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Abstract: 

  

Inverse kinematics is one of the key parts of any industrial robotic manipulator modeling. 

Solving the inverse kinematics of a robotic manipulator in the classical analytical manner is fairly 

complex and error-prone. While previous research has shown the possibility of AI application for 

inverse kinematics solutions, such models have certain pitfalls which makes the probability of 

their use low. For this reason, the authors propose the utilization of Genetic Programming (GP), 

which is an AI method that generates models in the shapes of equations. The application of the 

algorithm in question shows promise, with errors being lower than 0.5 degrees for all regressed 

joints when evaluated using Mean Absolute Error (MAE). This points towards the fact that GP 

could be utilized in such an approach – but some details of the algorithm need to be addressed, 

such as the tendency to generate large and simplifiable equations, or lower precision when 

compared to previous AI-based solutions to the same problem. 
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1. Introduction 

 

One of the basic tasks in the modeling of an industrial robotic manipulator is the 

determination of inverse kinematic transformations. These transformations allow for 

transformation between the end-effector coordinates in the global workspace coordinate system 

(x, y, and z coordinates) into the local manipulator coordinate system defined through the joint 

angle values (qi). The standard approach to determining these equations is to solve a set of 

equations, defined through the direct kinematics, which consists of n equations, where n is the 

number of manipulator's joints. For more complex robotic manipulators this is a complex task, 

with a high probability of an error occurring [1].  

Artificial intelligence (AI) algorithms have shown capabilities to achieve simple solutions to 

complex issues, by creating models through the process of Machine Learning (ML). ML allows 

for models to be generated using existing data. This is accomplished through the iterative 

adjustment of internal parameters of the model based on the current model error for a given data 

point. AI and ML applications have been used to a great effect in the field of robotics, with many 
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applications. Solowjow et al. (2020) [2] display the application of deep learning implementation 

on a programmable logic controller with the task or robot grasping improvement. Toquica et al. 

(2021) [3] demonstrate an application of AI modeling for the solution to an inverse kinematics 

problem for a parallel robotic manipulator. Baressi Šegota et al. (2020) [4] demonstrate the 

application of evolutionary algorithms in path planning of single and collaborative serial 

industrial manipulators. Chiatti et al. (2020) [5] apply siamese neural networks in object 

recognition for robot tasks, achieving high precision with a limited dataset. 

Most existing solutions to inverse kinematics using AI-based methods face a model-shape 

limitation. Namely, the generated models are not language-agnostic. This means that to use the 

model in question researchers need to be familiar with programming languages and function 

libraries used for model creation, greatly limiting the applicability of research. The authors 

attempt to address this issue through the use of the GP algorithm. GP is an algorithm that 

combines ML and evolutionary computation (EC) approaches. It is based on the generation of 

mathematical equations, and their evolution through the application of EC operators such as 

crossover, mutation, and reproduction [6]. Each of the generated solutions is checked against the 

dataset and then further evolved, with focus given to better solutions. The authors propose that 

such an approach could generate inverse kinematics solutions which will then be easily 

implemented in any programming language and most tools that support basic arithmetic and 

trigonometric functions.  

 

 

2. Methodology 

 

The methodology will be presented in this section. First, the overview of dataset creation will 

be given, followed by the description of the used GP methodology (hyperparameter selection and 

result evaluation). 

 

2.1 Direct kinematics 

 

The used dataset is generated by the authors through the determination of direct kinematics of 

the robotic manipulator. The selected robotic manipulator is ABB IRB 120 [7], with the diametric 

view of the manipulator, with rotational axes marked, being given in Figure 1.  

 

 
Fig. 1. Diametric view of the used robotic manipulator [7]. 

 

The first step is the determination of the direct kinematic equations for the manipulator in 

question. This is accomplished using the Denavit-Hartenberg (DH) method. DH is an iterative 

method that places coordinate systems on the bases of individual robotic manipulator joints. 
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Then, based on the interactions between the coordinate systems, the parameters of connections 

are determined. These parameters are then placed into transformation matrices for the individual 

joint, with the transformation matrix of the entire manipulator being obtained as a product of the 

individual transformation matrices as  
6
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To determine the individual matrix parameters, the D-H schematic, depicting the systems 

needs to be drawn. This schematic is shown in Figure 2.  

 

 
Fig. 2. Simplified schematic of a robot manipulator with DH method determined coordinate systems 

 

After the schematic is drawn and the transformation matrix has appropriate values inserted 

into it, elements of the matrix depicting the end-effector positioning and orientation can be 

extracted from the matrix in question. These equations allow us to determine the x, y, and z 

position in the tool space, as well as the orientation angles φ, θ, and ψ. These allow us to 

determine the exact position and tool orientation of the end-effector for a given set of joint angles  

 

 1 2, ,..., nQ q q q= ,         (2) 

 

where n equals 6 in the presented case. Such an approach can allow us for dataset generation. 

The values of kinematic parameters determined in this manner are given in Table 1. 

 
Joint 

(k) 
1 2 3 

4 5 6 

θk q1 q2 q3 q4 q5 q6 

ak 0 l2 l3 0 0 0 

dk l1 0 0 l4 0 l6 

αk -π/2 0 -π/2 π/2 -π/2 0 

Table 1. The determined DH kinematic parameters, with q1-6 being variables, and l1-6 being 

manipulator dimension available in [7]. 

 

2.2. Dataset generation 

 

The dataset is generated through the use of the aforementioned equations. The upper and 
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lower possible values are set according to manufacturer-defined values [7] and given in Table 2.  

 
Joint Lower Limit [°] Upper Limit [°] Range [°] 

1 -165 165 330 

2 -110 110 220 

3 -70 110 180 

4 -160 160 320 

5 -120 120 240 

6 0 360 360 

Table 2. The joint limits used in the generation of the used dataset 

 

Then, values for each joint are generated uniformly randomly within those limits. Once the 

vector of joint angles Q according to Equation 2 is generated, the obtained DH equations are used 

to generate the tool space coordinates. This approach generates uniformly distributed values 

which will be used as outputs in the GP modeling (angles), and normally distributed values which 

will be used as inputs – which are ideal distributions for the ML algorithm application [9]. 

Examples of the distributions are given as histograms in Figure 3. For brevity, only the tool space 

coordinate x, and angle joint q1 are given.  

 

 
(a) 

 
(b) 

Fig. 3. An example of achieved distributions for: (a) coordinate x and (b) coordinate q1 

 

2.3. Genetic Programming 

 

To apply GP on the generated dataset the hyperparameter selection needs to be performed. 

Hyperparameters are the values that influence the behavior of the algorithm. In the presented 

work the Grid Search (GS) hyperparameter space search has been performed. To use the GS the 

hyperparameter space needs to be defined. Hyperparameter space is an n-dimensional space 

containing all possible values of hyperparameters (one for each dimension). To apply GS, 

discretization is performed of this space to limit the possible hyperparameter values. The searched 

values in the paper are population size which determines the number of candidate equations tested 

and used in evolution, generations which determine the number of GP population iterations, 

crossover rate which defines the probability of crossover operation being applied, and maximum 

selection sample size which determines the number of candidate solutions used within selections 

for EC operations. The possible values of these hyperparameters are given in Table 3. 

 
Hyperparameter Tested Values 

Population size 
20, 50, 100, 200, 500, 

1000, 2000 

Generations 50, 100, 500, 1000, 2000 

Crossover rate 0.7, 0.8, 0.9, 0.95 

Selection Sample Size [%] 10, 25, 50, 75, 100 
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Table 3. Tested hyperparameter values. 

As all possible combinations are tested, it can be concluded (from the above table) that the 

number of tested hyperparameter combinations is the product of all individual hyperparameter 

counts – in this case, 700. This means that 700 different models are evolved and evaluated – for 

each joint. As GP can only regress a single value at the time 6 separate models, one for each joint 

need to be trained. It must be noted that other crucial parameters have not been modified in the 

GS procedure. These hyperparameters either self-adjust (such as various mutation and 

reproduction coefficients) based on the set values of the crossover coefficient, are automatic (such 

as parsimony coefficient) or are set to constant (such as early stopping value, set at 0.1) [10]. An 

additional hyperparameter used is the operation set, which defines which mathematical operations 

may be used in the modeling process – which was limited to basic arithmetic and basic 

trigonometric operations. 

The evaluation of candidate solutions (models) is performed using MAE, given by the 

equation [11]: 

0

ˆ ,
n

i i

i

MAE y y
=

= −          (3) 

Where n is the total number of data points in the dataset iy is a real value of the output for 

datapoint i, and ˆ
iy  is the predicted value for the same data point. 

 

 

3. Results and Discussion 

 

The results are presented in Table 4. MAE for each of the outputs (q1-6) is given in the Table, 

along with the vector of hyperparameters used to generate the solution which achieved the given 

error value. Only the best solutions were selected.  

 

Joint MAE [°] Population Size Generations 
Crossover 

Rate 

Sample Size 

q1 0.32 1000 50 0.9 10 

q2 0.23 2000 100 0.9 75 

q3 0.41 2000 100 0.95 50 

q4 0.48 2000 50 0.9 100 

q5 0.13 500 50 0.95 10 

q6 0.34 1000 200 0.9 50 

 

It can be noted that all the errors are below 0.5 degrees, which indicates a successful 

regression. Observing the utilized hyperparameters it can be noted that population size trended 

towards the larger end of the possible values, while the opposite is true with the generations. The 

crossover was also high, indicating a low tendency to randomize the solution pool via the 

mutation operations. No noticeable trend can be discerned for Sample Size. The resulting models 

(equations) are too large to be presented in the manuscript but can be generated using the 

provided hyperparameters and methodology. 

 

 

4. Conclusions 

 

It can be concluded that GP can be used to successfully regress the models for inverse 

kinematics of a robotic manipulator, using an artificially generated set of data. The results 

achieved show that errors below 0.5 degrees can be reached, with further improvements being 

possible through the finer tuning of hyperparameter values (in cases such as Generations or 
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Sample Size which generally select between two possible values), or inclusion of larger possible 

values (in cases of Population Size and Crossover Rate hyperparameters which tend to the largest 

possible values). The main issue of the GP application determined by the authors is that models – 

while practically generated in the shape of equations, are quite large – with equation elements 

numbering in hundreds. Authors believe this may be addressed through the finer hyperparameter 

tuning within the GP algorithm (namely of the Parsimony Coefficient hyperparameter) or through 

the post-processing of obtained equations which could be simplified or approximated on the used 

ranges with relatively low errors, offering significantly easier use. 
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