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Abstract— In indirect drive robot joint, discrepancies ex-
ist between the motor side and the load side due to joint
flexibilities. Thus, sensor signals may not precisely represent
the actual information of interest. In this paper, estimation
algorithms for load side information of the indirect robot j oint
are investigated. Low-cost MEMS sensors, such as gyroscopes
and accelerometers, are installed on the load side. Measurement
dynamics are incorporated into the model to deal with the
sensor noise and bias. Kalman filtering methods are designed
based on the extended dynamic/kinematic model using the
fusion of multiple sensor signals. Specific issue related tothe
noise covariance adaptation is studied. The effectivenessof
the proposed schemes is experimentally demonstrated and also
confirmed in the friction compensation.

NOMENCLATURE

θℓ Load side position
θℓ,s Sensor measurement of load side position,θℓ
θ̇ℓ,s Sensor measurement of load side velocity,θ̇ℓ
θ̈ℓ,s Sensor measurement of load side acceleration,θ̈ℓ
θm Motor side position
θm,s Sensor measurement of motor side position,θm
bv Bias of gyroscope measurement,θ̇ℓ,s
ba Bias of accelerometer measurement,θ̈ℓ,s
u Control input, i.e., motor torque
us Sensor measurement of motor torque,u
nu Measurement noise of motor torque,u
nsm Measurement noise of motor side position,θm
nvℓ Measurement noise of load side velocity,θ̇ℓ
naℓ Measurement noise of load side acceleration,θ̈ℓ
nba Fictitious noise of accelerometer bias,ba
nbv Fictitious noise of gyroscope bias,bv
nℓf Fictitious noise of filtered load side position,θℓf
dj Joint damping of single-joint system
fh Gear meshing friction of single-joint system
fm Motor bearing friction of single-joint system
fℓ Load output bearing friction of single-joint system
Jm Motor side inertia of single-joint system
Jℓ Load side inertia of single-joint system
kj Joint stiffness of single-joint system
N Reducer gear ratio of single-joint system

I. INTRODUCTION

In robot applications, discrepancies between the available
measurements and the required information set difficultiesin
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achieving good control performance. Such phenomena are
resulted from sensor dynamics as well as robot dynamics.
Particularly, in robots with joint flexibilities, good motor side
performance based on motor side measurements does not
guarantee good load side performance, which is a critical
issue in practical applications. Precise load side position
measurements (e.g., load side encoder), however, are usually
not available in industrial robots due to the cost and assembly
issues. To overcome this problem, inexpensive MEMS sen-
sors that are easy to mount may be considered. Consideration
should be given, however, to problems such as non-negligible
biases, limited bandwidth, and noises from low-cost sensors,
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 for
robot dynamic models have been reported in [1], [2]. These
methods require accurate system parameters and thus are not
reliable when subjected to model uncertainties. In [3], [4], it
has been suggested that a Kalman filtering method based on
the kinematic model (KKF) can be formulated by making
use of accelerometers and position encoders. The model
uncertainties are avoided by using the kinematic relation
between the position and the acceleration. These methods,
however, were developed mainly for one-mass systems or
direct drives (i.e., without indirect drive joint compliance),
and the main purpose is velocity estimation while assuming
the position information is known. Also, noise covariance in
these methods are used as design parameters, which are not
easy to select when multiple measurements are utilized.

In this paper, measurement dynamics are introduced into
the dynamic/kinematic model to deal with sensor noise and
bias. The estimation algorithms (Section II) for indirect drive
systems are formulated based on the extended model to fuse
the measurements from both the motor side and the load side.
Noise covariance adaptation issue is addressed. The schemes
are tested by experiments (Section III) and also utilized in
the friction compensation (Section IV).

II. ESTIMATION ALGORITHMS

A. Model for Measurement Dynamics

The bias and the noise in the sensor output can be
described as

ḃ (t) = nb (t) (1a)

xs (t) = x (t) + b (t) + ns (t) (1b)
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Fig. 1. Single-Joint Indirect Drive System Setup

whereb is the bias of the sensor output, andnb is a fictitious
noise.x is the actual physical quantity to be measured,xs

is the sensor output, andns is the measurement noise.

B. System Dynamic Model

Suppose that the state-space model of an indirect robot
joint is

ẋ = Ax+Bu. (2)

A typical indirect drive system shown in Fig. 1 is modeled
as a two-mass system wherex =

[

θm θ̇m θℓ θ̇ℓ
]T

, A is
the4×4 system matrix, andB is the4×1 input vector. The
setup in Fig. 1 will be used in Section III for experimental
study.

If the load side is equipped with both the gyroscope and
the accelerometer, the system model (2) with measurement
dynamics is extended to

ẋm(t) = Amxm(t) + Bm,uus(t) + Bm,wwm(t) (3a)

ym(t) = Cmxm(t) + vm(t) (3b)

where for the system in Fig. 1

xm =
[

xT ba bv
]T

∈ R
6×1

ym =
[

θm,s θ̇ℓ,s θ̈ℓ,s
]T

∈ R
3×1

wm =
[

nu nba nbv

]T
∈ R

3×1

vm =
[

nsm nvℓ naℓ

]T
∈ R

3×1

Am =

[

A 0

0 0

]

∈ R
6×6

Bm,u =
[

B 0
]T

∈ R
6×1

Bm,w =

[

B 0

0 I2

]

∈ R
6×3

Cm =





1 0 0 0 0 0
0 0 0 1 0 1

A4 1 0



 ∈ R
3×6

A4 is the fourth row of the matrixA, andIn is then × n
identity matrix.

Based on the above extended system dynamic model, a
Kalman filter can be formulated to estimate the load side
information, which is described in Section II-D.
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for the System in Fig. 1

C. System Kinematic Model

The kinematic model from the acceleration to the position
on the load side can be written as

d

dt

[

θℓ(t)

θ̇ℓ(t)

]

=

[

0 1
0 0

] [

θℓ(t)

θ̇ℓ(t)

]

+

[

0
1

]

θ̈ℓ(t) (4)

The Kalman filter based on the kinematic model (4) is
called the kinematic Kalman filter (KKF) [3]. In KKF, the
acceleration is used as an input to the filter, and the position
information is used to correct the estimation output. In the
indirect robot joint, however, precise load side position mea-
surement (e.g., load side encoder) is usually not available,
which makes it difficult to directly utilize the KKF algorithm.

Let Gm2l (s) be the transfer function from the motor side
position θm to the load side positionθℓ, i.e., Gm2l (s) ,
θℓ(s)
θm(s) . By the inherent system dynamics ((14) in Section III-
A), Gm2l (s) is approximately zero-phase static gain at the
low frequency region (Fig. 2), since the dynamic chain from
θm to θℓ can be modeled by mass, gear, spring and damper.
This indicates that the low frequency component ofθℓ can
be approximated by that ofθm.

Pass θm and θℓ through a first order low pass filter
Gf (s) = α

s+α
, whereα = βfb, fb is the bandwidth of

Gm2l(s), andβ ∈ (0,∞) is a design parameter for the low
pass filter. Let the filter outputs beθmf andθℓf , respectively.
It follows that

θ̇mf = −αθmf + αθm (5a)

θ̇ℓf = −αθℓf + αθℓ (5b)

The above analysis shows that, ifβ is chosen properly,
the filter outputs will have the following relation

θℓf ≈ λ0θmf (6)

whereλ0 is the DC gain ofGm2l (s) (e.g.,λ0 = 1
N

for the
system in Fig. 1). Generally, it is desired thatβ ≤ 1 and
thusα ≤ fb.

The filter dynamics (5) and the measurement dynamics (1)
can be added into the system kinematic model (4), giving

ẋk(t) = Akxk(t) + Bk,uθ̈ℓ,s(t) + Bk,wwk(t) (7a)

yk(t) = Ckxk(t) + vk(t) (7b)



where for the system in Fig. 1

xk =
[

θℓf θℓ θ̇ℓ ba bv
]T

∈ R
5×1

yk =
[

θℓf,s θ̇ℓ,s
]T

∈ R
2×1

wk =
[

naℓ nba nbv

]T
∈ R

3×1

vk =
[

nℓf nvℓ

]T
∈ R

2×1

Ak =









−α α 0 0
00 0 1 0

0 0 0 1
0 0









∈ R
5×5

Bk,u =
[

0 0 1 0 0
]T

∈ R
5×1

Bk,w =
[

0 I3
]T

∈ R
5×3

Ck =

[

1 0 0 0 0
0 0 1 0 1

]

∈ R
2×5

By the approximation in (6),λ0θmf,s, whereθmf,s(s) =
Gf (s)θm,s(s), can be used as the fictitious measurement for
the model outputθℓf,s, and the noise covariance ofθℓf,s
can be approximated by the noise covariance ofλ0θmf,s, or
could be designed for the following Kalman filter.

D. Kalman Filtering

The discrete time form of the extended system model (3)
or (7) can be described as

xd(k + 1) = Adxd(k) + Bd,uud(k) + Bd,wwd(k) (8a)

yd(k) = Cdxd(k) + vd(k) (8b)

wherexd(k), yd(k), ud(k), wd(k), and vd(k) are thek-th
time step sampled values ofxm(t), ym(t), us(t), wm(t), and
vm(t) for the system dynamic model (3), andxk(t), yk(k),
θ̈ℓ,s(t), wk(t), andvk(t) for the system kinematic model (7),
respectively.Ad, Bd,u, Bd,w, and Cd are derived from (3)
or (7) by the zero-order-hold (ZOH) method. In practice,
Bd,wwd could be generalized to include the disturbance
and/or mismatched model dynamics.

For the extended system model (8), a Kalman filter to
estimate the system states is given by

x̂d(k) = x̂o
d(k) + Ld(k)ỹ

o
d(k) (9a)

x̂o
d(k + 1) = Adx̂d(k) + Bd,uud(k) (9b)

ỹod(k) = yd(k)− Cdx̂
o
d(k) (9c)

where the Kalman filter gainLd is calculated as

Ld(k) = Md(k)C
T
d [CdMd(k)C

T
d + V̂d(k)]

−1 (10a)

Md(k + 1) = AdZd(k)A
T
d + Bd,wŴd(k)B

T
d,w (10b)

Zd(k) = Md(k)− Ld(k)CdMd(k) (10c)

where Ŵd(k) and V̂d(k) are the covariance estimates of
wd(k) and vd(k), respectively.Md(k) and Zd(k) are the
one-step a-priori and a-posteriori covariances of the state
estimation error, respectively. Note that(Ad, Cd) is observ-
able and(Ad,Bd,w) is controllable. Thus, ifwd(k) and
vd(k) are stationary zero-mean Gaussian white noises, the
Kalman filter gainLd, the covariance matricesMd andZd

will converge to stationary matrices. However,wd(k) and
vd(k) are often interpreted as fictitious noise terms and their
covariances are adjusted to assign a reasonable set of closed
loop eigenvalues to the estimator [4]. Another way to deal
with these covariances is to use the adaptive scheme in the
next section.

The proposed method can also be formulated in a similar
way without the gyroscope measurement in the model output
in (3) or (7). However, it is better to include the gyro-
scope measurement, sinceθlf,s uses a fictitious measurement
λ0θmf,s to formulate KKF, andθ̇ℓ,s is the only real load side
measurement in the KKF model output in (7).

The KKF has several advantages compared with the dy-
namic model based Kalman filter (DKF) [4]. Firstly, system
representation using kinematic model is simpler than the
one using dynamic model. Secondly, the kinematic model
is an exact representation of the system states. It involves
neither physical parameters nor external disturbances. Thus
no model uncertainties need to be considered in KKF.

E. Estimation of Noise Covariance

As an optimal stochastic estimator, the Kalman filter
assumes linear model and Gaussian additive noises with
known covariances. In reality, however, it is difficult to
get the accurate covariances of the process or measurement
noises. Thus, particular interest has been focused on the
estimation of the noise covariances, i.e.,Ŵd(k) and V̂d(k).

In the proposed Kalman filter, the bias noises (nba and
nbv), and the outputθlf,s, are fictitious and their covariances
cannot be physically identified. Practically, if the measure-
ment bias is time invariant or slowly varying, it is desired
that the fictitious bias covariance should be large enough
at the beginning to steer the bias estimate quickly to its
actual value. Then the fictitious noise covariance should be
decreased to reduce the sensitivity of the bias estimation.

To handle uncertainties in these covariances, an adaptive
approach utilizing the residual information to estimate the
noise covariances is applied. The routines presented here
are modified from the algorithms summarized in [5], [6],
which were developed based on the principle of maximum
likelihood estimate.

By comparing the a-priori and a-posteriori state estimates,
the process noise covariance estimateŴd(k) is updated by

Ŵ ∗

d (k) = B−1
d,w[∆xd(k)∆xT

d(k) + Zd(k)

−AdZd(k − 1)AT
d](B

−1
d,w)

T (11a)

∆xd(k) = x̂d(k)− x̂o
d(k) (11b)

Ŵd(k + 1) = Ŵd(k) + [Ŵ ∗

d (k)− Ŵd(k)]/Nw (11c)

where the adaptive estimatêW ∗

d (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
current step covariance estimatêWd(k) is then updated to
this estimateŴ ∗

d (k) in a moving average manner withNw

as the window size. Note that, ifBd,w is not invertible,B−1
d,w

in (11a) can be replaced by the following pseudo-inverse

B
#
d,w =

(

BT
d,wBd,w

)−1
BT
d,w (12)



Similarly, the measurement noise covariance estimate,
V̂d(k), can be adaptively updated by

V̂ ∗

d (k) = ∆yd(k)∆yT
d(k) + CdZd(k)C

T
d (13a)

∆yd(k) = yd(k)− Cdx̂d(k) (13b)

V̂d(k + 1) = V̂d(k) + [V̂ ∗

d (k)− V̂d(k)]/Nv (13c)

where ∆yd(k) is not the innovation but the a-posteriori
estimation error. The physical interpretation of this solution
is that the theoretical value of measurement noise covariance
should match with the estimation residual covariance.

Note that, the above adaptation for the process (or mea-
surement) noise covariance estimate,Ŵd (or V̂d), is the ap-
proximate solution developed separately assuming the actual
covarianceVd (or Wd) is known [6]. The two solutions
can be used, with caution, to estimate both covariances
simultaneously, or can be implemented one after another in
the serial way, or can be confined to adaptŴd (or V̂d) only.
Also, the adaptive performance is sensitive to the window
sizes of the moving average filters. Thus, they should be
carefully selected for each application.

III. EXPERIMENTAL STUDY

A. Experimental Setup

The proposed methods were implemented on a single-
joint indirect robot shown in Fig. 1. This experimental setup
consists of:1) a servo motor with a20, 000 counts/revolution
encoder,2) a harmonic drive with a 80:1 gear ratio,3) a load-
side 144, 000 counts/revolution encoder,4) and a payload.
The anti-resonant and resonant frequencies of the setup are
approximately11Hz and19Hz, respectively.

The load side encoder is used only for performance
evaluation. Besides the encoder, two other kinds of sensors
are available on the load side. A MEMS gyroscope (Analog,
Type: ADXRS150) is installed at one end of the payload.
Two accelerometers (Kistler, Type: 8330A3) are installed at
the two ends of the payload symmetrically as shown in Fig. 1
to compensate for the gravity effects on the measurements.

Finally, the algorithms were implemented in a LabVIEW
real-time target installed with LabVIEW Real-Time and
FPGA modules. The sampling rate was selected to be1kHz.

The system dynamic model can be written as

Jmθ̈m = −
1

N

[

kj

(

θm
N

− θℓ

)

+ dj

(

θ̇m
N

− θ̇ℓ

)]

+ u

− (fm + fh) (14a)

Jℓθ̈ℓ = kj

(

θm
N

− θℓ

)

+ dj

(

θ̇m
N

− θ̇ℓ

)

− fℓ (14b)

The state-space formulation of this dynamic model can be
derived by ignoring the nonlinear friction terms.

B. Load Side Estimation Experiments

The above DKF and KKF methods were compared with
the one using only motor encoder outputθm,s, in which case
the load side position estimation error is given by the joint
torsionδℓ,s =

θm,s

N
− θℓ,s.

TABLE I

THE PARAMETER VALUES USED IN THE EXPERIMENTS(SI UNITS)

cov(nu) cov(nsm) cov(nℓf,s) cov(nvℓ)
10−4 8.225× 10−9 8.225× 10−9 2.525× 10−5

cov(naℓ) cov(nbv) cov(nba) β

3.284 × 10−3 10−4 0.1 0.5
Jm Jℓ kj dj

5.313 × 10−4 8.16 2.4× 104 47
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Fig. 3. Estimation Errors of Load Side Position in Chirp Experiment

The first experiment was to test the effectiveness of
the proposed algorithms in the open loop frequency rich
response. The motor torque command was a quadratic chirp
signal with the magnitude of0.2Nm. The frequency range
varied from0.5Hz to 50Hz quadratically in50sec.

The initial noise covariances and the dynamic model
parameters used in the algorithms are listed in Table I. These
are mostly the nominal values identified experimentally,
except for the covariance ofnu, nℓf,s, nba, andnbv. Also,
Jl and kj were added with20% error to check the perfor-
mance of DKF when subjected to the parameter uncertainty.
Note thatβ in the KKF method was selected as 0.5, i.e.,
α = 0.5fb. The adaptive covariance estimation scheme was
confined to adapt̂Vd only.

In Fig. 3, the rms value on the right top of each sub-figure
denotes the root mean square value of the load side position
estimation error. It shows that the KKF method achieves the
best estimation performance, where the estimation error is
greatly reduced upon all the testing frequency range. The
DKF method does not perform as good as KKF, and it
amplifies the estimation error at some frequency range due
to the parameter uncertainty.

The adaptedV̂d in both methods is shown in Fig. 4.
As expected, to match the covariance with the estimation
results,V̂d is tended to increase when the estimation error is
increasing (especially around the resonant frequency19Hz).

Fig. 5 shows that both methods are effective to estimate
the biases of gyroscope and accelerometer outputs. Thus, the
bias effects in the utilization of sensor signals are attenuated.

Another experiment was to verify the effectiveness of the
methods for specific tracking trajectory. The desired load side
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trajectory is shown in Fig. 6, which was designed based on
the fourth-order trajectory suggested in [7]. The feedback
controller used here is illustrated in Fig. 9 without any
friction compensation, i.e.,̂F = f̂ℓ = 0 in (15)-(16). All
the covariances and parameter values remained the same as
in the chirp experiment (Table I) except for the window size
Nv used in the covariance adaptation scheme.

The result of this experiment is shown in Fig. 7, where
KKF still achieves the best estimation performance. It is seen
that the estimation error by KKF is oscillatory. It is mainly
due to the transmission error effect [8], since this effect is not
considered in the estimation algorithm. Fig. 8 illustratesthe
actual and estimated tracking error of the load side position
in this experiment. It shows that the tracking error estimated
by KKF captures most trends of the actual tracking error.
Therefore, the KKF method could be utilized in the load side
position tracking application, e.g., friction compensation.

IV. APPLICATION: FRICTION COMPENSATION

In indirect drive systems, friction, one of the main factors
that diminish control performance, affects the controlled
plant on the load side as well as the motor side. In [9],
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Fig. 6. Load Side Desired Trajectory
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Fig. 7. Estimation Errors of Load Side Position in Trajectory Experiment

a friction compensation scheme for indirect drive trains was
developed in the absence of precise load side measurements.
The scheme in [9] compensates for the friction effects on
both the motor side and the load side. Here, however, only
the load side compensation which utilizes the estimated
position is introduced to demonstrate the effectiveness ofthe
estimation algorithm.

A. Controller Structure

Fig. 9 shows the overall control structure of the single-
joint indirect drive system. The feedforward controller,F2,
is designed as

uff (t) = Jmθ̈md (t) +
1

N
Jℓθ̈ℓd (t) + F̂ (t) (15)

where F̂ is the estimated entire friction force.̈θℓd is the
desired load side acceleration.θmd is the motor side posi-
tion reference generated byF1 from the desired load side
position,θℓd, i.e.

θmd (t) =
N

kj

[

Jℓθ̈ℓd (t) + f̂ℓ (t)
]

+Nθℓd (t) (16)

wheref̂ℓ is the estimated load side friction.
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The feedback controller,Cfb, is selected as

Cfb (s) =

(

kv +
ki
s

)

(s+ kp) (17)

wherekp is the gain of the position loop,kv andki are the
gains of the velocity loop. The above controller is discretized
by the Euler method for implementation.

An adaptive friction observer is designed to obtainF̂ , i.e.

F̂ = K̂TΦ̂ (18)

whereK̂ and Φ̂ are defined and adapted as in [9].
In [9], the load side friction,fℓ, is modeled as a scaled

quantity of the entire friction force,F . Thus, onceF̂ is
adapted successfully on the motor side,fℓ can be estimated
as

f̂ℓ = r̂ℓF̂ (19)

wherer̂ℓ is the estimated scaling factor obtained by

˙̂rℓ = −γrℓF̂ êℓ, êℓ = θ̂ℓ − θℓd (20)

whereγrℓ > 0 is the adaptation gain, and̂θℓ is the estimated
load side position produced by some estimation algorithm.

B. Load Side Friction Compensation Experiment

In Fig. 8, the offset in the tracking error, which is partly
due to the load side friction effects, can be successfully
estimated by the KKF method. Therefore, KKF is employed
in (20) to obtain the load side position estimate,θ̂ℓ.

To show the effectiveness of the load side compensation
algorithm,r̂ℓ was initialized to1.0N (the reducer gear ratio).
Fig. 10 illustrates the performance of friction compensator
enabled on both the motor side and the load side (Hybrid),
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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 effectiveness
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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