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Abstract

Adaptive control of systems consists of the online adjustment of their control
parameters to deal with parametric uncertainties and disturbances. Indirect
Adaptive Control (IAC) of electromechanical systems and robotic manipula-
tors based on metaheuristic optimization has been shown to be competitive
compared to other classical and advanced control schemes. In this approach,
the identification of system model parameters is stated as an optimization
problem and then solved online by metaheuristics. Subsequently, the iden-
tified model is used in a second stage of online metaheuristic optimization
to predict the system behavior and tune its control parameters. Therefore,
this approach can be computationally expensive and unaffordable for systems
with more complex dynamics whose models are just as complex. Due to the

above, this work proposes an indirect adaptive control method for robotic
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manipulators based on differential evolution (DE) optimization, which aims
to reduce the computational cost of the online identification stage by using
Polynomial Regressors (PR) whose adjustment can be performed through a
closed-form solution. The proposed method is tested in simulation for a 2
d.o.f. robotic manipulator and the results are compared against the original
indirect adaptive control approach based on metaheuristic optimization and
also a controller optimized offline. The post-hoc pair-wise Friedman tests
confirm that the proposed approach provides competitive results compared
to the original approach, with significant savings in computational resources.
Keywords: Robotics, adaptive control, polynomial regression, differential

evolution, online identification and controller tuning.




1 Acronyms and Nomenclature

CTC: Computed-Torque Controller

PID: Proportional Integral Derivative

DE: Differential Evolution

ODE: Online Differential Evolution

PR: Polynomial Regressor

SLR: Simple Linear Regressor

AC: Adaptive Controller

MH: Metaheuristic

ISE: Integral Squared Error

MSE: Mean Squared Error

p-value: Probability of accepting the null hypothesis in the Friedman test
q,4q,d: Robot articular positions, speeds, and accelerations

q4,4d4,4dq: Desired robot articular positions, speeds, and accelerations
Z4,Yq: Desired Euclidean profile for position tracking

Z4,9q: Desired Euclidean profile for speed tracking

e, é: Articular tracking error for position and speed

? w: Control input vector.
X,Y: Actual feature and target matrices
x,y: Actual feature and target vectors
y: Predicted target vector
sp, sy: Backward identification steps and forward controller tuning steps
t,t, At: Time, virtual time, and sampling interval
kp, ki, kq: Proportional, integral, and derivative gains
ky,k}, k3 Optimized proportional, integral, and derivative gains
6,0%: CTC gain vector and optimized CTC gain vector
0;,0,: Lower and upper bounds for the CTC gains
O¢: Population with candidate CTC gain vectors for G-th generation of DE
J: Objective function for the CTC tuning
Gmaz, NP, F,CR: Maximum generation, population size, scaling factor, and crossover rate as the hyperparameters of DE
w;: Regressor parameters for one target
Q: Multi-target regressor parameters
5 T: Execution time of a controller
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1. Introduction

Robotic systems are found in many productive sectors across society,
including the manufacturing industry [I], hospitals [2], rehabilitation clinics
[3], construction [4], among others.

In particular, robotic manipulators are known to be complex and hard to
govern [5]. Thus, controlling these useful dynamic systems is a challenging
task [6].

Because of its highly nonlinear behavior, manipulators cannot be effec-
tively governed by linear control strategies, such as the widely used Propor-
tional Integral Derivative (PID) controller |7, 8]. However, many other al-
ternatives like the computed-torque-controller (CTC) have successfully been
developed over time [9)].

For these controllers to govern a dynamic or robotic system in a suit-
able way, their parameters must be properly adjusted through the tuning
task. For this purpose, there are empirical, analytical, and optimization
approaches [I0]. Recent tuning proposals under the above approaches use
off-line regression models or regressors (mathematical models that use in-
put variables to forecast or estimate continuous output variables) to predict
the behavior of the controlled system under different control parameters and
then optimize them or to generate rules that compute the best parameters
directly |11} 12} [13].

Despite the proven effectiveness of nonlinear controllers to govern robotic
manipulators and other kinds of complex dynamic systems, their perfor-
mance can be compromised by factors such as the operating conditions (e.g.,

viscosity and load), the environmental features (e.g., temperature and pres-
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sure), and the lack of absolute knowledge of the full system (e.g., deviations
from the nominal parameters). These factors are frequently uncertain, un-
bounded, and unpredictable. They are commonly referred to as parametric
uncertainties and are responsible for the decreased performance in control
[14].

Within this context, there are several approaches to dealing with uncer-
tainties. Among them, the control engineering sub-field known as adaptive
control is focused on the online automatic tuning of the controller param-
eters [15], i.e., the controller is tuned at every sampling instant. So, the
updated controller can deal with uncertain factors and maintain the desired
performance.

Within the adaptive control sub-field, there are two well-defined branches
[16]: (i) the direct adaptive control and (ii) the indirect adaptive control.

The branch (i) is a control system that establishes proper laws to adapt
the controller parameters directly without requiring derivation of a model or
regressor during the task execution. These control systems have governed
many dynamic systems, including robotic manipulators. In [I7], the gains
and the output of a PID controller for a two-link robotic manipulator are ad-
justed online with a mix locally recurrent neural network. Using the above
strategy, the manipulator can handle uncertainties and variable payloads. J.
L. Meza, et. al [18] established fuzzy rules to automatically tune the PID
controller for a robotic manipulator subjected to uncertainties. The work
in [19] uses a regressor to automatically adjust the gains of a PID MIMO
controller directly without using the model of the controlled dynamic sys-

tem. On the other hand, Y. Choi, et. al [20] used auto-tuning rules based
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on Lyapunov stability analysis to adjust the PID parameters for robotic ma-
nipulators. The Lyapunov direct method is also adopted in [21I] to derive
control adaptive laws for dynamic systems, approximating uncertainties and
disturbances with the Szdsz—Mirakyan operator. The approximation of un-
certainties has also been achieved through Fourier series expansions in [22]
to derive adaptive laws that guarantee stability in robotic manipulators of
various degrees of freedom. For manipulators with different degrees of free-
dom, using adaptive controls under the direct approach provides significant
computational savings and does not require the fulfillment of specific condi-
tions on the inputs and outputs of the systems for the derivation of models
or regressors during a task execution [23].

Although the previous direct methods have shown effectiveness, a signifi-
cant drawback of direct adaptive systems is the need for a priori information
of the dynamic system, including their uncertainties and disturbances. When
this information is unavailable, it must be estimated in some way, which im-
plies a certain degree of inaccuracy with respect to reality. That information
is required to derive, train, adjust, design, or optimize the involved laws,
techniques, or mathematical structures offline. Unfortunately, this informa-
tion is not always available or is difficult to obtain for real applications. The
above, considering the uncertain, unbounded, and unpredictable nature of
many uncertainties and disturbances.

The branch (ii), also includes adaptive strategies that first perform an
identification of the dynamic system to build a model. The resultant sys-
tem model is then used as a predictor to adjust the controller parameters

online. Here are different approaches to perform system identification, which
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is crucial in this branch.

The most effective approaches to branch (ii) take advantage of recent
computer technology to build models from the online adjustment of neural
networks [24], rule-based systems [25], support vector machines [26], and
other alternatives [27] based on the acquired system states. The above on-
line identification approaches have the disadvantage of being, in many cases,
computationally expensive and may be limited to the use of sophisticated
high-performance computing equipment. This is either because of the num-
ber of parameters or rules to be adjusted (e.g., the weights of a neural net-
work with a few hundred neurons) or the resources needed to perform this
adjustment (e.g., through algorithms that require a considerable budget of
iterations).

An alternative and highly effective approach in branch (ii) uses dynamic
models derived analytically from well-defined methodologies on electrical and
mechanical systems, and the setting of their dynamic parameters is set as a
formal optimization problem. Due to the complexity of the above problem,
classical optimizers may have limitations in finding appropriate solutions, so
the use of sophisticated optimization techniques such as metaheuristics has
been successful [28]. Although the dynamical model in this approach can
be considered much simpler than other advanced computational models, the
calculation resources are taken to the limit due to the use of population-based
metaheuristics and the inherent complexity of multi-objective optimization.
An example of this approach is found in [29], where the dynamic model of the
four-bar manipulator is identified online through multi-objective optimiza-

tion. The model is then used in a CTC to reduce the effect of uncertainties
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while increasing the accuracy and improving the lifetime of the robot.

A relevant aspect of the indirect adaptive approaches discussed so far
is that, due to limitations related to computational cost, only a few works
can be put into practice. Among these works are [30, 31, B2], which have
been able to perform laboratory experimentation for single-degree-of-freedom
systems. The identification process in these works uses regressors involving
single-layer neural networks [32] and the use of dynamical system models
(linear and highly nonlinear) [30, 3I] to emulate in the dynamic environment
the fitness function and the behavior of the plant, respectively. The practical
setup of these proposals is attributed to the small number of input and
output variables, which translates into fewer nonlinear relationships between
them and less information needed to describe their operation. However, in
all these works, the computational time required to implement the adaptive
mechanism of the controllers (this includes identification and tuning stages) is
very close to the time limit of 5 (ms), so that, with the current computational
technology, it would not be possible to carry them out experimentally in more
complex systems and with a greater number of degrees of freedom.

Other indirect approaches for robotic manipulators [33, B4] design par-
ticular estimation methods based on the stabilization of the prediction error.
Nevertheless, the effectiveness of these methods can be restricted to slow
enough system dynamics that allow for suitable parameter convergence [35].

Based on the above, the effectiveness of indirect adaptive control has dif-
ferent limitations depending on the adopted strategy. In most of the works,
the proposed approaches are unable to tune controllers for more complex

systems beyond those considered without a full redesign [15]. Other works
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cannot be extended due to technical limitations regarding the available com-
putational burden (this depends on the algorithmic features and the hardware
platform) [30]. Finally, few proposals have limitations such as slow dynamics,
restricted uncertainty behaviors, or system linearity [15], 35].

Therefore, this approach can be computationally expensive and unaf-
fordable for systems with more complex dynamics whose models are just as
complex. Due to the above, this work proposes an indirect adaptive control
method for robotic manipulators based on metaheuristic optimization, which
aims to reduce the computational cost of the online identification stage by
using regressors. For this, two online optimization processes are developed.
The first one is related to the online identification of the system behavior
based on the information about the acquired robot inputs and outputs in a
backward time window. The solution to this problem is obtained analyti-
cally, and a regression model is adjusted online. This model predicts future
robot states in a small neighborhood around an operating point. Then, the
above predictions help to test different controller configurations in search-
ing for the most suitable parameter tuning. The above is established in the
second optimization problem, which is solved online through the Differential
Evolution (DE) metaheuristic optimizer. The calculated gains are then im-
planted in the controller for a desired task with a robotic manipulator subject
to uncertainties. The proposed method is tested in simulation for a 2 d.o.f.
robotic manipulator and the results are compared against the original indi-
rect adaptive control approach based on metaheuristic optimization [30] and
a controller optimized offline [36]. The proposed approach is shown to obtain

competitive results when compared to the original approach, with significant
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savings in computational resources.

The rest of this work is organized as follows. Section II describes the
manipulator robot used as the object of study for this proposal and intro-
duces the CTC scheme used to control it. The proposed optimized adaptive
controller based on regression and metaheuristic optimization is detailed in
Section III. An experiment is designed to test and compare the proposal
with other control alternatives, and the results are discussed in Section IV.

Finally, the conclusions and future work are established in Section V.

2. System description

2.1. The robotic manipulator

The selected 2 d.o.f. robotic manipulator is depicted in Fig. This
system is adopted to test the proposed optimized adaptive controller based
on regression. This kind of robotic system is frequently used in manufacturing
[37], rehabilitation [38], and teleoperation [39].

The schematic diagram of the robot in Fig. [1}is used to aid the modeling
of its behavior. In this figure, m; and my are the masses, [; and [y are the
lengths, [.; and [.; are the lengths to the mass centers, and Iy and I, are
the inertia moments around the rotation axis, respectively for the two robot
links, while ¢ is the gravity acceleration.

The nominal values of the above parameters are displayed in Table
and those are related to the model parameter vector p. The length, mass,
and inertia values are related to the anthropometric measures of the hu-
man arm. So, the parameters in this table can be estimated for proto-

typing purposes using the total height L, and total weight M, measure-

10
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Figure 1: Schematic diagram of the 2 d.o.f. robotic manipulator.

ments of a test subject according to [40]. For the present work, the above
values are set as Ly = 1.72 (m) and My = 72 (kg). These correspond
to the height and weight of a healthy (concerning the Body Mass Index
(BMI)) Mexican adult male, whose measurements are close to the aver-

age reported in the National Health and Nutrition Survey (ENSANUT)

(https://www.inegi.org.mx,/programas,/ensanut /2018 (accessed on 10 July

2023)) conducted in Mexico in 2018. Additional non-conservative forces,
due to the Coulomb and viscous frictions, are considered in robot modeling.
Therefore, Table |1| also includes the proposed nominal values of the viscous
friction coefficients b; and by, and the Coulomb friction coefficients f.; and
fe2, respectively for the two robot links.

The following analysis allows for modeling the robot to simulate its be-

havior and develop the proposed controller.

11



Table 1: Dynamic parameters of the 2 d.o.f. robotic manipulator grouped in the model

parameter vector p.

Parameter Nominal value
my 0.028 M, (kg)
my 0.022M; (kg)

b 0.186L; (m)
Iy 0.254L; (m)
lea 0.4360; (m)
leo 0.682[5 (m)
I m1(0.32211)? (kg m?)
I, mo(0.46815)? (kg m?)
g 9.81 (m/s?)
by 0.28 (Nms)
by 0.37 (Nms)
fer 0.12 (Nms)
fe2 0.23 (Nms)

12



11 Robot direct kinematics

192 Regarding the articular configuration ¢ = [q1, ¢2]* of the robot in Fig.

103 the Cartesian position of each link mass center is described by & = [x1,31]7
e and & = [x2ay2}T in and '
lcl sin (QI)
& = @)
_lcl COS (ql)

195

lysin (q1) + leasin (g1 + ¢2)
& = (2)
—lycos (q1) — lea cos (q1 + ¢q2)

ws Robot dynamics

197 The overall kinetic and potential energies of the robot are expressed in
ws terms of the kinematic equations in and (2). These two energies are
100 respectively developed in (3) and (4.

K= %m1§1T§1 + %hq’f + %mﬁg& + %b(q'l +Ga)° (3)
200
U = migyr + magys (4)
201 Using these energies, the Lagrangian of the system can be expressed as
202 shown in ().
L=K-U (5)

203 On the other hand, the Rayleigh dissipation function in @ considers the
204 non-conservative forces induced by the viscous and Coulomb frictions in the

205 robot.

1., 1. . .
D= 5blql2 + §b2q22 + pualGi| + pradol (6)

13
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Therefore, the non-conservative motion equation of the robot is given by

(@), where T = [, 7] is the vector of generalized torques [41].

oL doL 0D
-+t =T (7)
0q dtdq 0q
The closed-form of the above motion equation is expressed in (8), where
M(q) € R**? is the inertia matrix, C'(q,q) € R?*? is the Coriolis and cen-
tripetal matrix, g € R**! is the gravity vector, f;(q) € R**! is the non-

conservative force vector, and q,q,q € R?*! are the generalized articular

positions, velocities, and accelerations, respectively.

T=M(q)§+C(q,9)q +g9(q) + f;(q) (8)

The closed-form motion equation in allows the simulation of the 2

d.o.f. robotic manipulator behavior.

2.2. The computed-torque controller

In an arbitrary application, the robot described in the previous section
must track a desired trajectory yq = [qq, qa, da]*, where qq, qq, g € R* are
the desired articular positions, velocities, and accelerations, respectively. For
this, a closed-loop control strategy w = 7 is required.

Among the control alternatives proposed to govern robotic systems to-
wards desired behaviors, the computed-torque controller (CTC) is one of the
most effective and robust [42]. The CTC is designed to ensure global asymp-
totic stability, and its structure is observed in () and (10), where ¢ = g4 —gq

is the error in the articular positions, ¢ = gq — ¢ is the error in the articular

velocities, and Ky = diag(kay, ke2) € R**?, K; = diag(ki1, kiz) € R?*2, and

14
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K, = diag(ky1, ky2) € R**? are the gain matrices of the proportional-integral-

derivative (PID) stabilizing strategy.

u=M(q)v+C(q.49)q+9(q) + f(q) (9)
v:dd+Kpd+Ki/th+Kdé (10)

As observed in (9) and ([10)), the CTC counteracts the nonlinear behaviors
of a system by incorporating terms of the dynamic model in the control law.
So, the effectiveness of the CTC depends on how close the model is to the
actual system.

It must be remarked that, despite the advantages of the CTC, there may
be some drawbacks in its practical application for robots with a higher num-
ber of degrees of freedom. In those kinds of robots, the matrices and vectors
M(q), C(q,q), g(q), and fr(q) are significantly more complex to calculate
and measure/estimate as the degrees of freedom are increased. The above
implies a higher computational cost to evaluate and operate these terms that
may not be affordable for many systems. In those cases, model-free control
[43] could be a better choice, and the proposed adaptive controller, described
in the next sections, can still be utilized as is.

Since parametric uncertainties affect the model accuracy, additional adap-

tive strategies are necessary to maintain the performance of the CTC.

3. Optimized adaptive controller based on regression and differen-

tial evolution

The optimized adaptive controller based on regression in Fig. [2|is pro-
posed to compensate for the model inaccuracies in the CTC due to parametric

uncertainties.

15
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controller
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Figure 2: The proposed optimized adaptive controller based on regression.
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0 In Fig. 2| the CTC parameters (i.e., the gain vector @ = [k,1, kyo, ki1, kiz, ka1, kaz]")

2

S

250 are updated online based on the proposed adaptive strategy.

251 For each sampling instant, the adaptive strategy requires the solution of
22 two fundamental problems to adjust the CTC parameters: (A) the robot
253 identification problem and (B) the controller tuning problem.

254 The problem (A) is building a regressor through the robot identification
255 (including its uncertainties) based on its stored inputs and outputs (posi-
6 tions, velocities, and control actions). The regressor is then used to make
7 predictions about future robot outputs under given input information.

258 On the other hand, problem (B) is related to the optimization of the
20 CTC gains. For this, the Differential Evolution (DE) optimizer searches for
20 the gains that, in addition to the current robot information (positions and
261 velocities), produce the control action that leads the regressor response as
x2 close as possible to the desired reference.

263 Since the regressor is a generalization of the actual system behavior, the
%4 Optimized gains are then implanted in the CTC that governs the 2 d.o.f.
25 robotic manipulator.

266 The details about the above problems and their solution are discussed

267 below.

w8 J.1. The robot identification problem

260 The identification problem refers to using the robot’s inputs and outputs
a0 to build a model of its behavior. For this, the input and output signals of
o the system are first measured. These measurements are utilized to estimate
o2 the parameters of a selected model structure. Then, the resulting adjusted

23 model is evaluated to determine its capability to generate accurate output

17
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signals when different inputs are given. According to [44], a successful identi-
fication requires enough and relevant information about inputs and outputs.
That information must be generated by inputs that excite the system dy-
namics (i.e., that generate the most varied behaviors possible in the system)
and measured at suitable sampling intervals with adequate acquisition tech-
nologies (i.e., fast enough and low noise-sensitive).

The model is known as a regressor or regression model in different study
fields [45]. A regressor is a mathematical structure that makes output predic-
tions based on a set of input values. For this, the regressor must be trained
first with a set of relevant and enough pairs of feature (input) and target
(output) values, respectively denoted by x and y. A successfully trained
regressor can generalize the behavior of the inputs and outputs of the system
to a good extent, i.e., it has the capacity to predict suitable outputs on new
or unknown inputs (i.e., on data different from the one used during training)
[46].

In the context of the proposed adaptive control strategy, the regressor
is trained (i.e., its parameters are adjusted) with the information about the
robot inputs and outputs in the backward time window U, € [t — s,At, 1),
where s;, is the number of backward steps of size At from the current time t.

Therefore, for an arbitrary instant ¢, the features are:
X = [x(t — spAt), ..., x(t — 2At), z(t — At)]” (11)

with x(t) = [q(1)T, q(1)T, u(t)T], t € Uy as a feature vector.

Similarly, the targets are:

Y = [y(t — (so+ DAY, ... y(t — ML) y(6)]" (12)

18
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with y(t + At) = [q(t + At)T, q(t + At)T] as a target vector.

After training a regressor with the information in and (12), it can
take the current robot positions q(t), velocities ¢(t), and control inputs w(t),
ie., x(t) = [qt)T, q(t)T, u(t)T], to predict the future robot positions q(t+At)
and velocities g(t + At), i.e., g(t) = [q(t + At)T, q(t + At)T]. This prediction
is used later in the problem (B) to test candidate controller parameters 6
that can generate suitable control actions u(t) to accurately reach the desired
tracking profile y,(t), even under uncertainties.

Currently, there are sophisticated and nonlinear regression models that
have been successfully used in the identification of systems [47, [48] [49]. How-
ever, linear regressors possess desirable characteristics to make online con-

troller tuning more efficient:

e They have simple structures, so the computational cost of making pre-
dictions about new inputs is negligible. With this, the time to complete
the controller tuning process, which requires multiple evaluations of the

identified model, is greatly reduced.

e [ts training or adjustment can be performed using a minimum amount
of computational resources by means of an analytical closed-form so-
lution to the least squares problem. This feature helps to reduce the

time required to perform system identification significantly.

e For short time windows, it is possible for the behavior of some robot
states to exhibit approximately linear behavior. In these cases, a linear
regressor could represent, to a large extent, the relationships between

the inputs and outputs of the system.
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Despite the desirable features, it is unlikely that a linear regression model
can fully describe/learn the relationships between the inputs and outputs of
a highly nonlinear system, even for a short time window, as accurate math-
ematical modeling of the dynamic system or a more sophisticated compu-
tational structure would. However, the savings in computational resources
when using linear regressors may be significant, so the applicability of the
proposed adaptive controller can be extended to different and more complex
robotic systems and can provide them with good efficiency and adequate
uncertainty handling.

Due to the above, only linear regression models are considered in this
work. In this sense, the advantages to consider them in the proposed adaptive
controller include simplicity, universality, and low computational cost [50].

The following linear regression models are adopted to work along with

the proposed adaptive strategy.

Simple Linear Regressor (SLR)
This regressor uses the model in [51]. In (13), a scalar output g;

(i.e., a single target value) is predicted over an input vector © = [x1, ..., z,]
using the model coefficients w; = [wjo,...,wjn]"
§j(wj, ®) = wjo + Wit + -+ Wjntn (13)

The model is trained by adjusting the coefficients w;. These coef-
ficients are obtained as the solution of the Least Squares problem in ([14])
[51]. This problem considers the minimization of the sum of squared resid-
uals r; ; = yj(w;, x;) — yi; (i.e., the difference between the predicted target

y; and the actual target y; ;) over [ data pairs of inputs @; = [2;1,..., ;)

20
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and their corresponding outputs y; ; in the features set X = [x1, ..., x;]" and

the targets set Y = [y1, ..., y]", considering that y; = [yi1,-- - Yij,- - -+ Yiom)

with j as one of the targets.

l

. 2
Jmin ) i (14)
i=1
Using the following closed-form expression, it is possible to obtain an

analytic solution to the above problem [51]:
wi = (XTX)'X"Y; (15)

where X = [1,X] is the matrix X including the first column with ones
(induced by the bias term w;), and Y; = [y1 4, ..., y;]* (i.e., the j-th column
vector of V).

Polynomial Regressor (PR)

As its name suggests, this regressor includes a nonlinear model based on
a multivariate polynomial [52]. Without losing generalization, a multivariate
polynomial of degree d can be defined as the weighted sum of monomials of
degree d and lower that can be made using a set of independent variables.

For the independent variables in &, the total number of available monomials

is given by (16).

p:(d+n>:M 16)

n n!d!
Similar to the SLR, the polynomial regressor can predict the value of a
single target ¢; when an input vector & = [x1,...,z,] is given. Nevertheless,

the PR of degree d uses & = [Z1,...,T,-1] as the input vector, with 7, as
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a unique monomial of degree d or lower and different from 1 made by the

variables in @. So, the PR model takes the form:
g)j(wj, .’B) = Wj0 + w]-,lil + e+ Wj7p,1£p,1 (17)

where w; = [wjo,...,wj,-1]" is the vector of the regressor weights.

The model in (17) matches the simple linear regressor in . There-
fore, the coefficients w; can be obtained as the solution of the associated
optimization problem in by the closed-form expression in ([15]).

Ezample: For @ = [x1,25] (i.e., n = 2) and d = 2, the following p = 6
monomials are available: 1, xy, xo, o179, 2%, and z3. So, the vector of
regressor weights for the j-th target is w; = [wjo,w;1,W;j 2, w;3,w;a,wjs5]"
and the associated polynomial regressor is 7;(w;, €) = wjo+wj 121 +w; 222 +

2 2
Wj73$1I2 + w]‘741}1 + Wj’5$2.

Multi-target regressor

As can be noticed, the above regression models can predict only a single
scalar target ¢; at a time based on the optimized parameters w; and a feature
vector ®. Nevertheless, a robotic manipulator has several outputs y; =
ity 3 Yijs---»Yim) (Le., the positions and angular velocities of each of
its joints) at each time instant. Then, a multi-target regressor is built by
several regression models of the same type (SLR or PR) in such a way that
one regressor is trained for one target component of y;.

The multi-target regressor is in the form for the particular study

case.
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where ) contains the parameters w; used on the regressor model for all

outputs 7 =1,...,m.

3.2. The controller tuning problem

Once the multi-target regressor in fits the robot behavior, it can
be used to predict the output response when different control actions u are
tested. These actions are computed by the CTC structure, which requires a
suitable tuning of its gains 0 to work appropriately and compensate for the
effect of the uncertainties.

Therefore, the optimization problem in is stated to obtain the best
CTC parameters for each sampling instant At. This problem aims to find
the gains 0 that, used in the CTC, generate the control actions u required to
minimize the Integral of the Squared Error (ISE) performance index within
a forward time window Uy € (t,t + syAt], with s; as the number of forward
steps. For this, e(t) = yq(t) —y(x(t—At), Q) is the error between the desired
profile y4(t) and the output y(t) predicted by the regressor over the feature
vector &(t — At), with the parameters 2 adjusted in the identification stage
and t € Uy. Moreover, the values of @ are limited by established lower and
upper bounds, denoted respectively by 8, and 8,.

Remark: If sy > 1, the first prediction with the regressor is performed
on the feature vector z(t) = [q(t)T, q()T, w(t)?], i.e., using the states y(t +
At) = [q(t+At)T, g(t+ At)T] acquired from the real system. For subsequent
predictions, the regressor uses x(f + At) = [¢(t + AT, q(t + AT u(l +
At)T], ie., the prediction is made over the states previously calculated by

the regressor g(f + At) = [¢(t + AT, q(t + At)T].
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OcR6

min J(0) = /tEU e(t)e(t) dt

subject to: (19)

0,<6<80,

It is important to notice that problem (19) includes the highly nonlinear
behaviors of the CTC structure given in @D, could have discontinuities in-
duced by the tracked trajectory, and it is difficult to guess an initial solution,
so it cannot be solved analytically, and the classical optimization methods are
not likely to find proper solutions. In this case, metaheuristics are potential

alternatives to solve the controller tuning problem.

Differential Evolution (DE)

Metaheuristics are stochastic computational techniques that can provide
good solutions to difficult optimization problems in affordable computational
time [28]. Today, there is a vast number of such techniques designed to
tackle different problems. One of these techniques is known as Differential
Evolution (DE) [53], a simple algorithm inspired by the theory of natural
evolution of species with outstanding performance in solving problems in
various engineering areas including control [10].

Due to its simplicity and high performance, DE is used to online solve
the secondary problem of controller tuning in (19). For this purpose, the
Online DE (ODE) variant of DE described in [54] is adopted. ODE is a DE
alternative specially designed to solve online optimization problems. Unlike
the original DE, where at the beginning of an optimization process, a new

random population is generated from scratch, ODE stores the information of
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Algorithm 1: Online Differential Evolution

"

w

10

11

12

13

14

15

Input: Number of generations (G4, ), Population size (N P), Crossover
Rate (C'R), Previous best individual (@pest)-

Output: Best individual (Opest)-

G0

Generate an initial population ©g with NP random individuals.

if Opes: # 0) then

@G,l — Obest

while G < G4, do
Generate a random scaling factor F' € [0.3,0.9].
foreach 6; € O do
Select three random individuals 6,1, 0,2, and 6,3 from the
population O such that rl # r2 # r3 # i.
Generate a mutant individual v; using v; = 0,1 + F (0,2 — 6,3).
Generate an offspring individual u; using
vij, if rnd(0,1) < CR or j = jrpg

Ui = , with j,..q as a
0;j, otherwise

random design variable and rnd(0, 1) a random number in [0, 1].

Choose between 6; and u; the fittest individual that will remain in

the population ©Og.
@G-H — @G

G+—G+1

Select the best individual Opes from the population O¢.

return 6.,

25



426

427

428

429

431

432

433

434

435

436

437

438

439

440

441

442

443

444

445

446

447

448

449

450

the best solution found in a previous optimization process and incorporates
it into the randomly initialized population of the new process.

Algorithm [I] describes the behavior of ODE. This DE variant receives as
input the information of the optimization problem (i.e., the objective function
J(0) and the upper and lower bounds, respectively 8, and 6,,), the values
of its hyperparameters (i.e., the maximum number of generations G, the
population size N P, and the crossover rate C'R) and, if any, the best solution
found in a previous optimization process. In the initial generation of this
algorithm (line 1), NP random vectors (so-called individuals) are generated
between the bounds given by 6, and 6, to form the population O (line 2).
If the best solution from a previous optimization process is available, it is
included instead of the first individual in the population ©¢ (lines 3 and
4). Subsequently, an evolutionary cycle is started that concludes at the end
of Gnar generations (lines 5 to 13). At the beginning of each generation, a
scaling factor F' € [0.3,0.9] is randomly generated, as suggested in [55]. Next,
for each individual 8; in ©¢ (line 7), three random individuals 6,;, 6,5, and
0,5 are selected from the same population (line 8). These individuals are
used to generate a mutant v; (line 9), and this in turn recombines with
the original individual 6; to obtain an offspring w; (line 10). The original
individual competes with its offspring to determine the fittest one using J(0),
which will prevail in the population (line 11). At the end of each generation,
the individuals of ©4 make up the population of the next generation Oqy
(lines 12 and 13). When all generations elapse, the fittest individual from
the last population O is chosen as the best solution to the optimization

problem 0., based on J(@) (lines 14 and 15).
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3.3. Summary of the proposed adaptive controller

This section aims to summarize the complete behavior of the proposed
Adaptive Controller (AC). For this purpose, the Algorithm [2| is employed.
In this, it is expected that the robotic manipulator performs the task of
trajectory tracking under uncertainties with high efficiency using an online-
optimized-gain CTC. At each sampling instant At between the initial t;
and final ¢y execution times (lines 1 to 15), the AC acquires and stores in
memory information about the current states of the manipulator (line 3)
and the applied CTC control signals (line 13). The above data forms the
knowledge base about the past system behavior. If the base is sufficiently
large (line 4), i.e., if it includes enough information about the past states
and control signals in a short backward window s,/At, the identification and
tuning process can be carried out to optimize the CTC gains (lines 5 to 10);
otherwise, a predefined set of gains is adopted 6y (lines 11 and 12). In the
former case, the identification process is performed first (line 5). For this, the
past s, manipulator states and CTC control signals conform to the sets of
features X and targets Y (line 6). Then, these sets are used to compute the
closed-form expression to obtain the optimal parameters Q* for the multi-
target regression model (line 7). The regressor can predict the system
response under different control actions computed with distinct gains 0 in
order to optimize its performance. The above is made by the tuning process
(line 8). In this, the optimization problem in (19)) is established first (line 9).
This utilizes the predictions of the multi-target regressor optimized in the
identification stage to evaluate the performance of the system when using

different CTC gains 6. Then, the problem is solved by the metaheuristic
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zo + 11 cos (), t <10 (s)

Za(t) = { o+ (r1 —rg) cos(FL) + 1y cos(%%), 10 (s) <t <20 (s)
COS(m
o + Tl_sin(%’f;;)%-l’ t > 20 (S)

(20)

method ODE described in Algorithm (1| (line 10). The optimized gains 8* of
the CTC are the expected outcome of the tuning process. Subsequently, the
gains (either predefined or optimized) are included in the CTC to calculate
the control signal (line 13) to be used in the robot (line 14).

4. Results

4.1. Ezxperiment conditions

In the proposed experiment, the end-effector of the 2 d.o.f. robotic ma-
nipulator must follow the desired highly nonlinear trajectory in the Carte-
sian space given by and during 30 (s), with 2y = yo = 0.25 (m),
ry = 0.15 (m), and ro = 0.015 (m). The above trajectory is made up of
a circle, a hypocycloid, and a Bernoulli lemniscate that must be developed
by the robot for 10 (s) each. The desired articular profile y; = (g2, ¢Z],
used in the CTC structure @D—, is obtained by substituting and
in the end-effector inverse kinematics equations described in (A.5])-(A.7)
from the Appendix A. For the simulation of this system, a sampling time of
At =5 (ms) is set, and the numerical Euler integration method is utilized.

Parametric uncertainties are considered in the dynamic parameters. In
this sense, the link masses, inertia, and lengths to the mass centers vary

up to +10% from their nominal values. This relatively small variation is
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Algorithm 2: Proposed Metaheuristic Adaptive Controller based on

Polynomial Regression and Differential Evolution

Input: Initial time (¢;), Final time (¢;), Sampling interval (At), Number of backward steps for
identification (sp), Number of forward steps for tuning (ss), Estimated dynamic model
parameters (p), Initial controller gains (6p), ODE hyperparameters (Gmaaz, NP, and
CR), Desired trajectory (q and g).

Output: None.

1 t<+t;
2 whilet <ty do
3 Acquire or estimate current states g(t) and ¢(¢) from the robotic manipulator and store

them in memory.

4 if t > sy At then
5 Identification process:
6 Conform the sets of features X and targets Y using the information of the past

sp manipulator states g(t), ¢(¢) and control signals w(t) with ¢ € [t — sp AL, t).
7 Compute the closed-form expression along with X and Y to obtain the
optimal parameters Q* for the multi-target regression model .

8 Tuning process:

9 Use the multi-target regression model to establish the tuning optimization
problem ([I9). Consider the following:

e The multi-target regression model with the optimal parameters Q* (from
the identification process) is used to predict the future manipulator outputs
Y(t + At) given new input values x(f) for ¢ € [t,t + sy At).

e The estimated control signal 4 (%) in the input x(f) is computed with the CTC
in ([9) and using the estimated model parameter vector p and the states
q(?), q(t) from x(t) for a given set of gains 6.

e Compute the optimized controller gains 6* with ODE from Algorithm [I] using
the hyperparameters Gimaz, NP, and CR, and the last value of 8* found by
ODE (if exists).

10 else
11 t 6* < 6o
12 Compute the current control action w(t) with the CTC in @]) and using the

optimized gains 0%, the estimated model parameter vector p, and the current states
q(t),(t), and store it in memory.
13 Use u(t) in the robotic manipulator for the trajectory tracking.

14 t+t+ At
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yo + 71 sin (3, £ <10 (s)

10
Ja(t) = { o+ (1 —r2)sin(38) +ry sin(%%), 10 (s) <t <20 (s)
cos( 2%t ) sin( 2zt
yo—l-?“l—(w) (w), t > 20 (s)

sin( 25 )41

(21)
chosen because these dynamic parameters can be measured or calculated
in a simple way and usually vary little in practice. On the other hand,
uncertainties are included in the viscous and Coulomb friction coefficients in
such a way that they vary up to £50% from their nominal values at different
frequencies. Relatively large and dynamic variations are chosen because the
effect of friction changes continuously due to environmental phenomena, and
it is also difficult to measure, with time being one of the most influential
variables in these variations [56]. So, this simulates a hard environment in a
short period of time. The above uncertainties are summarized in Table [2f and
aim to introduce realistic extreme conditions to the simulation experiments.
Additionally, random noise is included in the acquired states of up to £0.1%
with respect to the actual signals.

Two adaptive controllers based on the Simple Linear Regressor (SLR-
AC) and the Polynomial Regressor (PR-AC) are studied to determine the
effectiveness of the proposed approach. For these controllers, it is considered
a number of backward steps for identification of s, = 10 (i.e., it uses the
information of the features and targets of the system in a backward time
window of 10At.) and forward steps for tuning of sy = 1 (i.e., tuning is
performed with the information of a single prediction with the regressor).

These parameters were adjusted by trial and error in an attempt to main-
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Table 2: Description of the parametric uncertainties.

Parameter | Uncertain value
by b1 + %bl sin (%t)
by by + %bg Cos (%t)
I pi1 + 311 cos (£t)
H2 fi2 + o sin (51)
my %ml
Mo l%mQ
lea i5ler
le2 Tole
L %]1
I, 1%12
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tain high control performance and low computational cost. In the case of
PR-AC, the polynomial degrees d = 2,3,4 are tested for the model
and the second-degree polynomial obtained the best performance, so this
model is used in the study. Concerning the metaheuristic optimizer ODE;,
the hyperparameter CR = 0.5 is selected according to the suggestions in
[55], while the maximum number of generations G, = 20 and the pop-
ulation size NP = 20 are selected to perform the tuning effectively in a
reasonably short time. As can be noticed in Section 3, there is no enough
information in memory to train the regressor when t < s,At. Then, for
this short time interval, the following fixed gains of the CTC are implanted
in the SLR-AC and PR-AC alternatives: kj; = 220.418, kj, = 229.164,
ki ~ 0, k% ~ 0, ki = 204.220, and kj, = 205.494 (these gains are op-
timized for a fixed-gain CTC as explained in detail further below). Based
on the above gains, the lower and upper bounds of @ for the tuning prob-
lem are established as 6, = [1kmaz: $kmaz, +Kmaz, 1Fmazs Skmaz, 3kmas)” and
0. = [4kmas, 4kimaz, Ymazs Akmazs Skmaz, 2kmaz)”, With kme, as the highest
value gain optimized offline for the CTC. This is due to the low evaluation
budget of the tuning problem, which requires keeping the limits of the design
variables tight to avoid overfitting. For k4, and kgo, the bounds are kept tight
because of the high sensitivity to these gains in trajectory tracking perfor-
mance observed for the C'TC, contrary to k,; and k,2, whose bounds are kept
wider. In the case of k;; and k;», the bounds are also chosen wider with the
intention that the adaptive controller can compensate for steady-state errors
that the CTC cannot (this due to its tuning considering an ideal scenario

without noise and uncertainties, as described below).
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To perform comparisons, the adaptive control strategy, where the iden-
tification and tuning processes are carried out through online metaheuristic
optimization, is also considered for comparison and, from now is referred to
as MH-AC. Unlike the adaptive control strategy proposed in this work, MH-
AC performs the identification of the dynamic parameters of the model in
with the aid of ODE. For this purpose, ODE searches for the dynamic
parameters of the manipulator that minimize the differences between the
outputs acquired from the real system and the outputs computed with the
dynamic model when both are subject to the same initial conditions and
the same control inputs. The above is quantified with the Mean Squared
Error (MSE). In this case, only the states acquired in a time window with
a number of backward steps s, = 10 of At are considered for each sampling
instant. In addition, the search space for each dynamic parameter of the
model is between zero and twice its nominal value in Table[Il Similar to the
proposed control strategy, the online identified model is used to predict the
future responses of the robot to tune the CTC gains (i.e., the gains of the
PID stabilizing strategy ) as the solution to the optimization problem
in through ODE, while the parameters of the dynamic model used in
this controller are set the same as the nominal ones in Table [1l For both the
identification and tuning processes, the hyperparameters of ODE are set as
CR = 0.5, Gz = 20, and NP = 20.

Additionally, the fixed-gain CTC is adopted. This controller is tuned
offline through ODE, considering the same task in and (21)), but with-
out taking into account parametric uncertainties neither noise. Since time

is not a constraint for offline tuning, a larger budget of problem evaluations
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is provided to ODE by selecting the hyperparameters G,,.. = 10,000 and
NP = 50. Also, the optimization problem consists of finding the gains of
the controller that minimize the ISE index for the error between the desired
profile y,; and the simulated robot output y within the execution window
t € 10,30] (s). For the offline tuning problem of the CTC, the bounds are
established ¢;; = 0 and 6,; = 10,000 for « = 1,2,...,6. After the opti-
mization with ODE, the best CTC gains are kj, = 220.418, k;, = 229.164,
ki ~ 0, kjy ~ 0, kj = 204.220, and £}, = 205.494 (the same ones used at
the beginning of the execution of the adaptive controllers).

All controller alternatives are implemented in a PC with Intel(R) Core(TM)
i3-10105F CPU @ 3.70 GHz and 32 GB of RAM.

4.2. Experiment results and discussion

Given the stochastic nature of the used adaptive control strategies and the
random noise signal included during the acquisition of the system states, 30
independent runs of each control alternative are performed to gather relevant
experimental evidence. For the comparative analysis, it is considered the
ISE index between the reference y,; and the simulated robot output y in the
articular space, the execution time T of each controller, and the norm of the
control signal ||l

Regarding the error measured in terms of ISE, Table [3| includes the av-
erage, standard deviation, minimum, and maximum values of the 30 inde-
pendent runs for each controller. According to the mean ISE in Table
MH-AC is the best-performing alternative in tracking the desired trajectory
yg4. Also, it can be observed that PR-AC obtains the second-best performance
with a mean value 55% higher than that of MH-AC. These two performances
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Table 3: Performance of the compared alternatives in the articular space.

Controller | Mean ISE Std. ISE Min. ISE Max. ISE
CTC 7.9342e-03  1.0216e-05 7.9118e-03  7.9647e-03
SLR-AC | 6.5226e-03  2.1584e-03  3.7409e-03  1.1906e-02
PR-AC 3.9201e-03  1.9905e-04  3.5452e-03  4.4781e-03
MH-AC | 2.5348e-03 8.9948e-05 2.3710e-03 2.7683e-03

are followed by those of the strategy based on the simple linear regressor
SLR-AC and the offline adjusted CTC. The above performances may be due
to the ability of adaptive controllers to compensate for the negative effects
of parametric uncertainties and random noise through online adjustment of
their gains. In the MH-AC controller, the online identification of the dy-
namic model allows for generalizing the robot behavior accurately and, con-
sequently, aids in making better predictions for calculating control gains. In
the case of regression-based controllers, the difference between PR-AC and
SLR-AC may be due to a better capability of PR to generalize the nonlinear
behavior of the robotic manipulator within the short time window s,At, in
comparison with SLR. Unlike adaptive controllers, the performance of CTC
depends on its offline tuned gains and, at the same time, on the model used
for both tuning and compensation of the nonlinear dynamics of the system.
As the behavior of this model deviates from the actual system behavior, the
performance of CTC decreases, as suggested in the table. On the other hand,
the same behavior of the mean ISE is observed for its minimum and max-

imum values in Table [3], where MH-AC has the best performance, followed
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Figure 3: Articular positions tracked by the best runs of CTC, SLR-AC, PR-AC, and
MH-AC controllers.

closely by the proposed strategies PR-AC and SLR-AC, and CTC in last
place. With respect to the ISE standard deviation, CTC shows the smallest
value and, therefore, has the highest repeatability. MH-AC, PR-AC, and
SLR-AC follow this value in that order. This can be due to the fact that
CTC does not have a stochastic adaptation mechanism (and therefore has
a deterministic behavior), unlike the rest of the alternatives that use online
optimization with ODE to identify the system (in MH-AC) and tune the
controller gains (MH-AC, PR-AC, and SLR-AC).
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Figure 4: Articular speeds tracked by the best runs of CTC, SLR-AC, PR-AC, and MH-

AC controllers.
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Figure 5: Articular position errors obtained with the best runs of CTC, SLR-AC, PR-AC,
and MH-AC controllers.

Figures [3] and [4] show the responses obtained during the best execution
(concerning ISE) of each controller to illustrate the above results. In this
sense, Fig. |3/includes the position tracked by the robotic manipulator in the
articular space, while Fig. [4] shows the articular speeds developed by the
robot. As can be seen in these figures, the MH-AC and PR-AC controllers
can obtain articular positions with imperceptible deviations with respect to
the reference. In the case of SLR-AC, these deviations are especially notice-
able when developing the highly nonlinear trajectory in and with
10 (s) <t <20 (s) (i.e., the hypocycloid). Now, with respect to CTC, it is
possible to observe important deviations during the realization of the com-
plete trajectory. This is related to using the optimized gains £k}, ~ 0 and
k% ~ 0, which induce a steady state error. It should be recalled that these
gains were obtained by not considering noise and uncertainties during CTC
offline tuning. On its part, Fig. {4l shows the speed profiles tracked by the

robot manipulator using each control alternative. In this figure, it is easy to
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Figure 6: Articular speed errors obtained with the best runs of CTC, SLR-AC, PR-AC,
and MH-AC controllers. The first column shows the plots in full scale, and the second
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Table 4: Computational burden required by the compared alternatives.

Controller | Mean T (s) Std. T (s) Min. T (s) Max. T (s)
CTC 1.1200e-02 4.8381e-03 8.0000e-03 3.1000e-02
SLR-AC | 2.2052e+00  9.0149e-03  2.1920e+00  2.2350e-+00
PR-AC 7.0120e+00  7.8992e-02  6.9490e+00  7.2200e+00
MH-AC 1.9893e+01  1.8565e-01  1.9780e+01  2.0803e+01

notice that MH-AC and PR-AC track the speed reference more accurately.
Besides, CTC shows slight deviations from the reference, and SLR-AC some-
times has difficulties following the velocity profile. The error associated with
tracking articular position and speed profiles can be found in Figures [5| and
[6] respectively. In Fig. [5] it is possible to appreciate that MH-AC presents
more attenuated articular position errors than the rest of the alternatives.
Moreover, the magnitude of these errors is similar for the regression-based
alternatives, and, as for CTC, these figures allow a better insight into the
steady-state error. As for Fig. [6] it can be noticed that the largest differ-
ences between the velocities obtained using the controllers and the reference
occur at the beginning of the trajectory and when abrupt changes in it arise
(i.e., when t = 0,10,20 (s)). Also, it is evident that the articular speed error
signals are similar for all controllers. For MH-AC and PR-AC, these signals
seem to be more attenuated during some time intervals than the rest of the
alternatives.

In terms of the computational burden required by the control alternatives,

Table 4 summarizes the mean, standard deviation, minimum, and maximum
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execution time values (denoted by T) of their 30 independent runs. According
to the information in this table, CTC is the most time-efficient alternative.
The simplicity of CTC explains this, since it does not require additional
model or controller parameter searching. So, CTC only uses computational
resources to evaluate the dynamic model of the system during the calculation
of the control action, which is reflected in a negligible execution time. At
the other extreme, MH-AC is the controller that requires the highest amount
of computational resources. This is because MH-AC performs two search
processes using ODE, one to identify the system and the other to tune the
controller, the former being the most expensive (due to the continuous evalu-
ation of the dynamic model and the amount of backward information used to
perform the identification given by s;). Despite this, the mean time for MH-
AC is 19.893 (s), so it is still an affordable alternative to develop the 30 (s)
trajectory. However, as the controlled system becomes more complex (e.g., a
six-degree-of-freedom industrial manipulator robot), it is expected that, due
to the increased complexity of the dynamic model, the execution time will
rise considerably, and MH-AC will not be able to perform the searches on
time. On the other hand, the SLR-AC and PR-AC controllers save consid-
erable computational resources during the online identification stage since,
instead of performing the search for the dynamic model parameters with a
technique such as ODE, they use a linear regression model and fit it using
the backward information obtained from the system through a computation-
ally low-cost closed-form expression. In addition, using a linear regression
model to make predictions at the tuning stage can also save time since the

dynamic model, which can be very complex, is not evaluated as such. These

41



Table 5: Control action behavior of the compared alternatives.

Controller | Mean ||u| (Nm) Std.||w]| (Nm) Min. ||u| (Nm) Max. ||u| (Nm)
CTC 3.4425e+04 6.0485e-01 3.4424e+-04 3.4426e+04
SLR-AC 3.4467e+04 1.1460e+02 3.4316e+04 3.4749e+04
PR-AC 3.4309e+-04 9.7040e+00 3.4284e+-04 3.4321e+04
MH-AC 3.4310e+04 6.4070e+00 3.4301e+4-04 3.4322e+04
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savings can be seen in Table 4] where SLR-AC requires about 11% of the
mean execution time used by MH-AC, and PR-AC uses about 35% of that
time. On the other hand, it is worth mentioning that all alternatives are re-
liable in terms of execution time for the utilized computer and, in the worst
case (MH-AC), the time can deviate up to about 0.2 (s) with respect to the
mean. At this point, it is worth mentioning that in contrast to the works
in [30, BT, B2], which can implement in practice the intelligent adaptation
mechanism (consisting of the identification and tuning stages), the compu-
tational cost of the proposal is significantly reduced, using on average, with
the second degree polynomial regressor, only 1.2 (ms) of the 5 (ms) available
at each sampling instant. This highlights the feasibility of implementing the
proposal not only for the two d.o.f. robotic manipulator, but also for robotic
systems of higher complexity.

Finally, examining some features of the control actions generated by the
compared alternatives is interesting. For this purpose, Table [5] shows the

mean, standard deviation, minimum, and maximum of ||u|. Based on the

42



Full scale

30 . . . , . 10
25 b ctc | 9
20 SLR-AC 8
7
6
— z .
é z
& =y
<) 3
= 3
2
10+ 1 1
—15 - 4 0
L L L L L 1
0 5 10 15 20 25 30
t(s)
T T T T T 3 T T T
7} CTC |1 CTC
6 L SLR-AC | -
5 ™ PR-AC
4 ‘ MH-AC
—~ 3 il — — —Ref.
g J ‘ I J
$ o1
0 L ‘ y J
—-1 ' ‘
) L w | ‘ i
—3r 7 | \
1 1 1 1 1 _3 1 1 1 1 1
0 5 10 15 20 25 30 0 5 10 15 20 25
t (s) t (s)

Figure 7: Control signals computed with the best CTC, SLR-AC, PR-AC, and MH-AC

runs. The first column shows the plots in full scale, and the second with a larger zoom.
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mean of ||u|| presented in this table, it is observed that PR-AC is the most
energy-efficient alternative and is narrowly followed by MH-AC. Also, CTC
shows the third-best energetic performance with a mean value of ||u|| similar
to SLR-AC, which is ranked last. The behavior of the control signals for
all alternatives is shown in Fig. [7] The figure shows close behaviors of the
two control signals the manipulator requires with all controllers. In addition,
sudden changes in these control actions can be seen that coincide with the
abrupt changes in the trajectory. For SLR-AC, the changes in the control
signals at the end of the run are intended to compensate for the errors in
tracking the desired profile. Because of the stochastic nature of the proposed
control strategy, it is very likely that the controller configuration found in
one time interval will be different from those in other time intervals. The
noisy or unsmooth behavior of the control signals in Fig. [7]is attributed to
the above fact. However, such behavior can help to excite different dynamics

of the manipulator robot and benefit the identification process [44].

4.3. Reliability analysis in the proposed approach

The stochastic nature of the proposal requires non-parametric statistical
tests to verify the confidence in the obtained results and the generalization of
the conclusions. So, this section presents an analysis based on non-parametric
statistics of the performance of the controllers in terms of ISE and computa-
tional burden to verify the reliability of the results.

First, the Friedman multicomparative test [57], with a statistical signifi-
cance o = 5% is performed for the distributions of ISE and execution times
achieved by the 30 independent runs of all controllers. Tables [6] and [7] show

respectively the results of the multicomparative tests considering ISE and
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Table 6: Ranks achieved by the controller according to the Friedman multi-comparative

test considering ISE.

Algorithms | Friedman rank
cTC @ 3.8330
SLR-AC ©® 3.0670
PR-AC @ 2.1000
MH-AC (M 1.0000
Statistic 81.1600
p-value 1.7306e-17

computational burden. These tables include the controller in the first col-
umn and its Friedman rank in the second column. At the bottom of these
tables are summarized the p-value (i.e., the probability of accepting the null
hypothesis, which states that there are no significant differences in the sam-
ple distributions) and the y? statistic (i.e., the magnitude of differences in
the distributions). According to these two tables, the ISE and execution
time distributions show significant differences from each other. The indices
(1) through (4) are placed next to the name of each controller to identify the
most promising alternatives according to Friedman rank (lower is better for
minimization problems).

Next, post-hoc pair-wise Friedman tests are performed for the ISE and
computational burden results considering all the controllers to confirm the
tendency suggested by the ranks described above. The p-value obtained in
each test is adjusted using Holm, Shaffer, Bergmann, and Bonferroni correc-

tions [57] to increase the robustness of the test conclusions. Tables [8 and [
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Table 7: Ranks achieved by the controller according to the Friedman multicomparative

test considering computational burden.

Algorithms | Friedman

cTc W 1.0000
SLR-AC @ | 2.0000
PR-AC ©) 3.0000
MH-AC @ 4.0000

Statistic 90.0000
p-value 2.1906E-19

include respectively the results of the pairwise tests for ISE and execution
time. The first column of these tables indicates the test performed, the mid-
dle columns include the p-value and its corrections, and the last column shows
the difference between the multicomparative Friedman test ranks obtained
by the first and second controllers considered in the pair-wise test (these are
in Tables [6] and [7)). Boldface results in the first column denote that one con-
troller is superior to the other when the p-value and its corrections confirm
that the alternative hypothesis is satisfied. In the middle columns, the bold-
face indicates that the p-value does not exceed statistical significance. The
rank difference is utilized to determine the winner of each test (a negative
difference indicates that the first driver is better, while a positive difference
indicates the opposite). Based on the above results, the controllers can be
ranked from best to worst with respect to their performance in terms of ISE
as MH-AC, PR-AC, SLR-AC, and CRC. When the computational burden is

considered, this order is reversed.
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Table 8: Pairwise Friedman tests using adjusted p-values for all controllers and considering

ISE.
Test Unajusted Holm Shaffer Bergmann Bonferroni Rank diff.
CTC vs MH-AC 0.0000E+-00 0.0000E-+00 0.0000E+-00 0.0000E+-00 0.0000E+00 2.8330
CTC vs PR-AC 1.9929E-07 7.9715E-07 5.9787E-07 5.9787E-07 1.1957E-06 1.7330
CTC vs SLR-AC 2.1448E-02 2.1448E-02 2.1448E-02 2.1448E-02 1.2869E-01 0.7667
MH-AC vs PR-AC 9.6685E-04 2.9005E-03 2.9005E-03 1.9337E-03 5.8011E-03 -1.1000
MH-AC vs SLR-AC 5.6463E-10 2.8232E-09 1.6939E-09 1.6939E-09 3.3878E-09 -2.0670
PR-AC vs SLR-AC 3.7316E-03 7.4633E-03 7.4633E-03 3.7316E-03 2.2390E-02 -0.9667
Table 9: Pairwise Friedman tests using adjusted p-values for all controllers and considering
computational burden.
Test Unajusted Holm Shaffer Bergmann Bonferroni Rank diff.
CTC vs MH-AC 0.0000E+-00 0.0000E-+00 0.0000E+-00 0.0000E+00 0.0000E+00 -3.0000
CTC vs PR-AC 1.9732E-09 9.8659E-09 5.9195E-09 5.9195E-09 1.1839E-08 -2.0000
CTC vs SLR-AC 2.6998E-03 8.0994E-03 8.0994E-03 5.3996E-03 1.6199E-02 -1.0000
MH-AC vs PR-AC 2.6998E-03 8.0994E-03 8.0994E-03 5.3996E-03 1.6199E-02 1.0000
MH-AC vs SLR-AC 1.9732E-09 9.8659E-09 5.9195E-09 5.9195E-09 1.1839E-08 2.0000
PR-AC vs SLR-AC 2.6998E-03 8.0994E-03 8.0994E-03 5.3996E-03 1.6199E-02 1.0000
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4.4. Tracking fast and highly complex trajectories

Finally, it is important to observe the performance of the proposed adap-
tive controller in tracking fast and highly complex trajectories. For this, an
additional case study is developed with the 2 d.o.f. robotic manipulator and
the PR-AC using the same adverse conditions reported in Section (i.e.,
random noise and parametric uncertainties), as well as the optimizer param-
eters and search bounds, but considering the tracking of the highly complex
trajectory adopted in [58]. Such a trajectory is described in (22]) and must
be completed in 27 (s).

Ta(t) = xo + 5 sin(11t) + - sin(2t) (22)
Ja(t) = yo + L sin(11¢t + 1.6) 4+ 2 sin(2¢ + 1.6)

Table [10] summarizes the results obtained with the PR-AC after 30 in-
dependent runs in terms of ISE, the execution time (T), and the norm of
the control signal ||u||. Based on the ISE, PR-AC has an acceptable perfor-
mance when tracking a fast and highly complex trajectory (compared with
the results obtained in Table |3| when tracking slower and less complex trajec-
tories). Concerning the execution time T, it is affordable and proportional
to the values reported in Table [4| (considering the tracking times of 30 (s)
and 27 (s)). In the case of the control signal norm ||ul||, PR-AC requires a
higher effort to follow the fast and highly complex trajectory in contrast to
the results of Table 5| (considering the ratio given by ||u|| and the tracking
times of 30 (s) and 27 (s)).

The best behavior of PR-AC when tracking the selected fast and highly
complex trajectory is depicted in Fig. for the articular and Cartesian

spaces. From that figure, the trajectory developed by PR-AC is close to the
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Table 10: Results obtained with the PR-AC for the fast and highly complex trajectory.

Index Mean Std. Min. Max.

ISE 1.0202e-01  2.2950e-03  9.7989%e-02  1.0742e-01

T (s) 2.0603e+00  2.2407e-02  2.0360e+00 2.1110e+-00
|lu|| (Nm) | 9.8199e+03 8.6908e+00 9.8028e+03 9.8364e+03

Articular space Cartesian space
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Figure 8: Articular and Cartesian fast and highly complex trajectories tracked by the best
run of PR-AC.

reference. The associated articular position and speed errors are observed
in Figures [0 and respectively, while the control actions are illustrated in
Fig. [11]

Then, the proposed adaptive controller can track fast and highly complex
trajectories subject to adverse conditions such as noise and uncertainties with

acceptable performance and affordable execution time.
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Figure 11: Control signals computed with the best PR-AC run for the fast and highly

complex trajectory.

5. Conclusions

This paper proposes an optimized adaptive controller based on regres-
sion for robotic manipulators. The strategy is based on the computed-torque
controller (CTC), whose PID gains are adjusted online based on two op-
timization processes: system identification and tuning. Regarding the first
problem, its solution is a regressor that makes predictions of the robot states.
For this, a different regressor structure can be selected to provide a suitable
generalization of the robot behavior (i.e., adequate predictions of the system
outputs over new or unknown input data different from the one used during
training). This work studies the performances of the Simple Linear Regres-
sor (SLR) and the Polynomial Regressor (PR) within the proposed strategy,
originating in the controllers denoted as SLR-AC and PR-AC. The existence
of a closed-form expression allows the regression model to be fitted using past

information about the robot’s states and control inputs. The second prob-
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lem uses the regressor predictions to decide about the CTC parameters that
can achieve the best control performance under uncertainties. Due to the
complexity of this problem, an improved Online variant of the Differential
Evolution (ODE) is adopted to find suitable CTC gains.

The proposal is tested in simulation assuming parametric uncertainties,
random noise, and a highly nonlinear desired task. It is compared with
the MH-AC adaptive controller based on online identification and tuning
with ODE. The CTC tuned offline through ODE without considering the
undesired conditions above is also considered for comparisons. Based on
the results obtained, PR-AC showed outstanding performance compared to
CTC optimized offline and SLR-AC and competitive performance compared
to MH-AC, considering the accuracy in trajectory tracking. When time is
also taken into account, PR-AC is considerably more efficient than MH-AC
since it saves computational resources during the identification stage by using
a closed-form expression to adjust a simplified regression model. In addition,
PR-AC proved to be more energy efficient.

Thus, the confidence in the obtained results with the proposed adaptive
control strategy is confirmed by non-parametric statistical tests, which in-
fer that the proposal can effectively track complex trajectories despite the
negative effects of uncertainties and noise, using a considerably low amount
of computing resources (compared to more complex and accurate techniques
such as MH-AC). This makes the proposal affordable and a promising candi-
date for controlling systems of higher complexity (e.g., such as a six-degree-
of-freedom robotic manipulator).

It is suggested that a control event-triggered strategy be included in the
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future to determine when to perform identification and gain adjustment, and

save even more computational resources.
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Appendix A. End-effector kinematics

Appendiz A.1. End-effector direct kinematics

The relationship between the Cartesian position of the end effector £ =

[z,y]" and the articular coordinates q is given by (A.1)).

‘- l1sin (q1) + lasin (¢1 + g2) (A1)

—lycos (q1) — lacos (q1 + q2)

The Cartesian velocities € = [, §]” of the end effector are obtained using

the expression in (A.2), where J (q) is the Jacobian matrix obtained as (A.3]).

£=J(a)dq (A.2)
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1054

%3

J(q) = 9q (A.3)

105 Then, the Cartesian accelerations 5 = [#,4]" can be calculated by differ-
wss entiating € in (A.4).

E=J(@d+J(@)d (A4)

wsz  Appendiz A.2. End-effector inverse kinematics

108 Geometrically, the end effector position &€ can be represented in the space

wso  Of articular coordinates q = [q1, ¢o]” as in (A.5).

2,,2 72 72
1 [ xHy =li-15
COS (—2lll2

1= s t —1(y t -1 l2 sin(q2) (A5)
5 Htant () —tan ™ (et
1060 The articular velocities are obtained in (A.6) by using (A.2).
g=J"(a)¢ (A.6)

1061 Finally, the articular accelerations are calculated in (A.7)) based on (A.6]).

G=J"(q)&— T (a)J(q)] " (q)¢ (A7)
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