphical situations 
GSA and GSB, while the last three rules are additionally 
applied to the graphical situation GSA, which uses the (Sn). 

Considering the rules of the graphical situations and the 
type of influence of the conditioning variables, the 24 multi-
agent simulation scenarios are performed using NetLogo. 
The simulations include the techniques of machine learning 
pathfinding and collision avoidance. Fig. 12(a) shows the initial 
conditions of the multi-agent simulation scenarios for the 
graphical situation GSA, while Fig. 12(b) shows the same but 
for the graphical situation GSB. Every multi-agent simulation 
scenario is run 100 times in order to calculate the average time 
and suitable evacuation routes. Therefore, we calculate 2400 
simulations (12 scenarios x 2 graphical situations x 100 times). 

Fig. 13(a) shows an example of the simulation scenario 
SM5A during seconds 3 and 6, while Fig. 13(b) shows an 
example of the simulation scenario SM5B during the same 
seconds. By analyzing both series of images, it is possible to 
notice the direction pattern and evacuation route preferred 
by the agents on their way to the goal node. In the scenario 
SM5A, the routes are selected prioritizing the corridors, 
because the (Sn) represent the least vulnerable areas. But in 
the case of the scenario SM5B that does not consider (Sn), 
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the agents focus only on finding the shortest path, crossing 
offices, computer labs, data centers, etc.

Fig. 12. Initial conditions for multi-agent simulation 
scenarios (a) GSA, (b) GSB

Fig. 13. Multi-agent simulation scenarios (a) SM5A, (b) 
SM5B

The average evacuation times for each simulation 
are presented in Table 6. By analyzing the results of the 

simulations, it can be calculated that in the study area with 
a maximum distance of 56.8m (the longest route to the 
exit node), the difference in the average evacuation times 
between the scenarios related to GSA and GSB is very small. 
Moving through the GSA routes takes an average of 0.3s to 
1.2s longer than the GSB routes; however, they prioritize the 
safest areas on their route.

Table 6. Average evacuation time

Scenario in 
GSA

(A) 
Average 

Evacuation 
Time (s)

Scenario in 
GSB

(B) 
Average 

Evacuation 
Time (s)

Difference 
(A) - (B)

SM1A 14.3 SM1B 13.2 1.10
SM2A 12.3 SM2B 11.3 0.96
SM3A 8.1 SM3B 6.8 1.23
SM4A 6.3 SM4B 5.7 0.57
SM5A 26.1 SM5B 25.5 0.59
SM6A 23.9 SM6B 23.1 0.73
SM7A 13.3 SM7B 12.5 0.77
SM8A 12.3 SM8B 11.7 0.62
SM9A 28.9 SM9B 28.0 0.86
SM10A 26.2 SM10B 25.3 0.89
SM11A 15.3 SM11B 14.9 0.44
SM12A 14.0 SM12B 13.7 0.30

In addition, Fig. 14 shows the comparisons based on 
the conditioning variables. Figs. 14(a) and 14(b) show the 
difference in evacuation times between the three sub-
conditions of the conditioning variable (a) number of people 
for the graphical situations GSA and GSB, respectively. It 
is clearly noted that the greater the number of people, the 
greater the time.  (a1) is on average faster than (a2) in 8.6s and 
8.9s for GSA and GSB, while the difference between (a2) 
and (a3) is 2.2s and 2.3s approximately for those graphical 
situations. This happens because as the number of agents 
in the system increases, the probability of collision between 
them increases. Therefore, the collision avoidance machine 
learning technique applies the deviation angle for the agents 
at risk of collision during their movement to the goal node. 
This process produces a delay in the routing of agents, 
which is more evident when the environment is crowded. 

Figs. 14(c) and 14(d) show the difference in evacuation 
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times between the two sub-conditions of the conditioning 
variable (b) speed of movement for the graphical situations 
GSA and GSB, respectively. The results are given in an 
inverse relationship. That is, the higher the speed of movement 
of the agents, the shorter the evacuation time. Therefore, the 
simulations including (b2) are approximately 10.4s and 10.2s 
faster than the simulations including (b1) for GSA and GSB.

Fig. 14. Evacuation times comparison between 
conditioning variables for graphical situations (a) number 
of people in GSA, (b) number of people in GSB, (c) speed 
of movement in GSA, (d) speed of movement in GSB, (e) 

reaction ability in GSA, (f) reaction ability in GSB
 
The influence of the two sub-conditions of the conditioning 

variable (c) reaction ability is shown in Figs. 14(e) and 14(f) for 
GSA and GSB, respectively. If the percentage of people who 
react when starting the simulation is high, the evacuation time 
will be less. The difference in times between the simulations 
that used sub-condition (c2) and those that used sub-condition (c1)

is approximately 1.8s and 1.7s for the graphical situations. The 
results of evacuation times of the simulations including sub-
condition (c2) are faster because the reaction ability of the agents 
is 100% when the simulation begins. However, in the case of 
sub-condition (c1), the percentage of agents with the ability to 
react at the beginning of the simulation is 50%. Therefore, for 

(c1), the influence of this variable will depend on the agents' 
reaction ability time, which is random, and it is perform based 
on the reaction conditions shown in Fig. 7 and explained in the 
sub-section 3.3. In addition, the location of the agent is also 
important. If the agent is closer to the goal node, it will meet its 
objective of reaching it in few seconds after reacting. If the agent 
is located a great distance from the goal node, it will take longer 
to evacuate. Therefore, in approximately 5% of the simulations 
carried out in our research, not all agents reacted or reached the 
goal node before the time limit of 43.1 s.

The analysis of the results of the evacuation simulations in 
a multi-agent environment, proves that the algorithm, using 
the machine learning techniques of AP-Theta* pathfinding 
and collision avoidance, is efficient when calculating routes 
and evacuation times. In the algorithm, the AP-Theta* 
technique calculates suitable evacuation routes according to 
the agent's line of sight to the goal node. These routes are 
slightly diverted for collision avoidance. Likewise, the routes 
are drawn based on the influence of the importance indexes 
on safety aspects for the movement of agents. The average 
evacuation times of each of the 24 scenarios are less than 
the limit time of 43.1s. The algorithm simulates a pattern 
of movement, direction, and behavior of the multi-agents 
influenced by the conditioning variables and additionally in 
the GSA’s case by the importance indexes (Sn). Furthermore, 
in the case of choosing evacuation routes, those traced in 
the simulations related to the graphical situation GSA are 
safer since they are influenced by (Sn), moving through less 
vulnerable sections. Likewise, the evacuation times do not 
represent a big difference between the movement along the 
safest routes of the graphical situation GSA and the shortest 
routes of the graphical situation GSB. Moving through the 
evacuation routes calculated in GSA takes an average of 
0.3s to 1.2s longer than GSB but guarantees a safer transit 
of the multi-agent system. These results are essential for 
decision-makers to be able to define, in risk prevention plans, 
suitable evacuation routes and times within a multi-agent 
environment in crowded buildings.

5. Conclusions

In this paper, we propose a methodology for calculating 



Analysis of suitable evacuation routes through multi-agent system simulation within buildings

277  

suitable evacuation routes and times, applying an algorithm 
that contains machine learning techniques in different 
simulation scenarios of a multi-agent environment. The 
methodology was divided into three stages. First, we process 
the data of the structural and non-structural elements of a 
building through BIM and obtain simplified vectors of that 
geometry. Subsequently, we validate the consistency of the 
data by applying AHP and WLC, obtaining as a product 
two graphical situations of cells, which differ because one 
of them includes indexes of importance related to the level 
of safety in the movement of agents through its area, while 
the other does not consider them. Lastly, we run an algorithm 
that includes the use of AP-Theta* pathfinding and collision 
avoidance machine learning techniques to move the multi-
agent system from its initial location to the exit or goal node. 
The AP-Theta* technique allows agents to follow a route 
evaluating the heuristic data of the cells that are within their 
line of sight, while the collision avoidance technique modifies 
the angle of the direction the agents move after the analysis of 
a possible risk of collisions with other agents or blocked cells. 
Likewise, the influence of conditioning variables such as the 
number of people, speed of movement, and reaction ability is 
included in the algorithm. The application of the algorithm 
in a case study, and including the conditioning variables and 
the graphical situations, is performed for different simulation 
scenarios that are tested using the NetLogo software. The 
experimental results reveal the effectiveness of the algorithm 
in calculating safe evacuation routes and suitable times for 
the movement of people in a multi-agent environment. We 
proved that in all multi-agent simulation scenarios processed 
under the various combinations of conditioning variables, 
the importance indices have a strong influence since they 
derive the movement towards safer routes. In addition, the 
AP-Theta* technique guides the agents in their movement 
towards the goal node, and the collision avoidance technique 
prevents risks of collisions between them. Therefore, both 
machine learning techniques complement each other. These 
results are essential for decision-making when developing 
evacuation plans that include safe routes in buildings with 
a high frequency of overcrowding. As future works, it is 
expected to include more conditions for the behavior of 
agents that are assigned in a group and individual way. In 

addition, simulations are expected to be carried out in 
buildings with more complex designs, such as curved and 
sloping areas, in order to test the method and improve it based 
on these conditions.
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