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Abstract

Stellar-aberration-based navigation requires angular measurements at the milliarcsecond
(mas) level. While random sensor noise can be reduced by temporal integration, plate-
solution uncertainty and residual geometric distortion may set a practical astrometric error
floor. Here, we quantify the plate-model contribution to this error budget and examine
its impact on the feasibility of stellar-aberration-based navigation. Using Gaia DR3 stars,
HEALPix all-sky sampling, and covariance propagation to epoch J2026.0, we evaluate nine
polynomial plate models while accounting for reference-star density and spatial distribu-
tion. We identify a bias-variance trade-off between model complexity, distortion-correction
capability, and numerical stability. For the adopted ~1° sparse-field configuration, the
four-parameter linear model gives the lowest plate-constant variance, with a median of
0.95mas and a 95th percentile of 1.7 mas. Using the first-order scaling of Jv ~ ¢ 6, this
uncertainty corresponds to an approximate velocity-error scale of 0.9-2.5m/s. These results
show that plate-model errors can contribute at the meter-per-second level and must be
included explicitly in StarNAV filter design.

Keywords: astrometry; photographic astrometry; astronomical coordinate systems; catalogs;
proper motions

1. Introduction

Autonomous onboard navigation is increasingly important for deep-space missions,
where long communication delays and limited ground-tracking availability can constrain
real-time operations [1,2]. Ground-based radiometric tracking remains indispensable, but its
reliance on long-distance communication links and shared tracking resources can limit real-
time autonomous operations. Consequently, autonomous celestial navigation techniques
that reduce dependence on ground support have become an important research direction.
Representative approaches include X-ray pulsar navigation (XNAV) [3] and image-based
optical navigation, which has been used in several deep-space mission phases [4].

A notable flight demonstration is Deep Space 1, whose AutoNav system performed
interplanetary cruise-orbit determination using images of distant asteroids acquired with
the Miniature Integrated Camera and Spectrometer (MICAS) [5]. Optical navigation mea-
surements have also been used in missions such as Stardust [6] and New Horizons [7],
where onboard images of target bodies against stellar backgrounds supported trajectory
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refinement and encounter targeting, although these operations generally involved ground-
based navigation processing. Beyond image-based navigation, the CHASE/Xihe mission
carried the Solar Atomic Frequency Discriminator for Autonomous Navigation (SAFDAN),
which demonstrated solar spectral velocity measurements in orbit and thereby provided
an experimental basis for Doppler-velocity-based autonomous navigation [8].

A complementary approach is stellar-aberration-based navigation, which infers space-
craft velocity from velocity-induced changes in the apparent angular separations between
stars. This concept was formalized as StarNAV by Christian et al. [9], and subsequent
studies have examined its feasibility, observability, and integration with other navigation
observables, e.g., [10,11]. Compared with navigation methods that rely on specific solar-
system bodies, StarNAYV is attractive because stellar sources are widely distributed across
the sky and, with appropriate measurement geometry, can provide direct velocity infor-
mation. Crucially, differential inter-star angle measurements can mitigate common-mode
attitude errors, making the approach less dependent on absolute pointing knowledge. The
availability of dense, high-precision stellar catalogs from the Gaia mission, particularly
Guaia Data Release 3, further strengthens the practical basis for such measurements [12,13].
Recent studies have further explored wide-field sensor architectures, integrated navigation
schemes, and adaptive filtering strategies to improve robustness and estimation accu-
racy [11,14].

However, practical StarNAV performance depends on the recovery of stellar directions
or inter-star angles at the milliarcsecond level. At this precision, the astrometric reduction
pipeline—including centroiding, geometric-distortion calibration, plate transformation,
and reference-catalog errors—can introduce systematic errors that are comparable to the
navigation signal. If not properly modeled, these errors may form a practical accuracy floor
for the navigation system.

To assess one key component of the StarNAV error budget, this paper quantifies plate-
model-induced systematic errors and examines how they depend on model complexity,
reference-star density, and catalog precision. The remainder of this paper is organized as
follows. Section 2 elaborates on the theoretical basis of StarNAV and defines the astrometric
challenges specific to the single-field observation mode. Section 3 details the simulation
methodology, including the construction of the high-precision navigation star catalog
and the mathematical model for error propagation. Section 4 presents the results of the
sensitivity analysis, evaluating the performance of nine plate models under varying star
densities. Finally, Section 5 discusses the engineering implications of these findings, and
Section 6 summarizes our conclusions.

2. Motivation

The fundamental observable in StarNAYV is the velocity-induced change in the apparent
angular separation between stars, arising from stellar aberration with respect to the inertial
reference frame. To the first order, the characteristic aberration angle is of order v/c, where
c is the speed of light. As an order-of-magnitude estimate, the corresponding velocity
uncertainty scales as 0, ~ ¢ 0y before accounting for measurement geometry, weighting, and
the number of available star pairs. Thus, 1 mas (4.85 x 10~ rad) corresponds nominally to
about 1.45m/s. This scaling imposes a stringent requirement: m/s-level velocity estimation
requires the astrometric error budget, including both random and systematic components,
to be controlled at the milliarcsecond level.

In designing the observation scheme, we focus on a single-field mode that uses one
sensor with a wide field of view (FOV). Compared with multi-field configurations [9], a
single-field design is potentially attractive because of its simpler hardware architecture and
lower mass and power requirements. However, such a configuration also introduces field-
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dependent astrometric distortions, especially toward the edge of the FOV. In a single-field
design, all stellar measurements are reduced through a common focal plane-to-tangent
plane transformation, so any inadequacy of the plate model directly propagates into the
recovered inter-star angles. The raw optical distortions can be much larger than the
milliarcsecond-level differential aberration signal and must therefore be calibrated through
an appropriate plate model. Therefore, quantifying residual errors after plate-model
calibration is essential for determining whether a single-field StarNAV system can meet the
required astrometric precision.

To assess this source of error, it is useful to distinguish random measurement noise
from systematic astrometric biases. When the random and systematic components are
statistically characterized and treated as independent, the total positional uncertainty may
be expressed in a root-sum-square (RSS) form. Random errors (0;,4) such as photon noise
and detector readout noise can be reduced by increasing the exposure time or stacking
multiple frames, approximately following statistical averaging under stable observing
conditions. By contrast, biases associated with calibration, catalog errors, and plate-model
inadequacy do not average down in the same way. After sufficient averaging, the remaining
error budget may become dominated by systematic components (0sys), including calibration
residuals and plate-model errors.

Conventional star-tracker attitude performance is commonly specified at the arcsecond
level, which illustrates the gap between attitude sensing and the milliarcsecond-level
astrometric precision required here. However, system-level attitude performance should
not be directly equated with the precision of stellar angular measurements. One important
detector-level contributor is systematic centroiding error on the focal plane. For instance,
the Center of Gravity (COG) method is known to suffer from periodic sub-pixel “S-curve”
errors, whose reported magnitude can reach the level of several hundredths of a pixel [15].
Advanced centroiding algorithms such as Fast Gaussian Fitting and sieve-search-based
approaches can substantially reduce centroiding errors [16,17]. Nevertheless, if detector-
level systematic centroiding biases are not calibrated, they may remain at the level of
several hundredths of a pixel [18]. In this study, centroiding errors are not the main object
of investigation; they are introduced only to illustrate the severity of the measurement
requirement. The following analysis isolates the plate-model contribution by assuming
that detector-level centroiding has been calibrated or treated separately.

In this work, we adopt a representative 1° x 1° FOV as the fiducial single-field config-
uration. This choice reflects a trade-off between reference-star availability and distortion
control. A smaller FOV may contain too few reference stars for an overdetermined plate so-
lution, whereas a larger FOV generally increases the importance of higher-order distortion
terms. The required number of reference stars depends on the number of plate constants; in
practice, an overdetermined solution requires more stars than the mathematical minimum.
For a 1° field sampled by a 1024 x 1024 detector, the pixel scale is approximately 3.52” per
pixel. We use 200 mas as an order-of-magnitude diagnostic threshold for catastrophic
plate-solution failure in Section 4.3. For this pixel scale, 200 mas corresponds to about
0.057 pixels (~0.06 pixel), which is comparable to the systematic centroiding biases of sev-
eral hundredths of a pixel reported for uncalibrated or algorithm-dependent star-centroid
measurements [15,18]. This comparison illustrates that a detector-level systematic bias of a
size already familiar in the centroiding literature would be far above the nominal 1 mas
StarNAYV requirement if left uncalibrated.

Under a given plate model, reference-star distribution, and catalog precision, the
residual systematic error after plate correction represents a practical lower bound on the
attainable astrometric precision. In the context of StarNAYV, this systematic component is
driven by both reference-catalog uncertainties and residual errors in the plate transforma-
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tion between detector coordinates and tangent-plane coordinates. Therefore, quantifying
this component of ogys is essential for the separation of the astrometric-reduction floor from
detector-level noise and centroiding performance.

The Gaia astrometric catalog provides the natural reference frame for this task because
of its dense all-sky coverage and high-precision stellar astrometry [12,13]. Gaia Data Release
3 (DR3) provides sub-milliarcsecond astrometry for bright stars at the catalog epoch, but the
propagated accuracy at future navigation epochs depends on proper-motion uncertainties
and must be evaluated for the selected navigation-star sample [13]. For the bright-star
subset considered in this study, the propagated Gaia positional uncertainties are expected
to be below or comparable to the nominal 1 mas requirement, provided that proper-motion
uncertainties are properly accounted for, as evaluated in Section 3.1. However, transferring
catalog-level precision to measured focal-plane positions, then to recovered tangent-plane
coordinates, is non-trivial. In this work, a plate-constant model is used to describe the
transformation between measured focal-plane coordinates (x,y) and standard tangent-
plane coordinates (&, 7). Although such transformations are standard in astrometry, the
estimated plate constants have finite uncertainties because they are constrained by a limited
number of reference stars with non-zero catalog errors. These uncertainties propagate
into the corrected target-star position as a plate-solution variance contribution, commonly
discussed as plate-constant variance [19].

Although plate-constant variance has been studied in classical photographic and wide-
field astrometry [19-21], its impact on a milliarcsecond-level StarNAV error budget has
not yet been systematically quantified. Building on the StarNAV measurement framework
of Christian et al. [9], this work isolates the plate-model contribution to the astrometric
error budget. Rather than modeling a complete hardware error budget, we isolate the
plate-model contribution under controlled assumptions. By establishing a plate-model
systematic error budget, we aim to quantify how plate-solution residuals constrain the
attainable accuracy of stellar-aberration-based navigation.

3. Materials and Methods
3.1. Reference Catalog and Optical Geometry

We constructed a simulation framework to quantify plate-model-induced systematic
errors. We adopted Gaia Data Release 3 (DR3) as the base catalog [13]. We selected stars
with G < 10 mag as candidate navigation stars, where G denotes the broad white-light Gaia
magnitude measured over an approximately 330-1050 nm passband [12,13]. This threshold
represents a bright-star sample relevant to high-sensitivity spaceborne optical sensors [11].
This magnitude cutoff favors high-SNR centroiding and keeps the catalog size manageable;
its engineering implications are discussed in Section 5. This selection yielded 477,502 stars,
corresponding to a mean density of about 12 stars deg 2.

To sample regions with different stellar densities, we divided the sky using the Hi-
erarchical Equal Area isoLatitude Pixelization (HEALPix) scheme [22]. We adopted a
resolution parameter of N4 = 64 (order k = 6). This partition divides the full sky into

12N3,, = 49,152 equal-area pixels. The solid angle of each pixel is
47 2
Oy = ~ 0.84deg", (1)
px 2
12I\,sicle

corresponding to an effective linear scale of /Qpix =~ 0.92°. This scale approximates the
adopted 1° x 1° single-field FOV and provides a practical compromise between reference-
star availability and distortion control. With the G < 10 mag selection, the median field
contains about eight stars, although the number varies strongly with Galactic latitude.
This provides an overdetermined solution for simple plate models and allows sparse-field
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limitations to be assessed for higher-order models. The exact minimum number of stars
depends on the number of plate constants in the model, and robust estimation generally
requires more stars than the algebraic minimum. In our simulation, each HEALPix pixel is
treated as an independent observational FOV.

The Gaia astrometric reference epoch is ty =]2016.0. For a representative mission epoch
of t =]2026.0, we propagated the catalog positions from J2016.0 using proper motions.
In this simplified simulation, parallax and radial-velocity terms were neglected; their
impact should be assessed in a full end-to-end navigation model. We adopted the standard
astrometric propagation model described by Lindegren et al. [23] to derive the celestial
coordinates and their associated covariance matrix at the mission epoch. We used the semi-
major axis of the propagated tangent-plane error ellipse as the scalar positional uncertainty:

Opos, max = \/%(COO + Cll) + %\/(Cll - C00)2 + 4C(2)1r (2)

where Cyp, C11, and Cp; are the elements of the propagated tangent-plane covariance matrix.

Figure 1 illustrates the all-sky distribution of these positional uncertainties. Most
selected stars have propagated positional uncertainties below 0.3 mas at J2026.0, which is
lower than the nominal 1 mas requirement.

Opos, max (Mas)

Figure 1. All-sky distribution of the total positional uncertainty (0pos,max) for navigation stars
(G < 10 mag) propagated to J2026.0. The color scale shows the median value in each HEALPix pixel
and is clipped at 0.5 mas to emphasize the main distribution. The map is shown in a Mollweide
all-sky projection in ICRS equatorial coordinates (RA-Dec), with (RA, Dec) = (0°,0°) at the center of
the map.

3.2. Plate-Model Formalism and Error Propagation

In an optical system, the mapping between focal-plane coordinates (x,y) and tangent-
plane coordinates (¢, #7) departs from an ideal linear transformation because of geometric
distortion. Therefore, a plate model is used to describe this transformation. To compare
plate-model choices for StarNAV, we considered a set of polynomial transformations,
including both constrained and unconstrained forms. As a reference, a full two-dimensional
polynomial of order n can be written as

n n—i o n n—i o
=) Y axy, =3 ) byx'y, 3)
i=0j=0 i=0 j=0
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where 7 is the order of the polynomial [19]. The specific constrained and unconstrained
models tested here are listed in Appendix A. In brief, we tested nine plate models with
4 to 14 parameters, ranging from conformal linear transformations to third-order radial-
distortion models.

Higher-order models can fit more complex distortions, but they require more reference
stars and are more sensitive to the spatial distribution and noise of those stars. For example,
a fourth-order polynomial with 30 parameters has a formal minimum of 15 reference stars,
but a stable weighted least-squares solution generally requires a substantially larger and
well-distributed reference-star sample. In the sparse-field regime considered here, such
models may become underdetermined or poorly conditioned. Consequently, the primary
challenge is to identify a plate model (typically, of first or second order) that remains
algebraically solvable and numerically stable under sparse star-count constraints.

To generate synthetic data with controlled distortion, we defined a reference truth
model motivated by calibrated space-based optical instruments. The HST/ACS calibration
is used only to motivate the order of magnitude of geometric-distortion amplitudes, not
to define the physical pixel scale or exact optical geometry of the simulated StarNAV
sensor [24]. Because the simulated StarNAYV sensor has a much wider FOV than ACS/WEFC,
the adopted coefficients are not intended to reproduce the ACS/WEFC solution. All detector
coordinates are normalized over the simulated field before applying the plate model, and
the residuals are converted to angular units using the adopted 1° field scale. The baseline
linear coefficients used in the controlled distortion field are expressed as follows:

A = 0.9998, B = —0.0003, C = 0.12945,

(4)
A"=0.0003, B’ =0.9998, C’ = —0.71780.

We then added controlled second- and third-order terms to test the sensitivity of each
fitted plate model to unmodelled distortion. The representative dimensionless coefficients,
defined for normalized detector coordinates, were set as follows:

p=qg=r=10x10"%,
pr=r =10x10"% ¢ =-1.0x10"% (5)

a=a =1.0x10"7.

We then propagated reference-star uncertainties through each plate solution. In this
paper, we separate the variance caused by noisy reference stars from the bias caused by
model inadequacy. The former is the plate-constant-variance (PCV) contribution, while
the latter is the residual distortion left when the fitted plate model cannot represent the
reference truth model. For each HEALPix field, the observation equation for a given plate
model can be written as

y=Hp+te, (6)

wherey = [¢1,m,82,12,.--,EN, UN]T aggregates the standard coordinates of the N refer-
ence stars and p is the vector of plate constants. For each plate model, the design matrix
(H € R2N*M) is constructed from the corresponding basis functions listed in Table A1. For
example, for the six-constant affine model, H is

X1 A1 1 0 0 0
0 0 0 X1 1

—_

OOOXNle
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Plate constants are estimated by weighted least squares. The resulting covariance
matrix of the parameters (Cov(p)) is given by

Cov(p) = (H'"WH) .. (8)

Here, W = Cy’ 1 where C, is the covariance matrix of the standard-coordinate observations
after propagating catalog and centroiding uncertainties into the same coordinate system.
For a navigation-target star at a measured location (xt,y;), let Hy € R2*M pe the target de-
sign matrix constructed from the same model basis. The PCV contribution to the corrected
target-star coordinates is then

Ctpev = Hy Cov(p) H;r. )

We define the scalar plate-constant-variance error as

Tpev = /tr(Crpey).- (10)

This metric quantifies the uncertainty in the target-star direction caused by the propa-
gation of reference-star errors through the plate solution. If the residual model bias (b; ;04)
is explicitly evaluated against the reference truth model, the total plate-model error can be
represented as

Oplate = \/a}%cv + Hbt,modnz' (11)

Unless otherwise stated, the numerical results below report the PCV contribution
(0pev) and use the reference truth model only to test sensitivity to model inadequacy.

4. Results
4.1. Spatial Error Distribution in a Fiducial Sparse Field

To illustrate the impact of plate-model selection on astrometric accuracy, we selected a
fiducial HEALPix field (Pixel 47) containing eight reference stars. This number corresponds
to the median star count in our all-sky sample for the adopted G < 10 mag selection and
~1° field scale. Figure 2 shows the spatial distribution of these reference stars within the
field. The sparse and irregular distribution illustrates the limited geometric constraints that
can occur in median-density fields. We use this field to compare the nine plate models.

Following Section 3.2, we report the plate-constant-variance error (0pcy) as the propa-
gated positional uncertainty derived from the covariance of the fitted plate constants. At a
given focal-plane position, this scalar uncertainty is computed from the two-dimensional
propagated covariance as

Tpev = \/tr(Ht Cov(p)HJ). (12)

This metric excludes the centroiding noise of the target star itself but includes the
uncertainty propagated from the reference stars through the plate solution.

Figure 3 shows the spatial distribution of opcy across the sensor plane. The models
show clear differences in their error patterns. Linear models (Models 1-2) show smooth
error distributions, with 0}y remaining below 2 mas across the field. This low variance
does not imply that linear models fully remove optical distortion; their model bias must
be evaluated separately. In contrast, the high-parameter models (Models 8-9) become
poorly conditioned in this low-star-count regime. Owing to weak geometric constraints, the
propagated error increases rapidly toward the FOV periphery and exceeds 20 mas in some
regions. This edge amplification is analogous to the Runge phenomenon, but in the present
case, it is more directly caused by poor conditioning and sparse boundary constraints.
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Figure 2. Distribution of the eight reference stars in the selected fiducial field (Pixel 47). Black squares
mark the reference stars, and the blue cross marks the geometric field center.
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Figure 3. Spatial distribution of the plate-constant-variance error (0pcy) in the selected fiducial FOV
(Pixel 47) containing eight reference stars.
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This boundary instability is problematic for StarNAV because the method relies on
relative astrometry across the field. Large angular separations between stellar pairs can
improve aberration sensitivity, but they also require reliable astrometry over a large fraction
of the FOV. For high-parameter models, the large uncertainties near the FOV corners imply
that stellar pairs involving peripheral sources may suffer from amplified error propagation.
As a result, the advantage of wide-separation stellar pairs may be reduced or lost if the
plate model is not sufficiently constrained.

4.2. Dependence of Plate-Constant Variance on Star Density

After illustrating the poor conditioning of high-parameter models in a sparse fiducial
field, we quantified how the PCV error depends on the number of reference stars. We
analyzed all 49,152 HEALPix fields. For each field and each model, we computed the
maximum 0pey over the focal-plane grid, denoted as 0max. Fields were then grouped by
their reference-star count (N), and the median omax was computed for each group.

Figure 4 shows the dependence of median(omax) on N for the nine models, illustrating
the increasing sensitivity of high-parameter models to sparse reference-star geometry.
Model 1 s the least demanding in terms of reference-star count, reaching the 1 mas threshold
at N = 7 in this median statistic. Models 2-3 require N ~ 14 reference stars to reach the
same threshold. Model 5 reaches the 1 mas threshold only at N ~ 40, while Models 6-9
do not reach this threshold within the sampled star-count range. Because the median
available star count is only N ~ 8, these high-parameter models are poorly suited to the
median-density G < 10 mag fields considered here. The corresponding reference-star count
thresholds are summarized in Table 1.

3.0

modell
model2
—e— model3
—e— model4
—e— model5
model6
0.5 4 —e— model7
model8

+— model9

Systematic Error Floor (0sys) [mas]

6x107!

0.4

5 10 15 20 25 30 35 40
Number of Reference Stars (N)
Figure 4. Dependence of the median maximum plate-constant-variance error (median(omax)) on

the number of reference stars (N). The red dashed horizontal line marks the nominal 1 mas target
threshold.
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Table 1. Reference-star count thresholds required for the median maximum plate-constant-variance
error to fall below 10 mas and 1 mas. “N/A” indicates that the threshold is not reached within the
sampled star-count range.

Model N10mas N1mas
Model 1 (Linear 4) 4 7
Model 2 (Linear 6) 4 14
Model 3 (Quad 6) 4 14
Model 4 (Quad 8) 5 23
Model 5 (Quad 12) 7 40
Model 6 (Cubic 7) 5 N/A
Model 7 (Cubic 9) 6 N/A
Model 8 (Cubic 13) 8 N/A
Model 9 (Cubic 14) 8 N/A

4.3. All-Sky Statistical Performance and Stability

To assess the robustness of the plate solutions under all-sky sampling, we analyzed all
49,152 HEALPix fields. We defined a catastrophic plate-solution failure as any case with
Opev > 200 mas. This threshold is not a navigation requirement but a diagnostic criterion
used to identify catastrophic instability. It is roughly two orders of magnitude above the
nominal 1 mas target and usually indicates a nearly singular or poorly conditioned plate
solution. Table 2 and Figure 5 summarize the results.

The global analysis shows that some higher-parameter models have substantial relia-
bility risks. Model 5 has the highest failure rate of 46.80%, indicating that it is unsuitable
for autonomous use under the present G < 10 mag, ~1° FOV assumptions. Models 3 and
4 also show non-negligible failure rates of 26.5% and 13.0%, respectively.

In contrast, Model 1 is the most robust under this failure criterion. It remains below
the failure threshold in all sky fields. It also has the lowest median opcy of 0.95 mas among
the tested models. Its 95th percentile is 1.70 mas, indicating that 95% of successful fields
remain below this level.Because the quantiles are computed only from successful cases,
they should be interpreted together with the failure rate.

Table 2. Global performance statistics across all 49,152 HEALPix fields. The fail rate is the percentage
of fields with catastrophic plate-solution instability, defined as opcy > 200 mas. The 5th, 50th, and
95th percentiles are computed only from successful fields.

Model P5 P50 P95 Fail Rate
[mas] [mas] [mas] [%]
Model 1 0.582 0.945 1.700 0.00
Model 2 0.770 1.224 2.266 0.00
Model 3 0.781 1.249 2.407 26.50
Model 4 0.956 1.374 2.785 12.95
Model 5 1.166 1.578 3.531 46.80
Model 6 1.274 1.777 2.690 0.00
Model 7 1.380 1.887 3.006 0.00
Model 8 1.585 2.065 3.591 0.00
Model 9 1.648 2117 3.794 0.00

The zero failure rates of Models 6-9 should not be interpreted as an overall advantage
of the cubic models. The failure rate is controlled by rare cases with opcy > 200 mas, whereas
the listed percentiles describe the successful fields only. The non-zero failure rates of Models
3-5 indicate that, in some sparse and geometrically uneven fields, the quadratic inversion
can become locally ill-conditioned and produce catastrophic uncertainty amplification.
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Models 6-9 add constrained radial-cubic terms such as ax72 and zxyrz, which, in the present
parameterization, suppress these extreme outliers, but their larger P50 and P95 values show
that their typical variance remains higher. Thus, the zero failure rate reflects the absence
of catastrophic outliers under this specific threshold, not the general superiority of the
cubic models.

107! T T T T T T T T T
M1 M2 M3 M4 M5 M6 M7 M8 M9
Plate Models

Systematic Error Floor (os,s) [mas]

Figure 5. All-sky distribution of opcy for the nine plate models. Failed fields are excluded from the
box plot. The box shows the interquartile range (25th—75th percentiles).

These statistics indicate that the four-parameter linear model (Model 1) provides the
best trade-off in the present PCV analysis. This does not imply that Model 1 is optimal once
residual model bias is included. With greater centroiding noise, high-parameter models
would be even more sensitive to reference-star noise. Under the sparse-field conditions
considered here, this sensitivity outweighs their potential advantage in modeling higher-
order distortion.

Finally, we translate the plate-solution error into an approximate velocity-error scale.
Using the first-order scaling (6v ~ c §0), the Model 1 range of 0.6-1.7 mas corresponds to
an approximate velocity-error scale of 0.9-2.5m/s, with a median of 1.4m/s. This scaling
suggests that plate-solution uncertainty alone can contribute an error scale of order 1m/s,
even if random measurement noise is reduced by temporal averaging. Therefore, this
plate-model contribution should be included in the design and covariance modeling of
future stellar-aberration-based navigation filters.

5. Discussion

This study evaluates the plate-model contribution to the astrometric error budget
of stellar-aberration-based autonomous navigation. We now discuss the implications for
optical architecture, plate-model selection, and StarNAV velocity-error estimates.

Optical configuration is a key design choice for stellar-aberration-based navigation.
Our simulations focused on a single-field configuration with a ~1° FOV because of its
hardware simplicity. However, this configuration is sensitive to field-dependent distortion
because useful reference and navigation stars may lie near the edge of the sensor, where dis-
tortion and plate-solution uncertainty are often larger. A multi-field architecture using two
or more narrow-field telescopes pointed in different directions could reduce this problem
by keeping each stellar image closer to the optical axis while still providing a large angular
baseline. Although multi-field systems increase mass, volume, and power consumption,
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they may become attractive for missions requiring sub-milliarcsecond astrometric stability,
especially if wide-field distortion cannot be calibrated to the required level.

The adopted magnitude cutoff of G < 10 mag also deserves comment. This value
should not be interpreted as a fundamental limit of stellar-aberration-based navigation but
as a bright-star benchmark chosen to keep centroiding and Gaia proper-motion propagation
in a high-SNR regime. Published small-satellite star-sensor examples commonly adopt
shallower limiting magnitudes, such as V ~ 6.5 for StarSense and StarberrySense [25,26].
In contrast, higher-sensitivity optical navigation or small-telescope concepts can use fainter
stars when aperture, integration time, attitude stability, and onboard processing permit.
For example, an 85 mm nanosatellite telescope concept was analyzed at 1 Hz using an
11th-magnitude guide star [27], while the New Horizons LORRI optical-navigation camera
can detect much fainter unresolved targets through long exposures, pixel re-binning, special
tracking, and image co-addition [28,29]. Taken together, these published instrument studies
bracket the adopted limit: G < 10 mag is deeper than the operating assumptions of many
wide-field real-time star trackers but remains a plausible and conservative order of magni-
tude for a dedicated high-sensitivity navigation camera. Relaxing the limit to G < 11 mag
or G < 12 mag would increase the number of reference stars per field and would likely
reduce the conditioning and fail-rate problems found for higher-order plate models. The
trade-off is that fainter-star operation generally requires longer integration, a larger aper-
ture, improved tracking, or stacking, which reintroduce random-noise and operational
constraints not modeled explicitly here. A full joint optimization of limiting magnitude,
exposure strategy, aperture, and plate-model order is therefore left for future work.

Under the plate-constant-variance metric, our analysis identifies the four-parameter
linear model (Model 1) as the most stable option for sparse fields with N ~ 8. However,
this numerical stability comes at the cost of unmodeled optical distortion. Real optical
systems generally contain field-dependent radial, tangential, and higher-order distortions.
A purely linear model cannot absorb these nonlinear terms; instead, it leaves a residual
distortion bias that is not captured by the plate-constant-variance term alone. Higher-order
polynomials are commonly used in dense-field astrometry to model such distortions. In
the sparse G < 10 mag fields considered here, however, free estimation of many high-order
coefficients is poorly constrained. The problem is not only the formal number of degrees
of freedom but also the poor conditioning caused by uneven reference-star geometry. An
alternative to general Cartesian polynomial expansions is to impose a more physically
constrained distortion model. The Brown—Conrady family, originating from classical
lens-decentering and photogrammetric camera calibration work [30,31] and widely used
in modern camera calibration [32], combines radial distortion terms with tangential or
decentering terms. Models 6-9 include a first-order radial component (axr?, ayr?), but the
models tested here do not include tangential /decentering terms or higher-order radial
terms such as 7* and r°. Such physically constrained forms could, in principle, capture
dominant optical distortion modes with fewer freely estimated coefficients than a general
polynomial of comparable flexibility, thereby shifting the bias—variance trade-off toward
better-conditioned solutions at low reference-star counts. We did not explore this model
class in the present analysis; validating a Brown—Conrady-type model against a specific
optical design is therefore a natural extension of the present plate-model comparison.

Therefore, the 0.6-1.7 mas range obtained for Model 1 should be interpreted as a low-
variance benchmark, not as the complete plate-model error. A complete assessment must
also include the residual bias from unmodelled distortion. This distinction is important in
interpreting the apparent advantage of Model 1: it is stable in the covariance-propagation
sense, but it may not be the physically best distortion-correction model if higher-order field
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distortion is significant. Therefore, future work should combine plate-solution variance,
calibrated distortion priors, and residual model bias in a single astrometric error model.

Previous StarNAV analyses have often emphasized measurement geometry and ran-
dom sensor noise while treating detailed astrometric-reduction errors as calibrated or
secondary effects [9]. In such a framework, improved integration or repeated measure-
ments primarily reduce the random component of the velocity error. Our results indicate
that the astrometric-reduction component deserves explicit treatment in the StarNAV er-
ror budget. Using the first-order scaling (v ~ ¢ 46), the Model 1 median plate-solution
uncertainty of ~0.95 mas corresponds to an approximate velocity-error scale of ~1.4m/s.
This estimate should be interpreted as the contribution of plate-solution uncertainty rather
than as a lower bound on the full navigation solution. Therefore, future navigation filters
should include plate-model uncertainty and residual distortion bias explicitly rather than
treating all astrometric errors as independent random noise that averages down with
integration time.

6. Conclusions

In this paper, we performed an all-sky sensitivity analysis of the plate-model contri-
bution to the astrometric error budget in stellar-aberration-based navigation. Using Gaia
DR3 stars, HEALPix all-sky sampling, and covariance propagation, we evaluated nine
plate models under a representative sparse-field configuration. For the adopted ~1° field
scale and G < 10 mag reference-star selection, the median number of available stars is only
N = 8, making freely fitted high-parameter plate models poorly constrained or unstable.
Under the plate-constant-variance metric, the four-parameter linear model is the most
stable case, with a median error of 0.95 mas and a 95th percentile of 1.7 mas. However, this
result reflects low variance and numerical robustness, not necessarily sufficient correction of
real nonlinear optical distortion. Using the first-order scaling (6v ~ ¢ 66), this plate-solution
uncertainty corresponds to an approximate velocity-error scale of 0.9-2.5ms~!. These
results support the feasibility of StarNAV only if plate-solution uncertainty and residual
distortion bias are explicitly included in the navigation error budget. Therefore, future
systems should treat the plate model as a key contributor to the astrometric error budget,
alongside sensor noise, optical calibration, and catalog errors.
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Appendix A. Plate-Model Definitions

Table A1l. Definitions of the nine polynomial plate models evaluated in this study, corresponding
to Cases I-IX in Eichhorn [19]. 72 denotes x% + y2. The listed order refers to the highest polynomial
degree, not necessarily to a complete polynomial expansion.

Model Order Params. Mathematical Formulation

¢=Ax+By+C

Model 1 1 4
n=Ay—Bx+D

Model2 1 6 ¢ /x+ y/+ /
n=Ax+By+C

Model 3 2 6 §:Ax+By+C+px2+qu

Model 4 2 8 §:Ax+By+C+px2+qu
n=Ax+By+C + pxy+qy°

Model 5 2 1 = Ax+By+Cpx® gyt ry’
n=Ax+By+C +p'? +qxy+ry

Model 6 3 7 CZAx+By+C+Px2+qu+ocxr2
U:AV_BX+D+ny+qy2+zxyrZ
§ = Ax+ By +C+ px® + gy + axr’

Model 7 3 9 - / / 2 2
n=Ax+By+C +pxy+qy” +ayr
¢ = Ax+ By + C+ px? +qxy + ry? + axr?

Model 8 3 13 o / I 12 )2 )
N=AX+By+CHpx+qxy+ry +ayr

Model 9 3 14 &= Ax+ By + C + px® + qxy + ry* + axr?

n=Ax+By+C +px?+qxy+ry +ayr?
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