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GENETIC FUZZY SYSTEM-BASED MULTI-ROBOT
COORDINATION FOR PLANETARY MISSIONS

Daegyun Choi* and Donghoon Kim'

This paper proposes a decentralized approach for a multi-robot system (MRS) us-
ing a genetic fuzzy system to perform a collaborative object transportation task
that minimizes the total path length of the MRS in unstructured environment
while avoiding obstacles. For an environment given by an elevation map, terrain
traversability analysis with respect to the slope is performed to reduce the dimen-
sion and identify non-traversable areas that can be considered as obstacles, and the
given map is converted into a traversability map in two dimensional space. In the
training process, proposed fuzzy inference systems (FISs) to generate the MRS’s
velocity for transporting an object to a target position are optimized by a genetic
algorithm with several scenarios, such as a local minima, a target that is close to
an obstacle, and a cluttered environment. The trained FIS models are applied to
the testing environment, which is the converted traversability map, and validated
using multiple scenarios.

INTRODUCTION

As increasing the interests in other planets, several space exploration missions including plan-
etary missions are planned.! Among several planets within our solar system, Mars is the most
attractive planet for human exploration because of the characteristics of Mars that provides an at-
mosphere, moderate temperatures, and the nearly identical day length, etc.>* Currently, robotic
explorations for the geological and biological information of Mars and for preparing human mis-
sions are planned.?? In particular, for human missions in Mars, it is required to construct an outpost
and/or (re)locate infrastructures to perform a long-duration scientific expedition to an extreme envi-
ronment. Those activities require robots with a transporting capability to carry an object. Up to now,
several space explorations missions have been performed by a single robot system that has multiple
functions and high-power capacity. Also, since a single robot system requires a complex mecha-
nism with multiple sensors to support various missions, it requires high cost to build and manage
and contains high risks of mission failure.>® On the other hand, using multiple and small robotic
platforms operating cooperatively and collaboratively can overcome a single robot’s limitations and
reduce risks. A multi-robot system (MRS) requires a relatively lower cost and risks due to its sim-
plicity. Furthermore, since it provides several advantages, such as greater redundancy, better system
reliability, and flexibility, an MRS is appropriate for planetary missions, especially transporting a
large and/or massive object in other planet.

“PhD Student, Department of Aerospace Engineering and Engineering Mechanics, University of Cincinnati, Cincinnati,
OH 45221, USA.

T Assistant Professor, Department of Aerospace Engineering and Engineering Mechanics, University of Cincinnati, Cincin-
nati, OH 45221, USA.



With multiple benefits of an MRS, transporting an object using an MRS has been studied in
recent decades. To tackle this problem, a multi-robot manipulation algorithm which allows the
MRS to move an object along with a desired trajectory to a goal location is proposed.”-® The robots
coordinate their actions through sensing the motion of the object without an explicit communication
network among robots, and a force consensus technique using the sensing information is applied to
achieve the mission. In the study in Reference 9, a deformable object transportation problem is dealt
with by using a leader-follower formation control algorithm. A path planning algorithm is used to
avoid static obstacles for the virtual leader, and a constrained optimization method for multi-robot
formation control is proposed. Also, in the research investigated by Alonso-Mora et al.,'? a large
obstacle-free convex region as a local planner is considered, and the parameters of the formation
are optimized by sequential convex programming. Then, a global path planning is performed via
the constrained optimization. Furthermore, various approaches for transporting an object have been
proposed using approaches for the wavefront algorithm!! and a fuzzy sliding mode control,'? etc.
Plenty of existing collaborative control strategies use a centralized controller and consider even flat
surfaces to perform missions. However, these control techniques may not be preferable for space
exploration missions in rough terrain environment. Therefore, a decentralized approach for an MRS
using fuzzy inference systems (FISs) trained by a genertic algorithm (GA) is proposed to perform a
collaborative task, which is to transport an object to a designated area with the shortest path length
in unstructured environments while avoiding obstacles.

ENVIRONMENT AND PROBLEM FORMULATIONS

Terrain information in other planets can be obtained by the digital elevation map (DEM) that is
acquired by reconnaissance orbiters, such as Lunar Reconnaissance Orbiter or Mars Reconnaissance
Orbiter. Since it is difficult to directly use the DEM for path planning, navigation, etc., terrain
traversability analysis (TTA) is firstly performed with respect to the slope at each grid to reduce
the space from three-dimension (3-D) to two-dimension (2-D). The role of TTA is to transform an
elevation map into a traversability map based on the slope information at each position.

The DEM provides the elevation data as well as the information for the center location of the
given map and a map scale as a distance per pixel. The center location is generally given by latitude
and longitude angles, and = and y coordinates corresponding to those angles are computed by lat-
itude/longitude projection. Then, a square shaped terrain patch centered at x; and y; is defined as
P={zylk=i—L,...,i+L;l=j—L,...,j+ L} over all information, where L is the positive
integer. The number of data pointin Pis N = (2L +1) x (2L + 1), and the data in P fits to a plane
in the sense of least-square approach. To find the plane, the following matrix is constructed using
the data in P as follows:!3 14
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Then, the eigenvalues of () and their corresponding eigenvectors are computed, and the normal
vector to the least-square plane is obtained as the eigenvector corresponding to the minimum eigen-
value. Thus, the slope of the plain obtained by P is calculated by!3 !4

vij = cos” ' (hy; - n3) (3)

where h;; is the normal vector to the least-square plane and nj3 is the unit vector that is normal
to the horizontal plane. When the slope at the grid is less than the threshold that is related to the
robots’ capability that maintains an object with stable attitude, this grid is assumed as a traversable
area. Through this process, the elevation map is transformed into the traversability map, which is
composed of traversable and non-traversable areas.

Figure 1: Definitions for frames and vectors

To describe motions of robots and an object, frames and vectors are defined as shown in Figure 1.
The inertial and body frames are defined using unit vectors ny and f)k for k= 1,2, and 3, respectively.
The position and velocity vectors of i-th robot are defined as x; € R? and x; € R3, and the object’s
position and velocity vectors are defined as x. € R? and %, € R3. The attitude (yaw, pitch, and roll
angles) of the object with respect to the inertial frame are defined as v, 6, and ¢ with the 3-2-1 set of
Euler angles, and its angular velocity is defined as w € R3. Given the transformed 2-D environment
(or the traversality map) through the TTA, it is assumed that all robots have a capability that makes
the object to be transported with stable attitude. That is, if no or very small rotational changes along
roll and pitch axes can be maintained, it can be assumed that the object makes the planar motion.
When each robot is assumed as a particle in 2-D space to simplify the problem, motions of the
object and all robots are described in x-y plane made by n; and ns.

With two components for the position and velocity vectors in x-y plane and one component for
the attitude and angular velocity along with z-axis made by ng3, the changes of the velocity for each
robot make the translational and rotational motion of the object. The kinematics between i-th robot
and the object’s center of mass are defined as

X; =X, +w Xr; @

where ¢ = 1, 2, ..., n. Since the object is moved on the x-y plane, the unknown states for the object
are T¢ ., Tey, and w,. Rearranging Eq. (4) for all robots in terms of the unknown states yields the
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Therefore, when each robot’s velocity vector and its position vector with respect to the center of
mass of the object are given, the object’s states are obtained by using the least square method. Then,
the position and orientation of the object are obtained by the sum of the position at the previous
time step and the velocity multiplied by the time interval, and each robot’s position information is
calculated similarly. In this research, the velocity of each robot is determined by FIS models based
on the information about a target position and the nearest obstacle. Note that non-traversable areas
in the traversability map are assumed as obstacles.

PROPOSED GENETIC FUZZY SYSTEM MODEL

The robots’ positions at every time step are determined by their velocities that are obtained by
the FISs proposed. To compute the velocity for the robots, each robot uses two FISs that have two
inputs and two outputs for each FIS as shown in Figure 2. Note that FIS1 determines a magnitude
(vi¢) and a correction angle (f3;;) for i-th robot’s velocity vector heading to the target position,
and FIS2 determines a magnitude (v; ,) and a correction angle (3; ,,) for i-th robot’s velocity vector
avoiding obstacles, respectively.
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Figure 2: Proposed FIS models

FIS1 requires each distance d; ; between i-th robot and the target position and each angle «; ;
between i-th robot’s velocity vector and the relative position vector x;/; from i-th robot’s position
to the target position as inputs. Each input is computed as
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where x;/; is defined as x; — x; and x; is the target position vector. Also, the inputs of FIS2 are
defined as each distance d; , between i-th robot’s position and the nearest obstacle’s position and
each angle «; , between i-th robot’s velocity vector and the relative position vector X,,/; from i-th
robot’s position to the nearest obstacle’s position. Both inputs for FIS2 are described as
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where x,/; is defined as x, — x; and X, is the position vector for the nearest obstacle. With those
inputs calculated by Eqgs. (6) and (7), each FIS provides two outputs, and the velocity vectors for
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i-th robot are calculated by using the outputs as follows:

Vii = [viscos(Bit + pi), vigesin(Bis + pi)]" (8)
Vio = [Vi0c08(Bi0 + pi)s Viosin(Bio + pi)]" )

where p; is i-th robot’s heading angle that represents the direction of the velocity vector of the
robot.Therefore, the velocity input for each robot is finally obtained by adding the two vectors as
Vit + Vio. In fact, each robot only utilizes the information of the robot itself to determine the
velocity input as a decentralized MRS.

For the two FISs, it considers the triangle shape of membership functions to simplify the problem
and reduce the number of parameters, and some of the edges in the membership functions and the
rules in the rulebase are optimized by the GA. The total number of parameters to be optimized is 20
for the membership functions and 54 for the rules in the rulebase. For the defuzzification process
to obtain the output value, the centroid method that is the most common method is utilized. The
training process is displayed in Figure 3.
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Figure 3: Flowchart for the training process

At the beginning of the training process, it requires the initialization for the GA parameters that
include the number of generations, population size, and the stall number of generation, etc. Then,
sets of individuals, which represent FIS parameters to be optimized, are randomly generated up to
the population size. After that, the selection, crossover, and mutation process, which are the main
contribution of the GA, are applied to sets of individuals. Once this process is completed, the eval-
uation of the fitness function is performed using the FIS models. Note that each set of individuals is
substituted into the FIS parameters for the evaluation. Among several sets of individuals, the set of
individuals that has the minimum fitness value is chosen as the best fit solution at the current gener-
ation, and it checks the convergence criteria that are defined as the stall number of generations and
the maximum number of generations. If the fitness value is not changed during the stall number of



generations or the maximum number of generations is achieved, the training process is terminated,
and the best fit solution that has the minimum fitness value is selected for the FIS models. Note that
the evaluation function for the optimization, which is known as the fitness function for the GA, is
defined as

fao=Y di+¢ (10)
=1

where d; is the total path length for i-th robot to reach the target position, and ( is a penalty that
is applied for any undesirable path. The penalty is defined as a collision between each robot and
the obstacles and a situation where any of the robots is out of the tolerance range at the end of the
simulation.

SIMULATION STUDIES
Descriptions of training and testing environments

In the field of collision avoidance (CA), there exist two well-known situations that affect CA per-
formance. A situation is called local minima where an obstacle locates exactly between the agent
and the target position, and there is a high possibility that the agent gets stuck in front of the obsta-
cle. Also, if an obstacle locates near the target position, the agent cannot reach the target position
due to the repelling terms in the CA mechanism. Therefore, this research considers two scenarios
artificially generated in order to include the aforementioned situations, and the GA parameters for
the optimization and simulation parameters for the robots are listed in Tables 1 and 2.

Table 1: GA parameters and algorithms for training

Parameters Values
Number of generations 100
Population size 64
Stall number of generations 20
Elitism ratio 0.2
Selection algorithm Tournament selection
Crossover algorithm Two-points crossover
Mutation algorithm Adaptive feasible

Table 2: Simulation parameters for training

Parameters Values
Robots’ . Initial [9, 1117, (11, 1117, 111, 917, & [9, 917 (m)
initial ~ Scenario 1 T T T T T
& arget [81, 811", [81, 79]", [79, 791" , & [79, 81]" (m)
target . Initial (81, 1117, [81, 917, [79, 917, & [79, 1117 (m)
o Scenario 2 T T T T
position Target | [25, 81.41]", [26.41, 80]*, [25, 78.59]", & [23.59, 80]" (m)
Target tolerance range 0.2 (m)
Collision threshold 1 (m)

The location of each robot is posed at each vertex around the square-shaped object with a width
of 2 m, and it considers a collision if the relative distance between the robot and the nearest obstacle



is less than or equal to 1 m that is called collision threshold. In addition, if all robots are within the
tolerance range from the target position, it regards the mission completes.

For the testing environment, it considers the Fractional Brownian surface as an alternative option
instead of the DEM because it can model rough surfaces and complex shapes of nature. The TTA is
performed for the environment to convert into the traversability map, and the non-traversable area is
assumed as the slope that is greater than 3 deg in the TTA. That is, this research assumes the MRS
can make the object with stable attitude for up to 3 deg slope changes. The 3-D elevation map and
the converted 2-D terrain traversability map are displayed in Figure 4. The elevation information of
the map is highlighted as a colored surface in Figure 4a, and Figure 4b shows the slope information
at each position. The dark grey regions are non-traversable areas that are considered obstacles
because of the slope of more than 3 deg. With this traversability map, the trained FIS models are
tested with the parameters listed in Table 3.

100

4| 90
12 80 = "'
E 3
< 1 70 '
§ 2 60 .,
r} 1 08 £ 4 2 .
- - 06 B 40 L -
100 3 - 30 .“ 5
e, | “ T e
= 02 10 2<§<:3(deg)
= v>3(deg)
0 \ T i 0
0 20 40 60 80 100 0 2 40 60 80 100
x (m) x (m)
(a) Elevation map (b) Terrain traversability map
Figure 4: Testing environment
Table 3: Simulation parameters for testing
Parameters Values
. Initial | [15, 11.4117, [16.41, 1017, [15, 8.5917, & [13.59, 1017 (m)
Robots’ Scenario 1 T T T T
initial Target [31, 81]*, [31, 79]*, [29, 79]" , & [29, 81]" (m)
& Scenario 7 Iitial [71,9117, [71, 8917, [69, 8917, & [69, 9117 (m)
target Target [14, 617, [16, 61", [16, 417, & [14, 4] (m)
position . Initial (11,4117, [11, 3917, [9, 3917, & [9, 41]* (m)
Scenario 3 T T T T
Target | [90, 31.41]", [91.41, 30]*, [90, 28.59]*, & [88.59, 30]* (m)

Simulation results

With the parameters in Tables 1 and 2, the training process using the GA is performed, and the

training results are displayed in Figures 5 - 8. Scenario 1 shown in Figures 5 and 6 considers the
situations for the local minima and the target that is close to an obstacle, and Scenario 2 shown in
Figures 7 and 8 considers a cluttered environment with multiple obstacles.



(a) Distance between the robot and the nearest obstacle

Figure 6: Time history results for the training scenario 1

(b) Object’s attitude information
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Figure 5: Trajectory results for the training scenario 1
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Figure 7: Trajectory results for the training scenario 2
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Figure 8: Time history results for the training scenario 2
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Figures 5a and 7a show the trajectories of the MRS that reaches the target position without colli-
sion, and the total path length of the MRS for each scenario is computed as 419.03 m and 369.23 m,
respectively. Figures 5b and 7b show the MRS’s initial and final position and the object’s orienta-
tion change, and one can see that the MRS locates within the target tolerance range. Here, the edge
between Robot 1 and Robot 4 is highlighted as a red-colored line to easily describe the orientation
change of the object in the 2-D trajectories. In addition, figures 6a and 8a show the relative distance
between each robot and the nearest obstacle, and no collision occurs for both scenarios since the
MRS is more than 1 m (collision threshold) away from the obstacle while moving. For the object
to be transported, the orientation information of the object over time is displayed in Figures 6b and
8b. To achieve the shortest path for the MRS, it is expected that the object’s orientation is linearly
changed. Here, trend of the orientation changes for two scenarios is roughly observed in linear fash-
ion, but some fluctuations are happened while avoiding obstacles. After passing by the obstacles,
the MRS adjusts its velocity and finally meets the target conditions.

100 15 85
’ ® Robot 1 ® Robot 1
90 . 14l ® Robot2 84l ® Robot 2
mgm ® Robot 3 ® Robot 3
80 % F ] Robot 4 Robot 4
\,3) 13t g3l I Target range | |
70 g
a »
o
60 Q ., 12 82
B s ¥ . E B
-~ 50 g > >
" 3 . 11 81
& n
& _
30 < 10 ¢ 80
(&
20 < Start
o ® Target 9r 79+
10 s © ®  Obstacle
* Nearest obstacle
0 8 . . . 78 . . .
0 20 40 60 80 100 13 14 15 16 17 28 29 30 31 32
X (M) x (m) x (m)

(a) 2-D trajectory (b) Robots’ initial and final position

Figure 9: Trajectory results for the testing scenario 1

Testing conditions listed in Table 3 are applied to trained FIS models in the environment that is
the traversability map shown in Figure 4b, and the results are displayed in Figures 9 - 14. The MRS
in all scenarios successfully arrives at the target position with no collision as shown in Figures 9a,
11a, and 13a, and the total path length of the robots in each scenario is calculated as 351.84 m,
419.09 m, and 328.59 m, respectively. Figures 9b, 11b, and 13b show the initial and final position
of the robots, and it is shown that each robot is located in the target tolerance range at the final
time. From the time history of the relative distance for the MRS as shown in Figures 10a, 12a, and
14a, it is observed that all robots avoid obstacles well without collision. In addition, Figures 10b,
12b, and 14b show the object’s attitude information that is geometrically calculated by using the
robots’ x and y position and the elevation information corresponding to the robots’ position. As
shown in the figures, the roll (¢) and pitch () angles are observed within 3 deg, and it means that
the MRS can stably transport the object to the target position. Similar to the training scenarios, the
approximate trend of the yaw angle change seems linear, and some fluctuations are observed near
obstacles. However, in the case of Scenario 1, the yaw angle of the object reaches about zero angles
around 40 sec, and it changes again. In fact, after passing by the first group of obstacles in the
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Figure 11: Trajectory results for the testing scenario 2
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Figure 12: Time history results for the testing scenario 2
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Figure 13: Trajectory results for the testing scenario 3
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Figure 14: Time history results for the testing scenario 3

bottom-left in Figure 9a, the MRS adjusts its velocity between 30 and 40 sec and then goes toward
the target position directly. However, since obstacles are close to the target position, the magnitude
of repelling velocity (v; ,) increases after 40 sec. For this reason, the MRS does not go to the target
position directly, but it reaches the target position although the MRS detours. In both training and
testing results, the smallest relative distance between the robots and the nearest obstacle is observed
in Figures 8 and 14, and this represents there is a high collision risk in the cluttered environment
with multiple obstacles.

CONCLUSION

This paper proposes a decentralized multi-robot system (MRS) to perform a collaborative object
transportation task in an unstructured environment via the genetic fuzzy system (GFS). The training
process is performed in the artificially generated environment with three situations that include
the local minima, the target that is close to the obstacle, and the presence of multiple obstacles.
With the trained FIS models, another environment that is generated by the Fractional Brownian
surface is considered as testing scenarios, and from the train traversability analysis, the given map
is transformed into a traversability map that is composed of traversable and non-traversable areas
assumed as obstacles. The testing results show that the MRS for all scenarios successfully transport
the object to the target position without collision. In addition, this proves that the GFS framework
is a good approach for the decentralized MRS to achieve a common task. As future work, the
equations of motion of the robots and realistic environment, such as the digital elevation model of
Moon or Mars, will be considered, and the consumed energy for each robot will be added to the cost
to manage the energy.
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