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Abstract. A modular robot can be reconfigured and reorganized to
perform different tasks. Due to the large number of configurations that
this type of robot can have, several types of techniques have been devel-
oped to generate locomotion tasks in an adaptive manner. One of these
techniques transfers sets of parameters to the robot controller from a
simulation. However, in most cases the simulated approach is not ap-
propriate, since it does not take into account all physical interactions
between the robot and the environment. This paper shows the design of
a flexible controller that adapts to the different configurations of a mod-
ular chain-type robot, which coordinates the movements of the robot
using a Central Pattern Generator (CPG). The CPG is integrated with
an optimization algorithm to estimate sets of movements, which allow the
robot to navigate in its environment autonomously from the information
of sensors and in real time.
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1 Introduction

The environmental or terrain conditions limit the access that people have to cer-
tain areas, since they can convert the activity to be developed into a high-risk
one. Consequently, various robots have been proposed to reduce the accident
rate, because it is possible that they adapt to unknown environments and com-
municate with the operator.

Some proposed robotic prototypes have been adjusted according to the ter-
rain variability [15]. This variability of the terrain has allowed the authors to
fabricate mechanisms that allow the robot to have stability in diverse environ-
ments. Among the mechanisms manufactured are the; legs, tracks or wheels.
However, they still have limitations. For example, robots with caterpillars or
smooth wheels cannot recover their orientation in case of capsizing [2, 16].

A partial solution to this limitation has been the development of modular
robots, which have been used to reproduce patterns of animal locomotion from
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body movements. A modular robot is a set of two or more coupled structures
called modules. The modules can be grouped in different configurations and
generate movement patterns such as: rolling, walking or crawling [13,14,23].

The movements generated by a modular robot have been estimated using
several techniques, among which the Central Pattern Generators (CPG) stand
out. An advantage of the CPG is that it allows generating movement sets in
modular robots with arbitrary structures easily, since they can be represented
by simple mathematical expressions [8, 17,24].

These approaches have allowed us to estimate the movements of a modular
robot using simulators, which emulate certain features of the terrain or the robot
[7]. In addition, in some cases interfaces are designed that establish a link with the
real robot, to transfer to the robot sets of parameters that allow it to coordinate
its modules and thus generate different sets of movements [9, 11].

These sets of movements depend on the amount of degrees of freedom that
the robot can have. Consequently, the dimensions of the search space do not
have a certain size, increasing the difficulty in designing control mechanisms
[4, 10, 19–21]. However, different control techniques have been proposed that
allow this type of robot to perform tasks in unimpeded environments [1, 5].

The control techniques have certain limitations, one of them is that the robot
cannot adapt to irregular terrains or obstacles, from the information of sensory
perception reducing its autonomy. This article proposes a partial solution to
this limitation, through the development of a centralized controller that allows
a modular robot to generate coordinated movements in an autonomous and
adaptive way. These movements are generated by modulating the parameters of
a CPG with a Genetic Algorithm (GA), which is updated from the information
of the robot’s sensors.

The controller was implemented in the EMeRGE (Easy Modular Embodied
Robot Generator) modular robot, which is described in section 2. The adapting
strategy and the control system are shown in section 3. The experimental con-
figuration and the results are presented in section 4 and, finally, the discussion
in section 5.

2 The EMeRGE modular robot

The EMeRGE modular robot was used to perform experimental tests [12]. The
structures are assembled with homogeneous modules (Fig. 1a), which are con-
nected using magnets in mating connectors. The connectors are on the four (4)
sides of the module, of which three (3) of them have a female connector and the
remaining has a male connector.

In addition, each module has a local driver that allows it; communicate with
other modules or devices using the CAN (Controller Area Network) protocol,
control the angular position of the motor and detect obstacles with four (4) prox-
imity sensors located on each side of the module. These actions are performed
by different electronic elements, which are connected by a printed circuit to a
micro-controller (Fig. 1b).
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(a) The EMeRGE module (b) Diagram of the electronic circuit of each
module.

Fig. 1: Structure of an EMeRGE modular robot module

The printed circuit is divided into four (4) parts that are connected to each
other (Fig. 1a), which are under each face of the module to allow its connec-
tion with other modules through spring pins and pads. When connecting the
modules, a four (4) wire bus is established, of which two (2) are used to trans-
mit information using the CAN protocol and the remaining two (2) are used to
energize the local controller with an external source. 12 V.

Each pin of the four (4) wire bus is flexible and allows connecting other
devices to the robot that interact with it. This feature allowed coupling two
accessories to the robot (Fig. 2); the first is an XBEE communication module
that functions as a CAN sniffer and sends all the data shared by the modules to
a computer. The second is an ultrasound sensor that allows you to measure the
distance between the robot and an obstacle. In addition, this accessory works as
a centralized controller that modulates the movement parameters generated by
the local controllers.

Fig. 2: Modular robot accessories EMeRGE
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The link between the local controllers of the robot and the centralized con-
troller is stable once each module has executed an initialization routine. This
routine has the following functions: assign a different address to each module,
detect the status of the electronic components and assign initial conditions to
the movement parameters. In case the link is not established, the centralized
controller will not initiate the optimization routine, which will not allow the
movement parameters of the robot to be modulated.

3 CPG model used

A CPG is a model that resembles the behavior of a set of specialized neurons
and one of its functions is to imitate rhythmic movements [3]. In this project,
the CPG model based on coupled oscillators was implemented, which establishes
a way to couple the independent outputs of the equations 1, 2 and 3 [4, 6, 9].

r̈i = ar(
ar
4
(Ri − ri)− ṙi) (1)

ẍi = ax(
ax
4
(Xi − xi)− ẋi) (2)

θi = xi + ricos(φi) (3)

These equations are used to estimate an approximate value of the angular
position of each module (θi), which depends on the parameters; amplitude (ri),
phase (xi) and offset (φi). Each independent output (θi) is shared with the
neighboring modules and linked to its output value by means of the coupling
equations 4 and 5.

The equation 4 ensures that the movement of the modules converges to a
phase difference (ϕij), where φi is the independent output of the module whose
intrinsic oscillation depends on the value wij and φj represents the output of
the neighbor module. This equation expands from the current module i to the
number of neighbors j.

φ̇i = wi +

j∑
i

(wijSin(φj − φi + ϕij) (4)

θinfi = Xi +Ri ∗ cos(wit+ iϕij+φ0) (5)

The equation 5 is a representation of the output of all the modules of the
robot when they converge to an oscillating and stable state, whose amplitude
Ri, phase φ0 and offset Xi parameters are given by the centralized controller.
Finally, the equations 1, 2, 3 and 4 are solved in each local controller using the
Euler method with a step time of 300mS once the parameters of the equation 5
have been established.
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3.1 CPG Optimization

An optimization technique is a method that is responsible for finding the best
value in a set of solutions. Some of these techniques are based on iterative meth-
ods that evaluate the fitness value of different individuals and thus select the
best. Taking into account that the fitness value is a measure, which indicates
the performance of an individual when trying to solve a problem.

In this work a comparison of three optimization techniques is made, which
were implemented in a centralized controller and generate sets of movements
that allow a modular robot to move in its environment in an adaptive way.
The characteristics of the fitness function, the individuals and the techniques
implemented are described below.

Characteristics of fitness function: The function to be optimized in this
case is the distance traveled (F ) by the robot (Fig. 3a), which is shown in the
equation 6. From this equation the values Xa and Xb are the measurements
made by the ultrasound sensor before and after modifying the parameters of
the CPG. Each time the centralized controller will perform a measurement, the
robot remains motionless for five (5) seconds for the sensor to stabilize.

F = |Xa −Xb| (6)

The execution of the parameters of the CPG last 30 seconds, that is to say, each
individual is executed during 40 seconds. In this case, the parameters of the CPG
are the individuals to be evaluated and are composed of 5 different parameters,
which are: Amplitude and offset of the modules according to their orientation
and phase. The modules have two possible orientations, which are determined
by the proximity sensor of the third face. When the sensor is active during robot
initialization this module will have horizontal orientation, otherwise it will be
vertical orientation.

When generating an individual, its components are limited according to their
orientation and depend on a randomly generated number. If The generated
number is greater than 0.5, the ranges of the components are; 0 < rv < 1.0,
0 < rh < 0.2, 0 < φ < 2π, −0.2 < xv < 0.2 and xh = 0.0. In another case they
will be; 0 < rv < 0.2, 0 < rh < 1.0, 0 < φ < 2π, xv = 0.0 and −0.2 < xh < 0.2
(the subscript indicates orientation). Finally, each component is generated ran-
domly within the aforementioned ranges and when an individual is sent to the
robot each module has a filter, to classify the information and thus determine
which components of the individual correspond to their CPG parameters.

Mutation of an individual: A mutation is a change that occurs in an individ-
ual, to modify their fitness value. In this work, the mutation operator depends
on the activation of the proximity sensors in various combinations (Fig. 3b),
since, when activated, they allow the selected individual to be changed to a new
one. In another case, one of the individual parameters is selected randomly and
a random value is added between -0.1 and 0.1, as shown in the algorithm 1. This
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(a) Fitness value measured with the
ultrasound sensor

(b) Combinations of proximity sensors

Fig. 3: Sensors available in the EMeRGE robot

mutation operator is used in all the optimization techniques implemented in this
work.

P : Population
a: Individual
a← Select individual(P);
if Active proximity sensor then

a← New individual();
end
else

M ← Select parameter(a);
S ← Random (−0.1, 0.1);
M ← M+S;
a← Replace parameter(M);

end
Algorithm 1: Mutation function

Hill climbing and Simulated annealing: These optimization algorithms are
used to solve optimization problems iteratively. In both cases, the best known
individual is temporarily stored and used to generate a new one by applying a
mutation. When applying the mutation, the individual generated is evaluated
and each technique has an acceptance parameter, which are: in the case of hill
climbing [22], the best known individual is replaced by the one generated if it is
better. Similarly, the Simulated annealing technique accepts a new individual, if
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this is better than the known one. In addition, it adds a condition of acceptance
of a new individual, which depends on a temperature value determined by the
equations 7, 8 and a random number [18] (F1 =current individual, F2 = Best
individual).

4F = F1 − F2 (7)
P (4f, τ) = e− 4 f/τ (8)

Genetic Algorithm (GA): It is a population optimization technique, that
is, optimizes sets of individuals to find a solution to a problem. In this work, a
population of ten (10) individuals was optimized using the parameters described
below, following the scheme proposed in algorithm 2.

1. Initial population: The way to generate the individuals is the same as men-
tioned above, each generated individual is temporarily stored in the central-
ized controller.

2. Selection: The selection mechanism used is based on the roulette method
and its objective is to select the most suitable individuals to form the next
generation. Initially the centralized controller evaluates each individual and
then selects them.

3. Cross: The crossing of two individuals allows combining their characteristics
to form similar ones and incorporate them into the population. In this work,
a cross-over by combination of linear factors was implemented, which consists
of adding and multiplying ordered pairs of the components of the selected
individuals.

4. Mutation: The mutation of a randomly selected individual is performed in
the manner described above.

5. Generational replacement: The generational replacement is carried out di-
rectly, that is, the population saved is replaced by the population to which
the operations have been applied; selection, crossing and mutation.

d: distance traveled
P0 ← New popuation(10);
while Stop condition not active do

d← Evaluate(P0);
P1 ← Select individuals(P0);
if Random(0,1)<0.7 then

P1 ← Cross-over(P1);
end
if Random(0,1)<0.1 then

P1 ← Mutation(P1);
end
P0 ← P1;

end
Algorithm 2: Genetic algorithm structure implemented.
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4 Experimental result

The different configuration parameters of the robot and the fitness value were
stored automatically in a computer, using the CAN sniffer that was incorporated
into the robot. The sniffer was linked to an application that allows to export the
information in plain text format1.

The first test performed on the robot consisted of; connect three modules of
the structure in vertical orientation and modulate the parameters of the CPG
using the three optimization techniques in an environment without obstacles.
The results obtained are presented in a graph (Fig. 4) with three different lines,
which show the behavior of the best individual found during 150 iterations of
each technique. In the case of the genetic algorithm, it is the value of the best
individual in each generation.

Fig. 4: Trend of the best value found using the three optimization techniques.

The second test performed consists of; propose two scenarios (Fig. 6) to
determine if the robot adapts to different environments. On stage one (Fig.
6a), 150 fitness assessments were made and on stage two (Fig. 6b), 250 fitness
assessments were made. The results obtained correspond to 5 executions of each
optimization technique and are presented graphically in two box diagrams (Figs.
6c and 6d), which show the behavior of the best individuals found.

Finally, a genetic algorithm test was performed to determine if there were
sets of movements that would allow a robot to evade an obstacle above. The
staircase has two steps; The first step is 3 cm high and the second is 6 cm. To
avoid this obstacle, 50 generations of the genetic algorithm were executed, as
shown in the frames (Fig. 5).

1 The graphical user interface, the programs and steps necessary to assemble the robot
are available at the following link: https://sites.google.com/view/emergemodular
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Fig. 5: Frames of the EMeRGE robot evading an obstacle in the form of a ladder.

5 Discussion

The optimization techniques presented in this paper have been used extensively
in solving different problems. Despite this, it can be said that the contribu-
tion made with this work consists of; the implementation of these optimization
techniques in a centralized type controller, to optimize sets of parameters of
the CPG from the sensory information, which allow the operation of a modular
robot autonomously without the need for a previous simulation.

(a) The first scenario (straight cor-
ridor)

(b) The second scenario (L shape)

(c) Box plot (straight corridor) (d) Box plot (L shape)

Fig. 6: Outline of the two proposed scenarios and the behavior of the best indi-
viduals found for each optimization technique.
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Of the results presented as shown in the Fig. 4, the genetic algorithm showed
a higher performance, since it found sets of movements that allow a robot with
three modules to travel a distance of 22 centimeters. In addition, as shown in
the box diagrams, GA is a technique that finds repeatable movements, that is, it
allows the robot to generate the same movement schemes to solve a problem if it
is on the right track. However, as observed in a segment of the executions made
using the hill climbing algorithm (Fig. 7), There are sudden bursts of fitness
that allow the robot to evade obstacles, this is because the fitness calculation
is based the difference of two points and a high fitness value is assigned to a
turning movement so that the robot does not move.

Fig. 7: Fitness explosion.

Future work is based on decentralized control strategies that allow the incor-
poration of optimization algorithms that work in parallel. That is, each robot
can operate autonomously and synchronize with them forming a structure with
other modules. However, a partial problem may arise because fitness is estimated
locally. One way to improve the measurement of physical shape is to implement
an artificial vision system that allows the robot to have a better perception of the
environment. The idea is to maintain autonomy, therefore, a minicomputer will
be implemented in the robot to avoid the incorporation of an external controller.
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