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Abstract. Growing interest in robot colony has led to initial experimental 
applications in biology, sociology, and synecology. Especially, it is noticeable 
that some researchers have tried to study on robot colony using evolutionary 
computational. In this paper, we present an evolutionary robot colony model 
and analyze their behavior for leadership characteristics in group of robots. 
Each robot has its own social position: leader, follower, and stranger. Leaders 
have responsibility of the existence of its group while followers choose their 
behavior going after their leaders’. Strangers behave independently without a 
leader or a follower. Transition between social positions is controlled by simple 
rules and probability, and behaviors change adaptively to the environment using 
evolutionary computation. Simulation has been conducted with 2-D based robot 
simulator Enki of EPuck mobile robots. Through experiments, we have found 
that the more centralized structure emerges in the evolutionary robot colony 
with a few leaders and safety behavior policy when facing with a difficult 
condition.  
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1   Introduction 

Recently, multiple mobile robots based analysis method is actively applied for 
different research areas. In the initial stage, more efforts were put on making robots 
intelligent so that they can choose their own behavior adaptively to the environment 
like robot soccer field [1]. This has been connected to a research area that tries to 
learn from multiple robots’ behavior rather than the reproduction itself such as 
communication and information suppression between robots [2], [3]. The aim of this 
sort of research is to explain phenomena and to get insight from their behavioral 
development. In this respect, studying emergence of leadership behavior and 
development of social structure in robot colony is also one of interesting and 
untreated topics.  

Krause defined leadership as the emergence of new behavioral pattern by some 
entities that are promptly accepted by other group members [4]. Analogous to Krause, 
Robbins describes leadership as the exerting one’s influence to other entities for 
achieving a specific goal [5]. So we can redefine that leadership is a power of 
influence that exert voluntary acceptance to other entities for a definite aim with a 
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new behavior strategy. This leadership was steadily observed from not only human 
beings but also animal colony such as primates, canids, birds and fishes [6]. Some 
researchers extended to build a computational model that captures a leadership 
behavior from colony’s moving.  

In this paper, we investigate the emergence of leadership behaviors and 
developmental aspects from mobile robot colony with evolutionary behavior. Robot 
can have three different social status, leader, follower, and stranger, and adaptively 
use this social relation to survive in the competitive world. The robot’s behavior is 
manifested by evolutionary neural network which is the source of the development of 
new behavior. We design two experimental groups based on the level of risk: high-
risk and low-risk assignments. From the independent simulation results, we analyze 
the developmental aspects of social structure and leadership behavior, and also 
investigate which environmental characteristics are favorable for the emergence of 
leadership in mobile robot colony.  

2   Related Works  

Research on the evolutionary robot colony can be divided into two areas based on the 
main focus: one is research on the activity and the other is communication between 
robots. For an example of the research on communication, Floreano et al. analyzed 
how robot colony develops the way of communication when they found food or 
poison with embedded LED sensor [2]. They utilized neural network for the control 
of robot’s movement, and experiment with different selection method and grouping 
mechanism. As an extension to Floreano’s study, Mitri et al. found that robots deceive 
other entities when their interests conflict with each other [3]. This was shown by the 
emission of light nearby poison.  

On the other hand, diverse characteristics that lead leadership also were analyzed in 
animals, human beings and even digital organism. Cozin et al. indicated that the 
difference in information each animal has is the primary motive for the pattern of 
mass movement [7]. Similarly, situation of neighbor entity was known to the key 
factor which decides an entity’s movement in its group [8]. As well as the findings of 
animal behavior, Dyer et al. revealed that the size of group, spatial structure of the 
group, and the a few entities who have information decide the emergence of 
leadership behavior in human groups. Especially, they suggested that groups can 
achieve the goal when a leader is located in the center or the each corner. Last, 
selection method can make a difference in leadership behavior from the experiment of 
digital structure [9]. Based on these previous researches that dealt with leadership and 
mobile robots, we focus on the developmental aspect of leadership behavior given 
two different settings.  

3   Modeling Evolutionary Robot Colony 

3.1   Overview 

The proposed simulation model consists of three parts as shown in Fig. 1: socializing 
module, artificial working space, and evolution engine. Socializing module creates and 
eliminates small robot group and changes each robot’s social status based on the simple 
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predefined rules in a stochastic way. These social relations between each mobile robot 
are inputted in the artificial simulation space. In the artificial working space, each 
colony and individual robot competes with each other to achieve a goal which is 
realized as hunting a prey robot. Based on the simulation results, a child robot with new 
strategy created from excellent parents robots is generated and replaced with the one 
eliminated from the robot colony. This evolutionary computation is controlled by 
evolution engine with selection, crossover, and mutation operation.   

 

Fig. 1. Evolutionary robot colony framework 

3.2   Social Position 

Mobile robots in the proposed model can take a social position among leader, 
follower, and stranger. Leaders are responsible for the survival of its own colony. 
Leaders decide their own behavioral strategy which affects the followers’ behaviors. 
No robots are allowed to become a leader without at least follower. Followers choose 
their behavior based on the changes in environment and their leaders. Strangers do not 
belong to any colony. Strangers act by themselves not considering any other robots 
similar to leaders. However, strangers do not take responsibility nor gain any help 
from other entities. Robots can choose collective or independent activity considering 
their situation. Initial social position is set to a stranger for all robots.  

Group G consists of a tuple, a leader L and a set of follower F, G=<L, F>. We 
assume only a leader can take a group. So given G has at most one leader, n(L) = 1, 
and at least one follower, n(F)>=1. Group is broken up when a leader is eliminated or 
no follower exists. A follower can follow only one leader at a time, but the change of 
its leader is allowed.  

 
 

Fig. 2. Six possible changes in social position. (A) Elimination of the leader robot. (B) 
Incapable of self-sustenance. (C) Elimination of all followers. No followers. (D) Emergence of 
a follower. (E) Get higher efficiency than the leader. (F) Emergence of a more efficient 
follower. 
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Fig. 2 depicts all possible changes of robots’ social position. This transition divided 
into voluntary transition and compulsory transition. Voluntary transition happens for 
taking advantage of survival such as being a follower when no sustainable capability, 
and being a stranger when a leader is incapable. On the other hand, compulsory 
transition happens due to the structural changes like group’s or robot’s extinction. 

We need to decide a guideline for some transitions of social position. For example, 
a robot should be able to decide when it follows more efficient entity. A robot also 
should be able to choose when it stops following or changes a leader. For this 
purpose, we design a transition mechanism in a stochastic way. An index that can 
guarantee appropriate decision is vitality of a robot entity in the artificial world. When 
vitality Vital is given, we can calculate the transition probability from stranger to 
follower is as (1) where nn is the size of colony. 

 
 

(1) 

Even if a robot decides to be a follower, it does not always guarantee an organization 
of a group. Becoming a leader can also be affected by the current situation, the 
amount of difference in vitality between the potential follower j and the potential 
leader i. The probability of emergence of leader is defined as (2) by considering the 
relative vitality gap between i and j. 

 
 

(2) 

When following the current leader is not beneficial for its survival, a robot can change 
a leader or be a stranger. The probability a robot changes its leader is decided based 
on its vitality and average vitality of members in the other groups as (3) where nk, nj is 
the colony size of k, j, respectively.  

 
 

(3) 

If the calculated probability is lower than threshold, a follower changes its social 
position into stranger.  

3.3   Behavior Control and Evolution 

Mobile robots’ behavior pattern is realized by the control of speed of both left and 
right wheels. So it is important to define an adjusting mechanism of wheel speed. In 
this work, we use a neural network model for dynamic and flexible behavior strategy 
as shown in Fig. 3.  

Neural network model consists of 8 input nodes, 2 output nodes and 16 weights 
which connect inputs to outputs. All robots use distance, relative location to prey 
robot and velocity of prey robot on x and y axis as inputs. Follower robots 
additionally get distance, relative location, velocity of a leader robot. These inputs 
about a leader and weights are disregarded by leader and stranger robots in the 
calculation of its wheel speed. Each observed input values are normalized based on its 
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Fig. 3. Structure of neural network for control of robot behavior 

maximum and minimum values. In the output nodes, the output is filtered by sigmoid 
function and actual wheel speed is calculated by multiplying filtered value and 
maximum wheel speed.  

We achieve robots’ adaptive behaviors by using the basic evolutionary 
computation operations such as selection, crossover, and mutation [10]. The search 
space is the weights value between input and output nodes. We do not invite the 
structure of neural network, but we try to find appropriate weights in the fixed simple 
network structure. 

First, entities which are efficient within 50% based on fitness value are selected for 
the generation of new strategy. We used 3-point crossover to create a new strategy 
from parent strategies which is for a robot that is inserted in the artificial world. The 
reason for the application of 3-point crossover is to minimize the effect from the 
difference by social status. Finally, through mutation new strategy is finalized. 
Mutation is also applied for the strategy of less efficient robot entities in order to lead 
positive changes.  

 

Fig. 4. Eight directions in the artificial world 

4   Experimental Design 

4.1   Assignments Design 

The goal of mobile robot with two wheels is to survive from the artificial 2-D 
simulator by hunting a prey robot P. As described above, each robot cooperates or 
competes according to its social position. Robot is randomly placed with the same 
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distance from P located in the center regardless of its group or social position. Robot 
has a head which becomes a direction of vision field. The direction is divided into 8 
subareas represented in real number depicted in Fig.4. NE, NN, and NW have positive 
value while SW, SS, and SE have negative. 

Physical collision in the given time determines success or failure in the designed 
hunting situation. The robot entity that touches P takes possession from the successful 
hunting. If this robot belongs to a group, prey is shared with the members; a leader 
takes large proportion. If a stranger catches P, it takes all. 

Robots sometimes are injured in the hunting process. In case of head-on collision 
with the prey, robots get damage from injury. When a robot bumps into P, the angle 
of moving directions determines the extent of injury described in (4). 

 
 

(4) 

Fitness value Fitness of entity i is defined as (5) 

 
 

(5) 

where Dist(i, p) indicates the distance from P to i where Vsuccess and Vgroup mean the 
gain when it or its group member successes. Both Vsuccess and Vgroup are activated in 
case of success, and Vsuccess is always higher than Vgroup. Fitness value increases 
robot’s vitality while the default cost for living Energycost decreases it as shown in (6).  

  (6) 

When vitality has negative value, the robot is eliminated from the artificial space with 
its social position. Stranger robot with new behavior strategy replaces the elimination. 

4.2   Settings 

We design two different experimental groups according to the difficulty of the given 
assignment. In the high-risk environment the fitness value is sharply reduced by 
injury whereas the decrease exists but not very crucial for survival in the low-risk 
environment. Earning is far much larger in highly risky prey than the one in low risky 
prey. To make difference between two preys in the artificial simulation world, we 
make risky prey turn its head faster than the easy prey. 

Simulation has been conducted with 2-D based robot simulator Enki 
(http://home.gna.org/enki/) of EPuck mobile robots (http://www.e-puck.org/). Each 
experimental group has been tested five times for each on Ubuntu 10.04 with C++ 
programming language. 100 seconds was given for 10 robots to hunt the prey robot 
within 150x150 size of artificial space.  

5   Results and Analysis 

We have analyzed the behavioral strategies, social structures and characteristics of 
leadership in evolving robot colony. At first, Fig.5 shows the changes in maximum, 
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average, and minimum value of vitality for difficult and easy assignments, 
respectively. The vitality waved with short period in the low-risk environment 
whereas a leader and group existed for relatively long time in the high-risk setting. A 
few powerful leaders emerge in the difficult situation rather than the safe 
environment. This result was due to the level of competition. In the high-risk 
environment, competition between robots was not harsh so less competitors emerged 
who can potentially threaten the position of the current leader.  

Fig. 6 shows the developmental aspect in the ratio of social position in the robot 
colony. As seen in Fig.6 it showed a chaotic fluctuation until the generation 2000 in 
both settings. This result is attributable to the time taken for the emergence of 
successful hunting strategy. From the middle stage, the difference in social structure 
between two settings is clearly come out. Multiple groups formed frequently by 
multiple leaders in the low-risk environment. In the high-risk environment, however, 
a group maintained with many loyal followers. Similarly, the number of strangers 
which independently behave is larger in the first experimental group. 

 
(a) Low-risk environment (b) High-risk environment 

Fig. 5. Changes in average vitality of robot colony for each experimental group 

 

 

 
(a) Low-risk environment (b) High-risk environment 

Fig. 6. Changes in the social position of robot colony 
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Result of the actual moving pattern depicted in Fig. 7 is also coincident with the 
previous results. Robots tended to show active and straightforward movement in the 
low-risk environment while passive behavior patterns came out in the high-risk 
setting. It seems that leaders gave influence on followers in a way to suppress. These 
results imply that harsh condition can lead more powerful form of leadership. The 
more robots decided to follow a heroic leader rather than facing high risk. On the 
other hand, less powerful but more number of leadership emerges in the lowly risk 
condition. Observation of the more number of independent behaviors supports this 
implication.  

6   Conclusion and Future Works 

We have analyzed the leadership behavior using evolutionary robot colony. Neither 
leadership nor evolutionary computation is new research area, but it seems certain that 
leadership in the evolving robot colony is attractive and interesting topic not touched 
so much, that can be connected to the more research on robot sociology. In this paper, 
we have designed the artificial robot colony. The robots are classified into three social 
position based on their own choice, and their behaviors are controlled evolutionary 
neural network.  

For the short-term future work, we are trying to bring out simulation-level work 
into the reality. By utilizing a tracking system of mobile robots we are building, we 
can analyze the behavioral pattern with real mobile robots. Along with this we will 
work how robot can guess a neural network structure or probability model of other 
robots when their physical observation values are given. 
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