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High-precision binocular camera calibration serves as the cornerstone for 3D recon-
struction. Despite existing advances in calibration methods, the inherent sub-pixel
accuracy of feature points remains compromised by various degradations, such as
noise, blur, and distortion, which fundamentally constrain the accuracy and practi-
cal performance in uncontrolled real-world scenarios. This paper proposes a novel
geometric-fusion calibration framework that introduces saddle point preservation and
unbiased cell centroids based on the binocular epipolar line constraints to maintain
the flexibility and robustness of global feature points for the first time, substantially
advancing structured light 3D reconstruction accuracy. Extensive experiments demon-
strate that the proposed method enhances the robustness of corner coordinates against
noise, blur, and distortion and reduces reprojection error by 17%. More importantly,
we validate significant improvements in point cloud accuracy for real-world 3D recon-
struction tasks, establishing the practical value of our approach for precision-critical
applications like medical endoscopy, AR/VR systems, and embodied AI platforms.

26,27

I. INTRODUCTION of the relative pose between cameras

, and calibration

Binocular camera calibration’® is foundational to
computer vision and 3D sensing, as it determines the
intrinsic parameters of each camera and the stereo ge-
ometry that links the two views. Accurate calibration
is therefore central to a broad range of downstream
tasks®?, and is particularly critical for structured-light
3D reconstruction (SL3D)!**. In SL3D, known pat-
terns are projected onto a scene and the deformed ob-
servations are captured by a calibrated stereo pair'®'®;
the recovered surface depends not only on the coding
and decoding strategy'®-2°, but also on the fidelity of the
underlying stereo model. Calibration errors propagate
through phase decoding and stereo correspondence, ulti-
mately setting the accuracy ceiling of the reconstructed
3D geometry?! 23,

Despite sustained progress, binocular calibration re-
mains brittle in practical deployments. A persistent
limitation is the reliability of sub-pixel feature localiza-
tion?42®. Image noise, illumination variations, optical
blur, and imperfections or deformation of the calibration
target can introduce systematic biases in detected fea-
tures, which are amplified during geometric estimation.
Moreover, binocular systems require accurate recovery

accuracy often degrades toward the periphery of the field
of view?®, yielding spatially non-uniform errors across the
measurement volume. Together, these effects undermine
both the stability of estimated parameters and the trans-
ferability of calibration to real SL3D acquisitions.

Two lines of recent advances motivate a more robust
formulation. The first leverages geometric structure:
planar calibration targets such as checkerboards embed
strong priors—including orthogonality, parallelism, and
equidistance—that can regularize feature extraction and
suppress noise-induced variability?**°. The second arises
from learning-based image restoration: super-resolution
methods can recover sharper edges and richer local detail
from degraded observations, improving the signal quality
available for subsequent geometric processing® 33. How-
ever, existing approaches typically exploit these cues in
isolation, and most calibration pipelines still rely pre-
dominantly on corner measurements, leaving them vul-
nerable when corners are blurred, distorted, or locally
ambiguous>* 38,

Here we present a geometry-driven, two-stage binocu-
lar calibration framework, GeoRobustCalib, which mod-
els each checkerboard cell as a geometric primitive and
introduces an unbiased cell centroid as a complemen-
tary constraint. As shown in Fig. 1, we enhance fea-
ture observability using geometry-aware super-resolution
restricted to the checkerboard region, then localize cor-
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FIG. 1: A new binocular camera calibration framework based on geometric prior information. (a) The main

purpose is to improve the calibration robustness under noise,

blur, and distortion. (b) The main method is to improve the

calibration accuracy by calculating the sub-pixel corners and centroids of mass of the calibration plate. (d) Geometric prior
calibration framework process. (¢) Using the calculated binocular calibration parameters to achieve higher-precision structured

light 3D reconstruction.

ners at sub-pixel precision via saddle-point fitting while
estimating cell centroids that remain stable under com-
mon degradations. Building on these features, we adopt
a two-stage optimization in which corners provide strong
constraints and centroids act as soft geometric priors with
lightweight epipolar regularization, improving global con-
sistency without sacrificing flexibility. Experiments on
both synthetic data and real structured-light systems
demonstrate reduced reprojection error (up to 17%) and
consistently improved point-cloud accuracy, indicating a
practical route to robust, precision-grade calibration for
SL3D and general binocular 3D sensing.
II. RESULTS

Experimental setup

All experiments are performed on a binocular SL3D
measurement platform consisting of two synchronized
grayscale cameras and a MEMS-based projection mod-
ule, as shown in Fig. E1. The cameras share identical
imaging settings (native 4 : 5 aspect ratio, fixed aper-
ture F/2.5, and a 6 mm fixed-focus lens with the focus
set to 2.6 m) and operate in global-shutter mode to mit-
igate motion-induced artifacts during pattern projection
and capture. The projector uses a single-axis MEMS
micro-vibration mirror to display coded stripe patterns

for SL3D reconstruction.

Our geometry-aware checkerboard super-resolution
and centroid-assisted calibration pipeline is implemented
in Python, using OpenCV for image processing and cal-
ibration, and PyTorch for the super-resolution back-
bone. Training is conducted on a workstation with four
NVIDIA GPUs (16 GB memory each) under CUDA 11.8.
Matlab is used for auxiliary visualization and SL3D re-
construction analysis.

To evaluate GeoRobustCalib comprehensively, we con-
struct a hybrid dataset with roughly equal portions
of synthetic and real calibration images, as shown in
Fig. E2. For real data, a physical checkerboard is
mounted on a six-axis robotic arm or adjusted manu-
ally; for each configuration, about 30 images are cap-
tured under diverse poses and viewpoints to emulate
practical variations in geometry and illumination. For
synthetic data, a high-fidelity checkerboard is modeled
in Blender and rendered through a simulated binocular
imaging chain with controlled noise, blur, and distortion,
providing ground truth for corners, centroids, and cam-
era parameters.

We report results at three levels: (i) feature-level lo-
calization accuracy for corners and cell centroids; (ii)
calibration-level metrics including reprojection RMS er-
ror, centroid reprojection bias and vertical disparity af-
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FIG. 2: Robust sub-pixel corner localization under controlled degradations. (a) Three representative perturbation
factors used to stress-test corner extraction on checkerboard images: additive Gaussian noise with standard deviation NS,
corner-geometry variation quantified by the corner opening angle CA (intersection of two edges), and Gaussian blur with
standard deviation BS. For each factor we show a zoomed corner patch (Corner, top) together with the corresponding global
checkerboard appearance (Global, bottom). (b—d) Robustness sweeps over (b) increasing noise levels (NS), (c¢) varying corner
angles (CA, with additional radial-distortion variations indicated by k1), and (d) increasing blur levels (BS). Each panel reports
representative Corner and Global visual results and two quantitative metrics: the sub-pixel localization error at the evaluated
corner (left plots) and the average error aggregated over the full checkerboard (right plots). Across all degradations, the proposed
pipeline (Ours) preserves the checkerboard lattice and maintains stable corner positions, whereas the Harris baseline exhibits
pronounced error growth under strong noise and blur, leading to degraded corner accuracy and reduced global consistency.
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FIG. 3: Two-stage calibration consistently reduces reprojection error. (a) Histogram of per-image corner reprojection
RMS error over all calibration views for Stage 1 (initial optimisation) and Stage 2 (refined optimisation). Dashed vertical lines
indicate the mean error of each stage, showing a clear shift toward lower residuals after Stage 2. (b) The same analysis for
centroid-based reprojection error, where each checkerboard cell is treated as a geometric primitive and its unbiased centroid
is reprojected. Stage 2 yields a pronounced reduction in both the central tendency and the long-error tail. (c) Empirical
cumulative distribution functions (CDFs) of corner reprojection error across all images. The Stage 2 curve rises faster and
reaches unity earlier, confirming that the refinement improves not only the average case but also suppresses larger-error outliers
across views.
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FIG. 4: Parameter stability under controlled image degradations. (a—c) Perturbation protocols used to generate 18
degraded calibration sets. We independently sweep (a) additive Gaussian noise with standard deviation NS, (b) Gaussian blur
with standard deviation BS, and (c¢) radial distortion by varying the first-order coefficient k1, and show representative degraded
checkerboard observations for each case. (d—h) Estimated intrinsic parameters and the first radial distortion coefficient obtained
by calibrating each degraded set, comparing the proposed two-stage method (Proposed, blue) against a standard Zhang-style
implementation (Zhang’s/MATLAB, red). The black dashed line indicates the reference value (GT) obtained from clean data;
error bars show the variability across images within each set. Across all perturbation sweeps, our estimates remain tightly
clustered around the reference with minimal drift, whereas the baseline exhibits increasing bias and variance under stronger
blur and distortion, indicating reduced robustness of the conventional pipeline in degraded acquisition conditions.

ter rectification; and (iii) reconstruction-level point-cloud
RMSE with respect to reference geometry. Unless oth-
erwise stated, reprojection errors are in pixels and 3D
errors in millimeters.

Sub-pixel corner and centroid localization under
degradation

We first assess feature robustness under controlled
degradations using synthetic checkerboard images with
known ground-truth corners. Following the settings sum-
marized in Fig. 2(a), we vary the Gaussian noise standard
deviation (NS), Gaussian blur standard deviation (BS)
and radial distortion coefficient K; over wide ranges, and
compare our geometry-aware SR plus saddle-point refine-
ment against the classical Harris detector.

As shown qualitatively in Fig. 2(b)—(d), Harris progres-
sively exhibits localization drift as degradation increases,
with corners shifting along edges and failures emerging

at severe interference. In contrast, our method main-
tains coherent grid structure and stable corner positions,
even at NS = 0.3, BS = 4.0, or K; = £0.15. This behav-
ior reflects two complementary design choices: geometry-
aware SR enhances only the checkerboard ROI to recover
edge contrast where it matters, and saddle-point fitting
explicitly enforces the four-quadrant intensity configura-
tion of an ideal checkerboard corner. The same pipeline
further supports the construction of unbiased cell cen-
troids from polygon moments, providing higher-level ge-
ometric primitives that remain consistent with the under-
lying grid across all tested degradations and can be used
as soft constraints in the subsequent refinement stage.

Centroid-assisted two-stage calibration accuracy

We quantify how the centroid-assisted Stage 2 refine-
ment improves upon the standard corner-only initializa-
tion (Stage 1). Fig. 3 reports reprojection error statis-
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FIG. 5: Calibration accuracy and epipolar alignment evaluation of the proposed two-stage binocular calibration.
(a,b) Representative left/right calibration images of the checkerboard target. (c) Estimated relative poses of the calibration
board over 30 views together with the stereo rig geometry in the rig coordinate frame (axes in mm). (d1) View- and corner-wise
reprojection error of the left camera visualized as a 3D surface (error in pixels), showing the non-uniform error distribution
across calibration views and corner indices. (e) Corner-wise reprojection error for a representative board, comparing the
baseline calibration (Original, MATLAB calibration toolbox) and our method (Proposed). (f) Mean reprojection error over
all corners for each of the 30 calibration views; the proposed method consistently reduces the error across the sequence.
(d2) Heatmap of reprojection error distribution across corner indices as the number of calibration images varies; dashed lines
highlight two representative settings (Num= 7 and Num= 19). (g) Schematic of epipolar correction for a binocular system:
after rectification, ideal correspondences should lie on the same horizontal epipolar line, and vertical offsets are measured
and compensated. (h) Geometric illustration of vertical-parallax reduction before/after correction. (i) Overlay of rectified
corner correspondences demonstrating improved horizontal alignment. (j) Per-corner vertical parallax magnitude |y — yr|
after rectification; the proposed calibration substantially suppresses vertical disparity compared with the baseline, indicating
tighter epipolar consistency under real calibration conditions.

tics across a large set of calibration images. Stage 2 re-
duces the mean corner reprojection RMS from 0.061 px to
0.056 px (Fig. 3(a)) while preserving a tight distribution,
indicating that refinement does not introduce outliers.
The improvement is more pronounced for centroids: the
mean centroid reprojection error drops from 0.12px to
0.088px (Fig. 3(b)). The CDF in Fig. 3(c) shows that
Stage 2 yields lower errors for nearly all images, sup-
porting the role of unbiased centroids as effective priors
that regularize distortion and extrinsic estimation with-
out weakening the corner constraints.

We further evaluate generalization against three
representative baselines: OpenCV toolbox®’, Wang’s

checkerboard-based method?*®, and the Matlab calibra-
tion toolbox*!', using three additional calibration sets
captured under distinct conditions. Table I summarizes
reprojection RMS errors. Across all sets, GeoRobust-
Calib (Stage 1 + Stage 2) achieves the lowest reprojection
RMS. On Set-1, the reprojection RMS decreases from
0.1241 px (Matlab toolbox) to 0.0931 px, corresponding
to a reduction of about 25%. On Set-2 and Set-3, our
method improves upon the strongest baseline by approx-
imately 10%-15%. These results indicate that fusing SR-
enhanced features with saddle-point refinement and cen-
troid priors improves calibration beyond the training dis-
tribution and remains effective under unseen poses and



imaging conditions.

Beyond feature-level robustness, we test whether the
complete pipeline yields stable camera parameters when
calibration images are perturbed. Using the synthetic
dataset, we generate 18 degraded calibration sets by
sweeping noise, blur and radial distortion according to
Fig. 2, and estimate binocular parameters using our full
pipeline and the Matlab baseline. Fig. 4 tracks the evo-
lution of focal length, principal point and k; as degra-
dations intensify. Across all three perturbation types,
parameters estimated by GeoRobustCalib remain nearly
invariant and close to the ground-truth reference, sug-
gesting that residual feature bias is effectively suppressed
at the optimization level. By contrast, the baseline ex-
hibits noticeable drift, particularly in the principal point
and distortion coefficient, under strong blur or geomet-
ric distortion. These results demonstrate that combining
SR~enhanced observability with saddle-point refinement
and centroid-guided Stage 2 optimization improves not
only local feature accuracy but also the global stability
of the calibrated camera model under adverse imaging
conditions.

Ablation analysis

To disentangle the contribution of each component,
we perform an ablation study on our binocular dataset.
Starting from a Zhang-style baseline that uses raw
corners only (no SR, no saddle-point refinement, no
centroid-assisted Stage 2), we progressively add: (i)
geometry-aware checkerboard SR (SR), (ii) saddle-point
corners and unbiased centroids (SPC), and (iii) centroid-
assisted two-stage refinement (2-Stage). Quantitative re-
sults are reported in Table II.

The baseline yields a corner RMS of 0.165 px, a cen-
troid bias of 0.118 px, a reprojection RMS of 0.181 px,
and a 3D RMSE of 0.208mm. SR alone provides con-
sistent but modest gains, indicating that improved lo-
cal contrast benefits downstream geometry. Adding SR
+ SPC (corner-only calibration) produces a larger im-
provement, reducing reprojection RMS to 0.145px and
3D RMSE to 0.171 mm, confirming that saddle-point re-
finement and centroid construction reduce degradation-
induced localization bias. The full system (SR + SPC +
2-Stage) achieves the best overall performance (reprojec-
tion RMS 0.136 px; 3D RMSE 0.157 mm), corresponding
to reductions of about 24.9% and 24.5% relative to the
baseline, respectively. These results support a comple-
mentary effect: SR enhances feature observability, SPC
reduces local bias, and Stage 2 further removes system-
atic residuals through centroid regularization.

Complementary to Table II, Fig. 5 provides a view-
level and point-level diagnosis of the binocular calibra-
tion and the resulting epipolar consistency. We first
show representative checkerboard observations from the

left and right cameras (Fig. 5a,b) and the recovered dis-
tribution of calibration-board poses together with the
stereo rig geometry (Fig. 5c¢), illustrating the diversity
of viewpoints used in the optimisation. The reprojec-
tion behaviour of the baseline solution is further visu-
alised by a per-view/per-corner error surface (Fig. 5d1)
and a corresponding error map across images and cor-
ner indices (Fig. 5d2), where two representative settings
(Num= 7 and Num= 19) are highlighted to indicate how
error patterns vary with the number of views. We then
directly compare the corner reprojection error between
the MATLAB toolbox (Original) and our full configura-
tion (Proposed). For an individual board, our method
lowers the error across most corners (Fig. 5e), and this
improvement persists over all 30 calibration views when
plotting the mean reprojection error per image (Fig. 5f),
indicating a more stable and accurate calibration across
viewpoints. Finally, we evaluate epipolar alignment after
stereo rectification. The principle of epipolar correction
and the associated vertical-parallax metric are illustrated
schematically (Fig. 5g,h), and a qualitative overlay of rec-
tified corner correspondences confirms tighter alignment
(Fig. 5i). Quantitatively, the per-corner vertical paral-
lax is markedly reduced by our method (Fig. 5j), yield-
ing an average vertical disparity of ~ 0.01 px, compared
with ~ 0.037px for the MATLAB toolbox. This near-
elimination of residual vertical mismatch indicates sub-
stantially improved epipolar consistency, which directly
benefits downstream stereo matching and structured-
light 3D reconstruction under real calibration conditions.

Structured-light 3D reconstruction

Finally, we test whether the calibration improvements
translate into downstream SL3D measurement gains.
We integrate the estimated parameters into a standard
phase-based SL3D pipeline and evaluate four representa-
tive scenes with varying geometric complexity (Fig. 6).
Using the proposed calibration, we decode absolute phase
(Fig. 6(b)) and triangulate dense point clouds (Fig. 6(c)).
Reconstructions obtained with GeoRobustCalib are visu-
ally smoother, exhibit fewer holes and preserve sharper
geometric details, especially on curved surfaces and fine
structures.

For quantitative evaluation, we compute surface
RMSE against high-quality reference reconstructions. As
summarized in Fig. 6(d, e), GeoRobustCalib consis-
tently outperforms the Matlab calibration toolbox across
all scenes. RMSE decreases from about 0.26-0.33 mm
with the baseline calibration to about 0.14-0.20 mm with
GeoRobustCalib, corresponding to an error reduction of
roughly 30%. These results indicate that improving cal-
ibration robustness yields tangible benefits in practical
SL3D reconstruction quality under realistic imaging con-
ditions.
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FIG. 6: Improved binocular calibration translates to higher-fidelity structured-light 3D reconstruction. (a)
Representative captured fringe patterns from four test scenes (Scene 1-4); insets show zoomed regions highlighting fine stripe
details and challenging surface reflectance/geometry. (b) Absolute phase maps recovered by phase decoding from the captured
fringes (phase range encoded by the colour bar). (c) Dense 3D point clouds obtained by stereo triangulation using the
corresponding calibration parameters. (d,e) Reconstruction error visualisations on a planar target (Scene 1), a sphere (Scene 2),
a complex industrial object (Scene 3), and a textured sculpture (Scene 4). Errors are computed by fitting the appropriate
geometric primitives (plane/sphere) or by surface-to-surface deviation for complex shapes, and are colour-coded in millimetres
with the RMS reported above each plot. Using the proposed calibration (e) consistently reduces the RMS error relative to the
baseline MATLAB toolbox result (d), yielding cleaner planar depth, less distortion on curved surfaces, and sharper recovery of
fine structures (see zoom-in on Scene 4).



TABLE I: Cross-dataset evaluation on additional calibration sets. Best results are in bold, second best are underlined.

Method Set-1 Reproj. RMS |

Set-2 Reproj. RMS |

Set-3 Reproj. RMS |

Opencv-toolbox>? 0.2240
Wang’s method*? 0.1742
Matlab-toolbox*! 0.1241
Ours Stage 142 0.0931

0.1075 0.0831
0.0736 0.0325
0.0668 0.0293
0.0590 0.0269

TABLE II: Ablation study of the three proposed modules on our binocular dataset. SR: geometry-aware checkerboard super-
resolution; SPC: saddle-point corners and unbiased centroids; 2-Stage: centroid-assisted two-stage calibration. Best results are

in bold, second best are underlined.

Method Corner RMS |  Centroid bias |  Reproj. RMS | 3D RMSE |
(px) (px) (px) (mm)

matlab (baseline, no SR/SPC/2-Stage) 0.165 0.118 0.181 0.208

+ SR only 0.152 0.111 0.170 0.196

+ SR + SPC (corner-only calib.) 0.131 0.086 0.145 0.171

Full (SR + SPC + 2-Stage, ours) 0.124 0.072 0.136 0.157

III. DISCUSSION

GeoRobustCalib improves binocular calibration by
coupling feature observability, local geometric fidelity
and global stereo consistency. The key idea is to move
beyond corner-only constraints by treating each checker-
board cell as a geometric primitive: saddle-point fit-
ting stabilizes corner localization at sub-pixel precision,
while unbiased cell centroids provide complementary,
degradation-resistant cues that regularize distortion and
extrinsic estimation under epipolar consistency. The re-
sulting two-stage formulation preserves the strong con-
straints of corners and uses centroids as soft priors to
remove residual systematic bias, yielding both lower re-
projection error and improved parameter stability under
noise, blur and distortion.

The improved calibration is consequential for
structured-light metrology. Because SL3D reconstruc-
tion couples phase decoding and triangulation to the
calibrated stereo model, parameter drift and spatially
non-uniform calibration errors directly translate into
surface noise, holes and biased geometry. By reducing
feature-level bias and stabilizing intrinsic and distor-
tion parameters, GeoRobustCalib tightens epipolar
alignment and improves reconstruction fidelity across
diverse scenes, consistent with the observed reduction in
point-cloud RMSE.

Several limitations motivate future work. First, super-
resolution performance may depend on the appearance
and capture conditions of the calibration target; extend-
ing the training strategy to broader target materials and
severe illumination regimes may further improve robust-
ness. Second, while centroids regularize the solution ef-
fectively, the optimal weighting schedule can vary with
imaging quality and target coverage; adaptive weight-
ing driven by uncertainty estimates could provide a prin-
cipled alternative. Finally, exploring alternative planar
targets and extending the geometric-fusion formulation
to multi-camera rigs may broaden applicability to emerg-

ing compact 3D systems.

Overall, GeoRobustCalib offers a unified calibration
route that explicitly fuses learning-enhanced observabil-
ity with geometric consistency. Starting from geometry-
aware super-resolution restricted to the checkerboard
ROI, the method refines sub-pixel corners via saddle-
point fitting and derives unbiased cell centroids as
degradation-resistant geometric primitives. These com-
plementary measurements are then integrated in a
centroid-assisted two-stage optimization, where corners
act as hard constraints and centroids (together with
lightweight epipolar regularization) serve as soft priors
to suppress residual bias in distortion and extrinsics. By
coupling local feature fidelity with global stereo consis-
tency, the proposed framework yields stable, precision-
grade binocular calibration and translates these gains
into improved structured-light 3D reconstruction accu-
racy under realistic degradations.
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Fig. E3 illustrates the overall pipeline of our geometry-
driven binocular calibration framework. Fig. E4 shows
the coordinate system and a schematic diagram of
the unbiased centroid during the calibration process.
Given binocular images of a checkerboard, we first per-
form geometry-aware super-resolution restricted to the
checkerboard region, using Harris-based masks of the
global ROI, corners, and grid structure to enhance only
the pattern while preserving the background. On the
super-resolved checkerboard, we then apply saddle-point
fitting to obtain reliable sub-pixel corners and treat each
checkerboard cell as a geometric primitive with an un-
biased centroid. Finally, we conduct a centroid-assisted
two-stage binocular calibration, where Stage 1 performs
conventional corner-only calibration and Stage 2 refines
the intrinsics and extrinsics by keeping corners as hard
constraints and introducing cell centroids as soft priors,
together with lightweight epipolar-line regularization.

Throughout the paper, we use a standard four-
coordinate formulation: the world coordinate system
{W?} with 3D points Py, the left/right camera coor-
dinate systems {CL}, {C®} with points P, the normal-
ized image coordinate systems {r°} with points P?, and
the pixel coordinate systems {v®} with points P2, where
s € {L,R}. The rigid transformations (R®,t%), intrin-
sic matrices K?, and distortion parameters k*® follow the
classical pinhole model, detailed definitions and notation
for corners and cell centroids are provided in the Supple-
mentary Material (Sec. S1).

Geometry-Aware Checkerboard Super-Resolution

The raw quality of calibration images has a direct im-
pact on the reliability of feature extraction and, con-
sequently, on the final calibration accuracy. Instead of
blindly enhancing the entire image, we explicitly exploit
the projective geometry of the checkerboard and perform
super-resolution (SR) only on the checkerboard region.
This design both reduces computational cost and, more
importantly, enforces geometric consistency between the
enhanced image and the underlying grid structure, as il-
lustrated in Fig. E3.

Geometry-Driven ROI and Grid Mask Extraction.
Given a pair of raw calibration images, we first perform
light-weight preprocessing (denoising and contrast nor-
malization) and then detect initial corner candidates us-
ing the Harris detector?. For a local displacement (u,v),
the Harris energy is defined as

B(u,v) = wz,y) [z +u,y+0v) - I(z,9)]° (1)

z,y

where I(x,y) denotes the image intensity and w(x,y) is
a local window function. Although the Harris response is
not sufficient for final sub-pixel localization under chal-

11

lenging conditions, it provides robust and dense corner
hypotheses that are well suited as geometric seeds.

Instead of treating these corners as isolated points, we
exploit the regular grid structure of the checkerboard.
Let py = [i,4,1]" denote the homogeneous coordinate of
the ideal grid point at integer row—column index (3, j),
and p, = [u,v,1]T denote its corresponding image point
in the pixel coordinate system {v°}. We estimate a ho-
mography H between the ideal grid and the image by
robustly matching detected Harris corners to their near-
est grid indices and solving

Py ~ Hpga (2)

where ~ denotes equality up to scale. This projective
mapping allows us to propagate from a sparse set of cor-
ner detections to a complete checkerboard layout. Using
the estimated homography H, we generate three types
of masks: (i) a global checkerboard ROI mask obtained
from the convex hull of all projected grid points, (ii)
an internal-corner mask that refines the corner neighbor-
hood, and (iii) a per-cell polygon mask for each checker-
board square. These masks are shared by the left and
right views after appropriate cropping and are used in
subsequent stages to restrict SR reconstruction, guide
saddle-point fitting, and support unbiased centroid com-
putation. All implementation details for homography es-
timation, outlier rejection, and mask rasterization are
provided in the Supplementary Material (Sec. S2.1).

Checkerboard Super-Resolution with Geometric Pri-
ors. With the geometry-driven ROI and grid masks, we
perform super-resolution only within the checkerboard
region, while leaving the background unchanged. This
design preserves the original photometric context of the
scene, avoids artifacts on irrelevant areas, and concen-
trates the network capacity on the structures that matter
for calibration. Concretely, we adopt a learning-based SR
backbone (IPG reconstruction®!) and augment it with ge-
ometric priors derived from the masks. The input to the
network consists of: (i) the cropped checkerboard patch,
and (ii) auxiliary mask channels encoding the global
ROI, the internal corner neighborhoods, and the per-cell
grid structure. These mask channels act as soft geomet-
ric guidance, encouraging the network to sharpen edges
along the projected grid lines and to preserve local con-
trast around corners and cell boundaries. The network is
trained with a combination of pixel-wise reconstruction
losses and a lightweight geometric consistency term that
penalizes deviations between the enhanced checkerboard
edges and the ideal grid predicted by the homography
in Eq. (2). This geometry-aware enhancement signifi-
cantly improves the signal-to-noise ratio for both corner
and cell-boundary structures, providing a robust basis
for the subsequent saddle-point-based corner localization
and unbiased cell centroid estimation.



Saddle-Point Corners and Unbiased Cell Centroids

We refine the initial checkerboard corners and con-
struct unbiased cell centroids as geometric primitives.
Different from moment-based dot methods*?, which rely
on intensity segmentation of circular blobs, our checker-
board formulation starts from high-precision corners and
exploits the global grid structure (including cross-ratio
invariants), leading to more accurate polygon moments
and centroids.

Second-Stage Saddle-Point Corner Refinement. For
each internal grid intersection in image n of camera
s € {L,R}, we first obtain an initial sub-pixel corner
Ai:gn’i’j) = [ug’("’z’J),US’("’Z’J)]T using a standard corner
detector on the super-resolved image. Around this loca-
tion we define a local coordinate system (z,y) such that

s,(n,%,7) s,(n,%,5)
U = 1 +z, v=uy +y. (3)

On the local SR patch fSR(x,y), we fit a quadratic
intensity surface

Isr(z,y) ~ az® + bry + ey’ +de +ey+ f,  (4)

where the coefficients {a,b,c,d,e, f} are estimated by
least squares. The gradient and Hessian are
o _ |2ax+by+d _|2a b
Visg(z,y) = [bx—l—Qcy +e] » H= {b 20} - )

A checkerboard corner is modeled as a saddle point of
this surface: the gradient vanishes and the Hessian has
eigenvalues of opposite signs. The refined sub-pixel offset
(z*,y*) is therefore defined by

VfSR(x*,y*) =0, MH) -XH) <D0, (6)

which yields the closed-form solution

el o

The second-stage refined corner in the pixel coordinate
system {v®} is then given by

IERCER)) ug,(mi,j) +
psid) | = o2 (miod) g e

Compared with directly using the first-stage detector,
this saddle-point refinement explicitly enforces the four-
quadrant intensity pattern of a checkerboard corner on
SR images and leverages the local second-order structure
of the grayscale field, resulting in more accurate and ro-
bust corner coordinates. These refined corners are sub-
sequently used for both corner-based calibration and cell
centroid construction.

Unbiased Cell Centroids from Polygon Moments. Each

checkerboard cell provides a 2D region whose centroid
is well defined under the physical imaging model. We

ay ) = [ ®)
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follow the moment-based idea’?, but replace circular dots
by quadrilateral cells defined by four refined corners and
further regularized by the global checkerboard geometry,
as shown in Figure 77.

Undistorted quadrilaterals on the normalized plane.
Consider the k-th cell in image n of camera s, bounded by
four refined corners in the pixel coordinate system {v°},
éﬁ’(n’k’a = [ug,ve]", € € {1,2,3,4}, ordered counter-
clockwise. We first map these points to distorted nor-
malized coordinates via the intrinsic matrix:

Uy

s,(n,k,€)
Vel Pg
1

~ st T
p;,(n,k,é) - K — (l‘d,fgyd,f) . (9)

Given current distortion parameters k®, we apply inverse
radial distortion to obtain undistorted normalized coor-
dinates on the plane {r®}:

pz,(n,kl) (n,k,€)

=D(p "k k) = (Ie,ye)T-
(10)

(n,k)

= Dy

These four vertices define a quadrilateral region A;’

in the undistorted normalized plane. Let vy = (x4, y¢) "
and vy = vy. We define

AK = TeYe+1 — Te+1Ye,s = 17"'747 (11)
and obtain the area and centroid of A5(™" by the stan-

dard polygon formulas:

s,(n,k) _

Z Ay, Ty

As ,(n,k)
| 6145 2 =
(12)

4

> et ye) A (13)

—s,(n, k) _ 1( 5
6l "] =

Yn

Moment-based centroid under radial distortion. On
the normalized plane, we adopt a polynomial radial dis-
tortion model

ng

Pa=k(s)pr, s=a’+y k(s)=> dis’, (14)
i=0

where p, = (z,y)" and pg = (24,74) . Following the

moment-based derivation in*°, one can show that the cen-

troid of the distorted region A Sk — D4R can be
written as a rational functlon of a finite set of polygon

moments of A5
_s,(n,k) mz(nk) a,b s
P, = s, (nyk) | T Fcentroid ({Mn7 (37 n, k)}7 Kk )7
Ya
(15)
where M®%(s,n,k) denotes normalized monomial mo-
»(n,k)

ments of Ay and Feentroid (+) is an explicit, distortion-
dependent mapping. The detailed expressions and
derivation are provided in the Supplementary Material

4
> (@) A,



(Sec. S3), and are omitted here for brevity. Under the as-

sumed polynomial model, I‘)Z’(n’k) is an unbiased centroid
of the distorted cell in the normalized plane. Mapping
back to the pixel coordinate system {v®} via the intrinsic
matrix yields the theoretical pixel centroid

_s,(n,k)
oy [@ @ d
&8 (k) = . =K gfi’(n»k) ) (16)
1

Geometric centroid observation and residual. In paral-
lel, we obtain a purely geometric centroid observation in
the pixel plane by applying the polygon-centroid formula
directly to the four refined corners (if)’(n’k’e)
Eq. (13), but in {v°}); we denote this by

o e
eyl = (k) | (17)

The difference between the theoretical and observed cen-
troids,

(similar to

s,(n,k) =& s,(n,k)
centroid —

&b, (18)

measures the combined effect of residual calibration error
and local imaging degradation. Aggregated over all cells,
images and cameras, these centroid residuals act as soft
constraints in our centroid-assisted two-stage calibration,
where corners remain as hard constraints.

Compared to the conic-based circular-dot formula-
tion*3, our checkerboard-based centroid construction
benefits from (i) second-stage saddle-point corners that
provide highly accurate polygon vertices, and (ii) a glob-
ally regular corner grid whose projective invariants (cross
ratios along rows and columns) further stabilize the
undistorted layout. These additional geometric priors
lead to more accurate polygon moments and centroids,
which in turn translate into improved calibration preci-
sion in the subsequent two-stage optimization.

Centroid-Assisted Two-Stage Binocular Calibration

With refined saddle-point corners and unbiased cell
centroids available for both cameras, we perform binoc-
ular calibration in two stages. Corners serve as hard ge-
ometric constraints, while centroids provide soft auxil-
iary constraints that regularize distortion and extrinsics
without degrading corner accuracy. Detailed optimiza-
tion and Jacobian derivations are given in the Supple-
mentary Material (Sec. S4).

Stage 1: Corner-Only Binocular Initialization. In the
first stage, we perform a conventional binocular calibra-
tion using only refined checkerboard corners. For camera
s € {L,R}, image index n, and internal corner index
i, we denote the World coordinate on the checkerboard

plane {W} as QW, refined pixel coordinate in {v°} as
@™ (Ea. (9)).
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Using the projection chain defined in Sec. 3.1, the
model prediction is

a; ) =Ti(Ke, ke, RO, 6000, Q) (19)

and the corner reprojection residual is

() — goi(mi) _ goi(nii) (20)

corner

Stage 1 estimates intrinsics K*, distortion k° and per-
image extrinsics {R*("),t5()} by minimizing

POEDIPIY LAkl v

se{L,R} n i

(21)

corner =

This yields a stable binocular initialization, equivalent in
spirit to a Zhang-style calibration®* but operating on our
refined saddle-point corners.

Stage 2: Centroid-Assisted Refinement. Starting from
the Stage 1 solution, we refine the parameters using both
corners and cell centroids. For the k-th cell in image n
of camera s: the observed geometric centroid in the pixel
plane {v*}, &>k s computed from the four refined

corners using the polygon-centroid formula (Eq. (13) ap-

plied in {v*}); the theoretical unbiased centroid ¢, (k) i

obtained from polygon moments on the normalized plane
{r*} and the polynomial radial distortion model, then
projected by K?® (Eq. (16)).

The centroid residual is

s,(n,k) 63 ,(n,k) _
centr01d -

&), (22

and the corresponding loss

> ZZH croallz(23)

se{L,R} n

centrmd

To further stabilize the binocular geometry, we option-
ally add a standard epipolar consistency term Lep; based
on the essential (or fundamental) matrix implied by the
relative pose between {CL} and {CF}; its exact expres-
sion is provided in the Supplement (Sec. S4).

The Stage 2 objective combines these three compo-
nents:

EstageZ - ccorner + )\c »Ccentroid + >\e ‘Cepiu (24)

where A\, and )\¢ control the influence of centroid and
epipolar constraints. In practice, we adopt a progres-
sive schedule that gradually increases A. starting from
a small value, while monitoring the RMS corner repro-
jection error and preventing it from degrading beyond a
small tolerance with respect to Stage 1. This implements
our design principle that corners act as hard constraints,
whereas centroids provide soft yet informative regular-
ization.

Overall, the two-stage strategy preserves the excel-
lent local accuracy of saddle-point corners (Stage 1) and
then reduces systematic bias in distortion and extrinsics
through unbiased cell centroids and binocular geometry
(Stage 2), which directly benefits downstream 3D recon-
struction accuracy.



Implementation Details

All components are implemented in Python: image
processing, initial corner detection, and classical cal-
ibration build on OpenCV, while the geometry-aware
checkerboard super-resolution module is realized in Py-
Torch. For each calibration image, we first locate the
checkerboard ROI using a Harris-based mask and apply a
fixed x2 SR model only inside this ROI. Initial sub-pixel
corners on the SR images are refined by the quadratic
saddle-point fitting, after which valid cells are selected,
quadrilaterals are formed from the refined corners, and
unbiased centroids are computed via polygon moments
on the normalized planes and Supplement Sec. S3.

Stage 1 performs a Zhang-style binocular initialization
with bundle adjustment on refined corners only, mini-
mizing Leorer; Stage 2 starts from this solution and op-
timizes the combined loss Lgtage2 With a progressive in-
crease of the centroid weight A\, and a small fixed epipo-
lar weight A.,. We use a damped Gauss-Newton solver
with auto-differentiated Jacobians and simple corner-
RMS safeguards; typical hyperparameters, weight sched-
ules, and runtime statistics are summarized in Supple-
ment Sec. S5.

Downstream Application: SL3D

SL3D reconstruction stands as a high-precision, high-
efficiency active vision measurement technique. The core
of this technology involves a projection system casting
structured light patterns (such as Gray codes or phase-
shifting codes). An imaging system (typically binocular
cameras) then captures the deformed patterns, followed
by phase decoding and 3D coordinate reconstruction to
recover the target surface’s precise geometry.
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FIG. El: Dataset acquisition system and structured-light 3D reconstruction pipeline. (a) Experimental setup of
the binocular structured-light system, consisting of a left camera, a right camera, and a projector observing the common
measurement volume. (b) Typical projection—capture sequence, including Gray-code images and phase-shifting fringe patterns,
together with the decoded depth/absolute-phase maps. (c) Final 3D reconstruction result obtained from the absolute phase,
illustrating the complete processing chain used throughout our experiments.

(a) Setl: Manually (b) Set2: Robotically (c) Set3: Simulation

FIG. E2: Overview of the calibration dataset acquisition. (a) Set 1 (Manually): checkerboard images captured with
manually adjusted target poses to provide diverse viewpoints. (b) Set 2 (Robotically): automated pose sampling by mounting
the checkerboard at the end-effector of a six-axis robotic arm, enabling repeatable and dense pose coverage. (c) Set 3 (Simula-
tion): rendered a synthetic checkerboard dataset with controllable geometry and imaging conditions for systematic evaluation.
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FIG. E3: Overview of the generation pipeline. The process begins by using the Harris detector to find initial corner points
on calibration board images from both left and right views. Subsequently, geometric information is used to calculate the ROI
and mask. Then, sub-pixel corners, boundaries, and centroids are precisely computed based on the geometric properties of the
calibration board and stereo epipolar constraints to obtain global feature points. Finally, calibration parameters are calculated
and optimized using these feature points, significantly improving calibration accuracy and 3D measurement precision.
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FIG. E4: Checkerboard coordinate systems and centroid computation pipeline. Left: Coordinate definitions for the
checkerboard calibration target and the imaging geometry, including the world coordinate P, [Xw, Y, Zw], camera coordinate
P.[X., Y., Z.], image-plane coordinate P,[z,y], and pixel coordinate P, [u,v]. The schematic also illustrates the relationship
between the actual imaging plane and a virtual reference plane used for geometric interpretation. Right: Centroid computation
across coordinate spaces. Starting from the checkerboard cell in the world coordinate (1), the corresponding region is projected
to the image coordinate (2) and discretized in the pixel grid (3). The centroids in world (black dot), image (black triangle), and
pixel (red star) coordinates are indicated, illustrating how the cell centroid is propagated and measured for centroid-assisted
calibration.
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