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Abstract: This work presents a multi-robot 
system (MRS) inspired by swarm robotics 
concepts for exploration and rescue. The ex-
ploration is done using a dynamic fuzzy cog-
nitive map (DFCM) and fuzzy logic (FLC) to 
control the robots, and the results are com-
pared for performance verification. The MRS 
must complete an exploration task in a semi-
-unknown flat environment. Thus, the MRS is 
not aware of the limits of the searching area, 
obstacles, and only knows the number of vic-
tims to be rescued as a stopping criterion. The 
proposed task has the purpose of simulating 
the rescue of victims in disasters. In the tests, 
the simulations used three environments to 
verify the global robustness in unpredictable 
situations, check the autonomy of the robots, 
and explore the areas of the performance spa-
ce. The computational time between the two 
controller approaches is estimated using an 
architecture based on reactive subsumption. 
In general, results imply that the DFCM-based 
MRS approach completed the proposed tasks 
using less processing time and the robots had 
to travel less to explore a similar amount of 
area as seen in the FLC approach. Finally, the 
authors show an initial prototype, which can 
be used in real life experiments, and address 
future work.
Keywords: Autonomous Mobile Robots; 
Swarm Robotics; Semi-unknown Environ-
ments; Dynamic Fuzzy Cognitive Maps; Ex-
ploration

INTRODUCTION
The application of robots is increasing 

over recent years. Robots are now used in the 
educational and medical fields, in industries, 
agriculture, for firefighting and rescuing lost 
people, surveillance, in military operations 
(in land and underwater), for lunar and Mars 
exploration, among others [1,2]. Specifically, 
when a group of  autonomous mobile robots is 
used, most of these tasks can be accomplished 

in a better way due to the parallelism yielded 
by the group, which can make tasks faster 
than using a more complex single robot [3–5]. 

In this way, the article addresses the con-
cept of autonomous robotics investigation. It 
starts by focusing on the shortcomings of cur-
rent hospital guide robots, which are marked 
by unclear functions, limited usefulness, and 
low serviceability. This study focuses on the 
users, aiming to identify their real needs du-
ring hospital visits and explore possible impro-
vements in the design of guide robots. The re-
search uses the Quality Function Deployment 
(QFD) and Analytic Hierarchy Process (AHP) 
to pinpoint essential design requirements. At 
the same time, the Function-Behaviour-S-
tructure (FBS) model is applied to outline the 
appropriate structural components of the gui-
de robot based on these needs. Several design 
innovations in appearance, operational areas, 
and interface are highlighted. Implementing 
these designs improves both the robots’ func-
tionality and user satisfaction.  The QFD-FBS 
approach helps create a user-centered, inno-
vative design process that enhances the hospi-
tal experience, streamlines consultations and 
introduces a fresh take on service robot de-
sign in specific environments. [6] 

The research field of MRS with collective 
intelligence is called swarm robotics, which 
deals with large numbers of homogeneous 
or heterogeneous robots [7]. It differs from-
traditional systems due to its non-centralized 
and non-hierarchical control. In recent year-
s,swarm robotics is emerging as an alternative 
approach for the coordination of an MRS,con-
sisting of a large number of physically simple 
and homogeneous robots, without acentral 
coordination (controller), among other as-
pects. 

Swarm robotics systems are fully-distribu-
ted and self-organized, and are often inspired 
by the behavior of collective animals, such 
as birds, ants, and bees to develop similar 
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behaviors in the MRS [8]. However, the de-
monstration of physical robot swarms is both 
a hardware and a software challenge [2]. To 
make cooperative decisions, each robot must 
have an insight into the environment in which 
it is found and might have to perform a pro-
cessing of tens or hundreds of megabytes per 
second [9]. Besides, local communication, ro-
bustness, flexibility, stigmergic behavior and 
decentralized control are recurrent challenges 
for swarm robotics [2]. 

The use of soft computing techniques is 
increased in MRS aiming at these features, 
resulting in more flexible robot architectu-
res. These techniques deal with the infinity 
of states that robots can achieve in unknown 
environments, as seen in [10,11] in which 
multiple robots should explore cooperatively 
an unknown locations to find and deactivate 
landmines. 

A recurrent scenario seen in MRS is to as-
sign tasks to the team of robots to hazardous 
environments. In these situations, robots 
finish the tasks in a more efficient and cost-
-effective way, adaptively, and more robustly 
than humans [11]. A possible task in an MRS 
is called foraging, and it is the behavior of cap-
turing targets [12].  The foraging problem of 
the proposed work consists of a stochastic se-
arch for a well-defined number of victims in 
unknown areas, resulting in semi-unknown 
environments,  e.g. disaster sites. In these ha-
zardous situations, the main challenge is the 
response time: the survival rates decrease sig-
nificantly after 48h [13]. 

Several papers dealt with exploration and 
S&R objectives using swarm-based MRS. In 
[13] authors present a behavior-based fuzzy-
-controlled robot swarm to perform S&R ope-
rations in unknown environments, while [14] 
uses a robot leader to guide a swarm in S&R 
operations through a heuristic algorithm to 
rescue the victims at a disaster site.  Authors 
in [15] present a survey of methods in swarm 

robotics S&R applications. Finally, [16] com-
bines aspects of swarm intelligence with FLC 
for a collective search of an MRS.  This work 
is part of a research initiated in 2016 in the 
autonomous mobile robotics field using fu-
zzy cognitive maps (FCMs). The first paper 
[17] presented one of the early applications of 
FCMs in mobile robots, and implemented two 
navigation systems using  hybrid-dynamic fu-
zzy cognitive maps (HD-FCM) and hierarchi-
cal fuzzy logic controllers (FLC) in one robot. 
The next work [18] dealt with the construc-
tion of a prototype, and the robot’ kinematic 
model validation through the overlapping of 
the simulated and real trajectories using an 
embedded HD-FCM. 

In the third paper [19], the architecture was 
scaled to its use in swarm robotics, applying 
concepts of Ant Colony Optimization (ACO). 
This approach uses one robot released at a 
time in the environment, leaving pheromone 
during its ride. The last two works [5,20] use 
FLC and FCM to a group of homogeneous 
robots working simultaneously. The results of 
both approaches were compared with 1 and 4 
robots operating, in two simulation scenarios. 

The present paper improves the last one [5] 
by adding a third environment and eight ro-
bots scenarios to the simulations. In this sen-
se, the robots can be characterized as autono-
mous if they complete their tasks successfully 
in three environments [21]. In order to test 
the global robustness of the MRS against un-
certainties, the authors added non-ideal con-
ditions in all three environments: robots are 
placed close to each other (dynamic obstacle 
avoidance condition) and the eight robots sce-
narios deal with a higher ratio of robots per 
victim in order to verify the sensing and res-
cue capabilities of the swarm.

Regarding the organization of this paper, 
the section 1 presents an overview of the pro-
posed architecture, fuzzy logic and cognitive 
maps, in addition to some related works.  In 
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addition, the concepts of multi-robot systems 
(MRS) and swarm robotics are presented. 
Section 2 shows the development of the pro-
posed controllers (FLC and DFCM) with the 
MRS behaviors and architecture, and explains 
the simulation configuration and procedures. 
In the section 3, all experiments with their re-
sults are reported. Then, in Section 5 the con-
clusions are presented together with future 
work. 

ASSUMPTIONS AND 
BACKGROUND 
In this section, authors discuss the system’s 

architecture, and present an overview of mul-
ti-robot systems and swarm robotics conside-
ring the focus of this work. In addition, some 
fundamentals of fuzzy logic, FCMs, and rela-
ted papers using these techniques are gathe-
red and presented.

ROBOT’S ARCHITECTURE
An architecture can be understood as the 

set of instructions that define the behavior/
functioning of a system according to its sen-
sory and physical characteristics. In the con-
text of autonomous mobile robots, [22] deve-
loped the subsumption architecture, widely 
used for its simplicity of implementation and 
understanding. 

The subsumption architecture was pro-
bably one of the first attempts to compose 
complex behaviors through layers of simpler 
behaviors, hierarchical or not [23]. This cha-
racteristic meets the concept of organization 
of behaviors through symbolic representa-
tions of environments, as seen in the classic 
concepts of artificial intelligence [22]. 

A possible interpretation for this architec-
ture, initially classified as reactive, can be seen 
in Fig. 1 [2]. In short, the perception system 
activates behaviors through a set of conditions 
(external stimuli). Thus, each behavior or sub-
-behavior, process the information received 

and directs the corresponding actions, which 
are transcribed as commands to the system. 

In the context of this work, factors such as 
the mapping (navigation) system, the recur-
ring need for decision-making and the need 
to fulfill varied sub-objectives suggest the use 
of a subsumption-based architecture. In it, the 
adaptation of agents (robots) is observed by the 
addition of new sub-behaviors or modules. 

There is a hierarchy in the behaviors of the 
MRS in the present work. Each sub-behavior 
of the system respects a priority level, star-
ting from low-level (reactive) to high-level 
layers, represented by intelligent controllers 
(FLC and DFCM) and the deliberative cha-
racteristics of robots. The modeling of these 
sub-behaviors, as well as the use of the sub-
sumption architecture, was inspired by [24] 
incompatibility principle. It states that the 
greater the complexity of a system, the more 
improbable and imprecise the prediction of its 
reactions to environments becomes. This fact 
is seen in the work of [25], which models the 
functioning of MRS based on human emo-
tions and behaviors. 

Finally, the sub-behaviors used in this 
work are alternated as a result of the sensors’ 
data operating sequentially, while the MRS 
works in parallel. In other words, at any given 
moment, all robots can have a different sub-
-behavior activated. However, in each robot, 
only one sub-behavior operates at a time.

FUZZY LOGIC AND COGNITIVE 
MAPS
Humans’ understanding of most physi-

cal processes is based on imprecise aspects. 
When compared to the precision usually used 
by computers, this inaccuracy can be use-
ful for modeling systems. Thus, the ability to 
incorporate this form of reasoning into pre-
viously unmanageable and complex problems 
is one of the main characteristics of fuzzy. In 
this context, there is a good impact of using 
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Figure 1. Behavior distribution

fuzzy concepts in problems that do not requi-
re such a scale of precision, like maneuvering 
and navigating a vehicle [26]. 

Zadeh [27] created the theory of fuzzy sets 
aiming a method capable of handling systems 
with imprecise information. Hence, a fuzzy 
variable/set/system has a pertinence level, 
given between [0 1], that encodes experts’ 
knowledge about the system. 

Fuzzy cognitive maps (FCMs) are known 
to be convenient, simple, and yet a powerful 
enough solution for controlling dynamic sys-
tems [28]. FCMs have fuzzy-interconnected 
concepts that symbolize linguistic concepts. 
These connections model the relationships 
between concepts through a level or intensity 
of causality [29]. Combined with the graphic 
representation of a FCM – a directed graph 
– these features make FCMs simple and in-
tuitive to understand in terms of its formal 
model and processing [30]. However, it has a 
drawback of not modeling time [31].

In addition, as the use of FCMs increa-
ses, several limitations of its classic approach 
have emerged, described as follows. Lack of 
knowledge of the system, when the nature of 
the concepts (inputs, states, products) is not 
taken into account [32]. Dependence on ex-
perts: FCMs are highly dependent on expert 
intervention for the design of fuzzy cognitive 
maps  [33]. Inability to self-learn: the design 
of adaptation approaches is more difficult due 
to  their complex structure and variability 
[34]. Definition of causalities (relationships 
and weights): how causalities can be defined 
with a high degree of credibility/reliability 
[35]. Calculation equation: how can a uni-
fied value be calculated, to describe the total 
change caused by one of the concepts by all 
the others [36]. Ignorance of the time factor: 
how  can a different time delay for each cau-
sal relationship be implemented [37]. Use of 
the sigmoid function and interpretation of re-
sults: the use of the curve to adjust the results 
to  the desired interval can distort the final in-
terpretation of the results [38]. 
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Several papers can be found in literature 
that are related to the present work, applying 
FCMs and its extensions on navigation pur-
poses. The first study developed an autono-
mous navigation system using event-driven 
fuzzy cognitive maps (ED-FCM). In it, the 
arcs of the ED-FCM are updated based on the 
occurrence of events such as dynamic obstacle 
detection. The model is capable of represen-
ting the dynamic behavior of the robot in the 
presence of changes in the environment, and 
constitutes a flexible and robust navigation 
system, capable of processing inaccuracies 
and uncertainties in the environment [39]. 

The author from [34,40] used FCMs for 
simulated mobile robot navigation. The first 
one compares several learning methods for 
the proposed FCM, while the second paper is 
focused in gathering concepts of internet of 
things (IoT) and intelligent space (IS) to na-
vigate a ubiquitous robot (Ubibot) using an 
adaptive FCM. The contribution from [41] 
developed an expert FCM control a Pione-
er platform through different scenarios. The 
causal inference mechanism FCM was used to 
coordinate the system’s motion using expert-
-defined inputs, outputs, and its interactions. 
The results indicate that the use of FCMs is 
advantageous over conventional rule-based 
techniques, especially preventing exponential 
growth in the rules as the system gains com-
plexity. 

The last one [42] compares a neuro-adap-
ted FCM with other techniques such as a ge-
netic algorithm-based PID. The FCM was tes-
ted both in simulation and experimentally in 
circular and square trajectories, being advan-
tageous over the other techniques in position 
error and number of maneuvers by the mobile 
robot. 

MULTI-ROBOT SYSTEMS AND 
SWARM ROBOTICS 
Multi-robot Systems (MRS) has been wi-

dely used in complex and hazardous scenarios 
due to its adaptation capabilities, flexibility 
and high reliability when comparison to single 
robot systems [43]. These aspects defined the 
choice of the MRS in the present paper. In ad-
dition, authors aimed some aspects of swarm 
robotics in the behavior of the robot group. 

The inspiration from nature used to control 
large groups of relatively simple MRS is called 
swarm robotics [13]. In this field, robots are 
often unaware of the actions of other  distant 
robots, i.e. the communication is made only 
between nearby robots, relying on stigmergy 
[2]. Another assumption is that individual ro-
bots cannot solve complex tasks on their own, 
only in a team-level. Finally, the increase in the 
number of robots in a group can reduce signi-
ficantly the task completion time [44]. Swarm 
robots have collective, cooperative, collabora-
tive, and coordinative behaviors. [45,46]. 

The movement coordination in an MRS can 
only be relative to other robots, the environ-
ment, external agents, and combinations betwe-
en them [2]. In this research, the robots make 
movements like the other robots, to avoid static 
and dynamic obstacles and find the target.  

For an MRS, the first definition must be how 
the robots will be developed, and how they will 
interact with each other and/or the environ-
ment. In this work, some aspects of swarm ro-
botics inspired the behavior of group of robots, 
i.e. an MRS must present a robust, flexible, and 
scalable operating level [8,47]. Robustness is 
within the completion of the objectives despite 
robots’ malfunction or environmental distur-
bances. Flexibility deals with the capability of 
generate solution for different tasks using diffe-
rent coordination strategies in response to dy-
namic environments. In addition, the swarm is 
scalable to be not disturbed due to changes in 
the robots’ group sizes [3]. 
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DEVELOPMENT 
The methodology of this contribution is 

divided into three main parts. In the first one, 
authors define which architecture will be used 
in the MRS and its desired behaviors.  The 
second one is the controller modelling using 
a dynamic fuzzy cognitive map (DFCM). 
Finally, the last one is responsible by the as-
sumptions to model the simulations, such as 
the type of detection of the robots’ sensors 
and the creation of test environments. 

MRS ARCHITECTURE 
The robots used in this proposal are re-

active to external stimuli, as observed in the 
works of [5] and [22]. In the robot modeling 
proposed in this research, the linear and an-
gular velocity are defined by v and w; b is the 
axis length (14.4cm), RR and RL are the radius 
of rotation of right and left wheels (2.5cm). It 
is noteworthy that this kinematic model can 
also be used in four wheeled robots without 
steering front wheels. The kinematic model 
given by (1) and (2) was used to in this work: 
two powered front wheels and a dummy back 
wheel to stabilize the turns.

Furthermore, the pulses of the motors cou-
pled to the wheels (right and left) are genera-
ted by the controller outputs (wL and wR, 0 to 
100%). In case the pulses are positive, it will 
activate the robot’s forward command, on the 
other hand, if wL > wR the robot will make a 
maneuver to the right, otherwise it will be to 
the left. On the other hand, if it is necessary to 
rotate the robot, a positive pulse on one wheel 
and a negative pulse on the other must be exe-
cuted [5]. The controller receives input from 
three ultrasonic sensors arranged in front 
(FS), left side (LS), and right side (RS), with 

a range of 12cm, beam angles of 45 and white 
noise to verify the robustness of both the FLC 
and DFCM. 

To model the sub-behaviors, the first step 
is to determine the scenarios to classify them 
into sub-domains and describe its expected 
behaviors, as shown in Table 1.

Sub-domain Description
Individual 
goals 

Environment exploration, collision avoi-
dance and victims rescue Global goal

Global goals The robots must rescue all the victims
Individual 
sub-behaviors

Depicted in the finite-state machine (see 
Fig. 3)

Global beha-
vior

The robots must collect victims and then 
continue with the exploration

Table 1. Sub-domains

In this research, the authors use a solution 
close to previous works, as observed in [20] 
and [5]. Thus, this contribution enhances its 
comparison by adding a third environment, 
using a DFCM this time. In addition, the au-
thors tested possible stress scenarios (8 ro-
bots) to verify the robustness of the MRS. 

Therefore, more assertively, the MRS has 
three functions: 1) to detect obstacles; 2) lo-
cate and rescue all victims/targets; and 3) 
map environments. However, to complete the 
tasks, four sub-behaviors were needed [3], as 
follows:

•	 Sub-behavior 1, related to free motion, 
is executed if the sensors find something 
and generate a unit pulse for the motors 
at half speed and increase after each ite-
ration until it reaches maximum speed or 
is triggered by another event. 

•	 The second sub-behavior, responsib-
le for obstacle avoidance, is activated if 
the robot detects an obstacle in the ran-
ge between the safety distance (5cm) and 
the maximum detection of the sensors 
(12cm). Thus, the controller is responsi-
ble for assigning smoother curves to the 
robots.
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•	 The third sub-behavior deals with im-
pending collision detection: it is activa-
ted in case the ultrasonic sensors have 
detected an obstacle smaller than the safe 
distance determined by 5cm. Thus, the 
robot performs a fast turn. In addition, 
so that the robot does not loop, this algo-
rithm changes the direction of the curve 
every time the robot enters sub-behavior 
1. 

•	 Sub-behavior 4 addresses the rescue 
of victims. When the robot finds it, its 
color changes in the simulation. In this 
sub-behavior, DFCM slows the robot 
down when approaching the victim or if 
there is an obstacle under the safety zone. 
This feature can disqualify robots as pu-
rely reactive due to their path planning 
type (DFCM). Furthermore, according 
to the sensor data, the DFCM controller 
modifies its weight matrix through each 
sub-behavior, as described in Section 2C. 

In addition, robots present a memory al-
gorithm that maps the environment, and if 
a robot finds a victim, but cannot rescue her 
after a certain amount of time, nearby robots 
receive their location to do the rescue. This 
is because instantly, after locating a victim, 
their rescue becomes the robot’s primary ob-
jective. Thus, if an obstacle is encountered, 
the robot will forget its target and let another 
one rescue it with better chances [20]. Other 
mapping approaches that are suitable for the 
application of this article are seen in [48,49]. 
An overview of the system’s architecture can 
be seen in Fig. 2, and can be used to assist in 
the building of DFCM models for autono-
mous navigation systems. The signals received 
through the sensors enter a decision-making 
process that modifies the sub-behaviors inside 
the state machine according to the occurrence 
of the events from Table 2. 

Event 
Description

A Obstacle detected

B The three ultrasonic sensors detected an 
obstacle within the robot’s safety zone

C The robot found a victim/target

D Victim/target found on the way to being 
rescued

E Activation of the robots’ memory algorithm

Table 2. Events Description

Figure 2. Overview of the system’s architecture

Consequently, every sub-behavior triggers 
a different weight matrix of the DFCM, as 
shown Table III (Section 2.1). In the next step, 
the DFCM’s outputs are sent to the motor sys-
tem. The pose data and the locations visited 
are stored in the robots’ memory for mapping. 
For future works, the second stage of the 
DFCM block will be devoted to the weights’ 
tuning through a reinforcement-learning al-
gorithm or the Hebbian rule. 

As seen in Fig. 3, the subbehaviours accor-
ding to the finite state machine operate in pa-
rallel and individually. Furthermore, the real 
data coming from the sensors inhibits or ac-
tivates the routines producing the desired ou-
tputs [5]. The events in the transition of states 
are presented in Table 2. The inscriptions on 
the arrows in Fig. 3 indicate the event (letter) 
that triggered the behavior listed in the alpha-
bet from Table 2. Thus, the first number indi-
cates the sub-behavior before the occurrence 
of the event, while the second indicates the 
current sub-behavior generated by the occur-
rence.
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Figure 3. Finite state machine for robot operation

DYNAMIC FUZZY COGNITIVE MAP 
CONTROLLER 
The fuzzy control system developed for this 

work is a Mamdani-type described as follows. 
It has three inputs (ultrasonic sensors), and 
two outputs (pulses sent to DC motors). The 
universes of discourse of the FLC variables 
are divided into five pertinence functions: two 
trapezoidal at the edges and three triangular 
at the center. 

The input range is [0 12], and the output 
range is between [0 1]. Authors used an rule 
(tuned by empirical trial) weighted FLC to 
compare it to a FCM in two environments, as 
seen in the previous work [5]. 

However, to define these 125 rules is not a 
trivial task. The use of FLCs in complex sys-
tems like the present MRS could cause an “ex-
plosion” in the number of rules as higher the 
system’s complexity goes, e.g. by adding new 
sub-behaviors. This scenario can be avoided 
by using FCM-like controllers, such as the 
proposed DFCM. 

In this work, the DFCM updates its weight 
matrix according to the sensor data and the 
real sub-behavior of the system. This is the 
main difference between DFCM and FCM, 
which has only one weight matrix [39].

In Fig. 4 the DFCM is shown. In this case, 
the diamonds are the decision processes. In 
particular, if an obstacle is inside the safe zone, 
all Wij weights are modified to allow robots to 
slow down and make sharper turns [5]. The 
authors adjusted these causality levels empiri-
cally according to the simulation results.

Figure 4. Proposed DFCM

The DFCM weight matrix is updated ac-
cording to the actions/events presented in 
Section 2.1. Each action/event that occurs is 
then defined as the robot’s subbehavior. The 
relationships between weights and sub-beha-
viours are presented in Table 3, in which sub-
-behaviours 1 and 4 have the same weights. 
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Weight
Sub-behavior

1 2 3 4
W14 -0.40 0.60 0.80 -0.40
W15 0.50 -0.20 -0.60 0.50
W24 0.30 -0.30 -0.60 0.30
W25 0.30 -0.30 -0.60 0.30
W34 0.50 -0.20 0.60 0.50
W35 -0.40 0.60 -0.70 -0.40

Table 3. DFCM’s Weights per Sub-Behavior

SIMULATION PROCEDURES 
In the last step, simulations with three en-

vironments were performed in Matlab® sof-
tware. The PC used has the following speci-
fications: eight-core CPU, 16GB RAM, and a 
SATA 3 SSD (R : 500MB/s, W : 350MB/s). 

The comparison between FLC and DFCM 
used the same approach from previous works 
[5,20] with new experiments made for all 
three environments. FLC and DFCM were 
compared in the same environmental con-
ditions: simulations started with one robot, 
followed by four, and then expanded to eight. 
The simulations assume that all ultrasonic 
sensor have a maximum perception distance 
of 12cm, and a safety distance of 5cm (which 
triggers sub-behavior 3). 

Considering the simulated semi-unknown 
environments, the role of robots is to find vic-
tims, map the environment and avoid collisions. 

In Matlab®, the sensors were simulated 
using the cartesian distance between the ro-
bots and obstacles/victims. The rescue pe-
rimeter was chosen based on the distance 
between the robots’ center of mass and the 
victims, considering a maximum error of 
3cm.The inputs of the controllers are inspired 
by the actual data from three HC-SR04 ultra-
sonic sensors located in front of the robots. Its 
range is 12cm and has beam angles of 45. 

In order to approximate the model to pos-
sible real conditions, a white noise was added 
to the simulations. In addition, it is important 
to note that, at simulation level, a victim is au-

tomatically detected when it is within the ran-
ge of any ultrasonic sensor, which would not 
be possible in a real application without the 
use of another sensor, such as a camera. 

The victims start red in the simulations, 
and turn green when found by any robot. 
Similarly, static obstacles, initially blue, turn 
black when detected by the MRS. These obs-
tacles delimit all environments’ rescue area of 
100cm · 100cm. However, these dimensions 
are suitable to changes in real scenarios of vic-
tims’ search. In all environments, the victims’ 
locations are the same of the previous work 
[5], and unknown to robots: (10 40), (10 90), 
(40 20), (50 80), (90 20), and (90 80). 

Robot X (cm) Y (cm) Angle (o) Color
1 15 5 90 Blue
2 30 5 90 Green
3 45 5 90 Red
4 65 5 90 Cyan

Table 4. Poses: Four-Robots Scenario

Robot X (cm) Y (cm) Angle (o) Color
1 15 5 90 Blue
2 25 5 90 Green
3 35 5 90 Red
4 45 5 90 Cyan
5 55 5 90 Magenta
6 65 5 90 Yellow
7 75 5 90 Black
8 85 5 90 Blue

Table 5. Poses: Eight-Robots Scenario

The parameters used to compare the compu-
tational effort of both controllers are the num-
ber of iterations needed to rescue all victims, 
and Matlab® processing time (through build-in 
functions tic and toc). In addition, other aspects 
were compared such as the smoothness of the 
pulses sent to the wheels (the angular velocities 
from right and left wheels, respectively wR and 
wL). Finally, effectiveness and efficiency of both 
controllers were compared by means of the ex-
plored area and traveled distance of each robot 
and by the entire MRS. 
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The robots’ initial poses consist of its posi-
tions (x, y) and angle. These parameters (and 
the colors of the robots) are shown in Tables 4 
and 5 according to the number of robots, and 
are distributed along the x-axis. In the scena-
rio of the solo robot, the pose is (40, 10, 0).  

RESULTS
In this section, the results of the FLC and 

DFCM approaches are presented in the initial 
condition of plane environments. 

SOLO ROBOT 
The first step was to deploy the FLC and 

DFCM-controlled robots in all environments 
to serve as a basis for comparison with the si-
mulations considering 4 and 8 robots. In this 
scenario, it is expected that the robots may 
not complete the task (rescue six victims), or 
complete it taking more time than desired, 
considering that a rescue task must be com-
pleted at the shortest time possible. 

The robot’s trail can be seen in Fig. 5 for 
each environment. In the first one, the robot 
faced some expected difficulties in the upper-
-left quadrant, a confined space. This fact led 
the robot not to explore the central-left area 
of that environment, since the simulation 
stopped when the robot found the last victim. 

Figure 5. Environments’ exploration with one 
robot

Table 6 depicts the results from both con-
trollers. It is noteworthy that, the DFCM-MRS 
approach took longer to complete the task in 
Environment I. In the other two it showed to 
be at least two times faster considering both 
iterations and processing time. The similar 
behavior with the traveled distance and explo-
red area. However, considering the ratio be-
tween these two parameters in Environments 
II and III, the DFCM-MRS covered more area 
even travelling less in comparison to the FLC 
approach. This feature represents that the ro-
bots will consume less battery to search larger 
areas in real scenarios, for example. 

In the second environment, the corridor-
-like shape also led the robot to travel the 
lower area twice, when the randomization al-
gorithm actuated to change the robot’s orien-
tation, which allowed the robot to explore the 
upper section. The last environment also pre-
sented a similar situation, in which the robot 
traveled the lower-diagonal section a couple 
times before have its orientation changed.

From the motors’ pulses given by Fig. 6, it 
can be noticed that the robots do not entered 
in collision imminent states (sub-behavior 3) 
since there are no negative pulses in the mo-
tors, which indicate a fast turn. The areas whe-
re the pulses are more concentrated are those 
in which the decision-making process occurs, 
which suggest to be improved in future work 
in order to reduce the decision-making pro-
cessing time. 

The explored area results are depicted 
in Fig. 7. In the first environment, less than 
70% of the area was covered by the DFCM, 
and 83% by the FLC. Considering a standard 
of 85% as the desired minimum threshold by 
the authors, both controllers do not reach this 
ratio. However, these results were improved 
with Environments II and III. This time, the 
DFCM-MRS covered an average of 92.27% of 
the area, and the FLC-MRS 85.81%. 
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1 Robot
Environment I Environment II Environment III

FLC DFCM FLC DFCM FLC DFCM
Iterations 976.00 1212.00 3701.00 1260.00 5536.00 2215.00

Processing time (s) 339.00 600.95 707.01 192.94 1063.00 331.38
Traveled distance(cm) 508.70 668.75 2062.58 662.33 3524.79 1134.47
Explored area (cm2) 8374.00 6894.00 8800.00 9258.00 8362.00 9196.00

Table 6. Results: One Robot

Figure 6. Pulses for the simulations with one robot
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Figure 7. Total explored area with one robot

These parameters can be noticed at the En-
vironment I, where a significant area was not 
covered by the DFCM-MRS. In this particular 
case, a victim located in the red section would 
not be detected nor rescued.

FOUR ROBOTS 
After the simulations with a robot working 

solo, the next step was to increase the num-
ber of robots in the proposed MRS. In gene-
ral, despite the DFCM-MRS showed similar 
number of iterations as the FLC, its processing 
time (Table 7) from Environments I and II is 
significantly lower. In the third one, the diffe-
rence is due to the fact that the robots 1 and 
3 were stuck in the left section of the environ-
ment, as seen in Fig. 14. The trails from each 
robot in the three environments are shown in 
Figs. 8, 11 and 14. 

Figure 8. Environment I with four robots

The regions covered by each robot of the 
MRS are shown in Fig. 10 for Environment I, 
Fig. 13 for Environment II, and Fig. 16 for the 
third one; and depict the results from Table 8. 
Robot 1 covered an inverted L-shaped area. 
Robots 2 and 3 covered a C-shaped region 
in the left side of the Environment I. Robot 
4 took place at the right side in this scenario. 
The total area covered by the entire DFCM-
-MRS (Fig. 10) consists in the interpolation of 
its individual results. When not considering 
the number of victims as stopping criterion, 
there are not critical issues of the non-explo-
red areas: if the simulations continue, the ro-
bots are capable of reaching them. 

Figure 10. Individual and total explored areas 
in Environment I
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Figure 9. Pulses for Environment I with four robots

4 Robots
Environment I Environment II Environment III

FLC DFCM FLC DFCM FLC DFCM
Iterations 717.00 279.00 727.00 409.00 381.00 356.00

Processing Time (s) 604.67 239.30 713.29 323.47 228.11 541.76

Table 7. Iterations and Processing Times: Four Robots

Explored area (cm2)
Environment I Environment II Environment III

FLC DFCM FLC DFCM FLC DFCM
Robot 1 4178.00 3812.00 3778.00 4082.00 2545.00 2593.00
Robot 2 5239.00 3399.00 4391.00 3345.00 3614.00 3680.00
Robot 3 3724.00 3327.00 4471.00 5058.00 4023.00 3564.00
Robot 4 3176.00 3415.00 6047.00 2582.00 4498.00 3753.00

Total 9277.00 7849.00 9015.00 8739.00 9622.00 9012.00

Table 8. Explored Area: Four Robots

Traveled distance (cm)
Environment I Environment II Environment III

FLC DFCM FLC DFCM FLC DFCM
Robot 1 427.39 166.63 471.06 162.12 224.54 158.83
Robot 2 450.03 143.96 429.58 168.96 192.53 182.71
Robot 3 472.49 136.09 456.00 238.21 268.83 174.10
Robot 4 412.62 142.85 430.02 162.58 216.30 197.27

Total 1762.53 589.53 1786.66 731.87 902.20 712.91

Table 9. Traveled Distance: Four Robots
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The results from Tables 8 and 9 are justified 
since the stop criterion is the rescue of all six 
victims. In this sense, the DFCM-MRS trave-
led less and covered a smaller area than the 
FLC-MRS but, at the same time, the first one 
rescued the victims faster. This feature grants 
robots with extended battery life in real sce-
narios. However, the ratio between traveled 
distance and explored area indicates that the 
DFCM approach covers more area per unity 
of distance.

As seen in Figs.  9, 12, and 15, the con-
centrated areas indicate dynamic obstacle 
avoidance, i.e. the robots avoiding collisions 
among them. In the DFCM approach, negati-
ve pulses greater than -0.5 represent fast turns. 

Considering the second environment, the 
main issue was that only one robot reached 
the upper quadrant, as seen in Figs. 11 and 
13. However, the explored area was not preju-
diced since presented 87% of cover (Fig. 13), 
and the individual values of this parameter 
are close enough to the FLC-MRS, which took 
longer and consumed more processing time 
in the first two environments. From Fig. 11, 
the proximity of robots 1 and 4 can be noticed 
in Fig. 12, where the pulses alternate repeate-
dly in the interval from 300 to 400 iterations.

In Environment III, the robots found diffi-
culties as seen in the simulation with a solo ro-
bot (Fig. 5). However, in this case (Fig. 14) the 
sub-behavior of collision imminence between 
robots worked as a mechanism to change the 
robots’ orientation. This behavior is depicted 
by robots 3 and 4 near (30-45, 15), between 
iterations 25 and 50 (Fig. 15): both robots 
changed its orientation to avoid contact, and 
this fact leaded robot 3 to search in the right 
side of the third environment.

The robots explored 90.12% of the Envi-
ronment III (from Table 8), as shown in Fig. 
16. The region surrounding (35, 90) was not 
explored, again, due to the stopping criterion, 
i.e.  the victims were all found before that area 

was covered. In this scenario, robots 1 and 2 
covered the sides of the environment, while 
robots 3 and 4 (mainly) covered the central 
area.

Figure 11. Environment II with four robots

Figure 13. Individual and total explored areas 
in Environment II
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Figure 14. Environment III with four robots

Figure 16. Individual and total explored areas 
in Environment III

EIGHT ROBOTS 
The last proposed scenario deals with eight 

robots in the MRS. Unlike the others – one 
and four robots – the DFCM-MRS approach 
obtained a lower cost in all environments, as 
observed in Table 10. 

According to Table 11, it is possible to veri-
fy that DFCM-MRS and FLC-MRS are similar 
in relation to the covered area. However, the 
DFCM-MRS approach has better performan-
ce than FLC-MRS in the explored area and in 
the processing time. On the other hand, Ta-
ble 12 is possible to certify that robots with 
DFCM approach traveled less in all scenarios.

The simulation results of the first environ-
ment are depicted in Fig. 17. That can be noti-
ced that, when comparing the three scenarios 
(one, four and eight robots), the number of 
iterations drop significantly. In particular, the 
DFCM-MRS in the first environment initially 
lasted 1212 iterations (one robot), and com-
pleted the task within 400 iterations with eight 
robots.

Figure 17. Environment I with eight robots

In Fig. 18 it is possible to verify that the 
impending collision sub-behavior occurred 
more frequently due to the increase in the 
number of robots, when compared to the 
other scenarios. 
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Figure 15. Pulses for Environment III with four robots

8 Robots
Environment I Environment II Environment III

FLC DFCM FLC DFCM FLC DFCM
Iterations 355.00 400.00 435.00 283.00 155.00 162.00

Processing Time (s) 1204.04 647.99 976.84 493.59 487.63 297.41

Table 10. Iterations and Processing Times: Eight Robots

Explored area (cm2)
Environment I Environment II Environment III

FLC DFCM FLC DFCM FLC DFCM
Robot 1 3937.00 4574.00 3352.00 1877.00 2157.00 2280.00
Robot 2 3737.00 5146.00 2990.00 2774.00 2541.00 1310.00
Robot 3 4830.00 4083.00 3282.00 2793.00 1860.00 2348.00
Robot 4 3884.00 4556.00 4896.00 3739.00 2518.00 2240.00
Robot 5 3535.00 4249.00 2850.00 3520.00 2824.00 2622.00
Robot 6 3765.00 3855.00 4886.00 3152.00 2224.00 1641.00
Robot 7 4460.00 4059.00 3046.00 3135.00 2013.00 1746.00
Robot 8 4109.00 3517.00 2287.00 3059.00 2069.00 2293.00

Total 9757.00 9840.00 9475.00 8896.00 8994.00 8787.00

Table 11. Explored Area: Eight Robots
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Traveled distance (cm)
Environment I Environment II Environment III

FLC DFCM FLC DFCM FLC DFCM
Robot 1 211.53 218.72 222.87 113.71 85.36 86.90
Robot 2 198.22 214.95 257.74 111.95 100.90 46.07
Robot 3 237.75 190.93 210.65 118.89 76.81 83.89
Robot 4 150.93 192.45 272.00 148.19 93.02 72.06
Robot 5 208.54 183.22 212.78 129.99 104.08 96.85
Robot 6 198.37 161.22 237.39 145.18 94.07 62.69
Robot 7 231.70 197.37 212.61 116.56 73.01 61.47
Robot 8 191.13 197.48 200.31 137.76 86.88 89.38

Total 1628.16 1556.34 1826.35 1022.23 714.13 599.31

Table 12. Traveled Distance: Eight Robots

Since the robots completed the rescue task 
earlier than the other scenarios, the explored 
area in Environments II and III was smaller. 
However, in the first environment the DFCM-
-MRS covered 98.40% of the area, as can be 
seen in Fig. 21. In the first environment, ro-
bots 5 and 6 covered almost the same portion 
of area, although not traveled side by side at 
any point of the simulations. 

For the second Environment, robots 1, 2, 
3, 6, 7, and 8 faced difficulties to explore the 
upper section, as seen in Fig. 22. This fact can 
be explained by the massive concentration of 
robots in this section aligned with the sub-
-behavior of obstacle avoidance, which con-
siders a safety distance of 5 cm, limiting the 
robots’ motion as seen in Fig. 19. This MRS 
behavior illustrates a stressed scenario where 
the number of robots is higher than the num-
ber of victims, since two or three robots could 
be used to complete the tasks. 

However, in the particular case of victims’ 
rescue, a larger number of robots is justified 
due to the need to reach the goal as fast as 
possible, since every second here counts to the 
preservation of the victims’ lives. 

As can be seen in Fig. 22, only two robots 
explored the upper section of the second En-
vironment (4 and 5). This fact is depicted in 
Fig. 23. The sensors’ detection through the 
environment walls (robots 1, 3, 6, 7, and 8) 
was caused by the white noise inserted in the 

ultrasonic sensors, and not showed any emer-
gent behavior. 

From the total area (Fig. 23), the unexplo-
red regions illustrate the stopping criterion 
once again. If not implemented, the MRS 
could continue to explore the environment.  
The eight-robot MRS configuration was the 
most succeeded in the third environment in 
terms of the robots’ trails. In this scenario, the 
lateral areas do not offered challenges due to 
the number of robots in the environment, as 
seen in Fig. 24. 

When comparing the pulses sent to the 
motors from Fig. 20, it is noteworthy that ro-
bots 2, 4, and 6 showed the imminent collision 
behavior during whole the simulation time. 
The area explored by each robot is shown 
in Fig. 25. The DFCM-MRS robots covered 
87.87% of the Environment III, in compari-
son to 89.94% from the FLC-MRS approach, 
travelling approximately 115 cm less in total. 

Through a brief overviewing of the proces-
sing time of FLC and DFCM controllers in the 
proposed MRS, the perception is that the DF-
CM-MRS strategy only consumed more pro-
cessing time than the FLC-MRS two times of 
nine possible. In the rest of them, it overcomes 
the FLC-MRS, significantly when using eight 
robots. This aspect suggests that this approach 
is highly scalable, i.e. making simple its imple-
mentation in larger groups or even swarms of 
robots.
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Figure 18. Pulses for Environment I with eight robots



20
Journal of Engineering Research ISSN 2764-1317 DOI https://doi.org/10.22533/at.ed.317552529048

Figure 19. Pulses for Environment II with eight robots
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INITIAL PROTOTYPE
Finally, the authors show aspects of the 

initial working prototype (Fig. 26) which will 
be used in practical experiments. The robotic 
platform has four wheels (with the same ki-
nematic model as the simulated one), uses an 
Arduino® Mega 2560, a DC motor shield, and 
an adapted battery. In addition to the three 
ultrasonic sensors, the authors opted to use 
two laser depth sensors (more precise), which 
have its data interpolated with the other ones 
to ensure that the robots will not collide. 

A real test circuit was made to verify the 
behavior of the embedded DFCM. To simu-
late a victim, a square of electrical tape was 
used, and its perception made through a color 
sensor positioned at the bottom of the robot. 
The initial results are shown in Fig. 27. This 
real environment was made in the 1:2 scale of 
Environment I, the numbers describe the se-
quence of events of the robot. 

The proposed operation is to send the vic-
tims’ GPS location when they are identified, 
and then send this information to possible 
human rescuers/fire- fighters to perform the 
rescue or plan the extraction. New additions 
in the robot platform are being made to me-
asure both linear and angular velocities, and 
perform the mapping. 

Figure 22. Environment II with eight robots

Figure 24. Environment III with eight robots

Figure 26. Initial prototype

Figure 27. Initial prototype results
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Figure 20. Pulses for Environment III with eight robots
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Figure 21. Individual and total explored areas for Environment I with eight robots

Figure 23. Individual and total explored areas for Environment II with eight robots



24
Journal of Engineering Research ISSN 2764-1317 DOI https://doi.org/10.22533/at.ed.317552529048

Figure 25. Individual and total explored areas for Environment III with eight robots

CONCLUSIONS
The results obtained from flat environ-

ments provided robots with autonomy in ex-
ploring environments in the tested scenarios 
and rescuing victims/targets. Furthermore, 
the tests refer to the understanding that the 
control using DFCM can be used in autono-
mous robots, with better results when compa-
red to the FLC controller. 

Moreover, the computational performance 
(number of iterations and processing time) 
is improved with the DFCM approach, since 
it enhances scalability in comparison to the 
FLC. Despite the fact that the DFCM approach 
achieved all its goals satisfactorily, the authors 
are working on an ACO-inspired path-plan-
ning algorithm. By employing this strategy, 

the trail left by the robots will be used as a 
repulsive pheromone to the other robots over 
a desired time. The authors expect that this 
strategy will expand the explored area, resul-
ting e.g. in less battery consumption in real-
-life applications. Another objective for future 
work is the alternative of using more robots 
in non-flat scenarios. A possible strategy to be 
investigated is the use of a user-guided robot 
to lead the others, thus aiming at less battery 
consumption. Finally, authors will focus on 
updating/changing the sensors, e.g. cameras, 
responsible for identifying victims: the robots 
will be capable of locating these targets and 
evaluate its body temperature (in fire free sce-
narios) to “medical screening” in order to save 
as many lives as possible.
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