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Resumen

This paper proposes a solution by genetic algorithms to the problem of
planning a robust and suboptimal trajectory in the velocity space of a mobile
robot. Robust trajectories are obtained introducing cumulative noise in the
evaluation of the fitness function and introducing modifications in the genetic
algorithm to taking into account this new feature. Results are presented that
show the performance of the algorithm in different environments and the
influence of the noise in the planned trajectories.
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1 Introduction

The problem of path planning for mobile robots has been addressed with many
techniques, both algorithmic ([5]) as evolutionary ([7, 4, 6, 1]). Most of these
approaches solve the problem in the robot configuration space (usually defined by
means of itsc and y position and it¥ orientation). In this case, the solution is
presented as a continuous sequence of space configurations (a path in the plane)
that does not collide with obstacles and connects the initial and final points. A path,
however, does not solve directly the problem of moving the robot, since it lacks
of an associated time law (different linear and angular velocities may generate the
same path).



In order to completely solve the problem a sequence of velocities must be
planned, searching not the configuration space but the velocity space (in the case
of synchro-drive robots, as the one used in this work, these velocities #ne
linear velocity andv, the angular velocity). In this new space obstacles can not be
defined geometrically, and many of the algorithmic techniques defined so far can
not be applied. Additionally, for a great number of robots, is needed to impose
constraints thatlocally reduce the dimensionality of its velocity space. Forinstance,
arobot that moves like a car, as it is the case of synchro-drive robots, can not move
laterally and has a limited turn angle. This problem is called trajectory planning
with nonholonomic constraints, and it is a research field in the areas of control and
robotics [5, 3, 2]. All the solutions proposed so far have two important problems:

1. Suboptimal solutions: most of the algorithmic techniques that solve the
problem of nonholonomic motion planning find a trajectory, but they do not
consider practical issues like temporal cost of the trajectory, regularity, etc.

2. Trajectory robustness: once the trajectory is planned, it has to be executed
in a real robot, having to consider the uncertainty in the plan execution.
This uncertainty is due to noisy execution of velocity commands and the
error associated to odometry. This type of uncertainty is cumulative, so long
trajectories suffer more than short ones.

For this reason, planned trajectories have to be robust, in the sense that the
introduction of small changes in them do not change too much the final
result. This feature of robustness is not guaranteed by any approach used so
far to solve the problem.

In this work a solution to the planning of nonholonomic trajectories using ge-
netic algorithms is proposed. This solution addresses the problems treated above.
The search of the best trajectory according to some criteria will be done by intro-
ducing the criteria in the fitness function, and the robustness will be accomplished
by introducing in the fitness function a term of gaussian cumulative noise.

2 Problem formulation

In this section we formulate the motion equations of a synchro-drive robot. The
coding of the planned trajectories and the fitness function are based on these equa-
tions.

The state variables of the mobile robot are its positiony{, its orientation
(0) and its angular and linear velocities &ndv, respectively). We consider the
angular and linear accelerations as constanty @,). They tend to be low in real



mobile robots implementations, in order to not tension the physical structure of
the robot and to obtain smooth movements. Due to this, the acceleration have to
be considered in order to obtain results that can be applied to real robots.

We use the variables, y ¢, to model the robot control commands. They take
discrete value$—1, 0, 1} and define if, for a given time, the velocities have to be
decremented, not modified or incremented. The increment of the velocities will
be given by the acceleration constants.
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The position and angular direction of the robot at a given time are modeled by
the following equations.
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These equations can be simplified if it is assumed that the robot has to be
controlled discretely, with control intervals of time, being the control variables
¢y Y ¢, constant for a given time interval. In this way, the former equations can be
simplified
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So the problem of finding a trajectory in a velocity space can be formulated as
the search of a temporal sequence of values for the comnaanyds,
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that makes the robot move from the initial configuration= xg, y = yo, 0 =
o, v = 0,w = 0,1 = 1p) to the goal positiortx = xgpj, y = yopj, v = 0, =
0, t = t,). Note that robot has to finish in a static configuration and that we do not
impose any restriction for the final orientation.
As additional constraints, we try to minimizgand to obtain a robust trajectory,
in the sense above stated.

3 Trajectory planning using genetic algorithms

We have chosen genetic algorithms to generate robot trajectories mainly for two
reasons: firstly, they are a powerful tool for searching in high dimensional spaces,
like in this case. Secondly, the method imposes few mathematical constraints in
the shape of the function to optimize. In this way, this method is applicable to the

generation of a wide range of behaviors (obstacle avoiding, wall following, etc.).

3.1 Solution encoding

Each individual in the population represents a trajectory starting from the initial
point and trying to reach the final point. Not only a sequence of coordinates
connecting the initial and the final point is needed, but also linear and angular
velocities must be specified. So, achromosome is a string ofipairseepresenting
reference linear and angular velocities for the robot at each point.

((Utl, wtl), (Utg, wtz), ceey (Ut,,, wt,))
This sequence has to be converted into velocity commands like those in the
section 2 to be executed on the robot.

3.2 Fitness function

Fitness function measures the optimality of each trajectory considering two fac-
tors: the distance between the final robot position and the goal point and the time
invested.

[ = adopj(ty, o) + Bty

where:



o dobj(t,0) = \J(X(t,0) = Xop)? + (Y (1, 0) — Yobj)? + V{1, 0)2 + (1, 0)?
represents the euclidean distance in the space, v, w) between the goal
point and the final robot position

e 1, represents the time invested in reaching the final point
e «, B are weighting coefficients

To ensure that infeasible individuals (i.e., trajectories intersecting with obsta-
cles) get aworse (greater) fitness than feasible ones, the fitness of the worst feasible
trajectory is added to each of the infeasible trajectories.

Thev(t, o) ande(t, o) functions represent the linear and angular velocities,
respectively, which are obtained introducing gaussian noise with standard deviation
o in the equations (1) and (2):
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Theyx (z, o) andy (¢, o) functions represent theandy values obtained using
those velocities. The noise term(z, o), models the uncertainty in positions and
velocities which would take place if the commands were executed on a real robot.

From an evaluation point of view, this uncertainty means that an individual will
have not a unique fitness value. We have adopted the strategy of evaluating each
individual N times and setting its fitness to the worst value obtained. This approach
is addressed to promote robust trajectories. To avoid improving an individual
fitness accidentally with the introduction of noise, we also evaluate each individual
in absence of noise.

4 Genetic operators

e Crossover: this operator recombines two trajectories. A random crossover
point is calculated independently for each parent, and the right part of the
chromosome is exchanged between the two parents. This method produces
variable length individuals, which are able to grow and eventually reach the
goal point.

e Mutation: each mutation consists of adding a random value from a normal
distribution with 0 mean and variance equal to 5 m/s to a gene value (which
a variance equal to 5 degrees/s for angular velocities).
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Figura 1: Results obtained in several environments without noise.

5 Results

5.1 Results obtained in several environments without noise

Figure 1 shows two trajectories which were generated using the genetic algorithm
in two different environments, without noise in the fitness function. The param-
eter setting was the following: population size= 100, generations = 100,
crossover probability. = 0.75 and mutation probability,, = 0.01.

It is interesting to note that these trajectories usually reach high velocities, but
passing too close to obstacles. A real robot following these trajectories would
probably collide with the objects in the environment.

6 Results comparison with and without noise

In order to check the effects produced by noise introduction in the features of
the obtained trajectories using the evolutionary algorithm, several tests have been
performed in the same environment (figure 2), without changing the parameters
between runs, except standard deviatoaf the gaussian noise. Table 1 reports
the obtained results averaged over 20 runs with each noise level. The parameter
D,,in, represents the smallest distance from the robot to the obstacles along the
trajectory. The parametéf,,, is the average linear velocity.

As can be seen in table 1, noise forces trajectories to pass farther from obsta-
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Figura 2: Results obtained for tleerridor environment

cles. Noise-free trajectories achieve faster average velocities because they have no
distance constraints (figure 2), but noisy trajectories are more robust and safer if
they have to be executed on a real robot.

PARAMETER | NOISE LEVEL (o)
0.0 0.04 | 0.1
Dyin(cm) 38.2 | 39.8 | 43.8
Vavg(cm/s) 51.31| 50.92| 46.4

Tabla 1: Results obtained for tleerridor environment.

7 Conclusions

We have presented a solution to the robust trajectory planning problem, using an
evolutionary algorithm that searches in the velocities space. We have obtained
satisfying results and the robustness of trajectories is improved in comparison with
other methods.

A cumulative noise term has been introduced in the fitness function and the
evolutionary algorithm has been adapted to find a suboptimal and robust solution

to satisfy this function.



Future work includes to modify the fitness function to plan trajectories corre-
sponding to various schemata of local behavior, as wall following or navigating
throughout corridors. The resulting trajectories will be used to learn a local con-
troller capable of guiding the robot using the sensed data. We are also exploring
some alternatives in solution encoding to obtain better results in environments with
strong local minima.
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