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Abstract—In indirect drive robot joint, discrepancies ex- achieving good control performance. Such phenomena are
ist between the motor side and the load side due to joint resulted from sensor dynamics as well as robot dynamics.
fleibilities. Thus, sensor signals may not precisely repeent — payiicylarly, in robots with joint flexibilities, good matside

the actual information of interest. In this paper, estimation f based t id ts d t
algorithms for load side information of the indirect robot j oint performance based on maotor side measurements does no

are investigated. Low-cost MEMS sensors, such as gyroscape guarantee good load side performance, which is a critical
and accelerometers, are installed on the load side. Measurent  issue in practical applications. Precise load side pasitio

dynamics _are incor_porated into _the_ model to deal with_the measurements (e_g_, load side encoder), however, ardwsum
sensor noise and bias. Kalman filtering methods are designed 4t ayajlaple in industrial robots due to the cost and asgemb
based on the extended dynamic/kinematic model using the . . . .
fusion of multiple sensor signals. Specific issue related tthe issues. To overcome this problem, mexpenSlve MEMS Sen'
noise covariance adaptation is studied. The effectivenessf ~SOrS that are easy to mount may be considered. Consideration
the proposed schemes is experimentally demonstrated andsal  should be given, however, to problems such as non-negdigibl
confirmed in the friction compensation. biases, limited bandwidth, and noises from low-cost sexsor
which set restrictions on the direct utilization of sensor

signals. These problems, however, may be circumvented by
the proper fusion of multiple sensor signals.

In recent years, estimation algorithms using multi-sensor
configurations are studied. Two robust estimation schemes
incorporating the Kalman filter and disturbance observer fo

NOMENCLATURE

0, Load side position

0 s Sensor measurement of load side positign,

0.,  Sensor measurement of load side velodity,

by Sensor measurement of load side acceleratipn,

O Motor side position _ B robot dynamic models have been reported in [1], [2]. These
Opn,s  Sensor measurement of motor side positidp, methods require accurate system parameters and thus are not
by Bias of gyroscope measuremefit,; reliable when subjected to model uncertainties. In [3], 4]

ba Bias of gccele_rometer measurement, has been suggested that a Kalman filtering method based on
u Control input, i.e., motor torque the kinematic model (KKF) can be formulated by making
Us Sensor measurement of motor torque, use of accelerometers and position encoders. The model
M Measurement noise of motor torque, uncertainties are avoided by using the kinematic relation
nsm  Measurement noise of motor side positidhp, between the position and the acceleration. These methods,
ny  Measurement noise of load side veloctly, however, were developed mainly for one-mass systems or
nqe  Measurement noise of load side acceleratiin, direct drives (i.e., without indirect drive joint complie),

ny,  Fictitious noise of accelerometer bids, and the main purpose is velocity estimation while assuming
ny,  Fictitious noise of gyroscope bias, the position information is known. Also, noise covariance i
nes  Fictitious noise of filtered load side positiof these methods are used as design parameters, which are not
d; Joint damping of single-joint system easy to select when multiple measurements are utilized.

In Gear meshing friction of single-joint system In this paper, measurement dynamics are introduced into
Im Motor bearing friction of single-joint system the dynamic/kinematic model to deal with sensor noise and
fe Load output bearing friction of single-joint system pjas. The estimation algorithms (Section I1) for indiredtd

Jm  Motor side inertia of single-joint system systems are formulated based on the extended model to fuse
Je Load side inertia of single-joint system the measurements from both the motor side and the load side.
kj Joint stiffness of single-joint system Noise covariance adaptation issue is addressed. The ssheme
N Reducer gear ratio of single-joint system are tested by experiments (Section Ill) and also utilized in

In robot applications, discrepancies between the availabl I.

. INTRODUCTION

the friction compensation (Section V).
ESTIMATION ALGORITHMS

measurements and the required information set difficulties A, Model for Measurement Dynamics
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Fig. 1. Single-Joint Indirect Drive System Setup Fig. 2. Bode Plot ofkfgfj()s) for the System in Fig. 1

whereb is the bias of the sensor output, angis a fictitious C. System Kinematic Model

noise.x is the actual physical quantity to be measured,  the kinematic model from the acceleration to the position
is the sensor output, and, is the measurement noise. on the load side can be written as
B. System Dynamic Model d | 0.(t) 0 1 0e(t) 0
. — | = : + Oc(t) (4)
Suppose that the state-space model of an indirect robot dt | 0¢(t) 00 Be(t) 1
joint is The Kalman filter based on the kinematic model (4) is
i = Az + Bu. (2)  called the kinematic Kalman filter (KKF) [3]. In KKF, the

A typical indirect drive system shown in Fig. 1 |s mode|eoaccelerat|on is used as an input to the filter, and the pasitio
as a two-mass system where- [9 i, 0, 913} Ais information is used to correct the estimation output. In the
m 1

the 4 x 4 system matrix, and? is the4 x 1 input vector. The indirect robot joint, however, precise load side positiogam

A : ; : : urement (e.g., load side encoder) is usually not available
23}35 in Fig. 1 will be used in Section Iii for expenmentaljvhlch makes it difficult to directly utilize the KKF algorith.

If the load side is equipped with both the gyroscope and Let Gz (s) be the tran_sfer funlc_tlon fr_om the motorAS|de
the accelerometer, the system model (2) with measurem Es;l)'uon Om 10 the load side positiod, i.e., Gma (s) =
dynamics is extended to E) By the inherent system dynamics ((14) in Section IlI-

A) Gmai (s) is approximately zero-phase static gain at the
Em (1) = Am@m(t) + Bm,uts(t) + Bmwwm(t)  (38)  Jow frequency region (Fig. 2), since the dynamic chain from
Ym (t) = Crn@m (t) + vm (1) (3b) 6, to 6, can be modeled by mass, gear, spring and damper.

This indicates that the low frequency componentipfcan

where for the system in Fig. 1 be approximated by that of,,.

Tm, = [IT by bv}T c R6*1 Passd,, and 6, through a first order low pass filter
1 . i, 17 e p3x1 Gy(s) = %5, wherea = Bfy, f; is the bandwidth of
= [bms bes Ors] € Gmai(s), and B € (0,00) is a design parameter for the low
=[Ny T nbv]T e R3*! pass filter. Let the filter outputs I8g, ; andd, s, respectively.
Um = [nsm Mg nae]T e R3*! It follows that '
A, = AlO c ROX6 or.nf = —abn,r + aby, (5a)
L 00 egf = —at%f + by (5b)
Brw = [ B \ 0 ]T e R6*! The above analysis shows that, Afis chosen properly,
B 0 the filter outputs will have the following relation
Bm,w _ :| c RGXS
L 0 I ezf ~ /\oemf (6)
100000 36 where )\ is the DC gain ofG,,2; (s) (€.9.,A0 = % for the
Cn=1000 170 1]€eR system in Fig. 1). Generally, it is desired that< 1 and
L Ay Lo thusa < fp.
Ay is the fourth row of the matrix4, and I, is then x n The filter dynamics (5) and the measurement dynamics (1)
identity matrix. can be added into the system kinematic model (4), giving

Based on the above extended system dynamic model, a . . i
Kalman filter can be formulated to estimate the load side (8) = Apa(t) + Brubles () + Brwwn(t) (73)
information, which is described in Section II-D. Yi(t) = Crwr(t) + vi(t) (7b)



where for the system in Fig. 1 will converge to stationary matrices. However, (k) and
vq(k) are often interpreted as fictitious noise terms and their

. T 5
o= [0y 00 00 ba b €R covariances are adjusted to assign a reasonable set ofi close
ye = [géf,s gmf c R2x1 Iopp eigenvaluest to the_estimator [4]. Anot_her way to Qeal
T a1 with these covariances is to use the adaptive scheme in the
Wk = [Nat Mpa 1] ER next section.
- [Wf nve}T c R2x! The proposed method can also be formulated in a similar
o o 00 way without the gyroscope measurement in the model output
o 0 1 0lo in (3) or (7). However, it is better to include the gyro-
A = 0 0 0 1 € R5%° scope measurement, sSinge s uses a fictitious measurement
) | 0 AoOm s to formulate KKF, and), . is the only real load side
T measurement in the KKF model output in (7).
Bru=[0 0 1 0 0] eR>! The KKF has several advantages compared with the dy-
B = [ 0 | I ]T € R5%3 namic modgl base_d Ka!man fil_ter (DKF)_[4]. _Firstly, system
' representation using kinematic model is simpler than the
Cr = [(1) 8 (1) 8 (1)] c R2%5 one using dynamic model. Secondly, the kinematic_ model
is an exact representation of the system states. It involves
By the approximation in (6)Aof.n.s, Wheref,, s «(s) = neither physical parameters nor external disturbancess Th

G(s)0m s(s), can be used as the fictitious measurement fagro model uncertainties need to be considered in KKF.
the model outputs;,, and the noise covariance @y E Estimation of Noise Covariance
can be approximated by the noise covarianceds,, s s, or

could be designed for the following Kalman filter. As an optimal stochastic estimator, the Kalman filter

assumes linear model and Gaussian additive noises with
D. Kalman Filtering known covariances. In reality, however, it is difficult to
et the accurate covariances of the process or measurement
oises. Thus, particular interest has been focused on the
estimation of the noise covariances, i¥/;(k) and Vy(k).
za(k +1) = Agzq(k) + Bawua(k) + Bawwa(k) (8a) In the proposed Kalman filter, the bias noises,(and
ya(k) = Caza(k) + va(k) (8b) npy), and the ou_tpu&lf_,_s, are _fictitious a_lnd the_ir covariances
cannot be physically identified. Practically, if the measur
wherezq(k), ya(k), ua(k), wa(k), andva(k) are thek-th  ment bias is time invariant or slowly varying, it is desired
time step sampled values of, (t), Y (t), us(t), wm(t), and that the fictitious bias covariance should be large enough
vm(t) for the system dynamic model (3), and(t), yx(k), at the beginning to steer the bias estimate quickly to its
O¢,s(t), wi(t), anduy(t) for the system kinematic model (7), actual value. Then the fictitious noise covariance should be
respectively.Aq, Ba,u, Ba,w, andC,y are derived from (3) decreased to reduce the sensitivity of the bias estimation.
or (7) by the zero-order-hold (ZOH) method. In practice, To handle uncertainties in these covariances, an adaptive
Ba.wwq could be generalized to include the disturbanc@pproach utilizing the residual information to estimate th

The discrete time form of the extended system model (
or (7) can be described as

and/or mismatched model dynamics. noise covariances is applied. The routines presented here
For the extended system model (8), a Kalman filter tare modified from the algorithms summarized in [5], [6],
estimate the system states is given by which were developed based on the principle of maximum
. 0 -0 likelihood estimate.
) za(k) = xd(zf) + La(k)yq(k) (9a) By comparing the a-priori and a-posteriori state estimates
&gk +1) = Aqza(k) + Ba,uua(k) (90)  the process noise covariance estimidfg(k) is updated by
Ja(k) = ya(k) — Cazg(k) (9¢) Wi (k) = By L [Aza(k) Az (k) + Za(k)
where the Kalman filter gaii.; is calculated as — AaZy(k — 1),45] (B;L)T (11a)
La(k) = My(k)CY[CaMa(k)CT + Va(k)] ™' (10a) Azq(k) = Zq(k) — 25(k) (11b)
My(k + 1) = AqZa(k) AT + Ba,w Wa(k)B], (10b) Wa(k + 1) = Wa(k) + [Wq (k) — Wa(k)]/Nw  (11c)
Za(k) = Ma(k) — La(k)CaMa(k) (10c)  where the adaptive estimak&’ (k) is shown to be the resid-

ual pseudo-covariance plus the change of the a-posteriori
covariance between the two consecutive time steps. The
urrent step covariance estimaté;(k) is then updated to

is estimatelV; (k) in a moving average manner wit,,

where Wd(k) and Vd(k) are the covariance estimates of
wq(k) and vq(k), respectively.My(k) and Z,(k) are the

one-step a-priori and a-posteriori covariances of theest
estimation error, respectively. Note thedy, Cq) is observ- as the window size. Note that, &, is not invertible,B;i}

able and(Ad’.Bd’W) is controllable. Th_us, 'fufd(k) gnd in (11a) can be replaced by the following pseudo-inverse
vq(k) are stationary zero-mean Gaussian white noises, the

Kalman filter gainL,, the covariance matrice/; and Z, Bj, = (B;deyw)_l Bl ., (12)



TABLE |

Similarly, the measurement noise covariance estimate,
y THE PARAMETER VALUES USED IN THE EXPERIMENTS(S| UNITS)

Va(k), can be adaptively updated by

) cov(ny) coV(nsm ) cov(nes,s) COV(ny¢)
Vi(k) = Ayd(k)Ayg(k) + CdZd(k)C} (13a) 104 8.225 x 1079 8.225 x 1072 2.525 x 10~°
N cov(nqy) cov(nyy ) coV(npa) B
Aya(k) = ya(k) — Cata(k) (13b)  3984x 103 104 0.1 0.5
3 ¥ Ok 9 JIm Ji kj d;
Va(k +1) = Va(k) + [Vg (k) = Va(k)l/No (13¢c) 5.313 x 1074 516 2.4 x 104 47
where Ay,(k) is not the innovation but the a-posteriori
estimation error. The physical interpretation of this solu

Unit: rad
is that the theoretical value of measurement noise covegian ,x10°

should match with the estimation residual covariance. 5 . 1ms=0.327 x10°* rad
Note that, the above adaptation for the process (or mea- 2

surement) noise covariance estimaté; (or V), is the ap- 2 10 20 " 2 50

proximate solution developed separately assuming thebhctu ,x10° ‘ ‘ ‘

covarianceVy (or Wy) is known [6]. The two solutions L rms=0.199 x10™° rad

can be used, with caution, to estimate both covariances & ° ]

S|multa.neously, or can be |mplemented one after another in 2 n 20 P ™ o

the serial way, or can be confined to ad&t (or V) only. ,x10° ‘ ‘ ‘

Also, the adaptive performance is sensitive to the window L | . rms=0.099 x10"° rad

sizes of the moving average filters. Thus, they should be €0

carefully selected for each application. -2, - - - - =
Time (sec)

I1l. EXPERIMENTAL STUDY
A. Experimental Setup Fig. 3. Estimation Errors of Load Side Position in Chirp Esipent

The proposed methods were implemented on a single-
joint indirect robot shown in Fig. 1. This experimental getu
consists ofl) a servo motor with 20, 000 counts/revolution ~ The first experiment was to test the effectiveness of
encoder) a harmonic drive with a 80:1 gear rati®),a load- the proposed algorithms in the open loop frequency rich
side 144,000 counts/revolution encodet,) and a payload. response. The motor torque command was a quadratic chirp
The anti-resonant and resonant frequencies of the setup gignal with the magnitude df.2Nm. The frequency range
approximatelyl1Hz and19Hz, respectively. varied from0.5Hz to 50Hz quadratically in50sec.

The load side encoder is used only for performance The initial noise covariances and the dynamic model
evaluation. Besides the encoder, two other kinds of sensqsarameters used in the algorithms are listed in Table |.&hes
are available on the load side. A MEMS gyroscope (Analogare mostly the nominal values identified experimentally,
Type: ADXRS150) is installed at one end of the payloadexcept for the covariance of,, nsy,s, nba, @andny,. Also,
Two accelerometers (Kistler, Type: 8330A3) are installed aj; and k; were added witt20% error to check the perfor-
the two ends of the payload symmetrically as shown in Fig. lhance of DKF when subjected to the parameter uncertainty.
to compensate for the gravity effects on the measurementSote that/ in the KKF method was selected as 0.5, i.e.,

Finally, the algorithms were implemented in a LabVIEW« = 0.5f,. The adaptive covariance estimation scheme was
real-time target installed with LabVIEW Real-Time andconfined to adapt/; only.

FPGA modules. The sampling rate was selected tokbez. In Fig. 3, the rms value on the right top of each sub-figure
The system dynamic model can be written as denotes the root mean square value of the load side position

: estimation error. It shows that the KKF method achieves the

- 1 Om Om L - .
Il = ——= |kj | == —0r ) +dj | —= —0c || +u best estimation performance, where the estimation error is
N N N greatly reduced upon all the testing frequency range. The

— (fm + fn) (14a) DKF method does not perform as good as KKF, and it

0 p amplifies the estimation error at some frequency range due
Joly = k; <_m — 9z> +d; <_m — 9'[> — f (14b) to the parameter uncertainty.
N N The adaptedV; in both methods is shown in Fig. 4.
The state-space formulation of this dynamic model can b&S expected, to match the covariance with the estimation

derived by ignoring the nonlinear friction terms. results,V; is tended to increase when the estimation error is
o _ increasing (especially around the resonant frequddéiz).
B. Load Side Estimation Experiments Fig. 5 shows that both methods are effective to estimate

The above DKF and KKF methods were compared witlthe biases of gyroscope and accelerometer outputs. Thas, th
the one using only motor encoder outpyf ., in which case bias effects in the utilization of sensor signals are atiea
the load side Jaosmon estimation error is given by the joint Another experiment was to verify the effectiveness of the
torsiondy s = methods for specific tracking trajectory. The desired ladd s
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a friction compensation scheme for indirect drive trains wa
trajectory is shown in Fig. 6, which was designed based affeveloped in the absence of precise load side measurements.
the fourth-order trajectory suggested in [7]. The feedbackhe scheme in [9] compensates for the friction effects on
controller used here is illustrated in Flg 9 without anNYpoth the motor side and the load side. Here, however On|y
friction compensation, i.e.f' = f; = 0 in (15)-(16). Al the load side compensation which utilizes the estimated

the covariances and parameter values remained the sameg@sition is introduced to demonstrate the effectiveneshef
in the chirp experiment (Table 1) except for the window sizesstimation algorithm.

N, used in the covariance adaptation scheme.

The result of this experiment is shown in Fig. 7, where®. Controller Sructure
KKEF still achieves the best estimation performance. It @se Fig. 9 shows the overall control structure of the single-
that the estimation error by KKF is oscillatory. It is mainlyjoint indirect drive system. The feedforward controll&p,
due to the transmission error effect [8], since this effsctot  is designed as
considered in the estimation algorithm. Fig. 8 illustratfes ) 1. R
actual and estimated tracking error of the load side pasitio upp(t) = Jmbma (t) + —Jg@gd B+ F(@) (15
in this experiment. It shows that the tracking error estedat
by KKF captures most trends of the actual tracking errolvhere F is the estimated entire friction forcd,, is the
Therefore, the KKF method could be utilized in the load sidélesired load side acceleratiofy,,q is the motor side posi-
position tracking application, e.g., friction compeneati tion reference generated by, from the desired load side

position, 4, i.e.

IV. APPLICATION: FRICTION COMPENSATION N

In indirect drive systems, friction, one of the main factors ~ Oma (t) = 1= | Jebea (t) + fe (8)| + Nbea (2) (16)
that diminish control performance, affects the controlled ’
plant on the load side as well as the motor side. In [9here f, is the estimated load side friction.
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Block Diagram of the Overall Control System

The feedback controllet)'s;, is selected as

Cro (5) = (k + ’“—) (s + ky) (17)

wherek, is the gain of the position loog;, andk; are the
gains of the velocity loop. The above controller is disaedi
by the Euler method for implementation.

An adaptive friction observer is designed to obtéini.e.

F=K"d (18)

where KX and® are defined and adapted as in [9].

In [9], the load side friction,f,, is modeled as a scaled

quantity of the entire friction forcef". Thus, oncef' is

adapted successfully on the motor siggecan be estimated

as ) )
Jo="7eF (19)
where7, is the estimated scaling factor obtained by
o=~y Fér, € =000 (20)

Estimation of Friction
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Fig. 10. Performance of the Hybrid Friction Compensator

compared to the case without any friction compensation (No-
Comp.). It is seen that the load side position tracking error
offset is significantly reduced by the compensator scheme,
while the remaining tracking error is mainly due to the
transmission error effect [8], [9]. It also shows that the
compensator performance converges to a sub-optimal stage
in less than 1 repeated trajectory.

V. CONCLUSIONS

This paper presented the estimation algorithms for load
side information of indirect robot joint based on a multi-
sensor configuration. Kalman filtering methods were for-
mulated on the extended dynamic/kinematic model taking
measurement dynamics (bias and noise) into consideration.
Noise covariance adaptation was studied. The effectigenes
of the methods was verified experimentally on a single-
joint indirect robot. The KKF method was also successfully
applied to the friction compensation application.
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