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Abstract

Standing equine cone-beam CT (CBCT) enables diagnostic imaging in weight-bearing conditions,
reducing the need for general anaesthesia, but residual postural sway during acquisition can introduce
motion artefacts that degrade image quality. External optical tracking based on a ChArUco fiducial
and an auxiliary RGB camera is a practical strategy for projection-wise motion compensation; however,
the impact of camera—marker geometry on pose-estimation performance is not well characterised.
This study evaluates how viewing angle and working distance affect ChArUco-based pose estimation
in a controlled CBCT-motivated setting. Pose estimates were obtained with an Intel RealSense D435
RGB sensor and OpenCYV, using dedicated mechanical fixtures to vary viewing angle in 1° increments
and to adjust the camera-to-board distance in 5 cm steps. Accuracy and precision were quantified
using mean absolute error with respect to ground truth and the standard deviation across repeated
measurements. Continuous and cyclic acquisition protocols yielded comparable errors, indicating that
repeated repositioning did not introduce substantial additional variability. Viewing-angle experiments
revealed a consistent accuracy—precision trade-off for rotation estimation: frontal views minimise mean
absolute error but exhibit the highest variability, whereas increasingly oblique views reduce variability
at the expense of larger mean error. Increasing working distance was associated with larger standard
deviations, particularly affecting depth repeatability. These results provide practical guidance for
selecting camera placement and nominal viewpoints when deploying ChArUco-based tracking for
motion-aware standing equine CBCT/CT workflows.

Keywords: CBCT; Equine; ArUco; ChArUco; pose estimation

1. Introduction

Computer Vision (CV) focuses on the automatic extraction, analysis, and interpretation of mean-
ingful information from single images or sequences of images, and relies on theoretical frameworks
and algorithms for autonomous visual understanding [1]. A long-standing challenge concerns three-
dimensional (3D) reconstruction from two-dimensional (2D) images, which arises in multiple do-
mains—robotics [2,3], medicine [4,5], and virtual reality [6,7]—and stems from the loss of depth
information when projecting a 3D scene onto the image plane (f : R? — R?). Approaches such as
photogrammetry, stereo vision (SV), and structure-from-motion (SfM) address this task by detecting
distinctive features (keypoints), establishing correspondences across views, and combining image
evidence with camera parameters to infer 3D coordinates for scene points.

In many of these pipelines, accurate and stable camera pose estimation is a key determinant of
reconstruction quality. Physical fiducials with known geometry are widely used to stabilise pose:
ArUco markers [8,9] offer robust, uniquely identifiable square patterns but limited corner refinement;
chessboards enable subpixel-accurate corner localisation yet require full visibility and are less tolerant
to occlusions [10,11]. ChArUco boards combine these strengths by embedding ArUco markers within
a chessboard grid, achieving reliable detection under partial occlusion together with high-precision
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corner refinement via interpolated chessboard corners [11]. Thanks to the known layout, a single
image suffices to estimate the rigid transformation between camera and board, typically decomposed
into rotation (yaw, pitch, roll) and position components (Tx, Ty, Tz).

A setting where precise, projection-wise pose tracking is particularly valuable is CBCT (or CT) of
standing horses. Dedicated systems for standing acquisitions of the head and distal limbs allow imag-
ing of sedated equine patients in a weight-bearing position, avoiding the risks of general anaesthesia
while preserving diagnostic performance [12-16]. However, residual postural sway during gantry
rotation induces view-inconsistent motion that manifests as blur and streak artifacts and may reduce
confidence in the assessment of fine osseous detail [14,15]. To mitigate such motion, previous work
has mainly relied on mechanical restraints and acquisition protocols, while software-based motion
compensation is still uncommon in routine equine imaging and lacks quantitative design guidelines.

By contrast, in human CT and CBCT, several prototype systems already exploit external motion
sensing for projection-wise motion correction. Optical trackers, inertial sensors, and RGB-D cameras
have been used to monitor patient motion during helical or cone-beam scans and to warp the projec-
tions accordingly, recovering image quality that approaches that of motion-free acquisitions [17-19].
Low-cost Intel RealSense devices in particular have been characterised for clinical motion tracking
and CT perfusion motion correction, showing millimetric pose accuracy in realistic scanner environ-
ments [20-22]. These developments motivate the use of compact RGB or RGB-D modules as external
motion sensors in standing equine CT/CBCT workflows.

As shown in Figure 1, a practical strategy is to rigidly mount a lightweight ChArUco board near the
region of interest and observe it with an auxiliary RGB camera during acquisition. Each frame provides
a board pose that, via a fixed extrinsic calibration to the scanner, can be mapped to object motion
for projection-wise motion compensation. In this context, the camera—marker geometry—specifically,
viewing angle and working distance—directly affects both pose accuracy (bias w.r.t. ground truth) and
pose precision (variance/noise), and thus the effectiveness of motion correction.

| - &

Figure 1. Sedated horse positioned for standing equine CBCT of the head region. A ChArUco board is rigidly
attached to the horse’s head and observed by the RGB camera for external pose tracking during acquisition.

Although ChArUco boards are already adopted across diverse applications—e.g., RGB-D
fusion [23], omnidirectional camera calibration [24], and robust detection in challenging condi-
tions [25]—the quantitative relationship between pose-estimation accuracy/precision and the relative
camera-board configuration remains underexplored. In particular, there is limited evidence on how
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viewing angle and camera-to-plane distance shape the error w.r.t. a known ground truth and the
noise of estimated rotations and positions, despite the practical impact on reconstruction quality in
motion-aware workflows and on the design of standing equine CT/CBCT setups.

The present study addresses this gap through a controlled experimental analysis that systemati-
cally varies camera-to-plane angles and camera-to-plane positions, acquiring repeated measurements
to characterise how pose accuracy and precision change with viewpoint. The resulting trends are then
interpreted as actionable guidance for standing equine CBCT/CT deployments.

2. Materials and Methods

This section describes the apparatus and processing workflow used to quantify the impact of
camera—marker geometry on pose-estimation accuracy and precision in a standing equine, CBCT-
motivated experimental setting. The following subsections detail the ChArUco board, the RGB camera,
the mechanical setup enabling controlled variations in camera-to-plane angle and position, and the
camera pose-estimation procedure.

2.1. ChArUco Board

The ChArUco board used in this study, shown in Figure 2(a), consists of a 7x7 chessboard grid
with 24 unique ArUco markers placed inside the white squares. Each chessboard square measures
15 mm per side, while each ArUco marker measures 10 mm per side. The relative pose between the
camera and the board was parameterised by five scalar quantities:

e Camera-to-plane angles (CtPy): CtPy = [¢, (], where ¢ is the angle between the camera optical
axis (£.) and the board normal vector 71, and { is the in-plane rotation around 7.

e Camera-to-plane positions (CtPp): CtPp = [Ty, Ty, T.], describing the position of the board origin
expressed in the camera reference system.

To improve clarity, parameters defining both CtP4 and CtPp are depicted in Figure 2(b).

rolling angle ¢

(b)

Figure 2. (a) ChArUco board used during the experiments. (b) Camera and ChArUco reference systems and
definition of CtP4 and CtPp. ChArUco’s origin O(xp, yp, zp) is expressed in the camera reference system.

Both the detection of the ChArUco board and the camera pose estimation were performed using
the open-source OpenCV library [26], in conjunction with the Qt Creator development environment
(version 5.12.6) and the C++ programming language.

2.2. RGB Camera

The RGB camera employed in this study is the RGB module of the Intel RealSense D435 3D
camera. Its key specifications are summarised in Table 1.
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Table 1. Main characteristics of the RGB module of the Intel D435 3D camera.

Frame resolution 1920x1080
Frame rate 30 fps
Sensor technology | Rolling shutter
Sensor FOV (H x V) 69° x 42°
Sensor resolution 2 MP

2.3. Mechanical Systems for Camera or ChArUco Handling

Once rigidly attached to the horse, the ChArUco target is expected to undergo predominantly
translational excursion T, (towards/away from the observing camera) and changes in viewing angle
@, rather than in-plane rotation { about the board normal. This reflects the residual postural sway of
the sedated standing subject around its resting stance.

Thus, the experimental setups were designed to independently vary either the viewing-angle ¢
or the position along the z-axis T, between the ChArUco board and the camera, while monitoring the
remaining pose parameters to verify that off-axis positions and { remained negligible:

* Viewing angle ¢ setup: as shown in Figure 3(a), this setup consists of a steel mechanical wheel
that rotates precisely about its axis in 1° increments and is driven by a stepper motor. Two
orthogonal grooves intersecting at the wheel’s centre enable precise placement of the ChArUco
board such that its coordinate origin coincides with the wheel’s axis of rotation. This alignment
is critical to minimise undesired translational components and rotation about { during wheel
motion.

e T, position setup: as shown in Figure 3(b), this setup uses a 1-meter-long steel rail with a central
horizontal groove. The ChArUco board is fixed to an L-shaped bracket and mounted orthogonally
at one end of the base. The camera is attached to a separate L-shaped bracket and positioned
to face the ChArUco board. By sliding the bracket along the groove, the distance between the
camera and the ChArUco board is adjusted along the z-axis while minimising off-axis motion.

Figure 3. (a) Setup used during the test for the evaluation of the viewing angle ¢ parameter. The camera was
placed on a tripod to ensure stability. (b) Setup used during the test for the evaluation of the T, parameter.

For the viewing-angle experiments, the wheel was controlled via its dedicated software, which
allowed setting angular positions in 1° increments with respect to a reference configuration defined as
@ = 0°. Accordingly, the ground-truth rotation ¢gr was taken as the wheel angle set in the control
software. To reduce the effect of mechanical backlash, target angles were approached consistently
using the same rotation direction.
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For the distance experiments, the ground-truth camera-to-plane distance T, Gr was measured
using a ruler. Measurements were taken between the camera reference point and the ChArUco board
plane (as defined in Figure 2(b)) at each tested position, and recorded with the ruler resolution.

Pose accuracy was quantified as the absolute error with respect to ground truth, e.g. e, =
|9 — ¢gr| and er, = |T. — T, 1|, while precision was quantified as the variability (e.g., standard
deviation) across repeated measurements under identical conditions.

2.4. Measurements Acquisition Procedure

Multiple tests were conducted to evaluate the accuracy of camera pose estimation relative to the
ChArUco marker. In each test, the camera was initially positioned relative to the ChArUco board, and
the pose parameters CtPy = [¢, (] and CtPp = [Ty, Ty, T.] were acquired.

Before each run, an initial reference pose was recorded at the start position: CtPs, = [¢9, {o] and
CtPr, = [Tx, Ty, T;,]. These reference values were subtracted from each subsequent measurement
to describe rotation/position increments rather than absolute pose. Repeatability and drift were
quantified across repeated runs using statistics of these relative pose trajectories. Absolute accuracy
was also evaluated as the error with respect to the known ground truth defined for each test.

2.4.1. Continuous and Cyclic Acquisitions

The first experiment aimed to assess the noise introduced by the camera and by the mechanical
movement system. For this test, the camera was fixed at a distance of T, = 40 cm from the ChArUco
board, and the viewing angle ¢ was varied using the mechanical wheel. The tested angles were: [45°,
25°,5°,0°, —5°, —25°, —45°], using two acquisition methods:

e Continuous acquisitions: to evaluate noise introduced solely by the camera, each pose was
estimated ten times at each angle before rotating the wheel to the next angle.

¢ Cyclic acquisitions: to assess the influence of the mechanical system, only one pose was estimated
at each angle. After reaching —45°, the wheel was rotated back to 45° in a single motion, and the
process was repeated ten times in total.

After each acquisition, the standard deviation of all five pose parameters was computed to compare
the consistency of the two acquisition approaches.

This comparison is motivated by projection-wise motion tracking in CT/CBCT: during an acqui-
sition, the tracker delivers one pose estimate per projection while the gantry (or the object) moves
between successive views. “Continuous” acquisitions isolate the intrinsic measurement noise of
the camera/estimator at a fixed viewpoint (no repositioning). “Cyclic” acquisitions mimic repeated
view-by-view sampling across angles and re-positioning, therefore capturing additional variability
introduced by the mechanical motion (e.g., backlash, settling, and repeatability of the rotation wheel),
which is analogous to view-to-view perturbations during a CBCT sweep.

2.4.2. Viewing Angle Variation

The second experiment evaluated how viewing angle estimation accuracy varies with the viewing
angle. Angles ranging from 60° to —60° were tested: [60°, 50°, 45°, 40°, 30°, 20°, 10°, 0°, —10°,
—20°, —30°, —40°, —45°, —50°, —60°]. The ChArUco board was aligned with the rotation axis of the
mechanical wheel, and the camera was placed at fixed distances of T, = 40 cm and T, = 60 cm. At each
angle and distance, twenty pose estimations were acquired to ensure statistical robustness.

2.4.3. Z-Axis Position Variation

The third experiment focused on how the position along the z-axis affects the estimation of the T,
parameter. Camera poses were estimated at distances ranging from T, =25 cm to T, = 60 cm, in 5 cm
increments (AT, =5 cm). As in the previous test, each position was measured twenty times to support
statistical analysis.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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3. Results

In the following subsections, the results for each of the three conducted tests will be presented.
In all bar plots, bar height represents the mean absolute error with respect to ground truth, while
error bars indicate the standard deviation across repeated measurements under the same condition.

3.1. Continuous vs. Cyclic Acquisition

The results of this test are reported in Figure 4 and Figure 5. Figure 4(a) and Figure 4(b) show
the mean absolute errors of the CtP4 parameters for the continuous and cyclic protocols, respectively.
Figure 5(a) and Figure 5(b) show the corresponding mean absolute errors for the CtPp parameters.

.Mml II
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(b)

Figure 4. CtP, parameters absolute error (bar height; viewing angle ¢ and roll ) with standard deviation (error
bars) for each wheel position. (a) Continuous acquisition; (b) Cyclic acquisition.
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Figure 5. CtPp parameters absolute error (bar height; Ty, Ty, T;) with standard deviation (error bars) for each

wheel position. (a) Continuous acquisition; (b) Cyclic acquisition.

The mechanical wheel provided controlled viewpoint changes in 1° increments through stepper-
motor actuation. The comparison between continuous and cyclic acquisitions was used to verify that
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repeated repositioning of the wheel does not introduce additional variability beyond the intrinsic
pose-estimation noise. As shown in Figure 4 and Figure 5, the two protocols yield comparable absolute
errors across the tested angles, indicating good repeatability of the mechanical wheel under the adopted
operating conditions.

Therefore, since the two protocols exhibited comparable pose-estimation performance, subsequent
experiments are reported using the continuous acquisition method only.

3.2. Influence of Viewing Angle on Pose Estimation

The results of this test are reported in Figure 6 and Figure 7. Figure 6(a) and Figure 6(b) show the
mean absolute errors of the CtP4 parameters at fixed working distances T, = 40 cm and T, = 60 cm,
respectively. Figure 7(a) and Figure 7(b) show the corresponding mean absolute errors for the CtPp
parameters at the same distances.

i 1

(b)

Figure 6. CtP4 parameters absolute error (viewing angle ¢ and roll {) for each wheel position. (a): T, parameter
fixed at 40 cm; (b): T, parameter fixed at 60 cm.
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Figure 7. CtPp parameters absolute error (Tx, Ty, T;) for each wheel position. (a): T, parameter fixed at 40 cm; (b):
T, parameter fixed at 60 cm.
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Across viewing angles, the mean absolute error on ¢ is minimal in the frontal configuration
(pcr = 0°) and increases progressively at more oblique views. Conversely, the standard deviation
(error bars) is highest at gt = 0° and decreases as the viewing angle departs from frontal, indicating
a trade-off between accuracy (lower mean absolute error) and precision (lower variability). A similar
behaviour is observed for the in-plane rotation {. Comparing working distances, moving from
T, = 40cm to T, = 60 cm yields lower mean absolute errors (lower bars) but larger standard deviations
(higher error bars) for both ¢ and . Notably, the angle-dependent trend in variability is preserved
at both distances, with the largest standard deviations near the frontal configuration and decreasing
variability at increasing obliquity.

3.3. Influence of Distance on Pose Estimation

The results of this test are presented in Figure 8. In Figure 8(a), the average errors related to
CtP4 parameters are presented, while in Figure 8(b), the average errors related to CtPp parameters are
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Figure 8. (a): CtP4 parameters absolute error (bar height; viewing angle ¢ and roll {) with standard deviation
(error bars) for each camera-to-ChArUco distance. (b): CtPp parameters mean absolute error (bar height; T, Ty,
T,) with standard deviation (error bars) across repeated measurements, for each camera-to-ChArUco working
distance.

Across the tested working distances, the lateral position components Ty and Ty exhibit very low
standard deviation, and their mean absolute errors fluctuate without a clear distance-dependent trend.
By contrast, for the depth component T, the mean absolute error does not show a systematic trend
with distance. In contrast, the standard deviation increases markedly as the camera-to-ChArUco
distance grows. Overall, these results indicate that increasing working distance primarily reduces
the repeatability of T, estimation, even when the average agreement with ground truth remains
comparable.

4. Discussion

The primary objective of this study was to assess how camera—marker geometry affects the
reliability of ChArUco-based pose estimation, with a specific focus on conditions relevant to standing
equine CBCT/CT. Overall, the experiments highlight that geometric choices can induce distinct and
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sometimes opposing effects on accuracy, quantified here via mean absolute error with respect to
ground truth, and precision (repeatability), quantified via the standard deviation across repeated
estimates.

The first test compared continuous and cyclic acquisition protocols to verify whether repeated
mechanical repositioning of the mechanical wheel introduces additional variability beyond the in-
trinsic pose-estimation noise. The results, shown in Figure 4 and Figure 5, exhibit comparable mean
absolute errors and comparable trends for both rotation (CtP4 = [¢, {] — Figure 4(a) and Figure 4(b))
and position (CtPp = [Ty, Ty, T.] - Figure 5(a) and Figure 5(b)) parameters across the tested angles,
indicating good repeatability of the mechanical wheel under the adopted operating conditions. Minor
differences at specific angles (e.g., near the frontal configuration), or the increasing trend of the T,
parameter, are consistent with small setup-dependent effects, such as slight misalignment between
the camera image plane and the board plane, or small offsets in the positioning of the board reference
frame with respect to the rotation axis. These findings support the validity of the subsequent analyses
performed using the continuous protocol only, which also simplifies both the experimental workflow
and results presentation.

The second test investigated how rotation-estimation performance changes as the viewing angle
varies, mimicking the angular component of postural sway during standing acquisitions. To assess
that, the setup shown in Figure 3(a) was adopted, and the obtained results are shown in Figure 6 and
Figure 7. A consistent trade-off between accuracy and precision was observed. For both working
distances (T, = 40 cm and T, = 60 cm), the mean absolute error on the viewing angle ¢ is minimal in
the frontal configuration (¢gr = 0°) and increases progressively at more oblique views. Conversely,
the standard deviation (error bars) is highest at gt = 0° and decreases as the viewing angle departs
from frontal, indicating that frontal viewing yields the smallest average error but also the largest
measurement variability, whereas moderately oblique views provide more repeatable estimates at the
expense of increased average error. A similar behaviour is observed for the in-plane rotation {. When
comparing working distances, moving from T, = 40cm to T, = 60 cm yields lower mean absolute
errors (lower bars) but larger standard deviations (higher error bars) for both ¢ and ¢. A plausible
explanation is that increasing distance reduces the impact of residual lens-distortion and near-field
geometric effects (improving average agreement), while simultaneously reducing the board’s footprint
in the RGB image (decreasing corner/marker sampling and increasing frame-to-frame variability).
Importantly, the angle-dependent trend in variability is preserved at both distances, with maximum
variability around the frontal configuration and decreasing variability at higher obliquity. Although
this test primarily targeted the variability of the rotation parameters (CtP,), the position components
(CtPp = [Ty, Ty, T.]) were also recorded. The corresponding results exhibit qualitatively similar angle-
dependent behaviour; however, increasing the working distance from T, = 40cm to T, = 60cm
leads to both higher mean absolute errors and larger standard deviations for the CtPp parameters,
suggesting an overall degradation of position-estimation performance at the longer distance.

The third test evaluated the effect of working distance on position estimation, mimicking small
approach/withdrawal components of motion around a resting position. To assess that, the setup
shown in Figure 3(b) was adopted, and the obtained results are shown in Figure 8. While Ty and T,
exhibit very low standard deviation across all tested distances (and mean absolute errors that fluctuate
without a clear distance-dependent trend), the parameter under test, T, shows a marked increase
in standard deviation as the camera-to-board distance increases. Notably, the mean absolute error
of T, does not exhibit a strong monotonic trend with distance in the explored range; however, the
reduced repeatability at larger distances indicates that depth estimation becomes increasingly sensitive
to pixel-level noise and corner localisation uncertainty when the board occupies fewer pixels in the
image. Although this test primarily targeted the variability of the position parameters (CtPp), the
rotation components (CtP4 = [¢, {]) were also recorded. The corresponding results exhibit both higher
mean absolute errors and larger standard deviations for the CtP4 parameters, suggesting an overall
degradation of rotation-estimation performance at the longer distance.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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In standing equine CBCT/CT, residual sway during gantry rotation introduces view-inconsistent
motion that can manifest as blur or streaking in the reconstructed volume. A practical mitigation strat-
egy is to rigidly mount a lightweight ChArUco board on the horse and observe it with a synchronised
camera; via extrinsic calibration to the scanner, each detected pose can provide a per-projection motion
estimate for motion-compensated reconstruction. In this context, precision (low frame-to-frame vari-
ability) is often a critical factor: even small jitter in pose estimates can propagate into projection-domain
corrections and limit the achievable reduction of residual blur. The observed accuracy—precision trade-
off suggests that a geometry optimised for minimal mean error (frontal view) may not be optimal for
minimal pose noise. A practical implication is to avoid operating exactly at the frontal configuration
when repeatability is prioritised; instead, a moderately oblique nominal viewing configuration may
reduce variability across repeated estimates, provided that the associated increase in mean absolute
error remains acceptable for the application. At the same time, the working distance should be selected
to keep the board sufficiently large in the RGB image, since increasing the distance was found to
degrade repeatability.

Despite the encouraging results, several limitations should be acknowledged. First, the exper-
iments were performed under controlled laboratory conditions using a single board layout and a
single RGB sensor. Real deployments may involve varying illumination, partial occlusions by staff or
equipment, specularities, and motion patterns that combine rotations and translations along multiple
axes. Second, only limited geometric degrees of freedom were explored (single-axis rotations and axial
distance changes); future work should extend the analysis to multi-axis rotations and more complex
trajectories, better approximating realistic sway during acquisition. Finally, this work focused on
pose-estimation performance metrics rather than image-quality outcomes. Future validation should
include motion-compensated reconstructions in realistic scanner environments (ideally in vivo) to
quantify improvements in image sharpness and reduction of streak artefacts as a function of the chosen
camera-marker geometry. Extensions may also include testing different ChArUco scales, multi-camera
fusion, and the integration of RGB-D information where available.

5. Conclusions

This study investigated how camera—ChArUco geometry influences the performance of marker-
based pose estimation in a context motivated by motion compensation for standing equine CBCT/CT.
Using controlled experiments with known ground truth, the effects of acquisition protocol, viewing an-
gle, and working distance were analysed in terms of both accuracy (mean absolute error) and precision
(repeatability, quantified by the standard deviation across repeated estimates). First, continuous and
cyclic acquisition protocols yielded comparable performance, indicating that repeated repositioning of
the mechanical wheel did not introduce substantial additional variability under the adopted operating
conditions. Second, viewing-angle experiments revealed a consistent accuracy—precision trade-off for
rotation estimation: frontal views minimise the mean absolute error, whereas increasingly oblique
views reduce variability (jitter) at the cost of larger mean errors. In addition, increasing the working
distance from T, = 40 cm to T, = 60 cm reduced the mean absolute rotation error but increased vari-
ability. Third, distance experiments showed that lateral positions (T, T,) remain stable across distances,
whereas the depth component T, exhibits a marked increase in standard deviation at larger working
distances, despite the absence of a clear monotonic trend in mean absolute error. Overall, these findings
suggest that camera placement for external motion tracking should be selected according to the relative
importance of bias versus repeatability for the intended motion-compensation pipeline: a strictly
frontal configuration is not necessarily optimal when low frame-to-frame variability is prioritised,
and excessive working distances should be avoided to preserve repeatable depth estimation. Future
work will validate these conclusions in realistic scanner environments by integrating the tracking
pipeline with motion-compensated reconstruction and quantifying the resulting improvements in
image quality.
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