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Abstract. Robotic arms have played a significant role in industrial and
technological development, automating several jobs efficiently. Its main task is
the tracking of defined trajectories, for which it uses a model known as inverse
kinematics. This work uses linear genetic programming to solve the trajectory
tracking in robots of 3 degrees of freedom with the least amount of information
possible. The efficiency is analyzed on the requested route and evaluating the
resulting model on different paths. This work demonstrates the tendency to
optimize the local minimum and how the results are only valid for the optimized
route due to the lack of information about other possible points or trajectories.
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1 Introduction

Robotics is the study and design of multifunctional manipulators, capable of moving
materials, parts, tools, or special devices, according to variable trajectories,
programmed to perform various tasks [1]. However, this branch of science has
transcended throughout history, showing scientific and technological advances applied
to multiple areas of knowledge [2].

The kinematics considers robots as input-output systems, where the articular
variables or inputs are associated with the movement of each motor independently, and
the output or Cartesian variables describe the position and orientation of the end
effector [1].

Being of interest inverse kinematics (IK onwards), to know the position and
orientation of the end effector, in this way, it is possible to see the status of each joint
and its movement to follow a given path [3].
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Fig. 1. GP operation in natural selection cycle [8].

There are deterministic methods to obtain the IK model that defines each robot;
however, this process becomes complex with increasing degrees of freedom (DOF
onwards) [4].

Machine learning allows solving high complexity problems automatically, being an
alternative to solving the IK model. Genetic programming algorithms (GP onwards)
are backward search algorithms that can solve problems under an unknown operation,
also called black-box testing. However, GP only covers the structural search and not
the content of the solution [5- 7].

The GP algorithm follows the natural selection cycle of evolutionary algorithms, as
shown in Fig 1.

GP conventionally uses individuals defined as a tree structure. However, individuals
of linear GP with equation structures produce a lower computational cost [8].

1.1 Related Works

In recent years the works that describe the IK model produced contributions using
algebraic models for tool manipulation [9], a human arm description using the integral
workspace [10], and even mimicry mechanisms for the path of the arms in an NAO
robot [11].

On the other hand, computational science tries to solve using neural networks [12-
14] and genetic algorithms [15, 16].

Some works identify the arm trajectory of an NAO robot using IK [18], the IK model
obtained with iterative methods [19, 20], as well as specialized controls in the upward
approach of robotic arms using the Jacobian [21] and offline strategies [22].

These problems have been transferred to parallel robots [23], human-robot
interaction interfaces [24] and movile robots [25].

The GP properties give a proposal to cover the problem described. This method
reported [26] highlighted the benefits of this method. However, it was not until the
works [17,27] that the proposed method was applied, finding an approach of the IK
solution in 6 DOF robots.



2 Theoretical Framework

A robot manipulator composition includes joints and links; the links are the rigid
structural elements, while the joints are the existing connections between links, which
allow the relative movement between them; each joint adds DOF to the robot,
depending on its morphology [1].

Kinematics is the science that analyzes these structures, in this case, called robots,
and their movements in space independently of the force that generates them [4].

2.1 Inverse Kinematics

The inverse kinematics approach produces nonlinear and coupled equations for
describing the three-dimensional motion in conjunction with orientation in a Cartesian
space [2].

This procedure needs to obtain the homogeneous matrices describing each link under
the Denavit-Hartenberg convention and thus obtain the inverses of these matrices [1].

These matrices premultiplied the transformation matrix described in (1):
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Applying the process in (2), are obtain a set of cleared equations for each joint:
(AO)L* T=A* A 2

Path following. Most robot applications require a proposed route, approaching the
search of trajectories from different points of view [4].

One of the problems is the search for the optimal path [28]. Other works focus on
the lower consumption of resources by the motors involving the dynamics of the robot
[29] and the smooth path approach for specific applications [30].

2.2 Linear Genetic Programming

The GP is an evolutionary algorithm specialized in developing computer programs
to solve given problems; this algorithm is a specialization of the genetic algorithms
with the difference that the individuals used are complete programs [5, 31].

These algorithms are inspired by the adaptation of species and follow the cycle
shown in Fig. 1.

The algorithm starts with initializing the population of individuals representing
possible solutions; evaluation of the fitness. Then the tournament selection takes
individuals better able to reproduce and inherit their genes, as illustrated in Fig. 2.
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Fig. 2. Selection and crossover representation for GP algorithms [*?].

Fig. 3. Mutation representation for GP algorithms [*?].

These processes increase the possibility of mutation, where one allele is randomly
changed, using the Node Replacement Mutation [5, 33], shown in Fig. 3.

Furthermore, this process is repeated over a known number of generations or until
the desired goal is reached [5].

3 Methodology

This section describes the experimental setup and the GP solution to find the model of
a robotic arm following a known path and check whether the results obtained describe
the IK or optimize a local minimum.

3.1 Design of Experiment

Start from the assumption that the purpose of a robotic arm must follow a path for a
given task; the problem consists of knowing the kinematic model that describes the
robot along with that movement.

It is considered an input-output system, where the expected coordinates of the end
effector along the path are known as input and need to know the positions of each joint
to achieve the task as output, restricting the movement between point and point to
involve a slight change in the joints.

A linear GP algorithm builds its individuals using integers from 0 to 9, operators for
addition, subtraction, multiplication and division operations, sine and cosine functions,
and Cartesian coordinates, X, y, and z, as variables.

Was used a proposed 3 DOF SCARA morphology, with links of 200 mm in length
each, because it is a robot with a known kinematic model and is typical morphology in
electronic assembly lines.

Were set two different study cases; both paths move from end to end in the work
area; the first route described in (3), with x1, y1, z1, contemplates a straight trajectory



Fig. 4. a) The first case path follows; b) The second case path follows.
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Fig. 5. Block diagram for GP objective function used.

shown in Fig. 4 a). The second case corresponds to a curved path in (3), with x2, y2,
z2, and its trajectory corresponds to Fig. 4 b):
x1=[-180,180]; x2=[-180,180];
y1=[180, -180]; y2=(x/12)?; 3)
z1=1[0,200]; z2=[200,0];

All tests were simulated in MATLAB 2015b using structured code without using
special commands.

3.2 Objective Function

To evaluate the individual's fitness were separated into three equations, which
represented the model of each joint; then, feeding the equations with the points of the
trajectories mentioned above (x,y,z). Finally, the results obtained (g1, g2, g3), fed to
the model in direct kinematics and checked if these results (px, py, pz) led to the
requested path shown in Fig. 5.

The individual fitness was the absolute difference in millimeters between the
requested point and the obtained position, as shown in (4):

Fitness=abs(x-px) + abs(y-py) + abs(z-p;) 4
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Fig. 6. a) Population adaptation in GP case 1, b) Population adaptation in GP case 2.

Table 1. Initial condition used in the GP algorithm.

Parameter Value
Population size 2500
Generations 80000
Tournament size 3
Genes 6
Alleles 7
Mutations per generations 28
Seed 1

3.3 GP Algorithm

The selection of initial conditions was according to the rules described in the literature

[5], maintaining the population diversity as many generations as possible. Table 1
shows the values.

The individuals contain three independent equations to describe the kinematics, and
each equation is dependent on the three cartesian axes x,y, and z (5):

Individual(1,1) = f(x,y,2);
Individual(1,2) = f(x,y,z); ®)
Individual(1,3) = f(x,y,2);

4 Results

According to the experiment, both cases give expected adaptation results, decreasing
the error as the generations progress. Fig. 6 shows in blue the adaptation of the best
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Fig. 7. a) GP model performance for case 1 path, b) GP model performance for case 2 path.

individual and how it decreases. On the other hand, the red line shows the worst
individuals, representing the population diversity as the distance between these lines,
disappearing at the end of the generations, being Fig. 6a) the linear path for the first
case and Fig. 6b) the curve path on the second case.

As can be seen in case 1, with a linear path as the objective, the algorithm has an
accelerated adaptation respect case 2, concluding that the complexity and variation in
the objective path slow down the adaptation of the algorithm:
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It is notorious that in both cases, the results were different. To visualize what the GP
achieved in each case, Fig. 7a) shows case 1 with the model in (6), and Fig. 7b) shows
case 2 with the model in (7). The chart shows the objective paths in circles in both
cases, and the achieved paths in crosses.

In both cases, the results obtained by the GP tend to the requested path. However, it
is essential to note that this soft search algorithm approximates the structure that meets
the requested objective and does not optimize results, which is why it results in a
similar path.



Table 2. Initial condition used in the GP algorithm.

Prove Accumulated error of training Accumulated error of testing
Case 1 4.599 mm 582.67 mm
Case 2 17.97 mm 154.13 mm

Fig. 8. a) Verification of results on an alternate route for case 1 b) Verification of results on an
alternate route for case 2

These results are not conclusive but show that training requires several more points
with an alternative path to produce an IK model.

Fig. 8a) shows case 1, and Fig. 8b) shows case 2 performances. It is identified from
this analysis that the requested route in circles was not the route obtained by the robot
in crosses.

Observing that the results are far away and different from the requested test route is
verifiable by comparing the accumulated errors shown in Table 2. This way, the results
are limited to the training routes.

It demonstrates the tendency to optimize the local minimum due to the lack of
system information.

5 Conclusions

The tests carried out in this work demonstrate that a complex system such as a robotic
arm requires several points to generate an 1K model. Thus, soft search algorithms
cannot consider all possible scenarios if there is no representative dataset of the search
space. On the other hand, feeding the algorithm as poor information may reach a local
minimum that follows the training path in the dataset used, i.e., the lack of information
does not allow it to see the cases in which it fails.

In any case, the GP can solve this complex problem for specifically requested routes
but fail in other scenarios.



These results are not an error and provide valuable information. Based on them, it is
possible to identify the following failures extrapolated to any application. Moreover, it
is vital to restrict the variables that affect the model and how they do it considering the
third joint should not be a function of the x, y axes. On the other hand, is suggested a
trying meshes of points with the expected resolution in the robot as a training dataset
for future works using GP to obtain the IK model.

In the same way, the fitness function must contemplate a combinatorial of possible
solutions to avoid that the GP disregards important points of work.
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