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Abstract— Future NASA lander missions to icy moons will
require completely automated, accurate, and data efficient
calibration methods for the robot manipulator arms that sample
icy terrains in the lander’s vicinity. To support this need,
this paper presents a Gaussian Process (GP) approach to the
classical manipulator kinematic calibration process. Instead of
identifying a corrected set of Denavit-Hartenberg kinematic
parameters, a set of GPs models the residual kinematic error of
the arm over the workspace. More importantly, this modeling
framework allows a Gaussian Process Upper Confident Bound
(GP-UCB) algorithm to efficiently and adaptively select the
calibration’s measurement points so as to minimize the number
of experiments, and therefore minimize the time needed for
recalibration. The method is demonstrated in simulation on a
simple 2-DOF arm, a 6 DOF arm whose geometry is a candidate
for a future NASA mission, and a 7 DOF Barrett WAM arm.

I. INTRODUCTION

Kinematic Calibration (KC) of robot manipulators is a
classic problem [1]–[3]. Calibration was originally motivated
by the need for precise positioning of factory robot tools
and end-effectors. With limited real-time sensing, factory
robots depend upon their open-loop positioning precision to
reliably accomplish sophisticated tasks. As further discussed
below, there are several approaches to kinematic calibration,
methods to deploy calibration in a variety of situations, and
approaches to better automate the calibration process.

This paper revisits the calibration problem with new meth-
ods because of proposed NASA missions to the icy moons of
Europa and Enceladus, which may host subsurface oceans.
Cryovolcanic activity might transport water/ice from a sub-
surface ocean through surface cracks. As part of a Europa
lander mission [4], a robotic arm will gather surface material
samples from the vicinity of these cracks, and analyze the
local terrain using tools (scoops, drills, penetrometers, and
bevometers). The icy deposits may contain molecules that
indicate the presence of life in the subsurface oceans.

These missions will likely be battery powered, which
severely limits their duration. Round trip communication de-
lays make remote manipulator operation impractical. Hence,
highly autonomous and efficient science operations are cru-
cial. While Europa is not a factory environment, kinematic
accuracy of the sampling robot arm is still crucial because
proper science interpretation of the samples requires accurate
localization of the their origins. Furthermore, since deep
space missions must rigorously minimize mass, the sampling
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Fig. 1: Visualization of the proposed active learning-based
kinematic calibration framework on a space robotic arm.

arm and its tools will likely be very lightweight, and thus
more deformable than a factory robot.

Clearly, a data-efficient arm self-calibration process is
indispensable for reliable icy moon sample collection and
high mission efficiency. At a minimum, upon landing and
first deployment, the sampling arm must be calibrated in-
situ to accommodate any distortions that occur during the
multi-year space flight to the moon. Moreover, these highly
automated missions should be resilient to distortions of the
robot and tool geometries that arise from unexpectedly force-
ful interactions with the terrain, joint freeze-ups in the 50oK
surface temperature, and improper loading of the sampling
tools. Practically speaking, icy moon missions require an
automated calibration process that (1) provides sufficient
accuracy, especially for the workspace regions where critical
science occurs; (2) requires very few samples of arm data to
reach a high recalibration accuracy, since in-situ recalibration
consumes valuable mission time that should otherwise be
devoted to science; and (3) can handle miscalibrations that
are larger than typically experienced by industrial robots.

This paper develops an approach to manipulator kinematic
calibration based on Gaussian Processes (GP) [5]. Gaussian
Process Regression (GPR) can be used to learn kinematic
residual errors, and allows for arm recalibration after large
arm deformations. More importantly, Gaussian Process Opti-
mization [6] adaptively and autonomously selects a small set
of arm configurations that provide accurate recalibration. We
demonstrate the utility of the proposed method on a 2-DOF
planar manipulator, a 7-DOF Barrett WAM robot arm, and
6-DOF robot arm used in the OceanWATERS testbed [7].

This paper is organized as follows. After some preliminar-
ies in Sect. II, Sect. III introduces an active learning-based
kinematic calibration framework. Simulations are presented
in Sect. IV, while Sect. V concludes the paper.
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Related Work: Kinematic calibration of a robot manipulator
has been extensively studied. Typically, the calibration pro-
cess requires expert inputs for experiment design and numer-
ous measurements to optimize an observability index. After
data acquisition, offline optimization-based techniques, such
as iterative least squares regression with linearized kinematic
equations [8], Quadratic-Programming (QP) [9], and the
Levenberg-Marquardt algorithm [10] are used to identify the
kinematic parameters. Although these approaches improve
robot positioning accuracy, they are neither data-efficient
or capable of completely autonomous implementation. Both
characteristics are needed for a deep-space application.

Machine learning-based frameworks can reduce position-
ing errors by considering issues, such as joint elasticities
and backlash, that affect calibration accuracy. A Product-
Of-Exponential kinematic model [11] has been combined
with a GP to compensate for residual deflections [12]. In
[13], an Artificial Neural Network directly learns robot
position and orientation without nominal forward kinematic
equations. The post-calibration accuracy of these methods
highly depends upon the quality of the input data, whose
selection relies upon the calibration operator’s knowledge.
An unsupervised learning-based recalibration, which also
optimizes the kinematic parameters for manipulator visual
servoing, is proposed in [14].

Many previous works use observability indexes [8] to
optimize the choice of sampling locations. An experimental
comparison of the indexes is studied in [15]. An active
calibration algorithm is developed in [16] to find the most
efficient set of calibration poses for the linearization-based
techniques. A convex optimization approach to choosing con-
figurations from a pool of candidate data points is proposed
in [17]. The calibration experiment design methods in [18],
[19], based on partial pose measurement, is performed before
the experiments. Although these methods are efficient for
linearization-based calibration, they do not consider how to
choose sampling points in the presence of larger inaccura-
cies. In [20], an online calibration approach combines an
unscented Kalman filter and iterative particle filter with a
probabilistic sampling strategy. A Kalman filter-based online
calibration method is presented in [21] for legged robots.

II. PRELIMINARIES
We use the standard notation: R and R+ represent the set

of real and positive real numbers, respectively. The Euclidean
norm of a matrix is denoted by ∥ · ∥. f ∼ GP (µ, k) denotes
that the function f(·) is sampled from a Gaussian Process
(which is reviewed in section II-D).

A. Forward Kinematics
A forward kinematic function maps a robot’s joint space

to its workspace, and it is a crucial part of closed-loop
kinematic motion analysis. We adopt the widely used D-H
convention that defines the relative position and orientation
of the robot links and end effector using a four-parameter
representation.1 Given an n jointed robot and the D-H

1The methods of this paper can be readily adapted to a product-of-
exponentials representation of manipulator kinematics.

parameters for the ith link: joint angle θi, twist angle αi,
link length ai, link offset di, we define the transformation
matrix i−1Ti ∈ SE(3), which consists of a rotation matrix
i−1Ri ∈ SO(3) and a translation vector i−1Pi ∈ R3, be-
tween neighboring robot links, link i− 1 and link i, as

i−1Ti =

[
i−1Ri

i−1Pi

0 0 0 1

]
=

cos θi − sin θi cosαi sin θi sinαi ai cos θi
sin θi cos θi cosαi − cos θi sinαi ai sin θi
0 sinαi cosαi di
0 0 0 1

 (1)

for i = 1, 2 . . . , n, where θi is variable if the joint is
revolute, while di is variable if the joint is prismatic. Then,
the forward kinematics function is given by
0TT = 0T1(θ1, ϕ1)

1T2(θ2, ϕ2) . . .
n−1 Tn(θn, ϕn)

nTT, (2)

where θ = [θ1 . . . θn]
T ∈ Rn, ϕ = [αi di ai]

T ∈ R3n, and
T represents the tool frame. This function gives the orienta-
tion and position of the tool frame with respect to the base
frame, i.e., 0RT ∈ SO(3), 0PT ∈ R3, and can be written
more compactly as[

0QT
0PT

]T︸ ︷︷ ︸
F

= f(θ, ϕ), (3)

where 0QT is a four-parameter quaternion representation of
the rotation matrix [22]. Note that the quaternion conversion
from a rotation matrix may be discontinuous, and therefore
complex to model by Gaussian Processes [23]. To circumvent
this problem, we utilize the continuous quaternion conversion
framework proposed in [24].

B. Kinematic Calibration Problems

We now formalize two different calibration problems
with respect to the kinematic uncertainty structure. In the
following definitions, let F̃ = [0Q̃T

0P̃T]
T represent the

actual (uncertain, after distortion) kinematic function.

The Parametric calibration problem: Consider a perturbed
D-H convention parameter set

[θ ϕ]T = [θi +∆θi αi +∆αidi +∆di ai +∆ai]
T
, (4)

∆ = [∆θi ∆αi ∆di ∆ai]
T ∈ R4n, (5)

where ∆ is the difference between the nominal (idealized)
and actual D-H parameters. The parametric calibration prob-
lem is

[ϕ∗]T = arg min

[ϕ]T ∈ R4n
∥F̃ − F∥2 (6)

The Non-parametric calibration problem: Consider the
nominal forward kinematic function fn(θ, ϕ) with an un-
structured additive uncertainty term ∆f(θ, ϕ) such that
f(θ, ϕ) = fn(θ, ϕ) + ∆f(θ, ϕ). Then, the non-parametric
calibration problem is defined as

∆f∗(θ) = arg min
∆f(θ)

∥F̃ − F∥2 (7)
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That is, we want to find the residual function ∆f∗(θ) that
minimizes the calibration error with respect to the forward
kinematic function that uses idealized D-H parameters.

Kinematic calibration methods are driven by error between
the measured end-effector data and the computed forward
kinematics data. Therefore, an expert proposes enough ex-
periments to provide sets of input joint angles θ and measure-
ments F̃ to solve the given optimal error reduction problem.
Then, the objective function of the optimization problems in
(6), (7) is redefined on a discrete set of data as

∆̂F =
[
F̃1 − F1 . . . F̃m − Fm

]T ∈ R7m, (8)

where m is the number of measurements.

C. Classical Linearized Recalibration

The calibration cost function given in (6) is generally
nonlinear and non-convex depending on the robot kinematic
structure. Thus, most classical recalibration techniques are
based on a linearized version of the parametric calibration
problem. By assuming relatively small parametric deflec-
tions, one can linearize the calibration function (3) as

F̃ − F︸ ︷︷ ︸
∆F∈R7

=

[
∂f

∂αi

∂f

∂di

∂f

∂ai

]
︸ ︷︷ ︸

Jϕ∈R7×3n

[
∆αi ∆di ∆ai

]T︸ ︷︷ ︸
∆ϕ∈R3n

, (9)

where Jϕ is the Jacobian matrix. Therefore, when the
nominal D-H parameters and their possible lower bound
∆ϕlb ∈ R3n and upper bound ∆ϕub ∈ R3n are given, the
linearization-based KC problem can be solved via the fol-
lowing constrained QP:

∆ϕ∗ = arg min
∆ϕ ∈ R3n

∥F̃ − F − Jϕ∆ϕ∥2

s.t. ∆ϕlb ≤ ∆ϕ ≤ ∆ϕub

Then, we obtain ϕ∗ = ϕ+∆ϕ∗. This QP is iteratively solved
until an acceptable error convergence is achieved [9].

D. Gaussian Processes (GPs)

Gaussian Processes provide a stochastic, data-driven, su-
pervised machine learning approach to specify the re-
lations between input and output data sets of smooth
functions through Bayesian inference [5]. A GP function,
f(x) : X −→ R, defined on a data domain X , is fully spec-
ified by its mean function µ(x) : X −→ R and a covari-
ance/kernel function k(x, x′) : X ×X −→ R:

µ(x) ≜ E [f(x)] , (10)

k(x, x′) ≜ E [(f(x)− µ(x))(f(x′)− µ(x′))] . (11)

We say that f(·) is distributed according to:

f(x) ∼ GP (µ(x), k(x, x′)). (12)

Given a collection of training data D ≜{
XN ∈ X, YN ∈ RN

}
with inputs XN = [x1, . . . , xN ],

outputs YN = [f(x1) + ϵ1, . . . , f(xN ) + ϵN ]
T and

i.i.d zero-mean Gaussian noises ϵi ∼ N(0, σ2
ϵ ), a GP

predicts a set of outputs based on an input test data set

X̃ = [x̃1, . . . , x̃M ] ∈ X . The posterior of the GP over the
observations, f̃

∣∣X̃,D, is also a GP distribution with a mean
µ̃ and variance σ̃2 given by

f̃
∣∣X̃,D ∼ N

(
µ̃, σ̃2

)
, (13)

µ̃ = KX̃XN
(KXNXN

+ σ2
ϵ I)

−1 YN , (14)

σ̃2 = KX̃X̃ −KX̃XN
(KXNXN

+ σ2
ϵ I)

−1KXN X̃ , (15)

where I is the identity matrix, KXNXN
∈ RN×N ,

KX̃X̃ ∈ RM×M , KX̃XN
∈ RM×N , KXN X̃ ∈ RN×M

are the covariance matrices for the set of points,
which measure the correlations between the inputs
with [KXNXN

]i,j = k(xi, xj), [KX̃X̃ ]i,j = k(x̃i, x̃j),
[KX̃XN

]i,j = k(x̃i, xj), [KXN X̃ ]i,j = k(xi, x̃j).
Briefly, the kernel function reflect the features of the

functions to be learned, such as smoothness and input cor-
relations. Our experiments use the commonly used squared-
exponential (SE) kernel given by

k(xi, xj) = σ2
f exp

(
−∥xi − xj∥2

2l2

)
+ σ2

nδ(xi, xj), (16)

where θh = [l σf σn]
T are the tunable hyperparameters and

δ(xi, xj) is the Kronecker delta function. The optimal hy-
perparameters can be found by minimizing the negative log
marginal likelihood function [5]. For data set D, this function
is defined as

log p(YN

∣∣XN , θh) = −1

2
Y T
N (KXNXN

(θh) + σ2
ϵ I)

−1YN

− 1

2
log

∣∣(KXNXN
(θh) + σ2

ϵ I)
∣∣− N

2
log 2π. (17)

Finally, the optimal hyperparameters θ∗h, and σ∗
ϵ can be

computed via the gradient-descent based solution of the
following typically non-convex optimization problem:

[θ∗h σ∗
ϵ ]

T = arg min
θh, σϵ

− log p(YN

∣∣XN , θh). (18)

III. ACTIVE LEARNING BASED KINEMATIC
CALIBRATION APPROACH

A. GPs for Non-parametric Calibration

In this section, the residuals representing the inaccuracies
in the forward kinematics are modelled via GPs. Conse-
quently, we will be able to achieve effective non-parametric
robot kinematic learning and calibration using noisy sensor
measurements in a stochastic framework.

The kinematic residual errors can be captured with seven
GPs along each orientation and translation direction. In
particular, each component of matrix F in (3) is modelled
as a single-output GP with a mean and kernel function as[

0Q̃T
0P̃T

]
︸ ︷︷ ︸

F̃

= f(θ, ϕ) +

GP1(µ(θ), k(θ, θ
′))

...
GP7(µ(θ), k(θ, θ

′))

 , (19)

where θ is the vector of joint angles, and F̃ is the measured
tool-frame poses. The regressed GP functions can predict the
residual error and its variance in each direction of motion,
at a new query input θ∗, by using (14) and (15).
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Our GP-based modeling of the residual errors in each
motion direction is simplistic. One should expect coupling in
the errors across these directions. Multi-output Gaussian Pro-
cesses (MOGPs) [25] and vector-valued GPs [26] are suitable
solutions to this problem. However, due to the computational
scaling of these methods, we assume single-output GPs. As
shown in Section IV, the Gaussian distribution property holds
in our applications. Thus, the decoupled GP assumption is
reasonable and computationally efficient.

B. GPs for Parametric Calibration
We briefly note that GP regression can be used for

parametric calibration, all input parameters of the kinematic
function in (3) can be modelled as a single-output GP. To
this end, we modify (3) as[

θ ϕ
]T

= f−1(0QT,
0 PT), (20)

where the D-H parameters, including joint angles, are out-
puts, and the tool frame poses are inputs. By assuming that
each component in [θ ϕ]T ∈ R4n can be modeled by a GP,
the parametric calibration problem can be written as[

θ̃

ϕ̃

]
=

[
θ0
ϕ0

]
+

 GP1(µ(F ), k(F, F ′))
...

GP4n(µ(F ), k(F, F ′))

 , (21)

where θ̃, ϕ̃, F are the measurements, θ0, ϕ0 are the nomi-
nal values of the D-H parameters.

As compared to the non-parametric approach in (19), the
joint angle vector is also assumed to be uncertain. Therefore,
Eq. (21) can model the possible joint angle offsets. But, the
number of GPs needed in this approach increases with the
number of robot joints. For example, for a 7 DOF robot, 28
different GPs must be defined. Because of these drawbacks,
we leave the parametric approach to our future studies.

C. GP-UCB for Non-parametric Experiment Design
We are concerned not only with fitting a GP model

to calibration data, but also with designing a calibration
experiment that minimizes the number of samples. such
optimization is a classical experimental design problem that
aims to find the best set of measurement points [27], [28].
When using GP regression-based calibration alone, a user
must select the training and test data points, which are
essential for the method’s accuracy. This section adopts a
Gaussian Process Upper Confidence Bound (GP-UCB) [6]
active learning algorithm to adaptively select a sequence of
informative measurements to minimize the residual error.

Modeling the residual kinematic error with a GP, as in
Section III-A, brings a significant advantage for experiment
design, since it encodes residual function uncertainty in the
confidence bounds [29]. With this feature, the GP-UCB
algorithm uses currently available measurements and the
residual function confidence bounds to decide the next test
point that optimizes the utility function Vt(x) : X → R

Vt(x) = µt−1(x) + βt
1/2σt−1(x), (22)

x∗
t = argmax

x∈X
Vt(x), (23)

where βt ∈ R+ is an iteration-varying parameter [6] that
weights residual function uncertainty in the selection of
the next sampling point, σt−1(x) is the square root of the
variance, and µt−1(x) is the predicted value of the mean
function at input x. Hence, GP-UCB chooses sampling points
that trade off exploitation of joint space regions with high
calibration performance against exploration of regions with
high uncertainty about the residual function.

The GP-UCB algorithm has an appealing no regret prop-
erty [6]. I.e., the algorithm is guaranteed to find the globally
optimal residual functions given sufficient examples. Our ex-
periments below show that some other calibration experiment
design approaches become stuck in local minima. Moreover,
its instantaneous regret is proportional to T−1/2, where T
is the number of experiments. This property implies that
the calibration error steadily decreases with each sample.
While this paper focuses on sequential sampling selection, a
variation of this approach, entitled GP-BUCB [30], proposes
batches of experiments, while still retaining a no-regret
property and similar instantaneous regret performance.

Since there are seven different GPs with the same input
vector, we modify the utility function as the sum of UCBs:

V T
t (x) =

7∑
i=1

µi
t−1(x) + βt

1/2σi
t−1(x), (24)

where µi
t−1(x), σi

t−1(x) are the mean and variance of the
ith output given in (19). Hence, the resulting new putatively
optimal data sampling point is obtained by considering all
GPs simultaneously. The authors in [31] show that this
approximation does not violate the no-regret property of the
UCB algorithm under mild conditions.

The basic pseudo-code of the proposed GP-UCB-based
calibration approach is presented in Algorithm 1, which starts
with any available GP prior, and the next measurement is
chosen to maximize the utility function (24). The GP residual
is updated from the new measurement (using Eqs. (14) and
(15)). This iteration continues until a stopping criterion is
satisfied. For the algorithm parameter βt, which is defined
in Theorem 2 of [6], we use a strategy proposed in [6] as

βt =2log(t22π2/(3δβ)) +

2dβlog
(
t2dβaβbβrβ

√
log(4dβ/δβ)

)
. (25)

Algorithm 1 GP-UCB for non-parametric arm calibration

Input: Input set θ ∈ X
GP prior µ0, σ0, k
Kernel function k(·, ·)
Parameter βt

Output: θ∗

for t = 1, 2, . . ., do
Choose θ∗t = argmaxθ∈X V T

t (θ)
Compute σt via Equation (15)
Obtain ∆F t = (F̃ (θt)− F (θt)) + ϵt
Compute µt via Equation (14)

end for
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IV. EXPERIMENTS

We evaluate the performance of the GP-based residual
regression and GP-UCB-based sampling selection in three
simulated robotic arms with perturbed kinematic parameters.
We compare our results with three other techniques: 1) A
griding-based D-optimal design algorithm with a convex ap-
proximation proposed in [17]. This algorithm utilizes a pool
of possible joint angle sets. Then, the D-optimality criteria
is adopted using the Jacobian matrix Jϕ given in (9) and
this pool. In [17], it is shown that D-optimal experimental
design leads to better performance than random sampling
and the DEMAX algorithm. 2) Expected improvement (EI)
based sampling algorithm [32]. Like the UCB utility function
in (24), we modify the EI algorithm’s utility to sum the ex-
pected improvements in each direction. 3) Random sampling.

A. 2-DOF Manipulator

We start with an easy-to-understand simulated calibration
of a 2R planar robot (Fig. 2-(a)). We seek to learn the
forward kinematic residuals while choosing a small set of
sampling points. The uncertain D-H parameters of the arm
are d1 = d2 = 0 ± 0.1 m, a1 = a2 = 1 ± 0.2 m,
α1 = α2 = 0 ± 0.1 rad, θ1, θ2 ∈ [−3, 3] rad. Even in
this simple example, linearization-based methods may not
yield an accurate calibration in the presence of additive un-
certainties, since these approaches are formulated to mainly
address constant inaccuracies, i.e., ϕ = ϕ0 + eϕ.

We assume precise measurements of the joint angles
(θ1, θ2) and the orientation and position of tool frame
(F̃ ∈ R7) (e.g., by a calibrated high-resolution camera). We
run Algorithm 1 for t = 1, 2, . . . , 30 iterations, and choose
the βt in (25) and an SE kernel (16) with the hyperparameters
optimized using (18) for all simulation examples.

Fig. 2-(d) plots the calibration error, ∥F̃ −F∥, versus the
number of samples selected by GP-UCB. As more samples
are collected, the calibration error norm converges to zero,
confirming the no-regret property of this approach. EI-based
sampling initially concentrates on the exploration of the
calibration error functions. But after 10 steps, it encounters
a local minimum, and does not continue to explore. For the
D-optimal sampling, we start with 10 randomly selected data
points, since this method requires as many data points as the
number of unknowns. Although this method initially offers
better performance, the convergence rate is slow. While ran-
dom sampling also provides high-precision kinematic error
modelling, it requires significantly more sampling points
than the active learning approach, as shown in Fig. 2-(d).
This confirms that GP-UCB is intelligently selecting its
experiments. The post-calibrated performance of GP-UCB
is shown in Fig. 2-(g) for the x position error.

To demonstrate our methods ability to handle larger kine-
matic errors, and noisy measurements, the planar robot’s D-
H parameters are perturbed at a mean level starting from
10% up to to 200%. Secondly, a normally distributed noise
with a variance of 0.01 has been added to each output. For
comparison, we used the Kalibrot toolbox [9], which relies
on classical linearized recalibration. Fig. 3-(a) shows that

our method learns and tolerates increasing kinematic uncer-
tainties and is sufficiently robust to sensor noise. Although
Kalibrot is robust against sensor noise, its calibration error
increases roughly linearly with parameter uncertainty.

B. 7-DOF Barrett WAM Robot Arm

The OWLAT testbed was developed to evaluate au-
tonomous techniques for Ocean Worlds icy moon lander
missions [33]. A 7-DOF Barrett WAM manipulator simulates
robotic sampling operations (Fig. 2-(b)) that might take place
on an icy moon mission. The arm’s kinematic parameters are
given in Table I with additive uncertainty bounds.

Fig. 2-(e) shows the simulated convergence of the forward
kinematic error estimate versus GP-UCB sample number.
The results in this figure suggest that the calibration per-
formance and data efficiency of our framework are better
than other sampling methods for this 7-DOF arm, especially
for small sample number. Although the EI algorithm gave
the second best results for this robot arm, this method’s
lack of design parameters is a weakness. The gridding-
based D-optimal algorithm fails in this simulation. Fig. 2-
(h) shows the post-calibrated kinematic accuracy on 50 test
points linearly spaced along the x position.

C. 6-DOF OceanWATERS Lander Robot Arm

We additionally demonstrate the proposed algorithm on
the open-source OceanWATERS simulation testbed [7] (see
Fig. 2-(c) and Fig. 1), which is a likely design for a future
lander mission. The arm’s nominal kinematic parameters and
our tested uncertainty bounds are given in Table I.

Since our goal is to fit a GP to the residuals, we present
the distribution of forward kinematic errors for 1500 sample
points, chosen by the GP-UCB algorithm, in Fig. 3-(b). The
figure demonstrates that the kinematic error has a nearly
normal distribution with zero mean. This result confirms that
the use of a Gauss Process framework is warranted.

Fig. 2-(f) compares the calibration performance of GP-
UCB and the other approaches over 600 sampling iterations.
The figure shows that GP-UCB is an efficient sampling
method for this robot, since fewer data points are needed
for accurate recalibration. The EI and D-optimal algorithms
reduce the norm of the calibration error; but they become
”stuck” on one sample point after ∼300 samples. The post-
calibration accuracy of the GP model is demonstrated on 50
linearly spaced x-axis test sample points in Fig. 2-(i).

V. CONCLUSIONS AND FUTURE WORK

Motivated by the proposed use of manipulators in future
icy moon sampling missions, this study aimed to accurately
learn the manipulator forward kinematic error residual in an
online, non-parametric, and data-efficient way. GP regression
models the kinematic inaccuracies and their confidences,
while an online sequential GP-UCB algorithm efficiently
selects the optimal measurement in a way that adapts to
the specific errors experienced by the robot. Our numerical
studies on three different arm geometries found that this
framework generally outperformed other methods in the limit
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(a)
(b)

(c)

Fig. 2: Simulation examples. (a) 2-DOF Manipulator. (b) 7-DOF Barrett WAM manipulator arm in OWLAT. (c) 6-DOF
OceanWATERS Lander Robot Arm. (d), (e), (f) The evaluations of the calibration errors with respect to the number of
iterations for 2-DOF, 7-DOF, and 6-DOF robots, respectively. (g), (h), (i) The errors in position x obtained from the test
samples for 2-DOF, 7-DOF, and 6-DOF robots, respectively.

7-DOF Barrett WAM Robot Arm
Joint 111 222 333 444 555 666 777
ddd 0± 0.01 0± 0.02 0.55± 0.2 0± 0.03 0.3± 0.2 0± 0.04 0.06± 0.06
aaa 0± 0.01 0± 0.03 0.045± 0.01 −0.045± 0.01 0± 0.07 0± 0.1 0± 0.01
ααα −π/2± 0.2 π/2± 0.2 −π/2± 0.3 π/2± 0.2 −π/2± 0.1 π/2± 0.1 0± 0.3
θθθ θ1 θ2 θ3 θ4 θ5 θ6 θ7

6-DOF OceanWATERS Lander Robot Arm
ddd 0± 0.01 0± 0.02 0± 0.06 −0.15± 0.01 0± 0.04 0± 0.06 -
aaa 0.16± 0.1 0.37± 0.1 0.05± 0.02 0.463± 0.1 −0.238± 0.1 0.225± 0.02 -
ααα π/2± 0.2 0± 0.2 π ± 0.3 0± 0.2 0± 0.1 π/2± 0.1 -
θθθ θ1 θ2 θ3 θ4 θ5 θ6 -

TABLE I: DH parameters for the 7-DOF Barrett WAM Robot and 6-DOF OceanWATERS Lander Robot Arm.

Fig. 3: (a) Kalibrot vs GP-UCB. (b) Histograms of calibration
error distribution along x-axis before the calibration process.

of a small number of calibration experiments, which is vital
for deep space missions. In future work, we will investigate
specific GP kernels that better capture the uncertainty prop-
erties of manipulator kinematics, and study the effects of
measurement noise on calibration accuracy under GP and
classical calibration frameworks. We will also evaluate if
coupled Multivariate Gaussian Process models [26], [34],
[35] may further improve the calibration accuracy and sample
efficiency.
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