. machines

Article

Parameter Estimation for Robotic Manipulator Systems

Qianfeng Zhu *(), Zhihong Man !, Zhenwei Cao !, Jinchuan Zheng !

check for
updates

Citation: Zhu, Q.; Man, Z.; Cao, Z.;
Zheng, J.; Wang, H. Parameter
Estimation for Robotic Manipulator
Systems. Machines 2022, 10, 392.
https://doi.org/10.3390/
machines10050392

Academic Editor: Dan Zhang

Received: 31 March 2022
Accepted: 11 May 2022
Published: 19 May 2022

Publisher’s Note: MDPI stays neutral
with regard to jurisdictional claims in

published maps and institutional affil-

iations.

Copyright: © 2022 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license (https://

creativecommons.org/licenses /by /
4.0/).

T
and Hai Wang 2

Faculty of Science, Engineering and Technology, Swinburne University of Technology,

Melbourne, VIC 3122, Australia; zman@swinburne.edu.au (Z.M.); zcao@swin.edu.au (Z.C.);
jzheng@swin.edu.au (J.Z.)

Discipline of Engineering and Energy Centre for Water, Energy & Waste, Harry Butler Institute,

Murdoch University, Perth, WA 6150, Australia; hai.wang@murdoch.edu.au

*  Correspondence: gianfengzhu@swin.edu.au

t  This paper is an extended version of our paper published in Zhu, Q.; Man, Z.; Cao, Z.; Zheng, ].; Wang, H.
Parameter Estimation of Robotic Manipulator in Frequency Domain. In Proceedings of the 2021 International
Conference on Advanced Mechatronic Systems (ICAMechS), Tokyo, Japan, 9-12 December 2021.

Abstract: In this paper, a novel methodology for estimating the parameters of robotic manipulator
systems is proposed. It can be seen that, for the purpose of parameter estimation, the input torque to
each joint motor is designed as a linear combination of sinusoids. After the transient responses of joint
angles exponentially converge to zero, the steady states of joint angle outputs can be extracted. Since
the steady states of joint angles are the equivalent finite Fourier series, the coefficients of the steady
state components of joint angles can be further extracted in a fundamental period. With the amazing
finding that the steady states contain all dynamic information of manipulator systems, all unknown
parameters of the system model can be accurately estimated with the extracted coefficients in finite
frequency bands. The simulation results for a two-link manipulator are carried out to illustrate the
effectiveness and robustness against measurement noise of the proposed method.

Keywords: parameter estimation; robotic manipulator; least square method optimization

1. Introduction

In modern manufacturing industry, robot manipulator systems are widely adopted
in many aspects such as assembling, welding, painting, etc. [1-3]. In order to ensure the
stability and reliable performance of robot manipulators, many model-based controllers
have been proposed [4-11]. The stability of the control performance highly depends on
the accuracy of the system dynamic model. To establish the accurate dynamic model, the
knowledge of system dynamic parameters is required [12]. However, internal parameter
perturbation may occur during long-time continuous operation in many practical appli-
cations, which may degrade the reliability of the system operations. Thus, the accurate
estimation of system dynamic parameters is of great significance.

Various methodologies have been developed to solve the parameter estimation prob-
lem for manipulator systems [13-19]. One commonly adopted method for identifying the
unknown manipulator parameters is the recursive least square method (RLS) [20,21]. The
common characteristics of the existing RLS methods are that a cost function needs to be
designed; the optimization process will start at a random initial position in the parameter
space and proceed along with the surface of that cost function in a series manner [22].
Although many RLS-based approaches have been proposed to complete variable parameter
estimation tasks, these methods still have several limitations. For instance, most RLS
methods in the time domain have always suffered from low convergence speed [23]; the
robustness of the RLS is weak against external disturbances due to its low sensitivity to
the new measurements in long-time recursive iteration [24]. Moreover, the local minima
problem will happen if the start point has not been selected properly, which may also lead
to the degeneration of the estimation performance [25,26].
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The Kalman filter (KF) and its variants including extended the Kalman filter (EKF)
and unscented the Kalman filter (UKF) have also been proved to be effective of estimating
unknown dynamic parameters of manipulator systems [27-32]. The KF algorithms employ
the stochastic system model, and the model uncertainties and measurement noises are all
assumed to be Gaussian. With properly designed KF gains, the posteriori error covariance
is minimized, and the optimal estimates of model parameters are obtained in the form
of a weighted combination of the priori estimates and measurements. However, the
implementation of KF algorithms requires a nominal system model and full system states
information [33]. The estimation accuracy will also be degraded due to the unknown
distribution of disturbance [34]. In manipulator systems, if the joint angular velocity and
angular acceleration are not available, it will be quite hard to formulate the KF algorithm
for either estimating system model parameters or system states [35,36]. Furthermore, the
robustness of the Kalman filter cannot be guaranteed as well [37,38].

In this paper, a novel parameter estimation scheme is developed for manipulator
systems in the frequency domain. To start with, the manipulator system dynamic model
has been re-constructed using the linearization technique. It is shown that the information
from the other joint can be decoupled and only the joint angular position measurement is
required for further parameter estimation. Considering the fact that the transient response
of the joint angular position and angular velocity are all damped and will exponentially
converge to zero with fast convergence speed, the angular position and angular velocity
are dominated by their steady state after sufficient long time. The steady state of angular
position can then be extracted from the measurement. In this study, the manipulator system
is excited by a linear combination of sinusoidal components. The steady state of the output
can also be equivalent to a finite Fourie series. It is shown that, the coefficients of the
steady state joint position measurement are all polynomials about the system dynamic
parameters and system’s dynamic information has been fully embedded in these coefficients
within one fundamental period. Then, the coefficients of the steady state of the angular
position can be extracted from the angular position measurement using joint position
measurement in one fundamental period. Furthermore, utilizing the relationship among
the coefficients of the steady state sinusoidal components of joint position measurement and
the system’s dynamic parameters in the frequency domain, all the unknown parameters
including the mass of the joint, the length of the joint, etc. can then be estimated based on
extracted coefficients.

The advantages of the proposed method can be concluded as: (i) only the steady
state part of the measurement in one fundamental period is required to extract the coef-
ficients of the steady state sinusoidal components. (ii) All unknown parameters within
the system model can be accurately estimated based on extracted coefficients while the
estimation convergence speed is faster than that of traditional recursive estimation schemes
and the global optimization mechanism is guaranteed. (iii) The averaging process of ex-
tracting the coefficients of steady state sinusoidal components contributes to compensate
the effects of the measurement noises. The proposed estimation scheme is robustness
against measurements.

Compared to existing parameter estimation approaches, in the proposed method, a
nominal model and prior information are not required, only the steady state of the joint
position measurement in one fundamental period is needed; the coefficients of the steady
state sinusoidal components can all be extracted, based on which all unknown parameters
can be estimated in finite frequency bands. In addition, due to the orthogonal properties
of the trigonometric base in the sinusoidal components, the computational cost of matrix
inversion of the high dimension can be greatly reduced; therefore, the proposed estimation
method exhibits high convergence speed, since no recursive process is involved. Moreover,
the proposed estimation scheme will show a global optimization mechanism.

The rest of this paper is organized as follows: in Section 2, the dynamic model of a
manipulator is reconstructed using a linearization technique. The system’s output response
in frequency domain is analyzed. In Section 3, the input torque is designed as a linear
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combination of sinusoids and the coefficients of steady state sinusoidal components of
the measurement are derived and extracted. The unknown parameters are then estimated
based on these coefficients. In Section 4, the simulation results are carried out to verify
the theoretical analysis and good estimation performance of the proposed method; the
robustness of the proposed method is also discussed. In Section 5, the conclusion is
briefly summarized.

2. Problem Formulation

Consider a two-link manipulator; the angular position and angular velocity are de-
noted as g = [q1, qz]T and § = [4,,4,] T respectively. The dynamic model of this 2 degrees
of freedom (DOF) manipulator can be derived as:

D(q)j+C(4,4)4+G(q) =7 (1)
where 7 is the vector of torques applied at two joints and
din  dip }
D(q) = 2
(@) { by 2

d12 = d21 = mzr% + marirp Cos(q2) (3)

{ dip = (mp + m2)r% + mzr% + 2myrirp cos(qa) + 1
dyy = mor3 + ]

C(,4)q = [ Bra(32)d; +2/512.(2112)’71’72 ] 4)
—PB12(q2)92
B12(q2) = marirasin(qz) @)
_ | m(q1,92)8
Gl = { 72(q1,92)8 } ©)
Y1(q1,92) = —((m1 + mp)ry cos(q2) + mara cos(q1 + 42)) @)

where m; and m; are the masses of link 1 and link 2. [ and I, are the length of link 1 and
link 2, respectively. Due to the manufacturing error, the actual values of these dynamic
quantities are different from their nominal values. In addition, the parameter perturbation
during the operation also degenerates the reliability of the model. Thus, it is of great
significance to develop an online parameter estimation scheme to estimate real time values
of all robotic mechanical quantities. The system’s model (1) can be further re-written as:

i=a(q,q)+B@)T=f(q,7) (8)

where
«(q,q) = D (9)(-C(9,9)7 — G(9)) €)
(9) =D"(q) (10)

In order to implement the proposed parameter identification algorithm, the Taylor
series expansion method has been applied to system (1) for the approximation of a linear
system, considering the fact that the manipulator system can be stabilized, and the manipu-
lator joint can remain at an equilibrium position gy = [g10, §20]- Meanwhile, the system’s
joint angular position and velocity are all assumed to change slowly. Thus, the system can
be linearized regarding to the equilibrium position g as:

L P)
Go+6q = f(qo+6q, 7 +0T) ~ f(q0, T0) + of

d
aq QU/Tl)&q + %MO,TO(ST (11)
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where g, = f(qo0, 10); thus,

. 0 0
5= a{;|%ﬁ0(5q + %Moia‘h (12)

The linearized system model (12) in the time domain can be further re-expressed in
state-space form as:

5??1] {1111 1112”(5111} {511 b1zH(5T1]
! = + 13
{ 0q, ar1 4 oq2 by1 b2 0T 13
where

2 — &x(2mysin(qio))+my sin(go) —ma sin(q10+2420)

1 Iy (2mq+-my —my cos(2q0))

a ___ gmy(sin(q10+2920)+sin(q10))

12 = 11 (2my+mo—my cos(2q20))

lymy cos? (q20) sin(q10) — Lz sin(g10) —
g| lmysin(qig) + lmy cos(q10) sin(gao )+ (14)

Imy cos(q10) cos(g20) sin(q20)

a =
21 Il (1 +my—nty cos?(q20))
Do — Zmy +12my+211 1y cos(q20)
22 l%l%mz(mﬁrmz*mz cos?(q20))
bi1 = 5 s
1§ (mq+my—my cos?(420))
byy = — Iy +17 cos(ga0)
2Ly (my+my—my cos?(q20)) (15)
b21 = blZ
by — By +12mp+12my+2111ymy cos(qao)

Z2131m; (my+my—my cos? (420))

The transfer functions of system (13) can then be formulated as:

Qi1(s) = 52_(b115+a1zbzlfﬂzzb11 Uy (s) + 52_(b125+ﬂ12h22*ﬂ22b12 Uy(s)

a11+a2)5+0a11a2—a12821 a11+4a2)s+a11a2—a12421 (16)
_ (buys+p)Us(s) | (bios+pa)Ua(s)
(s—00) +w} [(s—00)"+w3]
_ by1s+api by —aq1by byastap bip—aq1by
s) = u U (s
Qz( ) s2—(ay1+an)s+a11a0—a12ay 1( )+ s2—(ayy+ag)s+a11a—a12a1 2( ) (17)
_ (byst+ps)Un(s) | (baas+ps)Ua(s)
(s—00)*+w3 [(s—00)* +w3
aj1+a a1 +ay2
where 0y = L2, Wi = (apagp — appayn) — B2 = wf—0f. p1 = apbyn — anbn,

p2 = a1zby — anbip, ps = anbiy —anby, ps = axbia — an by In this case, |op| is the
damping factor, wy is the undamped frequency, and w; is the damping frequency. In this
section, for convenience, it is assumed that:

Wi -0 >0 (18)

In systems (16) and (17), parameters a1 — app, bj1 — byp are all polynomials with re-
spect to the dynamic quantities. In order to estimate the dynamic quantities of manipulator
systems, system parameters need to be obtained first. In the next section, the parameter
estimation algorithm is proposed to extract the parameters from the steady state of the joint
position output.

3. Main Results

Regarding the system’s transfer function (16) and (17), the input signal has been
designed as a linear combination of sinusoidal components as:

u(t) = Z:l:l dyi cos(wyit), k=1,2 (19)
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The corresponding transfer function of the above input signal is given by:

n dk‘S
U(s) =), m k=1,2 (20)
1

Substituting (20) into (16) and (17) yields:

_ (b115 + p1)dyis (D128 + p2)dyis 1
Qu(s) = Y [(s — 00)* + w?] (52 + w?,) - [(s — 00)* + w?] (s2 + W) ) @

n (ba1s + p3)dyjs (baas + pa)dois
Y + )

—o)? 21( g2 2 )2 21( g2 2 (22)
[(s —0p) +wd](s +w1i) [(s —00) +wd}(s +w2i)

Qa(s) =

3.1. Estimation of Steady State Coefficients

Using the partial fraction expansion method, the iy, component of (21) can be
expressed as:

_ Ani(s —00) + Bniwa | Cuis + Duijwsi | Ani(s — 0) + Bioiws N Cizis + Dipjwo;

Qui(s) (23)
2 2 2 2 2 B 2 2
(s —00)” + wy 57+ wy; (s —00)” + wy ST+ wy;
Based on (21) and (23), the following relationships can be obtained:
A11i+C11i =0
_Alligo + Bllia;d — 2Cy1i00 + Dy1iwr; = dyibn (24)
Aqiwy; +2Cniwo - ZDl%iwii‘fO = diip1 )
—Ani00wiy; + Briiwgwiy; + Dijwniwy =0
By solving the equation set (24), A11;, B11i, C11; and D1q; can be calculated as:
Ay = zwlligﬂdlibllerliPl(‘U%,';“-J(Z))
2 2 2 2
4‘*’1i‘70+(°"1i_w0) ,
Biri — (dqibo1) + @*Zwlli%dlihu*dhm(wlrwo)
W e e s (wh-ap)’
L@ 2wy00d1ip1 —dribnwsi (wf; —wf) 25
Wa 40?02+ (w2 —w? 2 ( )
170 g %i g;
Crj = —2w1100d1;b11 —d1ip1 wlzrwg
2 2 2 2
4wt og+(wh—wf) ;o
Dir: — _Zwliaodlipl*dl[bllwli(wli*“-’o)
110 — 5 o 5 N\ 2
dwfog+(wh—w)
Similarly, Aj1;, Bo1i, Co1; and D5y, can also be obtained as:
Aoy = szuffodziblz-l-dzipz(wg,-z—w%)
w305+ (wy—wp) .
By — (daibp) L@ —2031;00dib12—doip2 (Wl —w})
L) w 2 2 2 232
d 4 4“’2;“’0*(“;21'*“’0)
L@ 2wi00da; 2 —daibrows (wh;—wd ) 2%
wd 402,02+ (w2 —w?)” (26)
2i70 %i g
Coyj = —2w»1i00daib12—daip2 wzszo
2 2 2 2
4305+ (w3 —wj) .,
Dori — 2wi00da; pa —daibrowyi (Wl —wd)
21 — — 5 o > N\ 2
w305+ (wy—wp)

Therefore, the iy, component of the output joint angle (23) can be re-expressed in the
time domain as:

71i(t) = quii(t) + q1si (£)#(27) (27)

where
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q11i(t) = Aq1€" cos(wn;t) + Biy;e?! sin(wyit) + Apie” cos(woit) + Boyie®!sin(wy;t) (28)
q1is(t) = Cr1j cos(wyjt) + Diyjsin(wyit) + Crpicos(wo;t) + Dig; sin(wo;t) (29)

where g14(t) is the transient component of the iy, term of joint position output while g;;(#)
is the steady state component. As time t moves towards infinity, with the excitation input
signal (19) and the transient response component 414 (¢) will exponentially decrease to 0. If
the time constant 1/|0p| is small enough, the joint position output will be dominated by
the steady state component. The steady state output can then be formulated as:
n
q1s(t) = ) Cryjcos(wijt) 4 D1y sin(wijt) + Craicos(wyit) + Digisin(wait) — (30)
i=1

To extract the coefficients Cq1;, D114, C12; and D1p; (30) can be expanded into the matrix

from as:
Cn
Dn
q1s(t) = [cos(w11), sin(wr1), cos(waq), sin(wyy), - - - cos(wiy), sin(wiy, ), cos(wyy ), sin(wsy, )] : (31)
Con
Dy
Taking m samples of each function in (29) gives:
Q1 = [q1s(t = (m = DA, qrs(t = (m = 2)A), - qus(t = A), q1s(1)] (32)
where A is the sampling period. Substituting (28) into (29) yields:
cos(wry (t — (m—1)A)) sin(wy (f — (m —1)A))
cos(wry (t — (m —2)A)) sin(wi1 (t — (m —2)A))
Q =AP = : :
cos(w1t) sin(w11t) e
cos(wam(t — (m—1)A))  sin(won(t— (m—1)A)) cu 33)
cos(wa (t — (m —2)A)) sin(wa, (t — (m —2)A)) 1
' . ' C2n
cos(wayt) sin(wyy ) Dy,

Using the least square optimization method, the coefficients vector P; can be
estimated as:

Py = (afa)) Al (34)

It is noteworthy that, in the design of the input signal (19), each sinusoidal component
satisfies the following orthogonal properties:

T
/ cos(wy;) cos (wkj)dt =0,k=12i#] (35)
0
T
/ sin(wy;) sin(wkj) dt=0,k=1,2,i#] (36)
0
T
/ sin(wy;) cos (wk]-)dt =0,k=1,2i#j (37)
0

In addition,

k=12 (38)
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T T
/ cos® (wy;)dt = 5 k=12 (39)
0

In practice, in order to obtain the accurate estimation of the coefficients Cyq;, Cipj,
Diy; and Dyp;, fori =1,2,- - -, n, the output measurement needs to be sampled within a
fundamental period T. Furthermore, the sampling period A is selected to be small enough,
(35)-(39) can then be approximated as follows:

T
m
/cos(wki) cos(wkj) dt = ) cos(wy; — (n—1)A) cos(wk]- —(n— 1)A)A ~0,k=12i#]j (40)
0 n=1
T
m
/sin(wki) sin(wk]-) dt = Y sin(wy; — (n—1)A) sin(wk]- —(n— 1)A)A ~0,k=12i#j (41)
0 n=1
/ n(wy;) cos wk])dt Z sin(wy; — (n —1)A) cos(wk]- —(n— 1)A)A ~0,k=12i#j (42)
=1
0
r T
/sm i)t ~ 2 sin?(wyg — (1~ )A)A ~ 5, k=1,2 (43)
0
r T
/cos wy;)dt ~ Z cos?(wyi — (n —1)A)A = 5 k=1,2 (44)
0

Based on (40)—(44), the term (AlT Al) “in (34) can then be approximate as:

T -1
L0 0 1 0 0
1 2A A
(ATa) ~| @ o R (45)
T
0 ... & 0 ... 1
Furthermore,
AlQ ~ Lp (46)
1%1 A 1
Thus,
. -1 2A
P = (aTA)) AfQi~ Al ~ Py (47)

The steady state coefficients Cy1;, D11;, C12; and Dyp;. can then be numerically estimated
according to (47) as:

Crii = % X qis(t — (k= 1)A) cos(wp(t — (k~1)4))A
Dui = 3 & qu,(t — (k= DA sin(wrg(t — (k= 1))
X k;l (48)
Cri =} & slt = (k= 1)) cos(wn(t — (k= 1)4))A
Duzi = § L aus(t = (k = 1)) sin(wz(t — (k ~ 1)4))A

It is shown from (45) that the computational cost of the matrix inverse calculation
has been greatly decreased after the numerical approximation of the sinusoidal compo-
nents based on their orthogonal properties. Moreover, the averaging process in (48) also
contributes to reduce the effects of the measurement noises and, as a result, guarantee the
robustness of the proposed algorithm against measurement noises.
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Since the accurate estimation of the coefficient vector Py of the steady state of the joint
position measurement can be obtained from (48), the identification algorithm for estimating
the unknown dynamic parameters can be further developed.

3.2. Estimation of Unknown Dynamic Parameters

As discussed in (27)—(30), the joint angular position output is dominated by its steady
state components after sufficient long time; thus:

71i(t) = q1si(t) = Cr1; cos(wy;t) + Diy; sin(wy;t) + Craicos(wait) + Di; sin(wyit) — (49)
Based on (21) and (23), the following relations can be derived:
Ciyiw?; = Ciyjw§ — 2D1w100 — d1; Py (50)

Dyjw3; = Dyjwd + 2Cqiw1i0p + dyjwribn (51)

Since C1y; and Djq; can be accurately estimated via (45), (50) and (51) can then be
re-written as:

Criiw?; = C11:@5 — 2D11501i00 — dyiPy (52)
Dyyjw?; = Dy} + 2C1niw160 + dyjwibn (53)

To estimate unknown parameters, sufficient number of coefficients C11 and D11 need
to be obtained via (47). Then, the following data equation in matrix form can be derived:

Qy = AP (54)
where .

Q= CGnw} Cipwi, ... Dinw oo Cipw?, | (55)

[ (;111 —21?112(012 —dn 0 ]

Cin2 —2D11pw12 —dip 0

Ay — R L - : 56
2 D11 2Ci11w11 0 diiwiy (56)

i D11y 2C11nw1n 0 d1pwin |

. IR T

Py=[ @& 6 D by ] (57)

Using the least square method, the parameter vector P, can be estimated as:

Py = (ala;) " alQ, 59)

where all elements in P, are equations with respect to the manipulator’s mechanical
quantities including the mass of the link, the length of the link, etc.

Similarly, the iy, component of (22) can also be expanded using the partial fraction
expansion method as:

Quils) = Apii(s — 09) + Bojiwy n C21;8 + Doyjwy; n Api(s — 09) + Byjwy " Cis + Doyiwo; (59)

(s — 00)” + w3 5%+ wj; (s — 00)” + w3 52+ wj;
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Applying the same process, m samples of the second joint’s angular position measurement
are sampled within one fundamental period; sample period A is selected to be sufficiently
small. The coefficients of the steady state component of (59) can be numerically estimated as:

~ m
Coti = %kzl q2s(t — (k —1)A) cos(wy;(t — (k—1)A))A
. m .
Dle - % E qZS(t - (k - 1)A) Sln(wli(t - (k - 1)A)>A
) it (60)
Cpi = %k; q2s(t — (k —1)A) cos(wy;(t — (k—1)A))A
. m ,
Doy = %121 qos(t — (k —1)A) sin(wy;(t — (k= 1)A))A
Based on (22) and (59), the following relationships can be obtained:
Ca1iw3; = Ca1iw§ — 2Dy1iwa;00 — d;P3 (61)
Dyiw3; = Dyiwd + 2Coiwi0n + dajwaibay (62)

Since Cp1; and Djq; can be accurately estimated via (50), (51) and (60) can then be
re-written as:

Coriws3; = Co1i@F — 2Dnyiw0i00 — dpiPs (63)
Dyyiw3; = D1} + 2Co1iwniby + daicwr b (64)

To estimate unknown parameters, a sufficient number of coefficients Cp; and D needs
to be obtained via (60). Then, the following data equation in matrix form can be derived:

Q3 = A3P3 (65)
where .

Q=[ Guwy GCunws ... Dmwsy ... Cuwi, | (66)

[ C:211 —2@2126022 —dy 0 ]

Gz —2Ds1pw22 —dn» 0

A — K B : : -
3 Doy 2Co11w1 0 dyrwyr (67)

i Doy 28010 w2n 0 donwon |

o A s T

Py=[ &f & p3 bn | (68)

Using the least square method, the parameter vector P3 can be estimated as:

Py = (ala;) Al (69)

Once P, and P;3 can be estimated via (58) and (69), respectively, all the unknown
system dynamic parameters as well as the dynamic quantities can then be derived.

In the proposed method, the parameter estimator for each joint is separately designed.
Since the dynamic information is embedded within the steady state of the joint angle
measurement, only the joint angle measurement in one fundamental period is required to
estimate all dynamic parameters. Meanwhile, the orthogonality of the trigonometric base
function contributes to reducing the computation load of the high dimension matrix. As a
result, the proposed method can be extended to high DOF manipulators.
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4. Simulation Results

In this section, simulation with a 2-DOF manipulator is performed to verify the
feasibility of the proposed parameter estimation algorithm. The nominal values of robotic

manipulator parameters are given in the Table 1 [39]:

Table 1. Parameter of the robotic manipulator.

Parameters Values
Mass of link 1 m; (kg) 5
Mass of link 2 m; (kg) 1.5
Inertial of link 1 j; (kg -m ) 5
Inertial of link 2 j, (kg -m?) 5
Length of link 1 /; (m) 1
Length of link 2 I, (m) 0.8

In this study, the masses of two links are supposed to be unknown. The input torque is
designed to be a linear combination of 10 sinusoidal components as shown in Table 2 [39].
The fundamental frequency is selected to be fy = 0.01 Hz and wy = 27t fp.

Table 2. Sinusoidal components of the input torque signal 7.

iy, Component Frequency Amplitude
1 30.]0 0.2
2 5wy 1.5
3 7wy 0.3
4 9wy 0.5
5 11wy 0.7
6 13wy 0.8
7 17wy 1.0
8 21wg 1.2
9 27wq 1.4
10 42w 2.0

The system input torque with 10 sinusoidal components is shown in Figure 1 [39]. The
above torque has been applied to both joints at the same time.

15 T T T T T T

10 |

Value of system input

5

_1 0 1 1 1 1 1 1
0 20 40 60 80 100 120

t/s

Figure 1. Input torque signal 7.
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The comparison between the theoretical value and calculated value of coefficients Ciq
C21, D11 and Dy is illustrated in Figures 2 and 3 [39], respectively:

0.25 T T T T T T T 0.45 T T T T T T T T
o) 5 1
© o}
(0] - (0] o) i
& 0.4 (o) o
0.2r .
o 035 f o 5 1
——© The theoretical value of C1i 0.3+ el
S o5t —© Calculated value of C1i ° 5 ] 8
g g 0251 —© The theoretical value of C2i T
© © —© Calculated value of C2i
= E 02+ i
3 01 i g
O ’ O
0.15 [ 1
0.05 . 01r ]
0.05 1
0 0
1 2 3 4 5 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10
The i-th fundamental frequency The i-th fundamental frequency
(a) (b)
Figure 2. (a) The theoretical value and calculated value of Cyy;; (b) the theoretical value and calculated
value of Cyy;.
0.14 T T T T T T T T 0.2 T T T T T T T T
0.18 - 1
012 ? ¢ g
—=© The theoretical value of D1i 0.16 F 4
——© Calculated value of D1i o)
011+ 4 014 F —© The theoretical value of D2i il
—© Calculated value of D2i
= o] I
0.12 1
2 008 A S
[ O c
o Q 01}t o] i
O o) =)
& £ 0}
8 0.06 1 3 008 7
O o
0.04 4 0.06 - 4
0.04 - .
0.02 T 1
0.02¢ .
0 0
1 2 3 4 5 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10
The i-th fundamental frequency The i-th fundamental frequency
(a) (b)

Figure 3. (a) The theoretical value and calculated value of D1y;; (b) the theoretical value and calculated
value of Dyq;.

It can be seen from Figures 2 and 3 that, with the fundamental frequency fy = 0.01 Hz
as the sampling interval and 10 consecutive components, the coefficients of the steady state
components of the joint angular position can be accurately estimated based on (48) and (60).

In practical implementations, the measurement of the angular position is vulnerable
to being affected by the sensor noise. In order to illustrate the robustness of the proposed
identification algorithm against the measurement noises, a white noise d = 0.1 * rand()
is manually added to system output to simulate the actual measurement. The estimation
performance of two unknown link masses can be seen in Figures 4 and 5 [39], respectively.
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Figure 4. Estimation of link 1’s mass 1.
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Figure 5. Estimation of link 2’s mass ;.

It can be seen from Figures 4 and 5 that the unknown parameters derived based on
(58) and (65) can well approximate their actual values. The effect of measurement noises
has been reasonably compensated by the averaging process during the calculation of the
steady state coefficients in (48) and (60).
To illustrate the accuracy of the estimation, the RMSEs (root-mean square error) for
two joints are calculated:
rmsey, = 1.0568 (70)

rmsey, = 1.5420 (71)
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5. Conclusions

In this paper, a novel mythology to estimate the unknown parameters of the robotic
manipulator system in frequency domain has been proposed. It is seen that the joint angular
position measurement will be dominated by its steady state component after sufficient long
time. By designing the input signal to be a linear combination of sinusoidal components,
the steady state component of the measurement is equivalent to a finite Fourie series.
It is shown that all system dynamic information is embedded in the coefficients of the
steady state component within one fundamental period. Thus, the coefficients of the steady
state sinusoidal component of the joint angular position output are first extracted. By
utilizing the relationship among these coefficients and the system’s dynamic parameters
in the frequency domain, all unknown dynamic parameters and mechanical quantities
can be estimated accurately. It is expected that this new kind of new estimation scheme
can be widely applied in various industrial applications where the systems suffer from
uncertainties and disturbances.
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