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1.

INTRODUCTION
Emotions are psycho and physiological reactions that occur in individuals and that condition their
action in certain situations. Emotions condition the body how it perceives a stimulus of the environment and
how it acts in function of it. The emotional spectrum in humans is very broad, and affects positively or
negatively their performance in the environment.
Multiple works have been developed in the area of emotions for robots that include model
proposals, hardware implementations, and human-robot interactions based on emotions, among others. In [1],
emotions are included in a multi-robot system with the object of generating intelligent behaviors
between robots that cooperate in the execution of a specific task. In [2] is presented a hardware design for
the implementation of emotions in a robotic agent. In [3], the authors propose an emotional model that
considers multiple factors that affect emotions: stimuli, cognitive and non-cognitive factors, personality,
the subconscious of the agent, among others. [4] describes an emotional model for a pet robot, in order to
adapt it to have a natural behavior. In [5] is presented the study of emotions for robots in two domains:
the first related to the way in which robots relate to humans, and the second related to the robot's adaptation
to the environment and how emotions can improve its performance. In general, the emotions in the robots are
represented in discrete states that control the actions of these during their operation.
Journal homepage: http://ijra.iaescore.com
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This research proposes an emotional model that considers four basic emotions, which influence
the behavior of a general-purpose robot, through the direct involvement in its processes of perception and
performance, as well as in its decision making. The model is implemented in an architecture for multi-robot
systems with emergent behavior. The emotions influence the interactions that occur between robots
and between robots and the environment. Even though they are not able to recognize the emotions of
others, their responses to interactions with other robots in the system or with the environment vary
according to their emotional state. In this way, the current emotional state in a robot defines its emergent
behavior in the system.
The main difference with previous works is that we propose a general emotional model, which is
used in order to generate emergent behaviors in the robots of a multi robot system. In our case, the emotions
of the robots describe their current functional states, and they are used by the multi robot system in order to
define the actions of the robots.
This article is organized in 4 sections. The first one describes the proposed emotional model. The
second refers to its implementation. The next section presents the results of the tests carried out. To finalize,
the conclusions of the research are presented.

2.

EMOTIONAL MODEL FOR AN ARCHITECTURE FOR MULTI-ROBOT SYSTEMS WITH
EMERGENT BEHAVIOR
In [6–9] is presented an architecture for multi-robot systems with emergent behavior (called
AMEB), which is structured in three levels: one individual, one collective and another for the knowledge and
learning management (see Figure 1). At the individual level of AMEB, a behavioral module is implemented
in [10], which aims to manage the behavior of the robot. This behavioral module requires an emotional
model, which considers the set of next emotions ε = {anger, rejection, neutral, sadness, joy}, represented in
a one dimensional space proposed in [11–13], where the X axis represents the satisfaction or dissatisfaction
state of the robot in the interval [-1,1] (see Figure 2), and the emotional spectrum ranges from highly negative
emotions like anger, to highly positive emotions such as joy, plus a neutral or non-emotion. Three
sub-intervals are defined based on the relationship between emotions and individual behaviors [11–13]:
an interval related to reactive behaviors, one related to cognitive behaviors, and a third interval related to
collective behaviors.

Figure 1. AMEB Architecture [6, 8, 9]

Figure 2. Emotional model
Emotional model for a multi-robot system with emergent behavior (Angel Gil)
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The level of satisfaction of the robot is influenced by a series of factors that define the internal state
of the robot, and that are related to the operation of the robot and its performance in the environment [10]:
- Battery state (BS): is represented by the energy level of the robot's battery at an instant t.

-

where: nct = level of charge in an instant t, cb = Battery charge capacity.
Operating state (OS): represents the level of performance of the robot. It is given by the actual time of
action (ta) of the robot versus the total system performance time (tt).

-

Security state (SS): defined by the number of collisions (c) (caused by other robots or obstacles) and
failures (f) versus the total system performance time (tt).

-

Interaction state (IS): it is defined by the social or interaction capacity of the robot. It is measured by
the number of messages sent (me) or received (mr) versus the total system performance time (tt).

The robot perceives stimuli that influence the state of the mentioned parameters. This activates
the emotional process of the robot, which generates a satisfaction index (SI) that defines the current emotion
in the robot and the type of behavior associated (see Figure 3). In [11–15] are considered three types of
behavior: imitative, cognitive and reactive, which are related to a specific emotional state. In our proposal,
the same assumptions are made: negative emotions predispose the individual to problem solving through
a process that goes from the local to the collective, while the positive emotions lead to global approaches,
ranging from the collective to the individual. Table 1 presents the emotions considered in this model, their
classification, and the type of associated behavior.

Figure 3. Emotional process
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Table 1. Relationships between the Emotions and the Behaviors
Emotion
Joy
Sadness
Neutral
Reject
Anger

Classification
Highly positive
Slightly positive
Slightly negative
Highly negative

Behavior
Imitation
Cognitive
Cognitive
Reactive

As seen in the Table 1, highly positive emotions, such as joy, predispose the individual to imitate the
behavior of other team members at the moment of deciding, while the slightly positive, such as sadness, lead
to a process where the cognitive aspect predominates over the imitative aspect. Also, slightly negative
emotions lead the individual to a process of internal reflection for decision making, and finally, a highly
negative emotion as anger, leads to behaviors that are clearly reactive, where the individual seeks to achieve
their survival by reacting to the stimuli of the environment without previous reasoning. The emotions affect
the parameters of the robot; for example, if the robot is sad, then its ability of feeling will be affected; or if
the robot is happy, then its speed of movement will be greater, which will affect its perform at a given time.
The types of behavior are defined below.
a. Imitative: behaviors where an individual seeks to behave in a similar way to another, for example:
persecution.
b. Cognitive: behaviors where there is a reasoning process in order to decision-make, by the individual,
example: shelter search.
c. Reactive: behaviors where the individual seeks to survive, for example: obstacle avoidance.
The inclusion of emotions in the multi-robot system seeks to improve its adaptability to
the dynamics of the environment, as well as facilitate the emergence in the system, by modifying the way
of performing the behaviors that each individual is able to execute. The conjunction of individual
behaviors defines the overall behavior of the system, which by its nature cannot be predicted a priori [16].

3.

IMPLEMENTATION OF THE MODEL
The model is implemented in the AMEB behavioral module described in [10], which is structured in
four layers (see Figure 4), in which the processes involved in the emotional model are organized: a) reactive
layer: manages the reactive behaviors of the robot, which are generated by a stimulus - reaction process;
b) cognitive layer: deliberative behaviors are managed in the robot, based on their local knowledge; c) social
layer: it exploits the collective knowledge in the processes of decision making of the robot, basically,
it manages the way that the robot interacts with other robots in the system, as well as its associated behaviors;
d) affective layer: is responsible for managing the emotional process of the robot. The phases involved in the
emotional model are described below, based on the phases described in [11].
a. Classifier
In the proposed model, we define four basic emotions and a neutral or non-emotional state,
considering positive and negative emotions, which lead to individual or collective behaviors. In this phase
the types of emotion that the robot can activate at a certain time are defined.
b. Behavior model
The reactive, cognitive and social layers implement a set of behaviors of the robot in
the environment [10]. These behaviors are constructed by the conjunction of two or more basic robot
skills, which are closely related to their hardware and software capabilities, some of these skills are:
- Move: The robot moves forward or backward, it can be for a certain time or a certain distance.
- Rotate: The robot rotates in one direction for a given time or a given number of degrees.
- Perceiving: The robot perceives information of the environment through its sensors, as well as
information about its internal state.
- Stop: The robot can stop at any moment.
From these skills are built behaviors of greater complexity, which define the way the robot acts,
among which are:
- Explore: Through this behavior the robot is able to explore the environment at random.
- Obstacle avoidance: allows the robot to evade obstacles, which can be fixed or moving objects.
- Pursuit: it allows the robot to pursue for some time another robot.
- Shelter: the robot seeks a safe area (represented by marks on the ground), and stay in it until reaching
the desired state.
- Confrontation: Depending on your emotional state, the robot may face another, when a conflict arises for
a resource.
Emotional model for a multi-robot system with emergent behavior (Angel Gil)
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Recharge: The robot has the ability to satisfy its energy level through a search mechanism of
a charge zone.

Figure 4. AMEB Behavioral Module

These behaviors are associated, as mentioned above, to a specific emotional state, for which
the following rules are defined [10]:
Rule 1: If <emotional state> is highly positive. then <imitative_behavior>
Rule 2: If <emotional state> is positive, then <imitative_behavior>
Rule 3: If <emotional state> is slightly positive, then <cognitive_behavior_priority>
Rule 4: If <emotional state> is neutral, then <behavioral>
Rule 5: If <emotional state> is slightly negative, then <cognitive_behavior_priority>
Rule 6: If <emotional state> is negative, then <cognitive-behavior_priority>
Rule 7: If <emotional state> is highly negative, then <reactive_priority>
a. Emotional configurator
Determining the emotion of the robot at an instant t is a fundamental stage of the emotional process.
It depends on the level of satisfaction of the robot, which is given by the factors described in the previous
section. Below, it is described this process.
- Evaluation of the occurrence of an external or internal stimulus that affects the parameters involved in
the robot satisfaction index (SI).
- Determination of the values of the parameters.
- Calculation of the SI satisfaction index using a fuzzy model.
- Determination of the current emotion.
In this phase, the satisfaction index is calculated using a fuzzy system composed of four input
variables and one output variable. The input variables, as has been explained in the previous section,
represent the internal state of the robot, and are related to operating parameters. The output variable is related
to the satisfaction status of the robot, and is associated with an emotion:
- Input variables: BS, OS, SS, IS.
- Output variable: SI.
The input variables have three fuzzy sets: {low, normal, high} and the output variable has five fuzzy
sets: {anger, reject, neutral, sadness, joy}. Some of the rules that govern the system are:
Rule 1: If BS is low and OS is low and SS is high and IS is low, then SI is sadness.
Rule 2: If BS is low and OS is low and SS is normal and IS is low, then SI is sadness.
Rule 3: If BS is low and OS is normal and SS is normal and IS is low, then SI is sadness.
Rule 4: If BS is low and OS is normal and SS is normal and IS is normal, then SI is rejected.
Figure 5 shows an example of the implementation of the fuzzy model in MATLAB®. For the case
of the Figure 5, for the set of input {BS: high,OS: normal, SS: low, IS: high} was obtained the next output:
{joy}. This, according to our model describes the following:
- Battery Charging: optimal.
- Operation state: normal, the robot has been executing some task during a good part of the operating
period of the global system.
- Safety factor: Low, indicating that there are few or no collisions and/or blockages.
- Interaction factor: high, the robot has interacted with the other team members.
The robot at that moment is satisfied and the active emotion is joy.
Figure 6 shows the relationship between the battery state (BS) and state of operation (OS) variables
with the other system variables, and how they influence the output variable (SI). It can be observed, for
Int J Rob & Autom, Vol. 9, No. 3, September 2020 : 220 – 232
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example, that for normal values of BS and OS without considering the other states, the satisfaction index can
reach a maximum value close to normal, implying that the active emotion would be slightly positive.
b. Behavior selection
In this phase is modified the current behavior of the robot, as a consequence of the previous
phase. This modification involves the association of an emotion to a behavior, as is shown in Table 1,
according to the rules established in phase 2. The robot's performance is affected by the current emotion in
two specific aspects.
- The selected behavior (imitative, cognitive or reactive) of the set of behaviors of the robot.
- The performance parameters that are modified by the satisfaction index of the robot, which influence
the way in that the behavior is executed.
The performance parameters that can be modified are related to the characteristics of the robots to
be managed by the architecture [14]:
- velocity of displacement
- range of detection of objects in front
- range of detection of marks on the ground
- decision-making capacity (time to decide).
What implies that for the same behavior, different results will be obtained. For example: if the robot is in
a chase and its current emotion is joy, then it will move faster and its sensory abilities will work better that
if the robot has as current emotion the sadness.

Figure 5. Implementation of the fuzzy model

Emotional model for a multi-robot system with emergent behavior (Angel Gil)
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Figure 6. Relationship of the battery state and state of operation variables with the other factors
and with the satisfaction index

4. EXPERIMENTS
4.1. Scenarios
Different tests were carried out, in order to verify the emotional model through the variation of
the parameters in the implemented fuzzy system. In these tests, the aim is to verify the emotional
model in the robots, not focusing on the overall behavior of the system. The interactions between the robots
and of them with the environment are simulated, as well as the factors that alter their internal state.
The experimental scenarios are the following:
- Determination of the current emotional state according to the current operational state of the robots
- Analysis of the emotional behavior of a robot according to the events in the environment.
a. First scenario
We present the result of the test for the first scenario, where randomly were generated values for
the parameters that define the state of the robot, and verified that the active emotion was the expected.
Table 2 summarizes the results obtained in the first scenario, in which the emotional state of a robot was
verified, according to the factors that influence it. The BS, OS, SS and IS columns present the values of
the factors that define the internal state of the robot. As mentioned above, they have three fuzzy sets
{low, medium, high}. The SI column presents the value of the satisfaction index, which has five fuzzy sets
{anger, reject, neutral, sadness, joy}, such that its result is related to an emotional state. For example, a robot
model whose internal state is {BS: high, OS: high, SS: low, IS: high} has a high SI, so it is happy at
that moment.
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Table 2. Determination of the current emotional state
No.

BS

OS

SS

IS

SI

Emotion

1

0,7461

2

0,6625

0,8801

0,108

0,7517

0,5575

Joy

0,4443

0,4599

0,3684

0,6125

Joy

3
4

0,5233

0,7559

0,4509

0,9418

0,167

Sadness

0,2599

0,6033

0,5511

0,0172

0,4222

Sadness

5

0,962

0,7833

0,8054

0,8291

-0,5437

Anger

6

0,5402

0,1139

0,7009

0,6266

-0,0546

Reject

7

0,0303

0,9786

0,8722

0,5387

-0,5277

Reject

8

0,6963

0,8486

0,0522

0,6505

0,6423

Joy

9

0,5197

0,0506

0,2197

0,7266

0,1388

Sadness

10

0,059

0,4662

0,4596

0,0945

0,3895

Sadness

11

0,89

0,3257

0,9585

0,8776

-0,7518

Anger

12

0,3302

0,6302

0,79

0,0144

0,321

Sadness

13

0,2297

0,2303

0,4519

0,2943

-0,0485

Reject

14

0,1139

0,5799

0,3334

0,1799

0,2091

Sadness

15

0,3109

0,6032

0,0591

0,9263

-0,0368

Reject

16

0,2284

0,5999

0,7409

0,0682

0,3733

Sadness

17

0,652

0,4484

0,5068

0,5811

0,6194

Joy

18

0,0662

0,0354

0,1999

0,6372

-0,405

Reject

19

0,2754

0,5138

0,4272

0,6513

-0,3906

Reject

20

0,2818

0,4077

0,1687

0,8646

-0,2095

Reject

21

0,056

0,775

0,279

0,2822

-0,1014

Reject

22

0,8169

0,9142

0,6754

0,976

-0,4362

Reject

23

0,5289

0,7826

0,9037

0,0364

-0,6097

Anger

24

0,6944

0,2955

0,9085

0,3262

0,004

Reject

25

0,2124

0,1518

0,7472

0,973

-0,2692

Reject

26

0,5433

0,8479

0,2605

0,365

0,6661

Joy

27

0,7025

0,7849

0,6896

0,3091

-0,2271

Reject

28

0,9564

0,2708

0,1318

0,1209

0,01

Reject

29

0,4445

0,2278

0,1235

0,9158

-0,0441

Reject

30

0,0854

0,321

0,1909

0,1355

0,1272

Sadness

31

0,2336

0,3972

0,7561

0,2524

0,2451

Sadness

32

0,92

0,3257

0,9045

0,8776

-0,7518

Anger

33

0,7962

0,5707

0,0734

0,4996

0,2011

Sadness

34

0,6912

0,5718

0,8223

0,6153

-0,1566

Reject

35

0,8491

0,9201

0,108

0,7517

0,5575

Joy

36

0,9468

0,6991

0,9259

0,6983

-0,6792

Anger

37

0,5202

0,7963

0,4926

0,0293

0,0833

Sadness

38

0,9538

0,4416

0,6549

0,5279

-0,4507

Reject

39

0,0736

0,4462

0,8901

0,0321

0,2451

Sadness

40

0,207

0,4657

0,5385

0,8271

-0,4594

Reject

The fuzzy system establishes the expected emotions, according to the input variables about
the states of the robot in a given a time t. The value of the index of satisfaction in each case shows how
the level of intensity of the same emotion can vary. This could be used to affect the behavior of the individual
at the time of performing a behavior, in other words, be more precise. Thus, the robots could present different
levels of joy, and according to it, act different. Figure 7 shows different values for the same emotion in
different robots in the first scenario.

Emotional model for a multi-robot system with emergent behavior (Angel Gil)
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Figure 7. Levels of intensity of the joy emotion for 5 individuals

b. Second scenario
Below is presented the results of the second scenario, where the dynamics of a robot's emotional
state during its operation are analyzed, for which the events that cause changes in its state are monitored:
collisions/failures (C/F), the effective time of action (OT), interactions (I) and battery charge (BC). The robot
interacts with the environment for a period of time t, and the samplings are carried out every 10 units of
time. The simulation results are presented below, for which the first 100 samples carried out during time t are
taken into consideration.
Figure 8 shows the first results for the first group of samples, in a context where there is a set of
negative factors at this time in the environment, such as collisions, isolation of the robots, etc. Figure 8
shows that, for t = 0, the robot is in a neutral state. During the beginning of its performance, the robot
presents an abrupt tendency towards a highly negative emotion, this is motivated by the fact that the received
stimuli were negative (high number of collisions, few interactions, etc.). During its operation, it begins to
change its state to a highly positive emotional state, then the emotional state begins to decline, and it
stabilizes in a slightly negative state. This is due to the occurrence of factors over time that negatively
influence the state of the robot.

Figure 8. Results for the first test for the second scenario

Figures 9 and 10 show the results of the second test. In Figure 9, it is observed that at the beginning,
the robot had few interactions (I), concentrated stops in its operation (OT) in a short interval of time, and
Int J Rob & Autom, Vol. 9, No. 3, September 2020 : 220 – 232
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the discharge rate was similar, in addition to a high number of collisions (C). This should cause that
the emotional state should be highly negative emotion. With the passage of time, the social capacity of
the robot should increase steadily, the collisions should increase slowly stabilizing, the discharge rate should
low, and also the number of stops. These events should influence that the robot maintains a positive
emotional state at the end (high interactions, safe operation and stable battery charge (BC)).

Figure 9. Events that affect the status of the robot during the second test of the second scenario

Figure 10. Results for the second test for the second scenario.

In Figure 10, it is observed that at time zero events occur that lead the robot to a highly negative
emotional state, and then, a process begins that increases its state of satisfaction to stabilize in a state
highly positive. This is explained by the events that occur that affect the state of the robot (see Figure 9),
which corroborates that our emotional model considers the events in the context to determine the emotional
state of the robot.
The previous tests show the emotional process that occurs in a robot during a period of time, and
how the events that occur in the environment define its emotional state. According to the current emotional
state, the behavior of the robot can be different (see section 3). If the robot has a positive emotional state,
then it will have an imitative behavior, as, for example, to explore; if the robot has a highly negative emotion,
then it will have a reactive behavior, for example, to avoid obstacles, and so for the rest of the emotional
states. In this way is generated an emerging behavior in a robot, based on its current emotional state, which
can change during its operation.
4.2. Comparison with previous works
In this section, a qualitative comparison of the proposed model with previous works is carried out,
for which the following is taken into consideration (see Table 3): technique used, features that define
the emotion, and the application of the emotional model.
Emotional model for a multi-robot system with emergent behavior (Angel Gil)
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In [17], a system is implemented to identify the emotional state of a human being. For this,
the signal coming from an electrocardiogram (ECG) is analyzed and a series of characteristics are extracted,
which are processed in a hybrid system based on a back propagation neural network and a crossbar array.
The set of identified emotions by the system are: {angry, fear, grief, happy, and calm}. Our work uses
a fuzzy system with the goal of identifying the emotional state of a robot according to 4 factors that define its
internal state. The identified emotion is not shown to the environment, but it is used individually to regulate
the performance of the robot in the system. In both cases, the signal of the ECG and our 4 factors considered,
are affected by the interaction of the individual/robot with the environment.
In [18], a neural network is used to identify emotions based on a two-dimensional model that
encompasses a broad emotional spectrum, supported by the levels of pleasant-miserable, and arousal-sleepy
of the individual, the system is designed for humans. In our model, a simplified one-dimensional spectrum
is used, based on the level of satisfaction and dissatisfaction of the individual/robot.
The work presented in [19] implements in a mobile robot an emotional model that involves three
aspects: emotion (taken as a stimulus), feeling (considered as a short-term state) and mood (long-term state).
They regulate, as in our work, the behavior of the robot, affecting its ability to perceive and act. The robot
interacts with the environment, the information received is processed by a neural network, and the result is
the emotion that the robot will express during its interaction with the human beings. In our case, we use
a simplified emotional spectrum {happy, sad, fearful, angry}, due to the robot's processing capabilities.
In [20], a fuzzy system is used for the recognition of human emotions from signals generated
by an electroencephalogram (EEG), in order to be applied it in human-robot interaction systems.
The characteristics used as inputs to the system are extracted of the analysis of the signal. In [21] is described
a system for the recognition of emotions, also for the processes that occur in the human-robot interaction.
The system allows identifying the next set of emotions {sadness, angry, surprise, disgust, fear, neutral,
happiness} in a human, from his facial gestures. In this model is present, as in our approach, the neutral state.
According to the Table 3, only our approach uses the emotions to regulate the behavior of
the robots. The other approaches use the emotions for the human-computer interactions, they propose
emotion recognition mechanisms for the human beings in order to guide the interaction of the robots with
them. Our approach proposes an emotional model for the robots that determines their interactions and their
influences on the environment, which are fundamental elements to generate an emergent behavior in a system
[12, 16]. Our model is very robust because defines the emotions of a robot based on its internal states, which
characterize its real capabilities to interact in a given moment.

Table 3. Comparison with previous works
Work

Technique used

Features to define an emotion

Application of the emotional model

[17]

Back propagation neural network
and a crossbar array

Signals coming from an ECG

Human-robot interaction

[18]

Back propagation neural network

Colors as human behavior clues

Human-robot interaction

[19]

Spiking neural network

Gestural and facial expressions

Human-robot interaction

[20]

A fuzzy system

Signals coming from an ECG

Human-robot interaction

[21]

A fuzzy system

Facial expressions

Human-robot interaction

Our work

A fuzzy system

Internal state of the robot

To regulate the behavior of the robot

5.

CONCLUSION
We have proposed an emotional model for an architecture of multi-robot systems with emergent
behavior. The model simplifies the emotional spectrum based on four basic emotions: joy, sadness, rejection
and anger. The model is implemented using a fuzzy model and is used for the generation of emergent
behavior. Previous works have focused on the recognition of emotions, especially applied to human-robot
interaction. In this work, the approach is oriented towards the ability to identify emotion as an individual
state, which in principle affects the behavior of the robot. This influences the global behavior of the system,
but not because individuals are able to recognize the emotion in the other, but because of the individual
behavior that is generated in itself, which influences the global state. There is a robot-robot interaction
explicitly directed by the current emotion in each robot.
The inclusion of emotions in the robot allows improving its adaptability to the dynamics of
the environment, and facilitates the emergence and self-organization in a multi-robot system. Emotions
influence the way that the robot acts according to the stimuli received, and can regulate its behavior
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over time. For example, if negative stimuli prevail during its performance, then the robot will take
a certain emotional state for a certain time that will cause that it adapts itself to the environment. In this
way, it will act according to its emotional state. For example, if the robot begins to collide constantly, then
the robot will become cautious because its process of decision making will be cognitive due to its emotional
state is sadness.
The expansion of the emotional spectrum and its implementation in robots with greater capacities,
including the ability to express their emotional state, to allow other robots to recognize their state, are
proposed as future works. Also, the analysis of the effects of the emotional state of the robots in the emergent
behaviors in the system, must be carried out. The emotional states of the robots influence their interactions
and with the environment, which should generate emergent behaviors in the system.
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