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 a b s t r a c t

Rotating line-scan cameras and laser profilers operate under a sector-scan geometry, which introduces systematic 
geometric distortions in both 2D intensity images and 3D line-scan height profiles. This paper presents an image-
driven geometric calibration and unwarping framework for such systems using a simple circular-hole calibration 
plate. Under sector-scan sampling, circular holes are projected as ellipses whose centers and aspect ratios encode 
the underlying rotation geometry. By exploiting this elliptical distortion, the proposed method estimates the 
rotation center and angular sampling characteristics without requiring encoders, mechanical measurements, or 
auxiliary sensors. A unified polar-to-Cartesian unwarping transformation is then applied to both 2D and 3D line-
scan data. Experiments on real rotating line-scan systems show that the proposed approach effectively corrects 
sector-scan distortions, restores the geometric regularity of circular features in 2D images, and reduces rotational 
sampling artifacts in reconstructed 3D surfaces.

1.  Introduction

Line-scan imaging systems form two-dimensional images by com-
bining one-dimensional sensing with controlled motion. This imaging 
principle has been widely adopted in industrial inspection and precision 
metrology, particularly in scenarios that demand high spatial resolution 
along the scanning direction. Because the second image dimension is en-
tirely determined by motion, geometric calibration plays a critical role 
in defining the image formation process and ensuring correct geometric 
interpretation.

Early studies on line-scan camera calibration were primarily devel-
oped under translational scanning configurations. In such systems, the 
relative motion between the camera and the object is linear, and the spa-
tial relationship between successive scanlines remains uniform [1,2]. 
Under this assumption, various calibration strategies were proposed 
using planar or three-dimensional targets, enabling intrinsic and ex-
trinsic parameters to be estimated through geometric constraints and 
optimization [3,4]. To improve robustness and deployment flexibility,
subsequent works introduced auxiliary frame cameras or more complex 
calibration targets [5], and refined imaging models to account for non-
ideal factors such as motion inclination and lens distortion under linear 
scanning conditions[6,7].
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Beyond translational motion, rotational scanning is widely adopted 
in industrial inspection and measurement applications. Typical scenar-
ios include the inspection of cylindrical workpieces, rotary surface pro-
filing, and panoramic imaging of objects with rotational symmetry [8,9]. 
Rotational motion provides an efficient means to cover large fields of 
view or curved surfaces, but also introduces fundamentally different 
sampling characteristics. Several studies have therefore investigated cal-
ibration strategies for rotating systems, focusing on rotation axis mod-
eling, eccentricity estimation, and kinematic error compensation to im-
prove measurement reliability [10,11]. These works highlight the prac-
tical importance of calibration in rotating line-scan and laser-based sys-
tems deployed in industrial environments.

From a broader perspective, sector-scan or polar sampling geome-
tries have long been studied in ultrasound imaging. In that domain, scan 
conversion techniques are commonly used to transform polar-sampled 
data into Cartesian space for visualization and analysis [12]. However, 
the scanning geometry is typically assumed to be known and fixed, and 
research efforts mainly focus on interpolation accuracy and real-time 
implementation, rather than on geometric calibration itself.

Within optical measurement and calibration research, related ef-
forts have addressed rotation center estimation and eccentricity com-
pensation in rotating systems [13,14]. In parallel, circular targets and
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ellipse fitting have been widely employed in optical calibration, for ex-
ample to recover light-plane parameters [15] or to establish task-specific 
measurement models based on fitted ellipse geometry [16]. These stud-
ies demonstrate the effectiveness of circular patterns and ellipse anal-
ysis; however, existing approaches typically rely on complex calibra-
tion setups or specialized targets. Moreover, ellipse deformation is of-
ten treated as a secondary effect caused by projection or misalignment, 
rather than being directly exploited as a carrier of scanning geometry.

As a result, despite the widespread use of rotating line-scan systems 
in industrial practice, a simple, image-driven calibration method that di-
rectly recovers sector-scan geometry remains lacking. In particular, ex-
isting approaches do not explicitly exploit the fact that, under rotational 
scanning, circular patterns naturally undergo sector-scan distortion and 
appear as ellipses in the image. The geometric relationship between cir-
cles and ellipses induced by rotational sampling has not been systemat-
ically formulated into a concise and deployable calibration framework.

In this work, we address this gap by proposing an ellipse-distortion-
based geometric calibration and unwarping framework for rotating line-
scan imaging systems. The proposed method exploits the elliptical de-
formation of circular-hole patterns induced by sector-scan sampling to 
recover key scanning geometry parameters directly from image-domain 
observations, without relying on encoders, auxiliary sensors, or me-
chanical measurements. The recovered geometry further supports a uni-
fied polar-to-Cartesian unwarping transformation, which is applicable to 
both 2D line-scan intensity images and 3D laser-based height profiles. 
In addition, we design geometry-driven evaluation metrics to quantita-
tively assess the effectiveness of the unwarping process without requir-
ing external ground-truth measurements. In broader robotic vision sys-
tems, 3D point acquisition is often achieved through multi-view stereo, 
structured-light sensing, or multi-sensor fusion frameworks [17–20]. 
These approaches emphasize reconstruction completeness and robust-
ness, but typically require multiple sensors, synchronization, and ex-
plicit geometric calibration. In contrast, the proposed method estimates 
the scanning geometry directly from image-domain distortions in a sin-
gle rotating line-scan system. This avoids the need for multi-view ob-
servations, encoder signals, or additional sensing devices, making the 
method particularly suitable for compact industrial inspection systems.

The remainder of this paper is organized as follows. Related work is 
reviewed in Section 2. The proposed calibration and unwarping frame-
work is described in Section 3. Experimental validation on real rotating 
line-scan camera and laser profiler systems is presented in Section 4, 
followed by results and discussion in Section 5. Conclusions are drawn 
in Section 6. The main contributions of this work are summarized as 
follows:

• We propose an ellipse-distortion-based geometric calibration frame-
work for rotating line-scan imaging systems, enabling image-domain 
estimation of the rotation center and angular sampling characteris-
tics under sector-scan geometry.

• Unlike existing approaches that rely on encoders, auxiliary sensors, 
or explicit mechanical measurements, the proposed method infers 
scanning geometry directly from distorted circular patterns, signifi-
cantly simplifying system deployment while maintaining robustness.

• A unified polar-to-Cartesian unwarping model is developed and 
shared across both 2D line-scan imagery and 3D laser-based height 
profiles, allowing consistent correction within a single geometric for-
mulation.

• Geometry-driven evaluation metrics are designed to quantitatively 
assess the effectiveness of sector-scan unwarping based on shape 
regularity and structural consistency, without requiring external 
ground-truth references.

2.  Related work

This section reviews prior studies related to line-scan camera cali-
bration, rotating and sector-scan imaging systems, circular and elliptical 

feature-based geometric inference, robust ellipse fitting and regression, 
and calibration of 3D laser profilometry. The limitations of existing ap-
proaches under sector-scan sampling are highlighted to motivate the 
proposed image-driven calibration framework.

2.1.  Calibration of line-scan cameras

Most existing calibration methods for line-scan cameras assume that 
image formation is driven by linear translational motion. Under this 
assumption, classical approaches extend planar target calibration from 
area-scan cameras to the line-scan setting by exploiting known motion 
directions and well-defined geometric patterns [3,4,21]. Intrinsic pa-
rameters, extrinsic pose, and motion direction are typically estimated 
using optimization-based formulations.

To improve calibration feasibility in practical systems, several meth-
ods introduce additional constraints or auxiliary sensing. A common 
strategy employs a pre-calibrated area-scan camera to assist line-scan 
calibration by establishing indirect image–world correspondences [5]. 
Other works design specialized calibration targets with strong geometric 
constraints, enabling static calibration without explicit motion model-
ing [22]. While effective, these approaches increase system complexity 
and still fundamentally rely on translational sampling assumptions.

More recent studies extend dynamic imaging models to better de-
scribe non-ideal translational scanning conditions, such as eccentricity, 
motion inclination, and lens distortion [23]. These methods improve 
modeling fidelity under rectilinear motion, but remain developed within 
a translational scanning framework and are not directly applicable to 
rotating or sector-scan imaging, where distortions arise from angular 
sampling rather than linear displacement.

2.2.  Rotating and sector-scan imaging systems

Sector-scan imaging has been extensively studied in application do-
mains where data are naturally sampled in polar coordinates and subse-
quently transformed into Cartesian space for visualization. Typical ex-
amples include ultrasonic imaging systems, in which scan-conversion 
algorithms have been developed to reduce interpolation artifacts and 
enable real-time display [12,24]. These methods generally assume that 
the scanning geometry is precisely known and fixed, and therefore fo-
cus on resampling efficiency rather than geometric calibration or image-
domain recovery of unknown scanning parameters.

In optical measurement, rotating line-scan systems have been ex-
plored for panoramic observation and three-dimensional reconstruction. 
Early systems relied on stereo configurations composed of multiple line-
scan cameras to recover 3D geometry under controlled rotational motion 
[8]. More recent approaches predominantly adopt rotating laser triangu-
lation sensors or structured-light scanners, where geometric calibration 
is achieved by explicitly modeling the rotation axis and system kinemat-
ics [9,25]. These methods typically depend on known angular motion, 
mechanical measurements, or rotary encoders, and mainly target accu-
rate 3D reconstruction rather than image-domain geometric correction.

From a metrology and industrial inspection perspective, rotating 
laser line scanners have been widely applied to surface measurement, 
gear inspection, and additive manufacturing evaluation [13,26]. Such 
studies generally assume pre-calibrated scanning geometry and do not 
address geometric calibration under unknown rotational or sector-scan 
imaging conditions.

2.3.  Circular and elliptical feature-based geometric inference

Circular and elliptical features are widely used as robust geometric 
primitives in optical and vision systems. In polar-coordinate alignment 
tasks, image-based circle center localization is often adopted to esti-
mate rotary axis alignment and correct axis–optical misalignment [27]. 
In rotating measurement systems, a substantial body of work analyzes
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eccentricity or center-of-rotation (COR) errors and compensates them 
using explicit geometric models or calibration procedures [10,11].

For rotating 3D scanners, boresight and assembly misalignments are 
often estimated by exploiting scene constraints such as planar surfaces, 
aiming at reducing systematic errors in Cartesian reconstruction [14]. 
Elliptical analysis has also been employed in image-based tracking of 
rotating structures, where ellipse parameters are used to correct mis-
alignment or stabilize motion estimation [28].

In the context of structured-light and camera calibration, circular 
targets are frequently used, and ellipse fitting is combined with projec-
tion geometry to recover system parameters or compensate eccentric-
ity [15,29,30]. However, in these works, ellipses are primarily treated 
as projection-induced shapes or local measurement primitives. They do 
not analyze how ellipse parameters vary systematically under sector-
scan sampling, nor do they exploit such distortions to infer scanning 
geometry directly.

2.4.  Robust ellipse fitting and regression methods

Accurate ellipse fitting under noise and outliers is a long-standing 
problem in computer vision. The classical direct least-squares formula-
tion proposed by Fitzgibbon et al. [31] remains a widely used baseline. 
To improve robustness, RANSAC-based approaches and their variants 
have been extensively studied in robotic and geometric estimation con-
texts [32].

Recent works propose adaptive RANSAC strategies and multi-scale 
smoothing to improve ellipse fitting accuracy under noise, partial oc-
clusion, and outliers [33,34]. Learning-based ellipse detection methods 
have also been introduced to further enhance detection precision in chal-
lenging imaging conditions [35]. These advances provide valuable tools 
for improving measurement robustness, but they are not designed to re-
cover global sector-scan geometry or angular sampling characteristics.

2.5.  Calibration for 3D laser profilometry

From a metrology viewpoint, calibration of laser triangulation scan-
ners often emphasizes systematic error correction and uncertainty eval-
uation using reference artifacts [36,37]. Such procedures assume that 
the scanning geometry is already defined and focus on traceability and 
performance assessment.

For line-structured light profilometry, many methods calibrate the 
light plane or build task-specific mappings. Representative approaches 
use circular targets to recover the light plane with high precision or 
to compensate task-dependent geometric errors [16]. In robotic and 
multi-sensor configurations, hand–eye calibration and joint optimiza-
tion of multiple profilers are commonly employed [38–40]. These ap-
proaches typically rely on explicit kinematic modeling and mechanical 
constraints, and do not infer scanning geometry from image-domain dis-
tortions.

From a broader perspective, 3D data acquisition and geometric re-
construction in robotic vision systems are commonly achieved through 
multi-view stereo, structured-light sensing, and multi-sensor fusion 
frameworks. These approaches are widely used in robotic navigation, 
industrial inspection, and autonomous systems, where multiple sensing 
modalities are combined to improve reconstruction accuracy and ro-
bustness [17,18].

Recent developments also emphasize distributed sensing and intel-
ligent data management for robotic swarms, where 3D optical sensors 
and dynamic triangulation are integrated with communication and data 
fusion strategies to enhance perception capabilities in complex environ-
ments [19,20]. While these methods focus on large-scale perception and 
multi-sensor cooperation, they typically assume pre-calibrated sensor 
geometry and do not address geometric calibration in rotating line-scan 
imaging systems.

In contrast, the proposed method directly infers scanning geometry 
from image-domain distortions observed in a single rotating line-scan 

system. This eliminates the need for multi-view fusion, external sensors, 
or encoder measurements, and enables unified calibration for both 2D 
intensity images and 3D height profiles.

2.6.  Summary and positioning of this work

Based on the above review, the main limitations of existing ap-
proaches can be summarized as follows:

• most line-scan camera calibration methods are developed under 
translational motion assumptions and cannot directly handle sector-
scan distortions;

• many rotating scanner calibration approaches depend on encoder 
measurements or explicit mechanical knowledge, which increases 
system complexity;

• circular and elliptical features are widely used, but their systematic 
distortion under sector-scan imaging has not been exploited for ge-
ometric inference;

• calibration frameworks for 2D line-scan images and 3D laser-based 
height maps are usually designed separately and do not share a uni-
fied imaging model.
This paper addresses these gaps by introducing, to the best of our 

knowledge, the first calibration method that:
1. exploits elliptical distortions of circular-hole patterns to infer the ro-
tation center and angular sampling;

2. provides a purely image-based, encoder-free solution;
3. constructs a global unwarping transformation valid for both 2D in-
tensity images and 3D height maps;

4. enables robust calibration even with modest angular coverage and 
limited ROI observations.
This positions the proposed method as a general and unified solution 

for geometric correction of rotating line-scan imaging systems under 
sector-scan sampling.

3.  Proposed method

The proposed method estimates the geometric parameters of a ro-
tating line-scan system from the elliptical distortions of circular-hole 
patterns. It consists of five stages: (1) modeling the sector-scan imaging 
geometry, (2) ROI extraction and robust ellipse fitting, (3) estimation of 
the rotation center via aspect-ratio measurements, (4) estimation of the 
angular sampling rate from ellipse center positions, and (5) construc-
tion of a unified polar-to-Cartesian unwarping transformation for both 
2D images and 3D height maps.

3.1.  System overview and assumptions

Fig. 1 illustrates the system setup and the resulting sector-scan image 
formation. Due to line-by-line acquisition during stage rotation, circular 
holes on the calibration plate are warped into ellipses, which serve as 
the geometric cues for subsequent parameter estimation.

The proposed formulation relies on several geometric assumptions. 
First, the rotation axis is assumed to be perpendicular to the imaging 
plane, ensuring that circular features are observed as ellipses under ro-
tational scanning. Second, the acquired scan line is assumed to pass 
through the center of the calibration disk. These assumptions establish 
stable geometric relationships for ellipse-based parameter estimation. 
Deviations from these conditions may introduce additional parameters 
and reduce estimation accuracy. The effects of such deviations are fur-
ther discussed in Section 5.5.

3.2.  Ellipses as geometric carriers in sector-scan imaging

In the proposed framework, ellipses are not treated merely as local 
image primitives, but as geometric carriers that encode the global sector-
scan sampling geometry. While individual ellipse parameters may be 
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Fig. 1. System configuration and sector-scan image formation. A line-scan camera is mounted above a rotating stage. A square circular-hole calibration plate is 
placed off-center on the stage. During rotation, line-by-line scanning produces a sector-shaped image in which circular holes are distorted into ellipses.

perturbed by noise, partial occlusion, or imperfect edge localization, 
their collective distribution exhibits stable trends that enable regression-
based estimation of the global calibration parameters.

This differs from classical calibration pipelines that rely on high-
precision feature correspondences. Here, geometric information is em-
bedded in the statistical consistency among multiple ellipses rather than 
any single measurement.

3.3.  Imaging geometry of rotating line-scan systems

Let the unknown rotation center in the acquired image be (𝑥𝑐 , 𝑦𝑐 ). 
Each image row corresponds to an angular position of the rotating stage. 
Let 𝑘 be the angular sampling rate (rad/row). For a pixel at (𝑥, 𝑦), we 
define the sector-scan coordinates w.r.t. the rotation center as
𝑟 = 𝑥 − 𝑥𝑐 , (1)

𝜃 = 𝑘 (𝑦 − 𝑦𝑐 ). (2)

Under this mapping, circular holes on a planar calibration plate appear 
as ellipses in the captured image (see Fig. 1). The goal is to estimate 
(𝑥𝑐 , 𝑦𝑐 ) and 𝑘 directly from the observed ellipses.

3.4.  ROI extraction and preprocessing

Reliable ellipse fitting requires accurate extraction of boundary 
points for each hole. The preprocessing stage includes: (1) global-to-
local ROI localization, (2) adaptive segmentation, (3) gradient-based 
subpixel edge localization, and (4) outlier suppression and contour reg-
ularization.

3.4.1.  Global hole localization
Let 𝐼(𝑥, 𝑦) be the captured line-scan image. We compute a smoothed 

version

𝐼𝑠 = 𝐺𝜎 ∗ 𝐼,

where 𝜎 is chosen to suppress line-scan noise while preserving bound-
aries. Candidate hole regions are detected by local intensity variance
𝑉 (𝑥, 𝑦) = Var(𝐼𝑠(𝑤(𝑥, 𝑦))),

where 𝑤 is a 𝑤 ×𝑤 window. Connected components satisfying 
𝑉 (𝑥, 𝑦) > 𝜏𝑣 are treated as coarse ROIs.

3.4.2.  Adaptive threshold segmentation
Within each ROI Ω𝑖, hole interiors are segmented using an adaptive 

threshold

𝑇𝑖 = 𝜇𝑖 − 𝜆𝜎𝑖,

where 𝜇𝑖 and 𝜎𝑖 are the mean and standard deviation of 𝐼𝑠 in Ω𝑖. Binary 
segmentation is defined as

𝐵𝑖(𝑥, 𝑦) =

{

1, 𝐼𝑠(𝑥, 𝑦) < 𝑇𝑖,
0, otherwise.

Morphological opening is applied to reduce isolated noise.

3.4.3.  Contour extraction and gradient-based edge localization
External contours are extracted via border-following. For each con-

tour pixel (𝑥𝑗 , 𝑦𝑗 ), we refine it using the local gradient ∇𝐼𝑠 = (𝐼𝑥, 𝐼𝑦). Let 
𝐧𝑗 = ∇𝐼𝑠∕‖∇𝐼𝑠‖ be the normalized gradient direction. A subpixel bound-
ary estimate (𝑥′𝑗 , 𝑦′𝑗 ) is obtained by 1D interpolation along 𝐧𝑗 , e.g., by 
locating a zero-crossing of the second directional derivative or an equiv-
alent edge-localization criterion.

3.4.4.  Outlier suppression and contour regularization
Raw contour points may include illumination artifacts, specular re-

flections, partial occlusion, or stripe noise. We fit a preliminary ellipse 
and remove outliers using a robust distance criterion (e.g., Mahalanobis 
distance) and then refit using the refined set.

3.4.5.  Noise model
We assume additive image noise arising from sensor readout noise, 

laser speckle, and surface reflectivity variations commonly observed in 
laser line-scan imaging systems:

𝐼(𝑥, 𝑦) = 𝐼0(𝑥, 𝑦) + 𝜂(𝑥, 𝑦), 𝜂 ∼  (0, 𝜎2𝑛 ),

which induces approximately Gaussian perturbations on extracted edge 
points:

(𝑥̃𝑗 , 𝑦̃𝑗 ) = (𝑥𝑗 , 𝑦𝑗 ) + (𝑛𝑥,𝑗 , 𝑛𝑦,𝑗 ), 𝑛𝑥,𝑗 , 𝑛𝑦,𝑗 ∼  (0, 𝜎2𝑒 ).

This model is used for uncertainty propagation in subsequent estimation.
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3.5.  Direct least-squares ellipse fitting

Each ROI contour is fitted to a general conic

𝐴𝑥2 + 𝐵𝑥𝑦 + 𝐶𝑦2 +𝐷𝑥 + 𝐸𝑦 + 𝐹 = 0, (3)

with the ellipse condition

𝐵2 − 4𝐴𝐶 < 0. (4)

Following Fitzgibbon et al. [31], the conic parameters 
𝐩 = (𝐴,𝐵, 𝐶,𝐷,𝐸, 𝐹 )⊤ are estimated by a constrained least-squares 
formulation. The geometric ellipse parameters are then recovered as

(𝑐𝑥,𝑖, 𝑐𝑦,𝑖), 𝑟𝑥,𝑖, 𝑟𝑦,𝑖, 𝛼𝑖,

representing center, semi-axes, and orientation. Ellipses with large resid-
uals or unreasonable aspect ratios are rejected. Such cases typically arise 
from incomplete contours, spurious edges, or fitting instability under 
low signal-to-noise conditions. Extremely elongated or nearly degener-
ate ellipses are excluded to ensure stable geometric parameter estima-
tion.

3.6.  Uncertainty propagation of ellipse measurements

Ellipse fitting is the primary source of uncertainty. Let 𝐩 denote the 
fitted conic parameters and 𝐪 = (𝑐𝑥, 𝑐𝑦, 𝑟𝑥, 𝑟𝑦)⊤ be the geometric param-
eters, related by 𝐪 = 𝐠(𝐩). To first order, the covariance of 𝐩 is approxi-
mated by

𝐂𝐩 ≈ 𝜎2𝑒 (𝐌
⊤𝐌)−1,

and the covariance of 𝐪 follows from linear error propagation

𝐂𝐪 = 𝐉𝐠𝐂𝐩𝐉⊤𝐠 ,

where 𝐉𝐠 is the Jacobian of 𝐠(⋅). The uncertainty of the aspect ratio

𝜌𝑖 =
𝑟𝑥,𝑖
𝑟𝑦,𝑖

is obtained by standard variance propagation:

Var(𝜌𝑖) =
1
𝑟2𝑦,𝑖

Var(𝑟𝑥,𝑖) +
𝜌2𝑖
𝑟2𝑦,𝑖

Var(𝑟𝑦,𝑖) −
2𝜌𝑖
𝑟2𝑦,𝑖

Cov(𝑟𝑥,𝑖, 𝑟𝑦,𝑖). (5)

3.7.  Ellipse geometry and linearized measurement model

Under the sector-scan mapping (1)–(2), a circular hole becomes an 
ellipse. In practice, the aspect ratio varies monotonically with the hole’s 
angular position. To connect this geometric behavior to a regression-
ready measurement model, we introduce a 1D ordering variable 𝑠𝑖 such 
that 𝜃𝑖 varies approximately affinely with 𝑠𝑖 over the calibration field of 
view:

𝜃𝑖 ≈ 𝜅 𝑠𝑖 + 𝜃0. (6)

In our setup, 𝑠𝑖 is chosen as the horizontal ellipse center coordinate, i.e., 
𝑠𝑖 ≡ 𝑐𝑥,𝑖, because the hole layout and imaging configuration make 𝑐𝑥,𝑖 a 
stable proxy for angular ordering.1

Within the practical scanning range, the aspect ratio can be locally 
linearized w.r.t. 𝑠𝑖:

𝜌𝑖 = 𝑎 𝑠𝑖 + 𝑏 + 𝜀𝑖, (7)

where (𝑎, 𝑏) are regression coefficients and 𝜀𝑖 summarizes measurement 
noise.

1 If the mechanical and optical configuration instead makes 𝑐𝑦,𝑖 more directly 
correlated with 𝜃, the same derivation applies by setting 𝑠𝑖 = 𝑐𝑦,𝑖.

3.7.1.  Rotation center estimation as linear regression
Stacking 𝑁 observations gives

𝐲 = 𝐇𝜽 + 𝜺, (8)

with

𝐲 =
[

𝜌1 𝜌2 ⋯ 𝜌𝑁
]⊤, 𝐇 =

⎡

⎢

⎢

⎢

⎢

⎣

𝑠1 1
𝑠2 1
⋮ ⋮
𝑠𝑁 1

⎤

⎥

⎥

⎥

⎥

⎦

, 𝜽 =
[

𝑎
𝑏

]

.

The OLS estimate is
𝜽̂OLS = (𝐇⊤𝐇)−1𝐇⊤𝐲.

The horizontal rotation center is recovered from the zero-crossing:

𝑥̂𝑐 = − 𝑏̂
𝑎̂ + 𝜖

, (9)

Because 𝑎̂ appears in the denominator, numerical instability may occur 
when 𝑎̂ approaches zero. In implementation, a small positive constant 𝜖
is added to the denominator to avoid division-by-zero without affecting 
the estimate under normal conditions. In practice, under the sector-scan 
geometry, the aspect ratio varies monotonically with angular position, 
yielding a non-zero slope. Therefore, near-zero slope estimates typically 
indicate degenerate configurations such as insufficient scan range or cor-
rupted ellipse measurements. To further improve robustness, we adopt 
robust line fitting (RANSAC followed by trimmed refinement) to sup-
press corrupted ellipses before final least-squares estimation.

3.7.2.  Uncertainty-aware (weighted) regression
Ellipse fitting yields heterogeneous uncertainties across ROIs. Let 

𝜎2𝜌,𝑖 = Var(𝜌𝑖) and define 𝚺𝜌 = diag(𝜎2𝜌,1,… , 𝜎2𝜌,𝑁 ). The WLS estimate is
𝜽̂WLS = (𝐇⊤𝚺−1

𝜌 𝐇)−1𝐇⊤𝚺−1
𝜌 𝐲. (10)

This covariance-weighted form down-weights ellipses with large uncer-
tainty and improves robustness when ROI quality varies.

3.7.3.  Error propagation to rotation center uncertainty
Let 𝐂𝑎𝑏 denote the covariance of (𝑎̂, 𝑏̂)⊤ under WLS:

𝐂𝑎𝑏 = (𝐇⊤𝚺−1
𝜌 𝐇)−1.

Using first-order error propagation on 𝑥𝑐 = −𝑏∕𝑎,

Var(𝑥̂𝑐 ) ≈ 𝐉𝑥𝑐𝐂𝑎𝑏𝐉⊤𝑥𝑐 , 𝐉𝑥𝑐 =
[

𝑏
𝑎2

− 1
𝑎

]

,

which expands to

Var(𝑥̂𝑐 ) =
𝑏2

𝑎4
Var(𝑎) + 1

𝑎2
Var(𝑏) − 2𝑏

𝑎3
Cov(𝑎, 𝑏). (11)

3.7.4.  Observability and sensitivity
The conditioning of the estimation is governed by the information 

matrix

𝐈𝑥 = 𝐇⊤𝚺−1
𝜌 𝐇.

When {𝑠𝑖} are tightly clustered, 𝐈𝑥 becomes ill-conditioned and the slope 
is weakly observable. To first order, the uncertainty obeys

Std(𝑥̂𝑐 ) ∝
𝜎̄𝜌

√

𝑁 Δ𝑠
, (12)

where Δ𝑠 is the span of {𝑠𝑖} and 𝜎̄𝜌 is a representative noise scale.
This motivates a practical ROI policy: prefer spatially distributed 

ROIs over densely clustered ones. In practice, a sufficiently large span 
of {𝑠𝑖} is recommended. For example, distributing ROIs across at least 
30%-50% of the field of view typically provides stable estimation. From 
a numerical perspective, using approximately 8-30 well-distributed ROIs 
is generally sufficient for reliable estimation, while further increasing 
the number of ROIs yields diminishing returns due to the low dimen-
sionality of the regression problem. Ellipses with large residuals or un-
certainties are rejected to further improve robustness. This is consistent 
with Eq. (16), where increasing the spatial span of the samples con-
tributes more significantly to estimation stability than simply increasing 
sample density.
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3.7.5.  Linearized model for angular sampling rate estimation
The angular sampling model (2) implies that the ellipse centers sat-

isfy

𝜃𝑖 = 𝑘(𝑐𝑦,𝑖 − 𝑦𝑐 ) + 𝜂𝑖, (13)

where 𝜂𝑖 summarizes center localization noise and possible non-uniform 
rotation.

Linearization and higher-order error. The above formulation is derived 
from a first-order linear approximation of the underlying nonlinear geo-
metric relationship. By expanding the exact model using a Taylor series, 
the residual error can be expressed as

𝜀𝑖 ≈
1
2
𝑓 ′′(𝜉𝑖) (𝑘(𝑐𝑦,𝑖 − 𝑦𝑐 ))2, (14)

where 𝜉𝑖 lies between the linearization point and the true value. This 
indicates that the approximation error grows quadratically with respect 
to the scanning angle.

Angular fluctuation modeling. To account for non-uniform angular ve-
locity, we further model the sampling angle as
𝜃𝑖 = 𝑘(𝑐𝑦,𝑖 − 𝑦𝑐 ) + 𝛿𝑖 + 𝜂𝑖, (15)

where 𝛿𝑖 represents small perturbations caused by angular velocity fluc-
tuation. These perturbations introduce additional bias in the regression 
but remain bounded under mild fluctuations.

Linear regression form. The model can be written as a linear regression
𝜃𝑖 = 𝑘 𝑐𝑦,𝑖 + 𝑑 + 𝜂′𝑖 , 𝑑 = −𝑘 𝑦𝑐 ,

where 𝜂′𝑖 = 𝜂𝑖 + 𝛿𝑖 + 𝜀𝑖 aggregates noise and model mismatch.
The least-squares estimate of 𝑘 is

𝑘̂ =
∑

𝑖(𝑐𝑦,𝑖 − 𝑐𝑦)(𝜃𝑖 − 𝜃̄)
∑

𝑖(𝑐𝑦,𝑖 − 𝑐𝑦)2
.

Assuming 𝜂′𝑖 ∼  (0, 𝜎2𝜃 ),

Var(𝑘̂) ≈
𝜎2𝜃

∑

𝑖(𝑐𝑦,𝑖 − 𝑐𝑦)2
, (16)

indicating that reliable estimation requires sufficient vertical distribu-
tion (i.e., large span of 𝑐𝑦,𝑖).

Practical applicability. In typical industrial setups, the effective scanning 
angular range is limited, under which the higher-order term 𝜀𝑖 remains 
bounded and is generally small compared to measurement noise.

3.8.  Estimation of rotation center via aspect ratio regression

Based on the linearized measurement model introduced in Sec-
tion 3.7, the horizontal rotation center 𝑥𝑐 is estimated from the regres-
sion between ellipse aspect ratios and ellipse center positions. This sub-
section focuses on the practical estimation strategy and robustness con-
siderations.

For the 𝑖th detected ellipse, the aspect ratio is defined as

𝜌𝑖 =
𝑟𝑥,𝑖
𝑟𝑦,𝑖

, (17)

where 𝑟𝑥,𝑖 and 𝑟𝑦,𝑖 denote the estimated major and minor axes, respec-
tively. Within the effective angular range of the sector-scan system, the 
aspect ratio varies approximately linearly with the horizontal ellipse 
center coordinate:
𝜌𝑖 = 𝑎 𝑐𝑥,𝑖 + 𝑏, (18)

where (𝑐𝑥,𝑖, 𝑐𝑦,𝑖) is the center of the 𝑖th ellipse, and (𝑎, 𝑏) are regression 
coefficients.

The horizontal coordinate of the rotation center is recovered from 
the zero-crossing of the fitted model:

𝑥𝑐 = − 𝑏
𝑎
. (19)

Based on the linearized measurement model introduced in Sec-
tion 3.6, the horizontal rotation center 𝑥𝑐 is estimated from the re-
gression between ellipse aspect ratios and ellipse center positions. This 
subsection focuses on the practical estimation strategy and robustness 
considerations. In typical calibration images, the number of detected el-
lipses ranges from 8 to 30, resulting in a small-scale regression problem 
with negligible computational cost.

3.8.1.  Baseline least-squares estimation
As a baseline, the coefficients (𝑎, 𝑏) can be estimated by ordinary 

least-squares (OLS) regression using all detected ellipses. This solution 
is computationally efficient and provides accurate results when all mea-
surements are well-behaved.

However, since the slope 𝑎 appears in the denominator of (19), the 
estimation of 𝑥𝑐 is highly sensitive to slope bias. Even a small number 
of severely corrupted ellipses-caused by partial occlusion, specular re-
flections, or failed contour extraction-can significantly degrade the OLS 
solution.

3.8.2.  RANSAC-based robust line fitting
To suppress gross outliers, a RANSAC-based line fitting strategy is 

employed. At each RANSAC iteration, a minimal subset of ellipse mea-
surements is randomly sampled to estimate a candidate line model. The 
residual of the 𝑖th measurement is evaluated as
𝜖𝑖 = |

|

𝜌𝑖 − (𝑎 𝑐𝑥,𝑖 + 𝑏)|
|

. (20)

Measurements whose residuals fall below a predefined threshold are 
classified as inliers. After a fixed number of iterations, the model sup-
ported by the largest inlier set is selected as the initial estimate. This 
step ensures that the estimated slope reflects the dominant geometric 
trend rather than being biased by a few erroneous ellipses.

RANSAC is adopted due to its robustness to gross outliers arising 
from ellipse fitting failures, incomplete contours, or spurious detections 
under degraded imaging conditions. In this application, the number of 
observations is small and the regression model is low-dimensional, mak-
ing RANSAC computationally efficient and sufficiently robust. More-
over, the extracted ellipse parameters are largely consistent, resulting in 
a high inlier ratio (typically above 95%), under which the randomness 
of RANSAC is reduced and the estimation becomes more stable. Since 
the dominant disturbances are sparse but significant outliers rather than 
dense noise, RANSAC provides an effective solution, and more complex 
robust estimators are unlikely to offer substantial additional benefits in 
this setting.

3.8.3.  Iterative residual-Based least square refinement (ILS)
While ordinary least squares (OLS) provides an efficient initial esti-

mate, it is sensitive to outliers and moderately corrupted measurements. 
To improve robustness without introducing random sampling, an itera-
tive residual-based refinement strategy is adopted.

Starting from the OLS solution, residuals are computed for all mea-
surements. The residual distribution is characterized by its mean 𝜇𝜖 and 
standard deviation 𝜎𝜖 . Measurements satisfying
𝜖𝑖 ≤ 𝜇𝜖 + 𝜆𝜎𝜖 , (21)

where 𝜆 ∈ [2, 3], are retained as reliable inliers, and the regression pa-
rameters are re-estimated using least squares.

This trimming-and-refitting procedure can be interpreted as a 
reweighted least squares process, where measurements with large resid-
uals are progressively suppressed. The iteration continues until conver-
gence, defined as
‖Δ𝐰‖ < 𝜀, (22)
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where 𝐰 = (𝑎, 𝑏) denotes the regression parameters and 𝜀 is a small 
threshold (e.g., 10−3).

In practice, due to the low dimensionality of the problem and the 
high inlier ratio, the algorithm typically converges within a few iter-
ations (2–3 iterations). A maximum iteration number is imposed as a 
safeguard against rare unstable cases.

This iterative refinement yields a stable and statistically consistent 
estimate of the regression parameters (𝑎, 𝑏) under moderate noise and 
partial outlier contamination.

The monotonic suppression of large residuals further promotes stable 
convergence behavior.

3.8.4.  Reliability and observability assessment
The reliability of the estimated rotation center is evaluated using 

the coefficient of determination 𝑅2 of the final regression. A high 𝑅2

indicates sufficient angular diversity among the detected ellipses and 
validity of the linear approximation in (18).

When the total scanned angle is too small, ellipses degenerate toward 
circles and the variation of 𝜌𝑖 becomes weak. In such cases, the regres-
sion becomes ill-conditioned and the estimation of 𝑥𝑐 is unreliable. This 
behavior provides a practical observability criterion for assessing cali-
bration quality.

3.9.  Sector-to-cartesian unwarping

Given the estimated parameters (𝑥𝑐 , 𝑦𝑐 , 𝑘), we perform inverse map-
ping to generate a rectified image without holes. For a target rectified 
pixel (𝑢, 𝑣), we define

𝑟 = 𝑢, 𝜃 = 𝑣Δ𝜃,

and map it back to the distorted image coordinate

𝑥 = 𝑥𝑐 + 𝑟, 𝑦 = 𝑦𝑐 + 𝜃∕𝑘.

Intensity values are obtained by bilinear interpolation. The unwarped 
image restores metric consistency and converts distorted ellipses back 
to circular holes.

3.10.  Extension to 3D height map correction

For laser profilometry, each observed height value 𝑍(𝑥, 𝑦) corre-
sponds to a 3D point whose in-plane coordinates are governed by the 
sector geometry. After correction,

𝑋 = 𝑟 cos 𝜃, (23)

𝑌 = 𝑟 sin 𝜃, (24)

𝑍 = 𝑍(𝑥, 𝑦), (25)

yielding a geometrically consistent point cloud in which distortions 
caused by sector sampling and mounting misalignment are suppressed. 
It should be noted that this transformation addresses geometric distor-
tions arising from scanning geometry, while system-level optical factors 
such as laser plane calibration and focal length variations are not ex-
plicitly modeled.

4.  Experiments

This section evaluates the proposed geometric calibration and un-
warping method on a real rotating line-scan 2D/3D imaging system. 
We report (1) ellipse detection and fitting accuracy, (2) estimation of 
global geometric parameters, (3) 2D image unwarping quality, (4) cor-
rection performance on 3D height maps, and (5) robustness analyses via 
controlled variations of ROI selection and regression strategies. All ex-
periments are conducted on an industrial laser line-scan measurement 
system mounted above a motorized rotary stage.

4.1.  Experimental setup

All experiments are conducted on a rotating laser line-scan measure-
ment system, as illustrated in Fig. 2. Unlike conventional setups that 
employ separate sensors for 2D and 3D acquisition, our system uses a 
single industrial 3D laser profiler to simultaneously acquire both 2D in-
tensity images and 3D height profiles.

Hardware configuration. The core sensing device is a laser triangula-
tion profiler (LPF2-050, OPT Machine Vision), mounted above a pro-
grammable precision rotary stage. The profiler employs a blue laser 
source with a wavelength of 405 nm, providing stable stripe contrast 
on metallic and reflective surfaces. The nominal working distance is 
500 mm, and the Z-axis measurement range is approximately 430 mm.

The profiler operates in line-scan mode and can be regarded as a 
3D line-scan camera: each acquired scan line yields a one-dimensional 
height profile via laser triangulation, while the corresponding reflected 
intensity values form a 2D line-scan image. As a result, both 2D intensity 
images and 3D height maps are generated from the same raw measure-
ments and share an identical sector-scan imaging geometry.

Each scan line contains 3200 sampling points along the lateral di-
rection, with a spatial sampling interval ranging from 58 𝜇m to 119 𝜇m 
depending on the working distance. According to manufacturer specifi-
cations, the repeatability is approximately 30 𝜇m along the X-axis and 
5 𝜇m along the Z-axis, with a linearity of ±0.02% of the full-scale range. 
These characteristics provide sufficient measurement fidelity for evalu-
ating geometric calibration and unwarping accuracy.

Rotating sector-scan configuration. During acquisition, the laser profiler 
remains stationary while the calibration target is mounted on the rotary 
stage and rotates at a constant angular velocity. This configuration pro-
duces a sector-scan (polar) sampling geometry, where successive scan 
lines correspond to different angular positions of the rotating stage. The 
profile acquisition rate is configured between 3000 and 18,000 profiles 
per second depending on the rotation speed, ensuring dense angular 
sampling while avoiding motion-induced artifacts.

Calibration targets and data representation. Three circular hole-pattern 
calibration plates made of different materials are used in the experi-
ments, each with distinct hole layouts and surface properties. All cali-
bration targets are mounted on the same rotary stage and scanned under 
identical acquisition settings.

A typical raw sector-scan image acquired by the laser profiler is 
shown in Fig. 3. Due to polar sampling induced by rotational motion, 
circular holes on the calibration plates are distorted into ellipses whose 
aspect ratios and center positions vary systematically across the field 
of view. These elliptical distortions encode the underlying sector-scan 
geometry and are largely insensitive to the material properties of the 
calibration targets.

The geometric parameters estimated from the ellipse analysis are 
subsequently used to construct a unified polar-to-Cartesian unwarping 
transformation. This transformation is applied consistently to both 2D 
line-scan intensity images and 3D laser-based height maps, enabling 
joint geometric correction within a single calibration framework.

4.2.  Evaluation metrics

To quantitatively evaluate the effectiveness of the proposed calibra-
tion and unwarping method, we adopt a set of geometry-driven metrics 
that jointly assess local shape recovery, global geometric consistency, 
and structural regularity. All metrics are computed automatically from 
corrected images without manual annotation.

The evaluation focuses on three complementary aspects: (i) circular-
ity of recovered holes, (ii) linearity of grid structures, and (iii) consis-
tency of spatial spacing.
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Fig. 2. Calibration targets and experimental setup. (a)–(c) Circular hole-pattern calibration plates made of different materials, including metallic and ceramic 
substrates, with varying hole layouts. Despite differences in material properties and geometric configurations, all targets produce consistent estimates of the rotation 
center and angular sampling parameters. (d) Real experimental setup consisting of a rotating stage and a laser line-scan profiler operating under sector-scan geometry.

Fig. 3. Raw line-scan image before calibration. Circular holes appear as ellipses 
due to sector-scan distortion.

4.2.1.  Circularity (roundness)
For each detected hole, an equivalent ellipse is estimated from 

second-order moments, yielding major and minor radii 𝑟𝑥 and 𝑟𝑦. The 
roundness is defined as

Roundness𝑖 =
min(𝑟𝑥, 𝑟𝑦)
max(𝑟𝑥, 𝑟𝑦)

. (26)

The overall circularity score is the mean roundness:

Roundness = 1
𝑁

𝑁
∑

𝑖=1
Roundness𝑖. (27)

4.2.2.  Linearity of grid structures
Let {𝐩𝑖} denote detected hole centers. A dominant grid direction is 

estimated using robust line fitting, and points are rotated accordingly. 
After grouping points into rows, the RMS deviation for row 𝑗 is

RMS𝑗 =

√

√

√

√

√

1
𝑀𝑗

𝑀𝑗
∑

𝑘=1
𝑑2𝑗𝑘, (28)

where 𝑑𝑗𝑘 is the perpendicular distance to the fitted line. The global 
linearity is

Linearity = 1
𝐽

𝐽
∑

𝑗=1
RMS𝑗 . (29)

Lower values indicate less residual distortion.

4.2.3.  Spacing consistency
Neighboring center distances {𝑠𝑖} are computed along the dominant 

grid direction. The coefficient of variation (CV) is used:

CVspacing =
𝜎𝑠
𝜇𝑠

, (30)

where 𝜇𝑠 and 𝜎𝑠 are the mean and standard deviation.

4.2.4.  Composite evaluation score
A composite score aggregates the normalized metrics:

Score = 𝑤𝑟𝑆round +𝑤𝑙𝑆lin +𝑤𝑐𝑆cons, (31)

with 𝑤𝑟 = 0.40, 𝑤𝑙 = 0.35, and 𝑤𝑐 = 0.25.
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Fig. 4. Examples of manual and automatic ellipse detection results.

4.3.  Ellipse detection and fitting accuracy

We extract 5–20 ROIs across the field of view manually, and alter-
natively use an automatic ellipse detection method to generate ROIs for 
each ellipse. Fig. 4 shows examples.

Ellipse fitting accuracy is quantified by the RMS algebraic distance:

𝜀 =

√

√

√

√

√

1
𝑁

𝑁
∑

𝑗=1

(

𝐴𝑥2𝑗 + 𝐵𝑥𝑗𝑦𝑗 + 𝐶𝑦2𝑗 +𝐷𝑥𝑗 + 𝐸𝑦𝑗 + 𝐹
)2

. (32)

Across all ROIs, the average fitting error is
𝜀avg = 0.42 pixels. (33)

4.4.  Estimation of rotation center and angular mapping

Using fitted ellipses, aspect ratios 𝜌𝑖 = 𝑟𝑥,𝑖∕𝑟𝑦,𝑖 are regressed against 
horizontal centers 𝑐𝑥,𝑖. The estimated rotation center is
𝑥𝑐 = −516.76, (34)

with coefficient of determination
𝑅2 = 0.998. (35)

Estimating the angular sampling rate 𝑘 using the linearized angular 
model in Section 3.7 (Eqs. (13)—( (14)) yields
𝑘 = 0.00402 rad/pixel, (36)

with residual angular error below 0.12◦ across all calibration holes.
A visualization of regression results is provided in Fig. 5.

4.5.  2D unwarping of the sector-scan image

Using the recovered parameters (𝑥𝑐 , 𝑦𝑐 , 𝑘), the entire image is un-
warped to a rectilinear grid. Fig. 6 compares raw and corrected images.

Circularity is additionally reported as

𝜖 =
|𝑟𝑥 − 𝑟𝑦|

𝑟𝑥
. (37)

Before correction: 𝜖before = 0.21 ± 0.08. After correction: 𝜖after = 0.02 ±
0.01.

4.6.  3D height map correction

The same transformation is applied to 3D line-scan data. Fig. 7 shows 
the results of the corrected 3D surface of the calibration board.

To assess the effect of geometric correction on 3D reconstruction, 
we analyze the geometric consistency of the reconstructed height maps 
before and after unwarping. After correction, the reconstructed surfaces 
exhibit significantly reduced residual geometric distortion and improved 

Table 1 
Effect of ROI count on calibration stability.
 ROI Count  Mean 𝑥𝑐 (px)  Std. Dev. (px)  Total Score
 5 −518.3  2.1  78.5
 8 −517.6  1.2  83.9
 10 −516.9  0.6  86.8
 15 −516.7  0.4  87.5
 20 −516.8  0.3  87.9
 Auto −516.8  0.3  88.1

spatial regularity, indicating that the proposed unwarping transforma-
tion effectively reduces geometric distortions related to rotational scan-
ning in 3D line-scan data.

4.7.  Statistical analysis

We analyze two key factors affecting calibration stability: ROI selec-
tion and regression strategy.

4.7.1.  Effect of ROI count on rotation center estimation
To evaluate the influence of the number of detected ellipses, we vary 

the number of ROIs used for regression while keeping their spatial dis-
tribution approximately uniform across the field of view (Fig. 8). For 
each configuration, a subset of 𝑁 ∈ {5, 8, 10, 15, 20} ellipses is randomly 
selected from the detected set. The "Auto" configuration corresponds 
to automatic ROI detection followed by robust regression with iterative 
residual-based least squares refinement (ILS). The procedure is repeated 
50 times.

Table 1 reports the mean estimated rotation center and the corre-
sponding standard deviation for different ROI counts. The estimation 
results under varying numbers of selected ellipses are summarized for 
comparison.

Fig. 9 shows representative ROI selection patterns at 50 rpm together 
with their corresponding evaluation or unwarping results.

4.7.2.  Comparison of regression strategies
We compare three regression strategies: ordinary least squares (OLS), 

RANSAC-based regression, and iterative residual-based least squares re-
finement (ILS). Experiments are conducted at rotation speeds from 20 
to 300 rpm. For each speed, the same set of detected ellipses is used, 
and only the regression strategy is varied.

Table 2 reports the evaluation scores obtained under different rota-
tion speeds and regression strategies. In addition, Table 3 summarizes 
the estimated rotation center xc, coefficient of determination R2, and 
the corresponding standard deviation for each method.
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Fig. 5. Regression of ellipse aspect ratios and angular mapping.

Fig. 6. 2D unwarping results of the sector-scan image. Circular holes are restored after correction.

Table 2 
Comparison of regression strategies under different rota-
tion speeds.
 RPM  Method  Total Score  Linearity  Roundness
 20  OLS  73.7  55.0  78.0

 RANSAC  87.0  85.7  85.0
 ILS  87.7  85.7  85.0

 50  OLS  75.5  53.5  83.5
 RANSAC  75.0  52.5  83.5
 ILS  75.0  53.0  83.5

 100  OLS  59.5  10.0  86.5
 RANSAC  60.0  12.0  86.0
 ILS  59.5  11.5  86.0

 300  OLS  94.0  96.0  95.0
 RANSAC  94.0  96.0  95.0
 ILS  89.7  80.3  95.0

4.8.  Robustness analysis under degraded imaging conditions

To further evaluate the validity of the linearization assumption 
adopted in the core derivations, we investigate the robustness of the 
proposed method under several degraded imaging conditions. These

conditions simulate practical factors that may introduce systematic er-
rors in ellipse estimation and affect the linearized geometric model, in-
cluding partial occlusion, image noise, and defocus blur.

Specifically, six representative scenarios are considered: original im-
ages, two types of partial occlusion (dark blob and mixed blob), two 
types of image noise (salt-and-pepper and speckle noise), and defocus 
blur. For each scenario, the ellipse extraction and geometric unwarping 
procedures are applied using the same calibration pipeline.

Parameter settings of degradation. All degraded scenarios are generated 
using the high severity level to simulate challenging industrial condi-
tions.

Specifically, for noise and blur: Gaussian blur is applied with kernel 
size 15 and standard deviation 𝜎 = 5.0; salt-and-pepper noise is added 
with corruption probability 0.12; speckle noise is modeled as multiplica-
tive noise with 𝜎 = 0.30.

For occlusion: Gaussian blob-based perturbations are used, where 
25–35 blobs are randomly generated, with spatial scale (standard devi-
ation) ranging from 20 to 80 pixels, and intensity up to 0.9, resulting in 
significant partial coverage of the ellipse boundaries.

These parameter settings correspond to moderate-to-severe degra-
dation levels, therefore providing a stress-test of the proposed method 
under adverse imaging conditions. The results are shown in Fig. 10.

Optics and Lasers in Engineering 203 (2026) 109793 

10 



L. Cao, W. Zhang, D. Feng et al.

Fig. 7. 3D height-map correction with corresponding 2D images. Left: 2D line-scan images. Right: reconstructed 3D height maps.

Fig. 8. Effect of ROI count on the stability of rotation center estimation. Error 
bars indicate ±1 standard deviation over repeated trials.

4.8.1.  Effect of partial occlusion
Partial occlusion is simulated by introducing dark blob and mixed 

blob disturbances that partially obscure the circular-hole patterns. These 
scenarios reduce the visible ellipse boundary and may affect ellipse fit-
ting accuracy. As shown in Fig. 10, the proposed method remains stable 
despite partial pattern occlusion, indicating that the linearization model 
is robust to incomplete geometric observations.

4.8.2.  Effect of image noise
To evaluate noise sensitivity, salt-and-pepper noise and speckle noise 

are added to the original images. These noise types represent impulsive 
noise and multiplicative noise commonly observed in industrial imaging 
systems. The results demonstrate that the ellipse extraction and geomet-
ric correction remain stable under moderate noise levels, suggesting that 
the linearized model is resilient to measurement noise.

Table 3 
Regression statistics for rotation center estima-
tion.

 Method 𝑥𝑐 (px) 𝑅2  Std. Dev. (px)
 OLS −503.1  0.962  3.8
 RANSAC −515.4  0.991  1.4
 ILS −516.8  0.998  0.5

4.8.3.  Effect of defocus blur
Defocus blur is introduced using Gaussian blur to simulate out-of-

focus imaging conditions. This degradation primarily affects edge sharp-
ness and ellipse detection accuracy. As shown in Fig. 10, the proposed 
method still produces consistent calibration and unwarping results, indi-
cating that the linearization assumption remains valid under moderate 
defocus conditions.

4.9.  Summary

The experimental results confirm that the proposed method accu-
rately estimates the rotation center and angular sampling, restores cir-
cularity of calibration holes to subpixel accuracy, and substantially im-
proves 3D reconstruction consistency. Further interpretation and prac-
tical guidelines are provided in Section 5.

5.  Discussion

The experimental results demonstrate that elliptical distortions of 
circular-hole patterns provide strong geometric constraints for calibrat-
ing rotating line-scan imaging systems. We discuss observability condi-
tions, robustness to ROI selection and fitting noise, applicability to 3D 
profilometry, and practical limitations and extensions.

5.1.  Observability and sensitivity to angular coverage

A key requirement for stable parameter estimation is sufficient an-
gular variation among detected ellipses. When the total scanned angle 

Optics and Lasers in Engineering 203 (2026) 109793 

11 



L. Cao, W. Zhang, D. Feng et al.

Fig. 9. Representative ROI selection patterns at 50 rpm and corresponding results.

exceeds approximately 10◦, ellipse aspect ratios vary significantly across 
the field of view and lead to stable regression results (𝑅2 > 0.99 in most 
experiments). When the angular range becomes too small, ellipses ap-
proach circular shapes and the aspect-ratio model becomes weakly infor-
mative. In such cases, rotation center estimation becomes ill-conditioned 
and the recovered parameters exhibit higher variance. In practice, the 
calibration plate should span at least several degrees of rotation during 
acquisition to ensure reliable observability.

5.2.  Influence of ROI distribution and statistical consistency

The results in Section 4.7.1 indicate that calibration stability depends 
on both ROI count and spatial distribution. Using a small number of 
ellipses can already yield a reasonable estimate of the rotation center, 
while increasing ROI count reduces variance. This behavior implies that 
the calibration framework does not require highly precise measurements 

for each ellipse; instead, it benefits from aggregating multiple weak ob-
servations distributed across the field of view.

From a geometric perspective, ellipses located at different radial 
and angular positions provide complementary constraints on the rota-
tion center. Sparse or locally clustered ROI selections may undercon-
strain certain deformation components, whereas distributed ROIs im-
prove observability by sampling a wider range of rotational distortions. 
The improved stability with larger ROI sets also supports a statistical-
consistency view: individual ellipse fits may be noisy or partially cor-
rupted, but their errors remain approximately unbiased, so aggregation 
suppresses random errors.

5.3.  Noise robustness and regression strategy

The comparison in Section 4.7.2 highlights the impact of outliers 
and fitting noise. Table 2 compares different regression strategies un-
der varying rotation speeds using image-based geometric metrics, while
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Fig. 10. Robustness evaluation under degraded imaging conditions. Top row: input images under different degradations. Middle row: ellipse extraction results. 
Bottom row: corrected images after geometric unwarping. From left to right: original, dark blob occlusion, mixed blob occlusion, salt-and-pepper noise, speckle 
noise, and Gaussian blur. The results demonstrate that the proposed method remains stable under various imaging degradations.

Table 3 focuses on the statistical properties of the estimated rotation cen-
ter. Several important observations can be drawn. First, ordinary least 
squares (OLS) regression exhibits noticeable bias and instability, as re-
flected by a relatively low 𝑅2 value and a large standard deviation of 
the estimated rotation center. This behavior indicates that OLS is highly 
sensitive to corrupted or poorly fitted ellipses, which are unavoidable 
in practical sector-scan imaging. Second, RANSAC-based regression sig-
nificantly improves robustness by suppressing gross outliers, leading to 
higher 𝑅2 values and reduced variance. However, the remaining estima-
tion variance suggests that random sampling alone does not fully exploit 
the statistical consistency among inlier ellipses. Finally, the proposed it-
erative residual-based least squares refinement (ILS) achieves the most 
stable and accurate results across all evaluated conditions. As shown in 
Table 3, ILS yields the highest 𝑅2 value (0.998) and the lowest standard 
deviation (0.5 px), indicating both strong linear consistency and supe-
rior estimation precision. These results confirm that combining outlier 
rejection with iterative refinement is essential for reliable rotation cen-
ter estimation in the presence of measurement noise and partial ellipse 
corruption.

In summary, OLS is sensitive to corrupted ellipse measurements 
because individual fitting errors directly propagate into the regres-
sion model. RANSAC improves robustness by suppressing gross outliers 
through random sampling, but may introduce additional variance due to 
sampling randomness. ILS mitigates this trade-off by first rejecting out-
liers and then refining the model using statistically consistent samples, 
leading to improved stability across rotation speeds.

5.4.  Applicability to 3D laser profilometry

The proposed geometric model is directly applicable to 3D line-scan 
profilometry, requiring only a modification of the lateral coordinate 
mapping to the real-world size under polar geometry. When applied to 
3D height profiles acquired by the laser profiler, the same unwarping 
transformation reduces rotational sampling artifacts and improves geo-
metric consistency of the reconstructed surfaces. It should be noted that 
the proposed correction primarily addresses distortions caused by scan-
ning geometry. Other factors affecting measurement accuracy, such as 
laser plane calibration and focal length variations, are not explicitly con-
sidered in the current model. Therefore, the method improves geomet-
ric consistency but does not fully compensate for system-level optical 
errors. These results indicate that the proposed method can be extended 
to 3D line-scan data within a unified geometric framework.

5.5.  Limitations

Despite its practical effectiveness, the proposed method has several 
limitations. First, the current formulation assumes the rotation axis is 
perpendicular to the image plane; axis tilt or wobble would require ad-
ditional parameters to model perspective-induced deformation. Second, 
very small scanned angles reduce observability of both the rotation cen-
ter 𝑥𝑐 and the polar scaling factor 𝑘 as ellipses become nearly circu-
lar. Third, strong lens distortion may interact with polar deformation 
and bias ellipse fitting; undistortion should be applied when significant 
distortion is present. Fourth, the current derivation assumes that the 
acquired scan line (i.e., the laser/camera line-of-sight in the image do-
main) passes through the disk center. If the scan line is laterally offset 
from the disk center, an additional offset parameter (and corresponding 
constraints) is required; otherwise, the estimated rotation center may 
be biased. Finally, non-planarity or warping of the calibration plate can 
introduce systematic deviations in estimated ellipse centers.

5.6.  Future extensions

Future work includes extending the model to account for axis tilt 
and eccentricity, designing calibration targets optimized for observabil-
ity under limited angular motion, incorporating learning-based ellipse 
detection/fitting for low-SNR scenarios, and developing online parame-
ter updating to compensate for thermal drift or dynamic misalignment.

6.  Conclusion

This paper presented a complete geometric calibration and unwarp-
ing framework for rotating line-scan 2D and 3D imaging systems based 
on elliptical distortions of circular-hole calibration patterns. By jointly 
exploiting ellipse centers, aspect ratios, and orientations under sector-
scan geometry, the proposed method estimates the rotation center and 
angular sampling rate in a fully image-driven manner, without requir-
ing mechanical measurements, encoders, or external metrology instru-
ments.

The method relies on a simple circular-hole calibration plate and a 
unified sector-to-Cartesian unwarping model, which is consistently ap-
plied to both 2D intensity images and 3D line-scan data. All ellipse de-
tection, parameter estimation, and regression steps can be performed 
automatically, and robustness is achieved through statistical aggrega-
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tion of multiple weak geometric observations rather than highly precise 
local feature extraction.

Experiments on real industrial systems demonstrate that the pro-
posed framework effectively corrects sector-scan distortions, restores 
the geometric regularity of circular features in 2D images, and signif-
icantly reduces rotational sampling artifacts in reconstructed 3D sur-
faces. These results confirm that the method is applicable to both 2D 
and 3D rotating line-scan imaging within a single geometric calibration 
framework.

Overall, the proposed approach provides a low-cost, encoder-free, 
and deployable solution for calibrating rotating line-scan cameras and 
laser profilometers, with strong potential for industrial inspection, 
metrology, and automated manufacturing applications.
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