
 
 

Delft University of Technology

Document Version
Final published version

Licence
Dutch Copyright Act (Article 25fa)

Citation (APA)
Van Meer, M., Deniz, E., Witvoet, G., & Oomen, T. (2026). Automated Calibration of Position Sensors in Coarse
Pointing Assemblies for Free-Space Optical Communication Using Gaussian Process Regression. IEEE Journal of
Selected Topics in Quantum Electronics, 32(1), Article 6000412. https://doi.org/10.1109/JSTQE.2026.3675528

Important note
To cite this publication, please use the final published version (if applicable).
Please check the document version above.

Copyright
In case the licence states “Dutch Copyright Act (Article 25fa)”, this publication was made available Green Open
Access via the TU Delft Institutional Repository pursuant to Dutch Copyright Act (Article 25fa, the Taverne
amendment). This provision does not affect copyright ownership.
Unless copyright is transferred by contract or statute, it remains with the copyright holder.
Sharing and reuse
Other than for strictly personal use, it is not permitted to download, forward or distribute the text or part of it, without
the consent of the author(s) and/or copyright holder(s), unless the work is under an open content license such as
Creative Commons.
Takedown policy
Please contact us and provide details if you believe this document breaches copyrights.
We will remove access to the work immediately and investigate your claim.

This work is downloaded from Delft University of Technology.

https://doi.org/10.1109/JSTQE.2026.3675528


IEEE JOURNAL OF SELECTED TOPICS IN QUANTUM ELECTRONICS, VOL. 32, NO. 1, JANUARY/FEBRUARY 2026 6000412

Automated Calibration of Position Sensors in Coarse
Pointing Assemblies for Free-Space Optical

Communication Using Gaussian
Process Regression

Max van Meer , Emre Deniz, Gert Witvoet, Member, IEEE, and Tom Oomen , Senior Member, IEEE

Abstract—Free-space optical satellite communication terminals
rely on accurate metrology of their pointing mirrors to correctly
aim their laser to a counter terminal, while at the same time
requiring simple, lightweight and low-cost sensors. The aim of this
paper is to develop an automated procedure for the calibration
of these sensors in a mass production setting, using a pointing
test bench (PTB) to automatically calibrate the angular sensors of
many Coarse Pointing Assemblies (CPAs), which position pointing
mirrors over a large field-of-regard. The PTB and CPA are aligned
using feedback over an external optical position sensor (OPS) and
an inverse kinematic model is learned from data, after which Gaus-
sian Process regression models are created to predict and correct
sensor errors, taking into account propagation of calibration errors
from the PTB to the CPA. Experimental results show that the CPA
sensor errors are reduced by two orders of magnitude by this auto-
mated calibration approach, even at orientations at which the PTB
itself is uncalibrated. The developed framework is generalizable
to calibration of arbitrary 2 degree of freedom (2-DOF) rotary
systems and is not limited to specific types of position sensors,
thereby enabling significant cost savings and increased accuracy
in mass production of satellite communication terminals.

Index Terms—Mechatronic systems, free-space optical commu-
nication, Bayesian methods, calibration, Gaussian process
regression.
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I. INTRODUCTION

ACCURATE angular measurements are crucial in high-tech
industries, particularly those involving optical systems

such as free-space optical communication (FSOC) [1], [2].
FSOC refers to data transmission using highly collimated op-
tical beams through space or atmosphere, offering orders of
magnitude higher throughput and low probability of interception
compared to traditional radio-frequency links due to the large
available optical bandwidth and narrow beamwidths [3], [4].
Because these beams are highly directional, the angular accu-
racy of the steering optics must be very high to prevent link
losses and thus to maintain the optical link and guarantee high
communication performance.

Space-based laser communication has matured from early
demonstrations to operational and planned systems that support
high data rates and network-scale architectures [5]. For example,
NASA’s TeraByte InfraRed Delivery (TBIRD) mission demon-
strated multi-hundred-gigabit per second downlinks from low
Earth orbit [6], and commercial constellations such as SpaceX’s
Starlink employ laser inter-satellite links to form optical mesh
networks connecting thousands of satellites in orbit [7]. Ama-
zon’s Project Kuiper has also tested 100 Gbps optical links
between prototype satellites as part of its planned mesh archi-
tecture [8]. This shift from one-off missions to network-scale
constellations motivates cost-effective, high-volume production
of optical terminals and their pointing subsystems.

While certain FSOC terminals rely on body pointing of
the parent platform, more generic FSOC terminals employ a
coarse pointing assembly (CPA) to perform large-angle beam
steering, often complemented by a fine pointing stage to main-
tain precise beam alignment in the presence of high-frequency
disturbances. Physically, the CPA consists of two orthogonal
rotary axes supporting a steering mirror, driven by actuators
such as switched reluctance motors [9]. Motivated by the re-
quired accuracies, angular position sensing is often done using
costly devices such as optical encoders or eddy-current sensors.
However, to facilitate cost-effective implementation of FSOC
terminals at scale, there is a growing demand to adopt low-cost
angular sensors in laser pointing modules, such as Hall-effect
sensors. While affordable, these sensors exhibit systematic in-
accuracies, needing calibration before deployment, in order to
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Fig. 1. Overview of cascaded calibration from TNO. A highly accurate theodo-
lite is used to manually calibrate the pointing test bench (PTB) angular sensors
once. The PTB, in turn, automatically calibrates the angular sensors of many
Coarse Pointing Assemblies (CPAs) in series production.

comply with the required accuracies for acquisition and pointing.
For LEO-to-LEO (Low-Earth Orbit) optical links, typical CPA
performance requirements include a pointing knowledge better
than 500μrad (3σ), which is directly determined by the angular
sensor accuracy, and a pointing jitter below 1μrad (3σ), which
is compensated by the fine pointing stage [9]. These require-
ments illustrate that systematic errors in coarse pointing sensor
measurements must be accurately calibrated to ensure reliable
optical link acquisition and tracking. In this work, the focus is
on the sensing and calibration of this coarse pointing stage.

Calibration becomes especially critical when employing low-
cost angular sensors in CPAs for FSOC terminals, including
magnetic sensors such as linear Hall-effect sensors. While Hall
sensors are used as an illustrative example in this manuscript,
the developed calibration procedure is not specific to Hall-effect
sensing and applies to any repeatable, orientation-dependent
sensor errors. As an example, Hall-effect sensors suffer from
parasitic effects due to uneven magnetization and mechanical
misalignments [9], [10], [11]. Such imperfections limit the
achievable pointing accuracy and thus require calibration, and as
production scales up, automation of calibration becomes neces-
sary to support high-volume manufacturing while maintaining
the required pointing performance.

Sensor calibration typically involves comparing CPA sensor
outputs with those of external high-accuracy metrology instru-
ments, such as a theodolite, laser tracker, or autocollimator,
and modeling systematic, angle-dependent sensor errors. In
current practice, this calibration is often performed manually by
orienting the CPA to a sequence of discrete reference angles and
recording both the sensor readings and the corresponding angles
measured by the external instrument. This process requires
careful mechanical alignment and operator intervention at each
calibration point, making it time-consuming and limiting the
number of measurements that can be obtained. As a result, cal-
ibration models are typically constructed from sparse datasets,
which may not fully capture nonlinear sensor errors. A Pointing
Test Bench (PTB), as presented in [12] and shown in Fig. 1,
could facilitate the automation of this calibration process by en-
abling repeatable, high-density measurements without manual
intervention, for series production in a factory. A critical pre-
requisite for calibration is that the PTB is aligned to the CPA, as
misalignment distorts calibration, see Fig. 2. Achieving precise
alignment generally involves external measurements [13], [14],
such as optical position sensors (OPS), adding complexity due to
the nonlinear kinematics between PTB and OPS measurements.

Fig. 2. (a) Schematic and (b) rendering of a coarse pointing assembly (CPA)
placed underneath a pointing test bench (PTB). In (a), the CPA consists only
of the two mirrors labeled with the prefix “CPA”, while all other optical and
mechanical components belong to the PTB. The two CPA mirrors are mounted
on a rigid CPA frame, which can be rotated in two axes, independently of the
PTB. A laser beam uTx is emitted from the origin of an optical position sensor
(OPS) and reflected back as uRx via the CPA and the PTB. The location p of
the incoming beam uRx on the OPS conveys information about the alignment
of the PTB to the CPA, since they are installed such that p = 0 when θ∗ = φ∗.

Apart from alignment, accurate calibration of the PTB itself is
crucial, as any inaccuracy propagates directly into the calibration
of every CPA. PTB calibration typically involves alignment with
a precise external instrument, such as a theodolite, but geometric
constraints can make this impossible for certain orientations.
Additionally, manual alignment is labor-intensive, limiting the
number of available data points and complicating the calibration
process [15], [16].

Existing solutions for optical alignment and calibration,
such as theodolites, laser trackers, and autocollimation tech-
niques [15], [17], achieve high accuracy but are labor-intensive
and impractical for large-scale production of CPAs. This has led
to increasing interest in data-driven methods that can effectively
model calibration errors. Among these, Gaussian Process (GP)
regression has emerged as a promising tool for modeling non-
linear functions from limited data [11], [18], [19]. GP regression
not only models the calibration function but also quantifies un-
certainty, making it well-suited for addressing error propagation

Authorized licensed use limited to: TU Delft Library. Downloaded on May 08,2026 at 13:57:26 UTC from IEEE Xplore.  Restrictions apply. 



VAN MEER et al.: AUTOMATED CALIBRATION OF POSITION SENSORS IN COARSE POINTING ASSEMBLIES 6000412

Fig. 3. High-level overview of the developed methodology for automated
calibration of position sensors.

in cascaded calibration. An initial application of GP regression
to cascaded calibration is presented in [20], which demonstrates
its potential on a 1-DOF simulation example.

The contributions of this paper are the following.
1) A control strategy is developed to actively align the CPA to

the PTB for calibration, using an external optical position
sensor (OPS) for feedback, and optical kinematics learned
from data.

2) A probabilistic framework for the modeling of the PTB
and CPA sensor errors is developed. Using Gaussian Pro-
cess regression the uncertainty in the calibration models
is quantified as a function of orientation.

3) The developed framework is validated experimentally,
demonstrating reductions of factors 83 and 64 in CPA
sensor errors at validation points where the PTB itself is
uncalibrated.

This paper is structured as follows. First, in Section II, the cas-
caded calibration problem is detailed. Next, Section III presents
the developed approach to automated cascaded calibration, a
high-level schematic of which is provided in Fig. 3. Subse-
quently, Section IV presents experimental results, and finally,
conclusions are provided in Section V.

II. PROBLEM FORMULATION

This section addresses the problem of calibrating multiple
CPAs using a single PTB. Since calibration errors of the PTB

propagate to all CPAs, the problem is treated as cascaded cali-
bration, in which the calibrations of both the angular sensors of
the PTB and CPAs are jointly considered.

A. Overview

First, the background of the cascaded calibration problem is
described. Next, the nature of the sensor errors is detailed.

1) Background: Free-space optical communication (FSOC)
requires accurate pointing of a laser from a transmitter terminal
to a receiver, e.g., from one satellite to another, or from a satellite
to a ground station. In LEO-to-LEO systems for example, coarse
pointing assemblies require a pointing knowledge better than
500μrad(3σ) [9], which adds to the uncertainty cone in a
typical acquisition link budget. Uncalibrated low-cost sensors
can exhibit much larger errors on the order of tens of milliradians,
supposedly making them unsuitable for acquisition purposes.
However, when these sensors are properly calibrated, their error
potentially reduces to sub-milliradian levels, thereby enabling
their use in establishing reliable optical links.

A Coarse Pointing Assembly (CPA), displayed on the right-
hand side of Fig. 1, directs the transmitted beam (Tx) over a
high field-of-regard by rotating two mirrors mounted on a frame
rotatable by two actuators, achieving a hemisphere range of
motion. The mirror orientation is measured by angular position
sensors mounted on the CPA axes. In systems using magnetic
sensing, such as linear Hall-effect sensors [10], the measure-
ments exhibit repeatable, orientation-dependent inaccuracies
due to sensor and assembly imperfections; see, e.g., [9], [11],
[21] for experimental results showing the repeatability of these
errors. Such repeatable, orientation-dependent errors can be
compensated through calibration; Hall-effect sensing is used
here as an illustrative example.

Calibration could be performed using a Pointing Test Bench
(PTB), as presented in [12] and depicted in Figs. 1 and 2. The
PTB contains its own actuators and angular position sensors,
which in this work are high-accuracy rotary encoders mounted
on the PTB axes, providing a reference orientation against which
CPA sensors are calibrated. This test bench, equipped with two
actuators, angular sensors, and a mirror, rotates around a CPA in
two degrees of freedom. To ensure accurate calibration of CPAs,
the PTB angular sensors themselves must be calibrated against a
highly precise external instrument, typically a theodolite, whose
angular measurement uncertainty is significantly smaller than
the CPA pointing knowledge requirement.

2) Sensor Errors of the PTB and CPA: The PTB, displayed in
the center of Fig. 1 and depicted schematically in Fig. 2, consists
of heavy beams that deform under their own weight, depending
on its orientation. This deformation, considered static because
of the low operating velocities, affects the optical sensors of
the PTB, leading to sensor inaccuracies. In the experimental
setup used in this manuscript, the CPA uses linear Hall sensors
for angular position measurements. These sensors approximate
the angle by measuring magnetic flux density along a toothed
rotor, as detailed in [9]. The sensor readings are distorted by
compliance and small misalignments in the placement of the sen-
sors, leading to nonlinear sensor inaccuracies. The subsequent
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alignment and cascaded calibration steps are sensor-agnostic
and only assume that the dominant error is repeatable and
orientation-dependent.

B. Calibration of Angular Sensors

This section introduces the terminology and notation for the
calibration of angular sensors. The orientation of the CPA with
respect to a fixed-world frame is given by

φ∗ :=
[
φ∗
z φ∗

x

]�
, (1)

with z and x the azimuth axis and elevation axis, respectively.
The angular sensor readings of the CPA are given by

φ = S1(φ
∗), (2)

with S1 : R2 → R2 a nonlinear function describing the sensor
inaccuracy. This function is assumed invertible, i.e., there exists a
unique map fromφ toφ∗. This holds unless sensors are severely
non-functional. The aim is to obtain an accurate inverse model
Ŝ−1
1 ≈ S−1

1 , such that the function

φ̂ = Ŝ−1
1 (φ) (3)

estimates φ̂ ≈ φ∗, as a function of the sensor reading. Modeling
this function from data requires a proxy for the true angle φ∗,
i.e., an external, more accurate sensor. To calibrate the CPA in
an automated fashion, the PTB in Fig. 2 is used. With respect to
the same fixed-world frame as the CPA, the PTB in Fig. 2 has
orientation

θ∗ :=
[
θ∗z θ∗x

]�
, (4)

with sensor

θ = S2(θ
∗), (5)

where S2 is also assumed invertible. For the PTB sensor to be a
proxy of the CPA orientation, two requirements are that (i) the
PTB needs to be perfectly aligned to the CPA such that θ∗ = φ∗,
and (ii) the PTB itself is calibrated, such that its calibrated sensor

accurately reflects the PTB orientation, i.e., θ̂ := Ŝ−1
2 (θ) ≈ θ∗.

The next two sections detail these sub-problems separately.

C. Active Alignment of a CPA to the PTB

To align a CPA to the PTB, an external optical position sensor
(OPS) is used, see Fig. 2. A laser is transmitted from the center
of this sensor and reflected through a static mirror to the CPA
mirrors, to finally be reflected back by the PTB and return to the
OPS via the same path, yielding a measurement

p =

[
xops

yops

]
= G(θ∗,φ∗), (6)

where G : R2 × R2 → R2 is an optical kinematic function that
maps the orientations of the PTB and the CPA to the beam
location on the OPS. The mirrors are installed such that p = 0
during exact alignment θ∗ = φ∗. Hence, by actively steering the
CPA mirrors to continuously achieve p = 0 while the CPA is in
motion, many data samples (φ, θ̂) can be obtained without man-
ual intervention, in order to calibrate the CPA on the calibrated

PTB. Actively steering the CPA mirrors to achieve p = 0 is a
challenging control problem because G is unknown and highly
nonlinear.

D. Cascaded Calibration

The PTB is used to calibrate many CPAs in series production,
so any flaws in its own calibration model deteriorate calibration
of all CPAs, as follows. The PTB calibration model is given by

θ̂ := Ŝ−1
2 (θ). (7)

This calibration model is obtained by manually aligning the PTB
to a highly accurate calibration instrument, a theodolite, which
is assumed to yield perfectly accurate measurements of θ∗, and

fitting Ŝ−1
2 to measurements

Dθ = {θk,θ∗k}Nθ

k=1. (8)

Importantly, only a limited number Nθ of orientations can be
measured using the theodolite because (i) the process is labor-
intensive and (ii) physical obstructions prevent alignment of the

theodolite to the PTB at some orientations. Therefore, Ŝ−1
2 �=

S−1
2 , and the true PTB orientation is given by

θ∗ = θ̂ + ε, (9)

with calibration error

ε := θ∗ − θ̂

= θ∗ − Ŝ−1
2 ◦ S2(θ

∗). (10)

Consequently, when the CPA is placed into the PTB and actively
aligned such that θ∗ = φ∗, then the data set

Dφ = {φk, θ̂k}
Nφ

k=1 (11)

contains observations of S−1
1 in (2) that are disturbed by ε.

Hence, it is critical to consider the calibration errors ε of the

PTB when calibrating the CPA to obtain Ŝ−1
1 . The next section

summarizes this cascaded calibration problem.

E. Problem Definition

The aim is to obtain an accurate CPA calibration model
Ŝ−1
1 ≈ S−1

1 , despite the presence of PTB calibration errors ε.
First, the control problem associated with active alignment is
addressed, which involves modeling the optical kinematics G

from data. Next, a probabilistic calibration model Ŝ−1
2 of the

PTB is constructed, and finally, a CPA calibration model Ŝ−1
1 is

created by explicitly taking into account the uncertainty of the
PTB calibration model.

III. AUTOMATED CASCADED CALIBRATION

This section describes the developed framework for auto-
mated cascaded calibration, starting with active optical align-
ment of the PTB to the CPA. Calibration of the PTB is a pre-
requisite to active alignment, but described later, for notational
reasons.
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Fig. 4. OPS data p(t) measured around orientation θ̂ = [−45◦, 20◦]�. Over
the course of 45 seconds, the PTB elevation axis gradually steps from −45.2◦

( ) to−44.8◦ ( ) while the CPA is fixed in place. The trace is linear, validating
approximation (13). The direction of the trace conveys information about the
kinematics at this orientation.

A. Active Optical Alignment

When the CPA is placed beneath the PTB as in Fig. 2, a
measurement p �= 0 indicates a misalignment

e∗ := φ∗ − θ∗, (12)

between CPA and PTB axes. The aim is to drive this mis-
alignment e∗ to zero by using measurements p of the OPS,
but this is complicated by the unknown nonlinear relationship
G in (6). The first step is therefore to estimate and linearize
this nonlinear relationship. For small alignment errors, the rela-
tionship between the alignment error and OPS measurements is
approximated by linearized optical kinematics as

p ≈ G̃(θ∗)e∗, (13)

where the optical gain matrix G̃(θ∗) ∈ R2×2 depends on the
nominal PTB orientation θ∗. This linearization is verified ex-
perimentally for many orientations, one of which is displayed in
Fig. 4.

To drive the alignment error to zero using measurements p,
the error e∗ is estimated using the inverse optical kinematics:

ê = F(θ̂)p, where F(θ̂) = Ĝ−1(θ̂), (14)

using a model Ĝ ≈ G̃ and calibrated PTB sensor readings θ̂.
The optical gain matrix G̃ becomes singular only when the PTB
mirror faces exactly upwards or downwards. This follows di-
rectly from the optical kinematics: in this configuration, rotation
about the vertical axis does not change the beam location on the
OPS, resulting in a loss of sensitivity in one alignment direction.

To ensure reliable inversion, Ĝ(θ̂) is evaluated offline over
the full orientation range of interest. This allows identification
of orientations where the matrix becomes ill-conditioned. Such
orientations are excluded from the alignment procedure, ensur-
ing that the estimated alignment error remains bounded during
operation.

The following subsections detail how G̃(θ∗) is first modeled
from experimental data, and subsequently inverted during run-
time to estimate ê for feedback control.

1) Data Collection for Modeling Optical Kinematics: The
optical gain matrix G̃(θ∗) is identified from data collected

Algorithm 1: Data Collection for Active Optical Alignment.

Require: PTB calibration model Ŝ−1
2 (θ∗) from

Section III-C.
1: for each orientation θj ∈ T do
2: Position PTB such that its sensor yields θ̂ = θj .
3: for each axis i ∈ {z, x} do
4: Move CPA to φ ≈ θj , yielding p0 ≈ 0.
5: Start stepping PTB axis i over time t from θi − δi

to θi + δi to induce an alignment error.
6: Store data in Dj,i according to (16).
7: end for
8: end for
9: return Dj,i∀j ∈ {1, . . . , Np}, i ∈ {z, x}.

according to Algorithm 1, as follows. At several application-
relevant PTB orientations θ̂j ∈ T , the PTB is fixed in place,
and the CPA is manually aligned so that p(t0) ≈ 0. Then, a
single PTB axis i ∈ {z, x} is slowly stepped over a small range
δi, over time t. Since the CPA orientation remains fixed, stepping
axis i directly changes the alignment error e∗i as

e∗i (tk) = e∗i (t0) + θ∗i (t0)− θ∗i (tk). (15)

Due to the linear relationship (13) and δi being small, the
resulting measurements approximately form a straight line, see
Fig. 4. This thus results in a dataset

Dj,i =

⎡⎢⎢⎣
xops(t1) yops(t1) θ̂i(t1)

...
...

...

xops(tn) yops(tn) θ̂i(tn)

⎤⎥⎥⎦ . (16)

With this data, the columns of G̃(θ∗j) are identified as follows.
2) Extracting Optical Gains: To model the optical kinemat-

ics from datasets Dj,i, the first step is to extract observationsGj

of function G̃(θ∗j) from data Dj,i. To this end, the kinematic
relationship (13) is rewritten in terms of its columns:

p(tk) ≈ G̃z(θ
∗(tk))e

∗
z(tk) + G̃x(θ

∗(tk))e
∗
x. (17)

Because each data setDj,i corresponds to a misalignment e∗i in a
single axis iwith the other remaining fixed at zero, an estimate of
column G̃i(θ

∗) can be obtained from the ratio of measurements
p(tk) to misalignment e∗i (tk). The exact quantity of e∗i (tk) is
unknown because e∗i (t0) is unknown, see (15). However, by
exploiting the fact that the data Dj,i involves a moving PTB
angle θ∗i (tk) over time, observation Gj of function G̃(θ∗j) can
be obtained from

Gj,i =
1

uj,i,3

[
uj,i,1

uj,i,2

]
, (18)

where uj,i ∈ R3×1 is a principal eigenvector of the data covari-
ance, satisfying

cov(Dj,i)uj,i = λmax,j,iuj,i, (19)
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indicating the OPS sensitivity to θi. The use of this principal
eigenvector to extract directionality from data is known as
principal component analysis (PCA) in literature [22].

Repeating this procedure for both PTB axes i ∈ {z, x} at
several application-relevant orientations θj ∈ T yields obser-
vationsGj of the optical gain matrix G̃(θj), which serve as the
basis for modeling the optical kinematics.

3) Parametric Modeling of the Optical Gain Matrix: Once
observations Gj of function G̃(θ∗j) are available at multiple

orientations θ̂j , the optical gain for any orientation θ̂ is modeled
using a harmonic basis function expansion:

Ĝ(θ̂) =

[
Ĝ11(θ̂) Ĝ12(θ̂)

Ĝ21(θ̂) Ĝ22(θ̂)

]
=

[
ψ�(θ̂)α11 ψ�(θ̂)α12

ψ�(θ̂)α21 ψ�(θ̂)α22

]
,

(20)
where each αab is a vector of parameters to be estimated with
a, b ∈ {1, 2}, and the basis functions ψ(θ̂) are given by the
Kronecker product expansion:

ψ(θ̂) = ψh(θx)⊗ψh(θz), (21)

where ψh(θ) is a harmonic basis with nhar harmonics:

ψh(θ) =
[
cos(θ) sin(θ) . . . cos(nharθ) sin(nharθ)

]�
.

(22)
Finally, to obtain the model parameters αab ∈ Rnα×1, nα =
4n2

har, a least-squares problem is solved:

αab = argmin
αab

‖Ψαab − gab‖22

=
(
Ψ�Ψ

)−1
Ψ�gab, ∀a, b ∈ {1, 2}, (23)

where gab = [Gab(θ̂1), . . . , Gab(θ̂Np
)]� and

Ψ = [ψ(θ̂1), . . . ,ψ(θ̂Np
)]�.

Solution (23) requires invertibility of Ψ�
i Ψi, which is easily

satisfied when Np > nα.
Fig. 5 shows the model Ĝ(θ̂) fitted to the observations Gj ,

demonstrating that the model accurately captures the optical gain
matrix. This model is used to estimate the alignment error ê in
realtime, as follows.

4) Real-Time Inversion for Real-Time Alignment: With the
optical gain model Ĝ(φ) available from offline modeling, the
alignment error ê is estimated in real-time by numerically in-
verting Ĝ(φ):

ê = Ĝ−1(φ)p. (24)

As previously mentioned, inversion is always possible except
at singular orientations, which are explicitly avoided during
operation. Moreover, since Ĝ(φ) ∈ R2, the inverse operation is
computationally negligible in practice. Therefore, (24) provides
an estimate of the alignment error for use in feedback control,
as discussed in the following section.

5) Active Alignment Using Feedback Control: The align-
ment error ê is driven to zero using feedback as follows. The
CPA is tasked with tracking the PTB, as the CPA axes feature
a bandwidth of 60 Hz, while the PTB bandwidth is only 10 Hz.
If F(θ̂) ≈ G̃−1(θ∗), then the output nonlinearity in Fig. 6 is

Fig. 5. Model Ĝ(θ) of the optical gain matrix, describing how an alignment
error e maps to an OPS reading p. The model (surface), parametrized by nhar =

3 harmonics, fits the observations Gj (•) at Np = 64 orientations θj well.
This model is inverted during runtime to estimate the alignment error e.

Fig. 6. Control scheme for active optical alignment of the PTB to the CPA.
Dashed lines and solid lines denote discrete-time and continuous time signals,
respectively, and switches represent samplers. Using a model F of the inverse
kinematics, the alignment errore∗ = φ∗ − θ∗ is estimated during runtime, such
that it can be reduced by feedback.

effectively linearized and ê ≈ e∗. Since the transfer function

φ∗(s) = PCPA(s)u(s) (25)

is also linear, with Laplace operator s, this allows the use of
traditional loop-shaping methods [23] for feedback control. In-
teraction between the axes is neglected, and a feedback controller
C(s) = diag(Cz(s), Cx(s)) is designed based on a frequency
response function measurement of PCPA(jω), see [24] for de-
tails. The transfer of a PTB movement φ∗ to the alignment error
is then given by the sensitivity

e∗ = Ssens(s)θ
∗(s)

= (I+PCPA(s)C(s))−1θ∗(s). (26)

Hence, when the loop gain PCPA(s)C(s) is large, the estimated
alignment error ê can be driven to zero, achievingφ∗ ≈ θ∗. Any
imperfections F(θ̂)G̃(θ∗)− I are regarded as a local variation
of the loop gain; as long as these variations are sufficiently
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Algorithm 2: Data Collection for CPA Calibration.

Require: PTB calibration model Ŝ−1
2 , inverse optical

kinematics F(θ̂).
1: Initialize data set Dφ = {}.
2: for PTB elevation angle θx,j ∈ X do
3: Move PTB to initial orientation θ̂ = [θz,init, θx,j ]

�.
4: Start CPA active alignment, see Fig. 6.
5: Step PTB to θ̂ = [θz,end, θx,j ]

� over T seconds.
6: Save all samples θ̂(t),φ(t), ê(t) in Dφ.
7: end for
8: return Dφ.

small so as not to destabilize the loop, ê is still driven to zero,

despite imperfections in PTB calibration model Ŝ−1
2 or inverse

kinematics F.

B. Data Collection for Sensor Calibration

As explained in Section II-D, cascaded calibration requires
two datasets: one for calibrating the PTB and one for calibrating
the CPA. These datasets are obtained as follows.

1) Manual PTB Data Collection: To calibrate the PTB, a
dataset Dθ is collected manually by aligning the PTB to a highly
accurate theodolite. At Nθ application-relevant orientations,
pairs of sensor measurements (θ,θ∗) are recorded. Due to the
labor-intensive nature of this manual alignment, the dataset Dθ

is limited in size.
2) Automated CPA Data Collection: After calibrating the

PTB, data for calibration of CPAs is collected automatically
according to Algorithm 2. Using the active alignment proce-
dure described in Section III-A5, the CPA continuously aligns
itself to the PTB and simultaneously records corresponding
CPA sensor readings φ and calibrated PTB sensor readings
θ̂. This automated procedure results in a larger dataset Dφ,
collected without manual intervention. Algorithm 2 performs
Nexp separate experiments at different, fixed elevation angles
θx ∈ X . At each elevation angle, the PTB rotates through its
azimuth range θz , while the CPA actively aligns itself. The
residual misalignment ê, although small, is known from the OPS
measurements and used to correct the data. Specifically, the true
CPA orientation φ∗ is approximated as:

φ∗ ≈ θ̂ + ê. (27)

The next section describes how datasets Dθ and Dφ are used to
construct probabilistic calibration models.

C. Sensor Calibration

This section describes how calibration models

Ŝ−1
1 (φ∗) =:

[
g
(1)
z (φ∗) g

(1)
x (φ∗)

]�
,

Ŝ−1
2 (θ∗) =:

[
g
(2)
z (θ∗) g

(2)
x (θ∗)

]�
, (28)

are created using Dφ and Dθ, to correct for the PTB and CPA
sensor errors through (3) and (7), respectively.

As detailed in Section II-D, a major challenge in cascaded
calibration is that calibration errors in the PTB deteriorate the
calibration of all CPAs. Therefore, the first step is to obtain a

probabilistic calibration model Ŝ−1
2 of the PTB. The uncertainty

associated with this model can then be used when calibrating a
CPA in the second step: at locations where the PTB calibration
model cannot be trusted, more weight is attributed to a user-
defined prior.

To this end, the four calibration functions g
(j)
i in (28) are

modeled as Gaussian Processes. This involves (i) the definition
of a prior distribution over all possible calibration functions, (ii)
the appropriate specification of uncertainty of the observations,
and (iii) conditioning the prior distribution on the uncertain
observations in Dφ and Dθ to obtain a posterior distribution.
The following sections detail these three steps, in reverse order
for improved clarity.

1) Calibration Models as Gaussian Processes: First, some
notation is introduced for presentation purposes. The CPA and
PTB angles are written as

q(1) := φ, q(2) := θ,

q̂(1) := φ̂, q̂(2) := θ̂. (29)

When g
(j)
i (q(j)) in (28) is modeled as a GP, there is a joint prior

probability distribution between a vector of function values

Q̂
(j)

i :=
[
g
(j)
i (q

(j)
1 ) . . . g

(j)
i (q

(j)
N )
]�

,

:=
[
q̂
(j)
i,1 . . . q̂

(j)
i,N

]�
, j ∈ {1, 2}, i ∈ {z, x} (30)

at N arbitrary points

X(j) :=
[
q
(j)
1 . . . q

(j)
N

]�
, j ∈ {1, 2}, (31)

and the data vector

Q
(1)
i :=

[
θ̂1,i+ê1,i . . . θ̂Nφ,i+êNφ,i

]�
∈ Dφ, i ∈ {z, x},

Q
(2)
i :=

[
θ∗1,i . . . θ∗Nθ,i

]�
∈ Dθ, i ∈ {z, x},

(32)
at observed points

X
(1)

:=
[
φ1 . . . φNφ

]� ∈ Dφ,

X
(2)

:=
[
θ1 . . . θNθ

]� ∈ Dθ. (33)

This joint prior distribution is given [18] by[
Q̂

(j)

i

Q
(j)
i

]
∼ N

([
m(j,i)(X(j))

m(j,i)(X
(j)

)

]
,

[
K(j,i)(X(j),X(j)) K(j,i)(X(j),X

(j)
)

K(j,i)(X
(j)

,X(j)) K(j,i)(X
(j)

,X
(j)

) +Σ(j,i)

])
,

(34)
where m(i,j) and K(i,j) denote the prior mean and prior co-
variance respectively, which are detailed later. Moreover, Σ(j,i)

Authorized licensed use limited to: TU Delft Library. Downloaded on May 08,2026 at 13:57:26 UTC from IEEE Xplore.  Restrictions apply. 



6000412 IEEE JOURNAL OF SELECTED TOPICS IN QUANTUM ELECTRONICS, VOL. 32, NO. 1, JANUARY/FEBRUARY 2026

denotes the variance matrix of the observations, as detailed in the
next section. When joint prior distribution (34) is conditioned
on the observations using Bayes’ rule, the resulting posterior
distribution [18] is a Gaussian

Q̂
(j)

i | Q(j)
i ,X,X ∼ N

(
μ

Q̂
(j)
i

,Σ
Q̂

(j)
i

)
, (35)

with posterior mean

˜

μ
Q̂

(j)
i

� E

[
Q̂

(j)

i

]
= m(j,i)(X(j)) +K(j,i)(X(j),X

(j)
)A(j,i)

·
(
Q

(j)
i −m(j,i)(X

(j)
)
)
, (36)

and posterior variance

Σ
Q̂

(j)
i

� cov
(
Q̂

(j)

i

)
= K(j,i)(X(j),X(j))−K(j,i)(X(j),X

(j)
)

·A(j,i)K(j,i)(X
(j)

,X(j)), (37)

where

A(j,i) :=
[
K(j,i)(X

(j)
,X

(j)
) +Σ(j,i)

]−1

. (38)

Hence, (36) provides an expression for both calibration models,
defined as in (30), returning calibrated sensor estimates q̂(j)

for arbitrary uncalibrated sensor readings q(j). The next section
explains the propagation of uncertainty through the calibration
models, through appropriate choice of Σ(j,i).

2) Propagation of Calibration Uncertainty: The variance
Σ(j,i) of the observations in (38) affects the posterior mean
and variance, and so it must be chosen appropriately. For the
calibration of the PTB, recall that the theodolite readings θ inDθ

in are assumed highly precise and independent, so their variance
is given by

Σ(2,i) = σ2
θ,iI, i ∈ {z, x}, (39)

with σ2
θ,i known and small. However, the CPA calibration model

relies on observations of the calibrated PTB in Dφ, which are
only as accurate as the PTB calibration model, see (8). The
observations thus are disturbed by calibration error ε in (10).
This calibration error has variance

Cov(ε) = Cov(θ∗) + Cov(θ̂)− 2Cov(θ∗, θ̂)

= Cov(θ̂), (40)

i.e., the variance of the observations is given by the model
variance:

Σ(1,i) = Σ
Q̂

(j)
i

. (41)

Choosing the variance Σ(1,i) to be the posterior variance of the
PTB calibration model Σ

Q̂
(2)
i

in (37) affects the mean μ
Q̂

(1)
i

and variance Σ
Q̂

(1)
i

of the CPA calibration model through (36)

and (37), respectively. Consequently, at sensor readings φ
where the PTB calibration model is uncertain, A(j,i) is
decreased.

This reduction of data matrix A(j,i) offers two major advan-
tages. First, the CPA calibration model has increased posterior
variance at orientations where the PTB calibration model is
uncertain. This is important information for the application
of FSOC, where pointing knowledge is crucial. Second, when
A(j,i) is decreased, the prior covariance K(j,i)(X(j),X(j)) is
more influential in the posterior mean. This can be interpreted
as a higher reliance on the prior distribution when the data is
uncertain.

3) Definition of the Calibration Model Priors: The following
two priors are defined for both calibration models: (i) in the
absence of counter-evidence, the sensors are expected to be
accurate, and (ii) the sensor inaccuracy is smooth and periodic
with period 2π. The first prior is imposed by selecting the mean
function m(j,i) : Rn×2 → Rn as

m(j,i)(Z(j)) = Z(j)ξi, Z(j) ∈ {X(j),X
(j)} (42)

with ξz = [1, 0]�, ξx = [0, 1]�. The second prior is imposed by
choosing the elements of covariance matrixK(j,i)(Z

(j)
A ,Z

(j)
B ) :

Rn×2 × Rm×2 → Rn×m as

K(j,i)
n,m (Z

(j)
A ,Z

(j)
B ) = k(j,i)(z

(j)
A,n, z

(j)
B,m),

Z
(j)
A ,Z

(j)
B ∈ {X(j),X

(j)}, z(j)A,n ∈ Z(j)
A , z

(j)
B,m ∈ Z(j)

B ,
(43)

with covariance function

k(j,i)(x,x′) = σf,j,i

· exp

⎛⎝−
∑

d∈{z,x}

1

	2j,i,d
sin2

(
1

2
|xd − xd

′|
)⎞⎠ .

(44)
This covariance function is standard in Gaussian Process regres-
sion [25], enforcing periodicity with 2π, smoothness based on
length-scales 	j,i,d, and amplitude parameter σf,j,i.

D. Automatic Selection of Hyperparameters

The hyperparameters Ω = {σf,j,i, 	j,i,d} of the calibration
models are selected automatically using an empirical Bayes
approach, as follows. Consider the log marginal likelihood

log p(Q
(j) |X(j)

,Ω) = −1

2
Q

(j)�
A(j,i)Q

(j)

− 1

2
log
∣∣∣(A(j,i))−1

∣∣∣− Nj

2
log(2π),

i ∈ {z, x}, j ∈ {1, 2} (45)

which can be interpreted as the probability of the data given the
model hyperparameters. By maximizing (45) with respect to Ω
using interior-point optimization, hyperparameters are obtained
that reflect a local maximum of the marginal likelihood, resulting
in a good fit of the models to the data. An example implemen-
tation is presented in [26]. Since the problem is not convex,
the optimization is repeated multiple times with different initial
points.
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Algorithm 3: Cascaded Calibration of Angular Sensors.
1: Align theodolite to PTB at Nθ orientations, store data of

both sensors in Dθ.

2: Compute Ŝ−1
2 with (36), (37) and (j) = 2 to calibrate

PTB, using hyperparameters from Section III-D.
3: Follow Algorithm 1 and the procedure in Section III-A5

to obtain inverse kinematics F(θ̂).
4: for all CPAs do
5: Follow Algorithm 2 to collect data Dφ.

6: Model Ŝ−1
1 with (36), (37) and (j) = 1 to calibrate

CPA, using hyperparameters from Section III-D.
7: end for
9: returnCPA calibration models.

E. Summary

The developed cascaded calibration procedure is summarized
in Algorithm 3. After initial calibration of the PTB and modeling
the kinematics, a high degree of automation is achievable for the
subsequent calibration of all CPAs: data collection is automated
through Algorithm 2, and the resulting data-set Dφ can be pro-
cessed immediately after to obtain the CPA calibration models.

IV. EXPERIMENTAL RESULTS

This section verifies the developed approach experimentally,
starting with a description of the setup.

A. Experimental Hardware

The CPA used in the experiments is a custom two-degree-
of-freedom mirror pointing module developed by TNO [11],
[12]. The CPA consists of two orthogonal rotary axes, each
supporting a steering mirror, providing a hemispherical field-of-
regard. Each axis is actuated by a custom switched reluctance
motor, commutated using direct torque control [27] and con-
trolled by a PID position controller. Angular position sensing is
implemented using linear Hall-effect sensors that measure the
magnetic flux density of a toothed rotor, enabling low-cost an-
gular sensing but introducing repeatable, orientation-dependent
measurement errors, as described in [9]. The control and data
acquisition are implemented on a dSPACE real-time platform
at a sampling frequency of 10 kHz. The CPA used in this work
follows the same sensing and actuation principles as the system
reported in [9], extended to two degrees of freedom.

Calibration of the CPA is performed using a pointing test
bench (PTB), described in detail in [12]. The PTB consists of
two off-the-shelf orthogonal rotary stages supporting a mirror,
allowing precise control of the mirror orientation over a spherical
range of motion. These stages are equipped with high-accuracy
rotary encoders that serve as reference angular sensors for CPA
calibration. The PTB and CPA are mounted on a common
optical table to ensure mechanical stability and alignment during
calibration.

Fig. 7. Sensor error εz of the PTB, as measured by a theodolite. The theodolite
is manually aligned to the PTB at 275 orientations for low elevation angles
θx < 35◦ and eight more orientations at higher elevation angles. The data is
divided into a training set (•) and a validation set (×). The mean of GP model

Ŝ−1
2,z (surface), fitted to the training set only, predicts the sensor error at locations

that are too costly or difficult to measure.

B. PTB Calibration

The PTB is manually aligned to a theodolite at Nθ = 283
orientations, with the theodolite measuring the PTB sensor
error ε at each orientation. For high elevation angles θx > 35◦,
aligning the theodolite to the PTB mirror is difficult because of
physical obstruction. Therefore, the theodolite is aligned to the
PTB at only eight orientations for these high elevation angles, via
a labor-intensive process that involves an extra mirror. The total
process of data collection takes approximately an afternoon; note
that this step has to be performed only once, before multiple
CPAs can be calibrated automatically.

The data is divided into a training set Dθ and a validation set

Dval
θ . The training set is used to fit the GP model Ŝ−1

2 to the data,
while the validation set is used to evaluate the model.

Fig. 7 displays the results. The PTB sensor error is slightly
angle-dependent in the order of 1mrad at low elevation angles,
but increases to 6mrad at high elevation angles, exhibiting a
stronger dependence on the azimuth axis as well. This sensor
error is likely caused by deformation in the PTB structure,

caused by its weight. The GP model Ŝ−1
2 , fitted to this data,

predicts the sensor error at arbitrary orientations. Even though
no theodolite measurements are available for θ > [0, 35◦]�, the
periodic model structure (44) successfully extrapolates from the
data of lower azimuth angles. Next, the accuracy of this PTB
model is assessed at the two validation points. The prediction
error

S−1
2,z(θ)− Ŝ−1

2,z(θ)

is −104μrad at θval,1 = [−180◦, 60◦]� and 79μrad at θval,2 =
[0◦, 60◦]�. These are significant improvements from the mrad-
level sensor errors at these locations; recall that ≤500μrad
pointing knowledge is required for successful inter-satellite
links.. The next section describes the results of active optical
alignment.
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Fig. 8. OPS data p(t) during active optical alignment. While the PTB is
moving from θ = [−225◦, 20◦]� ( ) to θ = [45◦, 20◦]� ( ), the CPA is
estimating alignment error ê = F(θ̂)p from this signal and actively driving it
to zero with feedback, see Fig. 6. As p = 0 corresponds to exact alignment
of the CPA to the PTB, the proximity of this signal to the origin shows that
active optical alignment is successful. This data corresponds to an estimated
misalignment of approximately 10μrad, see also Fig. 9.

Fig. 9. Estimated alignment error êz(t) = Fz(θ̂(t))p(t) during active op-
tical alignment. While the PTB is moving from θ = [−225◦, 20◦]� to θ =

[45◦, 20◦]�, the CPA is minimizing this error with feedback, see Fig. 6.

C. Active Optical Alignment

First, the theodolite is removed, and a CPA is placed un-
derneath the PTB. Algorithm 1 is followed to collect data for
the optical kinematics. This process, that has to be performed
only once before calibrating many CPAs, took several hours
and the results are shown in Section III-A3, see Fig. 5. Next,
Nexp = 4 experiments are carried out, at constant elevation
angles θx ∈ X = {20◦, 40◦, 60◦, 80◦}. In each experiment, the
PTB azimuth actuators drive the PTB gradually from θz,init =
−225◦ to θz,end = 45◦ over the course ofT = 50 seconds. Mean-
while, the CPA actively aligns itself to the PTB, as described in
Section III-A5, automatically collecting millions of samples in
a matter of minutes. In contrast, manual alignment of the CPA
to an external instrument would achieve only a few samples per
minute, and significant sacrifices in the number of measured data
points would have to be made.

Fig. 8 depicts the resulting trace ofp(t) during the experiment
at θz = 20◦, showing that the incoming laser remains close to the
center of the OPS during the entire experiment. Moreover, Fig. 9
displays the estimated alignment error ê(t) = F(θ(t))p(t). As
explained in Section III-B, this estimate of the alignment error
is exploited to correct the data through (32), and the resulting
datasetDφ is used to calibrate the CPA. The next section presents
the CPA calibration model.

Fig. 10. Sensor error ηz of the CPA, as measured by the calibrated PTB (•).
The theodolite is actively aligned to the PTB at four elevation angles, with the

CPA completing a full azimuth rotation. The mean of GP model Ŝ−1
1,z (orange

surface), predicts the sensor error at arbitrary orientations.

Fig. 11. Sensor error ηz of the CPA at φx = 60◦. The prediction ( ) of

the CPA model Ŝ−1
1,z is shown with three standard deviations ( ). The top inset

shows model uncertainty at φz = 130◦, where the PTB is uncalibrated, see
Fig. 7. Since the CPA model takes into account the variance of the PTB model
( ), the CPA model relies more on the prior at this location, partially rejecting
the data. The bottom inset shows that when PTB is more certain, the CPA model
confidently relies on the calibrated PTB. Validation points (×), measured by the
theodolite and not used for training, confirm the CPA model, despite not aligning
the theodolite to the CPA, nor calibrating the PTB at this exact location.

D. CPA Calibration

The result of the CPA calibration is shown in Figs. 10
and 11. At low elevation angles, the measurement error of the
uncalibrated CPA in the azimuth axis is approximately 10mrad,
increasing to83mrad at high elevation angles. With a laser beam
divergence in the order of ten milliradians, such measurement
errors would prevent inter-satellite links. While the sensor error
varies smoothly in the elevation axis, for the specific Hall-effect
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sensor used in this CPA, a more complex pattern is observed
in the azimuth axis, showing distortions at each of the nt = 57
rotor teeth, see Section II-A2. To include the prior knowledge
of this sensor error, the kernel functions k(1,i) in (44) of the
CPA is multiplied by an additional term klocal,i defined as

klocal,i(x,x
′) = exp

(
−
(

1

	local,i

)2

sin2
(nt

2
|xi − x′

i|
))

.

(46)
This term enforces a local periodicity with period 2π/nt,
see [25]. This local periodic term is an optional, sensor-informed
prior used only to better fit the Hall-sensor error structure; the
core cascaded calibration framework remains unchanged and
does not require this term. The additional hyperparameters
	local,i are included as design variables in Ω for automatic
selection during minimization of (45).

Fig. 11 demonstrates how the CPA calibration model behaves
at an elevation angle of φx = 60◦. At azimuth angles where
the PTB model variance is low (φz = −4◦), the resulting CPA
variance is small, and the CPA model closely follows the PTB
model. However, at azimuth angles where the PTB model vari-
ance is higher (φz = −130◦), the CPA model displays higher
variance and partially rejects the PTB model, relying more on
the prior distribution. As the prior assumes perfect accuracy in
the absence of reliable counter-evidence, this results in a CPA
calibration model that is closer to φ̂z = φz at these orientations.

Next, the accuracy of the CPA calibration model is assessed at
the two validation points. Fig. 11 shows that these two theodo-
lite measurements agree well with the CPA calibration model,
despite not aligning the theodolite to the CPA, nor calibrating
the PTB at this exact location. Indeed, the CPA sensor error is
reduced from

φ∗
z − φz ≈ θ̂z + êz − φz = 24mrad (47)

to

φ∗
z − Ŝ−1

1,z(φz) ≈ θ̂z + êz − Ŝ−1
1,z(φz) = 0.29mrad (48)

at φ = [−4◦, 60]�. This hundredfold improvement occurs near
a calibrated PTB point, see Fig. 7. The second validation point,
atφ = [−130◦, 60◦]�, is further from any PTB calibration point,
yet the CPA calibration model still significantly reduces the
measurement error, from 18mrad to 0.28mrad. Given the
pointing knowledge requirement of ≤0.5mrad, this reduction
from milliradian- to sub-milliradian-level errors enables the CPA
to meet the accuracy required for reliable link acquisition.

These results demonstrate that the low-cost CPA angular sen-
sors can be successfully calibrated using the developed cascaded
calibration procedure, in an automated fashion.

E. Discussion

This section discusses some further observations and impli-
cations of the developed cascaded calibration procedure.

1) Influence of the Prior distribution: The prediction of the
CPA calibration model at orientations where the PTB calibra-
tion is uncertain depends on the chosen prior distribution, as
explained in Section III-C2 and demonstrated in Fig. 11. This
underlines the importance of choosing an appropriate covariance

function. The kernel function in (44) is widely applicable to
smooth functions, but if more specific knowledge is available,
this can be incorporated in the kernel. An example of this is
shown in the previous section, but other choices are possible. For
example, knowledge of the nonlinear kinematics governing the
angle-dependent sagging of PTB beams could be incorporated
in the covariance function, as explained in [18, Section 2.7].

2) Automatic Selection of Calibrated CPA Orientations: The
measured PTB orientations P in Fig. 7 and CPA orientations X
in Fig. 10 are manually selected in this paper. As the number
of measurements strongly affect the total calibration time, it
would be desirable to have an automatic procedure for selecting
the most informative orientations given a fixed budget. As the
calibration models are GPs, such a procedure can be obtained
from mutual information optimization; the approach presented
in [28] is directly applicable here.

3) Environmental Robustness and Long-Term Stability: The
calibration framework assumes that the PTB provides a stable
and repeatable reference, which is a fundamental design require-
ment of pointing test benches used in production environments.
PTBs are typically engineered with high structural stiffness,
thermal stability, and vibration isolation to ensure robustness
against environmental influences such as temperature variations,
humidity, and mechanical disturbances. Long-term stability is
therefore primarily a property of the PTB hardware rather than
of the calibration algorithm itself.

Like any precision metrology equipment, the PTB may re-
quire periodic recalibration as part of normal operation. When
this occurs, the same calibration procedure can be repeated to
update the PTB calibration model. The framework itself remains
unchanged, enabling continued calibration accuracy over time.

V. CONCLUSION

The developed framework enables the automated calibration
of low-cost angular sensors in high-precision free-space op-
tical communication (FSOC) terminals, overcoming the need
for costly manual calibration. The coarse pointing assemblies
(CPAs) mounted on these terminals are calibrated by a pointing
test bench (PTB). Initially, the PTB is calibrated by a theodo-
lite using Gaussian Process (GP) regression. Then, the PTB
automatically calibrates any CPA placed underneath it, using
feedback from an external optical position sensor (OPS) and an
inverse kinematic model learned from data. The CPA sensor
values are compared to the calibrated PTB sensor, resulting
in a second GP. The uncertainty of the PTB calibration model
is thus propagated to the CPA calibration model, enabling the
quantification of the reliability of the angular estimates, which
is essential information for FSOC.

The developed approach is demonstrated on experimental
data, showing that the low-cost angular sensors are successfully
calibrated in an automated fashion, reducing sensor errors by
two orders of magnitude. The results show that smart algorithms
enable accurate automated calibration in FSOC applications,
achieving cost reductions by allowing the use of cheap sensors,
and drastically reducing user intervention. Future work is aimed
at integrating this procedure into actual FSOC terminals for
constellation projects.
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