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Determining normalized friction torque of an industrial robotic manipulator using
the symbolic regression method
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Abstract: The goal of the paper is estimating the normalized friction torque of a joint in an industrial robotic manipulator. For this purpose
a source data, given as a figure, is digitized using a tool WebPlotDigitizer in order to obtain numeric data. The numeric data is the used
within the machine learning algorithm genetic programming (GP), which performs the symbolic regression in order to obtain the equation
that regresses the dataset in question. The obtained model shows a coefficient of determination equal to 0.87, which indicates that the model
in question may be used for the wide approximation of the normalized friction torque using the torque load, operating temperature and joint
velocity as inputs.
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1. Introduction s s iy a’
Artificial intelligence (Al) is one of the key tools used in =i Eumi Nooa ome [
robotics [1] and other fields such as medicine [2], epidemiology [3], eom—O \\ .
complex system engineering [4] and others today. Al can be used in z i
many different applications in robotics — path optimization [5], 2
determining kinematics [6] and dynamics [7] of robotic , g — JOURRAR
manipulators, predicting grasp strength [8] or fault detection [9]. g MMV
The goal of the presented research is to apply symbolic Z 00000
regression [10] to the problem of determining the joint torque of a oS S T S S S S S S e
robotic manipulator, when given the temperature, torque load of the Y ;EL;CIT”Y(;AJS)” T
joint, and velocity as inputs. As lowering of normalized friction
torque can have a positive effect on energy use [11] and equipment Fig. 1. WebPlotDigitizer interface with the data points manually
durability [12] not just in robotics, but other fields as well, marked for extraction
developing friction models is an important task [13]. Symbolic
regression was chosen because it generates models shaped like The process starts by marking two known points on x axis (in
equations, which allows for easier integration and later analysis of this case 60.0 and 240.0 have been used), and y axis (in this case
models when compared to the so-called black-box models [14]. 0.05 and 0.2 have been used). Then, each of the datapoints of the

The goals of this paper are to obtain a dataset from a previously  selected series are marked and their values are exported. This
performed research, given as a figure. After a simple formal  process is repeated with all of the separate data series, with the
analysis is performed on the extracted data, the genetic algorithm  exports later merged in Microsoft Excel with the values of torque
will be applied in order to perform symbolic regression on the  |oad and temperature added, as given in the original figure legend
collected data. The final goal of the paper is to demonstrate that  [15]. It should be noted that WebPlotDigitizer allows for automatic
symbolic regression can be applied to the dataset of this type, in  detection and extraction of data points, but this has yielded poor
order to regress an equation describing the relation of jOint radial results — possib|y caused due to data series 0\/er|ap7 so manual
velocity, joint torque load, and working temperature as inputs to the  marking has been used. One thing to note regarding the manual
normalized joint friction torque. extraction is the need for extreme precision and consistency in the

This paper will initially present the methodology of obtaining the  manual marking of the data points, as mislabeling the datapoints,
data, followed by the short description of the symbolic regression  even by a little amount, will cause wrong values to be extracted. To
process, with the results being finally presented and discussed. confirm the proper extraction has been performed the data points
are separately plotted and compared to the original data. Extracted
data points are given in Fig. 2. The comparison between the original

2. Dataset generation and extracted data shows that the extracted data is accurate.

The data used in the presented research is obtained from an '
article by Garcia et al., dealing with determining the relevant factors Hpt
for the energy consumption of industrial robots [15], in a form of a
graph figure. The graph provides shows the relation of normalized

friction torque to the radial velocity of the robotic manipulator joint. ! et
Four curves are given for the four different operating points — with § .o, et NP
combinations of two different variables. First variable is the torque ' * . RN

load of the joint at two different values (0.01, and 0.70 Nm). The . e, et PR et
second variable is the operating temperature, also given at two I R TP I
different values (33 and 80 °C). The separate operating points will st

be marked separately in the software, and the above variables will

be added manually when the final dataset is combined. To convert

the graphed figure into the numeric data, a software . . . o
WebPlotDigitizer [16] has been applied. Fig. 1 shows the interface Fig. 2. Data points extracted using WebPlotDigitizer

of the WebPlotDigitizer software, loaded in a browsing window. . ) o
The left and right side show the markup tools, while the middle ~ An example of 10 data points extracted from the figure are given in

shows the source image [15], with the manually marked points  the Table 1. The data points in question are the first ten values given
given in the middle. for the operating point of 0.01 Nm torque load and the operating

temperature of 33 °C. As it can be seen the data extracted for the x-
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axis shows a high precision, which is another indication of precise
value extraction.

Tﬁggge Temperature | Velocity '.:rrol EgS:
0.01 33 5 0.021137026
0.01 33 15 0.002332362
0.01 33 25 0.000145773
0.01 33 35 0.004081633
0.01 33 45 0.008892128
0.01 33 55 0.010641399
0.01 33 65 0.015889213
0.01 33 75 0.020262391
0.01 33 85 0.024635569
0.01 33 95 0.028571429

Table 1. Example of the extracted data points

Statistical analysis can be performed on the extracted data. For
each of the columns (torque load, operating temperature, velocity,
and normalized friction torque) statistical descriptors (minimum,
maximum, average value, standard error value and correlation to the
output) are given in Table 2, along with other relevant information
such as unit.

Torque Norm.
L q Temperature | Velocity | Friction
oad
Torque
Minimal | 51000 | 33.00000 476190 | 0.00015
value
Maximal | ¢ 20000 | §0.00000 | 285.71429 | 0.19956
Value
Average | 0.35500 | 56.50000 | 145.39135 | 0.05178
Standard | 4 30650 | 2360105 84.24268 | 0.03275
deviation
output | 51778 | _0.22761 0.20264 | 1.00000
correlation
Output 1 4 50361 | -0.17596 055914 | 0.00107
covariance
Unit Nm °C rad/s -

Table 2. Descriptive statistics of the extracted data

In the extracted data the first three columns (torque load,
temperature, joint velocity) are defined as inputs, while the
normalized friction torque is defined as the output for the Al
methods described in the following section. Torque load and
temperature have only two possible values (0.01 and 0.07 for torque
load and 33 and 80 for the working temperature). Torque load
shows the highest correlation, but the lowest covariance to the
output. Temperature shows negative correlation and covariance
indicating that a higher work temperature equals a lower friction
torque. Finally, the joint velocity ranges between 4.76 and 285.71
rad/s. It shows the weakest correlation amongst the input values, but
the highest covariance to the output variable. The output variable
itself, normalized friction torque, ranges between 0.00015 and
0.19956. The average value is 0.05178 with a standard deviation of
0.03275.

3. Genetic programming

Symbolic Regression with the use of Genetic programming is a
hybrid technique combining elements of both evolutionary
computing [17] and machine learning [18]. It works by generating
random equations, which are tested against the existing data to
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determine the quality of each individual equation [19]. Then, three
operations are applied to these equations, with those equations that
provide a better fit being more likely to be selected [20]. These
operations are crossover, mutation, and reproduction. Crossover
combines two solutions into one, with the goal of obtaining a better
overall solution by combining two good ones [21]. Mutation
randomly changes a solution to introduce a random change, which
allows stagnation of solutions, and to possibly obtain a higher
quality solution through a slight modification to an existing good
solution [22]. Finally, reproduction allows for a good existing
solution to be copied into the next iteration of the algorithm, in
order to preserve good solutions for further use [23].

The equations generated by the genetic programming are given
in the tree shape, with each function being given as a root node for
the operation with the operands as the child nodes. For example, a
simple equation such as y = sin(x) + x, would be written as
add(sin(x),x). For that reason, the equations that are generated
can be converted and simplified using automatic software, such as
Sympy [24], that will allow us to render the obtain equation in a
more commonly understood format.

In the presented paper the genetic programming was
implemented using GPLearn Python library [25]. The number of
possible solutions in each of the algorithm iterations is set to 5000,
while the number of algorithm iterations is set to a maximum of
200, with the possibility of the algorithm stopping in the case of
early convergence to a satisfactory solution (R? > 0.99).
Probability of crossover, mutation and reproduction are set to 0.7,
0.2 and 0.1 — respectively. All of the other settings are left at default
values. The manual tuning was selected due to the GP not being
overly sensitive to the hyperparameter selections [26], and the belief
that these parameters, set based on the experience obtained during
the previous research in the field could be used to obtain a
satisfactory solution [27, 28, 29].

The models are evaluated using coefficient of determination
(R?). R? provides the information of how much of the variance in
the original data is contained in the predicted data, or in other words
— how well does the model predict the data as the output varies [30].
It is a commonly used metric for determining the quality of
predictive models [31]. The value of R? is a float which ranges
from 0 to 1, where 0 indicates no variance of the original dataset is
present in the predicted data, while 1 indicates all the variance in
the original dataset is present in the predicted data, or in other
words — a perfect prediction [32]. This means that higher values of
R? indicate a better prediction. R? is calculated according to:

SSrEs
RZ=1-— . (1)
SSTOT
where SSpgs and SSror are calculated as:
SSres = X(Vi = 3), 2
and
SSror =X — ). (3)

In the above equations, v, represents the predicted value
corresponding to the value y; in the dataset, while y is the mean
output value of the dataset.

4. Results and discussion

The results show a coefficient of determination equal to 0.86.
This score indicates a model that is good for a general
approximation, but it is not precise enough to obtain a high-quality
predicted value for the given input parameters. So, while the model
may not be used to get the exact value, it can be used for a general
approximation of the expected normalized friction torque.

At the end of the execution the model is saved in the shape of the
equation, in the previously described tree shape — which may not be
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optimal for further implementation as it cannot be directly
integrated in most programming languages or tools commonly used.
The obtained equation from the model is given as:

div(div(add(mul(div(X0, X2), div(add(X1,X2),
mul(X2,X1))), sub(mul(add(X0,X2),div(X0,X0)),
sub(mul(X1,0.400), add (X2, X1)))), add (sub(div
(add(0.129,X2), sub(X2,X2)),
mul(add(—0.216,—0.932), div(X0, X0))),
sub(mul(div(X0,—-0.896), div(X2, X0)),
div(sub(X2,0.129),sub(X1,0.987))))),
mul(div(sub(sub(add(0.889,0.692),
mul(X1,X1)),div(sub(X2,X2),sub(X2,—0.071))),
sub(mul(mul(X0,—0.640), div(X1, X0)),
sub(add(X1,X2), mul(—0.579,X2)))),

div(add (mul(mul(0.645, X0), div(X0, X1)),
div(div(X1,0.320), add (X0,X1))),
div(div(mul(—0.825,X1), div(X1,X1)),
add(add(X0,X0),add(X1,X1))))))

4)

where the symbols X0, X1, and X2 indicate torque load, temperature
and the joint velocity. As the above can be hard to read and interpret
we can simplify it and convert it to a more commonly used equation
form using Sympy [24]. This allows us to obtain the simpler
equation given below:

A
=

®)

Due to the length, the equation is expressed with two coefficients
A and B, with the coefficients in question being defined as:

A= —0.825¢ - (—1.64¢ — 1.579w)(r_l + 7l (£ +

)/ (€ + w?) + 0.6¢ + 2w), (6)
and
: 2 3.125¢
B = <(1.581 — &2t +29) (0.64511 z + — )
: (1.15a) +1.148 — M). @
& —0.987

For easier understanding, in equations 6 and 7, the symbols X0,
X1, and X2 have been replaced using the appropriate physical
symbols used in the original paper [15], according to the following:

e Torque load on the joint of the manipulator — 71,
e Operating temperature — ¢, and
e Radial velocity — @-

5. Conclusions

The presented results show that achieving a regressive model
with some degree of accuracy is possible using an algorithm that
provides an open model that is easy to integrate. Still, the results do
show that the precision achieved is not high enough to be used in
application where an extremely high precision of the model is
necessary. The achieved results could be improved in a couple of
different ways. First is the application of different regression
methods to the dataset which have shown to perform better on
similar datasets, such as multilayer perceptron artificial neural
networks, or gradient boosted trees. The second is collection of
more data-points, either through direct measurement, collection of
data from other papers with similar themes as the one the data for
the presented research has been collected, or synthetic data
generation. Finally, the precision could additionally be improved by
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adding additional input variables into the dataset, as this could
provide additional information to the model that would allow for a
higher precision regression.

In the addition to the above, the article shows that it is possible
to prepare datasets for machine learning from previously existing
figures that visualize potential input data using the data extraction
tool like WebPlotDigitizer. This opens up possibilities of using a
significant amount of existing non-digitized data from previous
research, allowing for a wider application of data-dependent
techniques such as machine learning.

Finally, the results demonstrate that it is possible to achieve a
somewhat precise models of normalized friction torque using torque
load, operating temperature and the radial speed of the robotic
manipulator joint using genetic programming, although future work
should focus on significantly improving the regression quality of
these models through previously described approaches.
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