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ABSTRACT

Multi-View Stereo (MVS) provides a flexible and low-cost
solution for full-field three-dimensional (3D) geometry measure-
ment in engineering and manufacturing applications. Compared
with laser scanning or fringe projection profilometry, MVS of-
fers greater scalability and measurement efficiency through di-
rect imaging setups. As manufacturing system evolves toward
intelligent and data-driven paradigms, the ability to quantify
measurement uncertainty become essential for reliable process
monitoring and control. However, despite extensive research on
MVS reconstruction algorithms, rigorous uncertainty modeling
and evalution remain largely underexplored, limiting the cred-
ibility of MVS as a metrological tool. This study presents an
uncertainty-aware framework for estimating the geometric un-
certainty of 3D points reconstructed by MVS. The approach is
based on the law of uncertainty propagation, incorporating both
camera calibration uncertainty and image matching errors. A
multi-camera imaging system is deployed to monitor the English
Wheel metal forming process, which serves as a representative
case involving non-Lambertian and low-texture surfaces. Cam-
era parameter covariances obtained from experimental calibra-
tion and empirically characterized matching uncertainties are
propagated through the multi-view triangulation relationships to
estimate the uncertainty associated with each reconstructed 3D
point. Building on this uncertainty estimation, an uncertainty-
guided view selection strategy is proposed to identify stable cam-
era combinations for reconstructing different surface regions. By
excluding unreliable observations and favoring views with lower
expected uncertainty, the method improves both computational
efficiency and reconstruction reliability. Experimental results
demonstrate that the proposed approach enhances reconstruc-
tion accuracy and robustness compared with conventional MVS
methods that utilize all available views indiscriminately. The
[framework therefore enables more reliable real-time deformation
monitoring and provides a foundation for uncertainty-aware 3D
metrology in advanced manufacturing environments.
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1. INTRODUCTION

The transition toward digital and data-driven production in
advanced manufacturing has elevated in-situ and real-time three-
dimensional (3D) measurement from a desirable capability to
a fundamental requirement for modern process monitoring and
control [1]. Within the Industry 4.0 paradigm, quality assurance
is increasingly shifting from traditional offline inspection toward
continuous, in-process monitoring integrated directly into the
manufacturing workflow [2]. Such capabilities are essential for
constructing accurate digital twins and enabling closed-loop cor-
rective actions during production [3]. In-situ metrology provides
this critical geometric feedback during fabrication, allowing de-
viations in processes such as additive manufacturing, machining,
or sheet metal forming to be detected and corrected before de-
fects propagate [4, 5]. As manufacturing systems adopt digital
threads and cyber-physical production frameworks, reliable geo-
metric sensing becomes a key enabler for high-confidence process
monitoring and quality assurance. However, deploying metrol-
ogy systems that are simultaneously accurate, dense, and robust
within the complex and dynamic environment of a live production
line remains a significant challenge.

Optical measurement technologies are widely employed to
monitor the geometric evolution of large metal components dur-
ing forming processes. Nevertheless, each category exhibits
inherent trade-offs between accuracy, measurement speed, and
spatial coverage. For instance, while laser line profilers can cap-
ture high-speed cross-sections measurements, but obtaining full-
field 3D geometry requires mechanical scanning, which increase
acquisition time and introduces vibration-induced noise [6].
Structured-light scanners are capable of producing high-accuracy
and dense reconstructions [7], yet their sequential projection
schemes require multiple exposures, which limits their appli-
cability in monitoring rapidly evolving surfaces undergoing dy-
namic deformation [8]. Time-of-Flight cameras provide real-time
depth sensing and convenient system integration [9], but their
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millimeter-level depth accuracy and relatively low spatial reso-
lution are often insufficient for the sub-millimeter deformation
monitoring required in precision forming applications. Beyond
these individual limitations, these methods share a fundamen-
tal, system-level vulnerability to occlusion. They are predom-
inantly constrained by single-view imaging configurations, and
in complex forming environments where tooling and the part’s
own geometry create significant and rapidly changing occlusions,
this results in massive data loss. In addition, many of these ap-
proaches rely on single-view sensing configurations and are there-
fore highly susceptible to occlusion caused by tooling, machine
components, or complex part geometries. Although multiple sen-
sors can be deployed to mitigate occlusion, the commonly adopted
“reconstruction-then-fusion” paradigm, in which individual point
clouds are reconstructed separately and later registered together,
inevitably accumulates registration errors, thereby degrading the
global geometric consistency of the reconstructed model.

Active Multi-View Stereo (MVS) provides a promising alter-
native that balances measurement speed, geometric fidelity, and
spatial completeness. By deploying multiple cameras around
the target object, MVS systems capture the surface from different
viewpoints, allowing regions occluded in one view to be observed
in others. When combined with projected texture patterns, these
systems can acquire dense 3D data at video rates while main-
taining sub-millimeter precision, making them well suited for
monitoring high-rate forming processes involving complex ge-
ometries [10]. Compared with scanning-based methods, multi-
view imaging avoids mechanical motion and enables full-field
measurements in dynamic environments, which is particularly
advantageous for in-situ monitoring scenarios.

Despite these advantages, applying MVS in manufacturing
environments presents several practical challenges. In sheet metal
forming processes, the workpiece surface often exhibits low natu-
ral texture, strong specular reflections, and rapidly evolving geom-
etry due to plastic deformation. In addition, tooling and machine
components frequently introduce dynamic occlusions that com-
plicate reliable image correspondence across views. These factors
lead to spatially varying reconstruction reliability across the sur-
face, where some regions can be reconstructed accurately while
others may contain significant errors due to ambiguous matching
or unfavorable viewing geometry. For applications such as de-
formation tracking, process monitoring, or digital twin updating,
simply generating dense point clouds is therefore insufficient. It
is equally important to quantify the reliability of reconstructed
geometry so that measurements with large uncertainty can be
identified and excluded from downstream analysis.

Uncertainty quantification therefore plays a critical role in
enabling MVS to function as a metrological tool in manufactur-
ing. Previous studies have investigated uncertainty estimation
in stereo vision systems. For example, Chen er al. [11] and
Leo et al. [12], has established theoretical frameworks for un-
certainty estimation in stereo vision. Concurrently, experimental
approaches, like those from Sankowski et al. [13], have focused
on evaluating stereo system uncertainty using objects of known
geometry. However, most existing studies focus on conventional
stereo configurations and have not been widely extended to multi-
view reconstruction systems operating under complex industrial

conditions. As a result, uncertainty-aware reconstruction meth-
ods suitable for manufacturing applications remain relatively un-
derdeveloped. This limitation poses challenges for digital-twin
frameworks and closed-loop process monitoring, where reliable
geometric information and its associated confidence are essential
for trustworthy decision-making.

To address this gap, this paper presents an uncertainty-aware
multi-view stereo framework for in-situ geometry reconstruction
in manufacturing environments. The proposed approach analyt-
ically propagates uncertainties originating from camera calibra-
tion and image correspondence into reconstructed 3D geometry
and utilizes the resulting uncertainty estimates to guide the re-
construction process. By incorporating uncertainty information
into view selection and point filtering, the framework improves
reconstruction robustness under challenging surface conditions
commonly encountered in forming applications. The main con-
tributions of this work are summarized as follows:

1. A systematic uncertainty evaluation framework for
multi-view stereo reconstruction: an analytical formu-
lation is developed to quantify the uncertainty of recon-
structed 3D points by propagating errors originating from
camera calibration and image correspondence. This frame-
work provides physically interpretable covariance esti-
mates for reconstructed geometry and establishes a foun-
dation for uncertainty-aware metrology in MVS systems.

2. An uncertainty-guided reconstruction strategy for im-
proving measurement reliability: the estimated un-
certainty is incorporated directly into the reconstruction
pipeline to guide the selection of reliable camera views
prior to triangulation. By excluding unstable view com-
binations and filtering reconstructed points with large pre-
dicted uncertainty, the proposed method improves robust-
ness under challenging imaging conditions such as specular
reflections and weak texture.

3. Experimental validation in a forming measurement sce-
nario: the proposed framework is experimentally vali-
dated on industrial metal forming components. The re-
sults demonstrate that uncertainty-guided reconstruction
significantly improves measurement stability and produces
accuracy comparable to that of a high-precision commer-
cial laser scanner, highlighting the potential of uncertainty-
aware M'VS for reliable in-process monitoring in advanced
manufacturing.

Overall, this work demonstrates that uncertainty-aware
multi-view stereo reconstruction provides a credible and trace-
able measurement approach for in-situ geometric monitoring,
supporting reliable data acquisition for digital-twin-enabled man-
ufacturing and closed-loop process control.

2. THEORY
2.1. Camera Model

The pin-hole model is widely used to describe the imaging
process of a camera [14]. Let PY =[xV, y¥, z%, 1]7 represent the
homogeneous coordinates of a 3D point in the world coordinate
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system. Its corresponding coordinates in the camera coordinate
system, P¢ = [x, ¥, z%1]7, are obtained via a homogeneous
transformation:

P = TP, ()

where T§, € SE(3) is the homogeneous transformation matrix
(extrinsic matrix) and can be written as:

TS = [RW tW} : )

0 1

Here, RS, € SO(3) is the rotation matrix which can be pa-
rameterized by three Euler angles ¢, = [¢S, 05, wS]T [15], and
= [ty x> tw,y> o] | is the translation vector. Ty, can be repre-
sented by a vector 0 = [(¢g) T, ()] 7.
The projection of P¢ onto the image plane, denoted by ho-
mogeneous coordinates p¢ = [u€, v, 1]7, is defined as:

1o
pe = —KP°, 3)
Z

where K is the camera intrinsic matrix:

fx s u O
K=[0 £ w 0. @)
0O 0 1 0

Here, fx and f, represent the focal lengths along the x- and
y-axes, s is the skew coefficient, and [ug,vo]" is the principal
point. K can be vectorized by k = [ fy, fy, s, uo, vo] .

Real-world lenses introduce optical aberrations that deviate
from the ideal pinhole geometry. These are modeled using radial
and tangential distortion terms:

P°=K ; &)

1 -
;PC+6I+6t

where the radial distortion dr and tangential distortion 8t are
given by [16, 17]:

y
B = 0| ki (r)? + ka(r)* + k3 ()], (6)
0
[2kaxsyy + ks[(r)? +2(x7)?]
c)2 c)2 (I
o, = | L) +2(yon) I+ 2ksxivn | 7
0

= y¢/z® are the normalized image co-
ordinates, and r¢ = /(x$)% + (¥$)2. The total distortion term
d = 8, + O can be parameterized by k = [k1, ko, k3, kq, k5] 7.
Once all the parameters for a single camera defined as & =
[kT,(m¢)T,KkT]" are known, the forward projection model is
fully determined.

where x5 = x¢/z%, yS

2.2. Calibration and Triangulation

The pinhole camera model defines the projective mapping
from 3D world coordinates to their corresponding 2D image co-
ordinates. Camera calibration then estimates the parameters of
this model based on the 2D projections. In practice, a planar
target with well-designed features of high geometric accuracy
(e.g., a checkerboard) is used for calibration. Consider N feature
points on a target, where the n-th point in the board coordinate
system be defined as PY = [x2,y%,z2 1]7. When the board is
placed in the /-th pose T}’ (out of L poses), its world coordinates
are P = TWPb The projection of this point onto the m-th
camera (out of M cameras) results in observed image coordinates

Py, = [un’l, ™, 1] can be derived based on Eq. (5):

b = K’"(—T’“TWP" +0,), (8)
n 1

where K and T}} are the intrinsic and extrinsic matrices for
m-th camera, and f)nm’ ; is the distortion term. Actually, Eq. (8)
is redundant, and only two independent equations can be derived
from it. Let vector & represents the m-th camera’s parameters
and vector ;" represents /-th target pose T}, Eq. (8) can be
rearrange as:

uzfl - u(gm, W;x;}?l’ 2722)=0
{ = n, y ©)

— fo(E™ Y20, 30, 28) =0

where f,, and f, are nonlinear functions mapping 3D points to u
and v image coordinates respectively.

Therefore, for N points, M cameras and L poses, a system
with 2N X M x L equations can be obtained and written as [11]:

F(a;p) =0, (10)
where o = [(E)T,....E")T.(aNT.....)T]T in-
cludes all unknown parameters to be estlmated, and
b= D od ot ol b g T

includes all known coordinates. Note that the target pose indices
range from k = 2 to L. The first camera is fixed at the origin
at the world coordinates ('qvlvT = 0) to eliminate ambiguity.
Calibration is an optimization process to determine & when
given § to minimize the residuals of the function F:

arg min [|F(a: B)]1 (1)

Once calibrated, triangulation estimates the 3D world coor-
dinates P¥ = [x%,y%,z%]T of an unknown point from its 2D
correspondences across multiple views. Similarly, the ideal pro-
jection of PY = [x¥,yY,z%, 1]7 onto the m-th camera’s image
coordinates p”* = [u™, 0™, 1]7 is:

=K"(—; T’”PW + 8™, (12)

and two independent equations can be derived and rearranged as:

13)

um - gu(xwa yW7 ZW; gm) = O
" g (™, YV, 2 EM) =0
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where g, and g, are nonlinear functions mapping 3D points to
image coordinates u and v respectively. Therefore, for M cameras,
a system with 2M equations can be obtained and written as:

G(P";y) =0, (14)

wherey = [(EDT, ..., (EM)T,u', 0!, ..., u™, vM]7 contains all
known calibrated camera parameters and matched image coordi-
nates across different cameras. Triangulation aims to determine
P¥ by minimizing the reprojection residuals:

argmin |G(P"; )|, (15)

Egs. (11) and (15) form nonlinear least-squares optimiza-
tion problems, which are typically solved using iterative nonlin-
ear optimization methods (e.g., the Levenberg—Marquardt algo-
rithm) [18].

2.3. Uncertainty Propagation

In this framework, we assume the camera imaging model to
be locally linear. This assumption is justified because the un-
certainties are typically small enough to ignore the second- and
higher-order terms in the Taylor series expansion. According
to the standard of uncertainty propagation [19], the covariance
matrix Aq associated with all calibration parameters a can deter-
mined through calibration and be calculated by:

Ao = JLIpAp35 ), (16)

where J, = 0F/da and Jg = 0F /0 are the Jacobian matrices of
F with respect to a and B, ()7 is the pseudoinverse of the matrix,
and Ag is the covariance matrix associated with B. As the input
coordinates are assumed to be independent, A[; is diagonal. The
components of Ag can be divided into two parts and determined
according to the standard [19] as follows:

¢ Image coordinates uncertainty: Let Ag, = represent the un-
certainty covariance matrix associated with the 2D co-
ordinates of feature points across different image planes
[ull’] s v]l,] e, u%’L, UIA\;I’L]T. This part includes the uncer-
tainty in digitizing images and feature extraction. While
the theoretical modeling of these uncertainties is compli-
cated [20], they can be estimated from calibration residuals,
assuming the uncertainty isotropic and uniform across the

image plane:

F(o:p)|?
Ap,, = o2l 2 _ IIEC Bl (17

(o
° ' Qo_Qs

where Q, = 2N X M x L is the number of the indepen-
dent equations in calibration, Qs = 16M + 6(L — 1) is the
length of a (the number of parameters to be determined
in calibration), and I denotes the identity matrix with the
subscript indicating its dimension.

¢ Target Geometric Uncertainty: Let Ag, ~represent the
uncertainty covariance matrix associated with the 3D
coordinates of feature points on the calibration board
[xll’,ytl’,z'f, .. ,x',’\,,y?\,,z?\,]T. This part is evaluated by

non-statistical means (Type B uncertainty) which is derived
from the manufacturing accuracy specifications of the cal-
ibration target (e.g., the lithographic printing tolerance of
the checkerboard pattern) and expressed as:

Ag,, = Iy ® diag(cs, 07, 07), (18)

2

where ® is the Kronecker product, and o2, 02, o2 are the

variance in x, y, z coordinates, respectively.

The total input covariance matrix for calibration is assembled
as Ag = diag(Ag,. Ap,,)-

For triangulation, the uncertainty of a reconstructed 3D point
P¥ is given by:

APW = JTWJYA«{J;(J;W)T» (19)
where Jpv = 0G/0PY and J, = 0G/0y. The components of

covariance matrix A, can also be divided into two independent
parts:

¢ Camera parameters uncertainty: Let Ay_represent the un-
certainty covariance matrix associated with all camera pa-
rameters [(€)!", ..., (E¥)T]7. This can be directly deter-
mined from A, by extracting relevant sub-blocks.

* Stereo matching uncertainty: Let A, _ represent the uncer-
tainty covariance matrix associated with image coordinates
[ul,0',...,uM vM]7T, which quantifies the uncertainty of
the stereo correspondence. In this work, we employ the
zero-mean normalized cross-correlation (ZNCC) criterion
to establish correspondences. Assuming 7'(q) is the match-
ing template, where q is within the patch window ‘W, the

ZNCC score S* for i-th camera is calculated as:

gi = Yqew[T(@) = prl{I'[p" + H'(@)] - py}

(20)

OTO07i
where ur, (i and o, oyi are the mean and standard devia-
tions of the intensity of the template and the corresponding
patch in the i-th camera view, respectively, p* = [u’,v']T,
and H'(-) represents the homography transformation map-
ping image coordinates from reference view to camera i.

The global consistency objective function is calculated as
follows:

S:ZSi. 1)

Consequently, A,,_ is computed as follows [21, 22]:

-1
Ay = —20,07A;" (VZS) , (22)

where Ag = diag(Sy, Sy, . . ., S, Spm), Oy is the number
of pixels in the patch, and V2S is the Hessian matrix of §
with respect to [u!, 0!, ..., uM, vM]T.

The final input covariance matrix for triangulation is assem-
bled as Ay = diag(Ay_, Ay, ).
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3. METHOD AND MATERIAL
3.1. System Hardware Setup

The architecture of the proposed MVS system is illustrated
in Fig.1. The system is built around three Orbbec Gemini 335
sensing modules arranged symmetrically around the workpiece
with an angular separation of 120°. Each module integrates two
infrared (IR) cameras and an 850 nm VCSEL speckle projector
within a compact and pre-aligned hardware package. In this work,
only the raw IR images from the stereo cameras are utilized,
while the manufacturer’s proprietary depth-processing pipeline
is bypassed. This design allows the implementation of a custom
multi-view stereo reconstruction framework and the subsequent
uncertainty analysis.

The three sensing modules are mounted at a height of 180
mm above the center of the workpiece, with a horizontal distance
of 150 mm from the object surface. This configuration results in
six distinct viewpoints surrounding the target object, providing
sufficient geometric redundancy to mitigate occlusions and ensure
that most surface regions are observed from multiple perspectives.

All six IR cameras operate at a resolution of 1280 x 800
pixels with a frame rate of 30 frames per second. To maintain
photometric consistency across views, the automatic exposure
and gain controls are disabled, and the exposure time is fixed at 2
ms. A hardware-trigger synchronization mechanism is employed
to ensure simultaneous image acquisition across all cameras. The
trigger signal activates all six cameras and the three VCSEL pro-
jectors concurrently, guaranteeing temporal alignment between
the captured images.

During acquisition, the three projectors simultaneously il-
luminate the workpiece with their speckle patterns. The super-
position of these patterns produces a denser and more complex
composite texture on the object surface compared with a single
projector. This enriched texture improves feature distinctiveness
and reduces correspondence ambiguity, which is particularly ben-
eficial when reconstructing low-texture metallic surfaces [23].
All experiments are conducted indoors under controlled light-
ing conditions to minimize interference from ambient infrared
sources.

Prior to data acquisition, all cameras are calibrated using a
multi-view calibration procedure with a planar checkerboard tar-
get. The intrinsic and extrinsic parameters are estimated using
the multi-camera calibration toolbox in MATLAB, and the cali-
bration reprojection error is below 0.3 pixels for all cameras. The
resulting camera parameters are subsequently used for multi-view
triangulation and uncertainty propagation in the reconstruction
pipeline.

3.2. MVS Matching and Reconstruction

To validate the proposed uncertainty framework, a complex
free-form metal surface was measured. Matching pixels across
images is a challenging problem. traditional multi-view matching
methods are difficult to apply to our metal sheet measurement sce-
nario due to the highly reflective surface and the strong similarity
between the projected speckle patterns. To address these chal-
lenges, we propose a multi-stage approach to establish reliable
correspondences across views (Fig. 2):

=
=
4,

FIGURE 1: Schematic of the proposed multi-view stereo imag-
ing system consisting of three stereo camera modules arranged
around the workpiece.
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FIGURE 2: Workflow of the proposed uncertainty-aware MVS re-
construction method.
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FIGURE 3: Captured images of a deformed metal sheet from three
pairs of stereo cameras. Each pair of the images, (a, b), (c, d), and
(e, f), corresponds to one stereo camera pair. The measured object
is highlighted for better visualization.

1. Initial stereo reconstruction: We first select a pair of
Orbbec Gemini stereo images and perform epipolar rectifi-
cation. Using stereo disparity and triangulation, we obtain
an initial 3D point cloud. Background points are removed,
leaving only the metal sheet region. When a single pair
cannot fully observe the object or is affected by occlusions,
multiple camera pairs can be employed to obtain a more
complete initial point cloud. Although this initialization
may exhibit slight layering or misalignment due to extrin-
sic calibration uncertainties, these effects will be corrected
during the refinement in the following steps.

2. Cross-view projection and reference view selection: The
reconstructed 3D points are then projected into the remain-
ing camera views, providing an initial estimate of their
corresponding pixel locations in each image. For each
point, we select the view with the smallest angle between
the surface normal and the optical axis, and extract a local
patch as the reference patch template. In cases where the
primary view is obscured or affected by highlights, we it-
eratively evaluate the remaining views in ascending order
of their angular deviation.

3. Patch-based refinement using ZNCC: For each other
view, we perform a constrained search around the initial
guess and compute ZNCC to determine the optimal match-
ing location. We assume that each local patch can be ap-
proximated as a planar surface. This assumption allows us
to use the projective transform to warp the reference patch
into the other camera views [24], thereby reducing geomet-
ric distortions caused by viewpoint changes and improving

TABLE 1: Input uncertainty of image coordinates and calibration
target geometry.

Parameter Value
oy 0.132 pixels
o 0.010 mm
oy 0.010 mm
o, 0.005 mm

matching robustness.

After establishing dense pixel correspondences across all
camera views, we perform multi-view triangulation to obtain
the dense 3D reconstruction. In principle, using multiple views
provides stronger geometric constraints than a stereo pair, since
additional viewing angles should improve depth accuracy and
robustness. However, in practice, multi-view triangulation is
highly sensitive to outlier or low-quality measurements. Even a
single corrupted correspondence, caused by specular highlights,
shadows, occlusions, or weak texture, can introduce large bias to
the estimated 3D location. As a result, simply fusing all available
views may produce reconstructions that are less accurate.

To overcome this issue, we quantify the matching uncertainty
using Eq. (22) first and filter the views lacking reliability. Regions
affected by specular reflection typically exhibit high uncertainty
because the resulting consistency objective function will have a
flat peak due to ambiguity. Triangulation is then performed using
only the subset of views that provide stable geometric support.
This adaptive view-selection strategy ensures that the reconstruc-
tion is dominated by reliable observations. Finally, we assess the
total uncertainty of the resulting 3D point cloud by accounting
for both matching residuals and calibration errors. Points exceed-
ing an uncertainty threshold are pruned to eliminate artifacts and
ensure a high-fidelity output.

To validate the metrological performance of the proposed
system, a high-precision industrial scanner (Hexagon Romer Ab-
solute Arm, model RA7525SI) was used to acquire ground truth
data. This metrology-grade instrument has a specified scanning
system accuracy of 50 pm. This level of precision provides a
reliable benchmark for evaluating the accuracy of our reconstruc-
tion.

4. RESULTS
4.1. Theoretical Uncertainty Evaluation

We first performed multi-view camera calibration. Be-
cause the lens distortion is small, only two distortion parameters,
[k1, k>]T, are used. In addition, the skew coefficient s is assumed
to be negligible. The input uncertainties in the image coordinates
and in the calibration target geometry are listed in Table 1.

The uncertainty of the camera parameters is then evaluated
using Eq. (16). Figure 4 presents the covariance matrix of the
camera parameters. For each camera, the parameter vector con-
tains twelve parameters:

T
[f)C7 fy7 MO, UO’ kl’ kZa (70\(;/7 9\(;/» be\(;:va t\(i/’)(’ t\(;:v,y» t\(;/’z] .

A block-wise structure can be observed, corresponding to
the parameter groups of different cameras. The diagonal ele-
ments indicate the variances of individual parameters, whereas
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the off-diagonal elements represent parameter correlations. The
presence of non-negligible off-diagonal terms shows that the es-
timated parameters are coupled, revealing the interdependence
between intrinsic and extrinsic parameters in the calibration pro-
cess.

Parameter index
Covariance

12 24 36 48 60 72
Parameter index

FIGURE 4: Covariance matrix of the camera parameters.

Before evaluating the proposed reconstruction method on
real experimental environment, we first analyze the theoretical
behavior of uncertainty in multi-view reconstruction. This analy-
sis provides a reference for understanding how geometric factors
influence reconstruction accuracy and helps explain the moti-
vation behind the uncertainty-aware strategy introduced in this
work. In particular, we examine two complementary aspects of
uncertainty: the dependence of triangulation accuracy on object
distance and the spatial variation of projection uncertainty across
the image plane. These results provide an intuitive illustration of
the uncertainty propagation framework described in Section 2.

The depth uncertainty (uncertainty in z-direction) curves in
Fig. 5 characterize the theoretical limits of stereo triangulation as
a function of object distance. In this analysis, the uncertainty is
evaluated for stereo camera pair 1 using Eq. (19). The uncertainty
in the input camera parameters, AYC, is obtained from calibration,
and the stereo matching uncertainty, Aym, is assumed to be:

Ay, = 23)

m

0.04 0.01
0.01 0.04)°

which is a typical value for high-quality stereo matching.

The resulting curves show that the depth uncertainty in-
creases nonlinearly as the object distance grows, consistent
with the simplified stereo triangulation model for parallel cam-
eras. Consequently, even a small subpixel matching error leads
to significantly larger depth errors at greater distances. The
curves therefore illustrate the intrinsic geometric limitation of
triangulation-based reconstruction: as objects move farther away
from the cameras, the achievable depth accuracy deteriorates even
when image matching precision remains constant.

N

S}
T

05+

Depth uncertainty /mm
T

Relative uncertainty /%
S
T
1

0 L L L 1
0 0.1 0.2 0.3 0.4 0.5

- Distance Z /m

FIGURE 5: Depth uncertainty as a function of object distance for
the stereo camera pair 1.

While the previous analysis describes the overall effect of dis-
tance on depth uncertainty estimation, the projection uncertainty
map shown in Fig. 6 illustrates how camera intrinsics uncertainty
affects the projected pixel location within a single camera view.
This analysis is based on the uncertainty propagation framework
developed in Section 2.3. Assuming that the covariance matrix
for 3D world coordiantes is zero, the covariance of the pixel
uncertainty Aye can be caculated as:

Ape =Ty Ay J ;C , (24)

where Jy = F/dv, the Jacobian matrices of F with respect to
Ve

800 12
700 1.1
600 !
2 09 2
2500 :
> 0.8 \i
5400 o7 E
[9} T ®
< 5
300 06
g =)
£ 500 05
0.4
100
03

200 400 600 800 1000 1200
Image width u /pixels

FIGURE 6: Projection uncertainty heatmap for left camera in pair 1
at a fixed object depth of z¢ = 0.3 m.

For a fixed object depth of z¢ = 0.3 m, a dense grid of image
locations is evaluated across the sensor. Each pixel location is
associated with a corresponding 3D point at the specified depth,
and the projection uncertainty is evaluated accordingly. The
scalar uncertainty value visualized in the heatmap is defined as
the root-sum variance /tr(Apc), where t7(-) denotes the trace of
the covariance matrix.

The resulting uncertainty map reveals a clear spatial structure
across the image plane. The uncertainty is lowest near the image
center and gradually increases toward the periphery, forming a
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characteristic radial pattern. This behavior reflects the increasing
sensitivity of the projection geometry to parameter perturbations
at larger viewing angles, as well as the influence of lens distortion
and perspective effects. The contour overlays provide quantitative
markers of the uncertainty distribution across the field of view.

To further clarify the sources contributing to the reconstruc-
tion uncertainty, Table 2 summarizes the uncertainty budget in
the proposed system. The total uncertainty of the reconstructed
3D points arises from three primary components: camera cali-
bration uncertainty, stereo matching uncertainty, and the geomet-
ric sensitivity of triangulation. Calibration uncertainty affects
the projection model and leads to spatially varying reprojection
uncertainty across the image plane (Fig. 6). Stereo matching un-
certainty originates from the image correspondence estimation
process and is modeled based on the NCC matching criterion.
Finally, triangulation geometry introduces additional sensitivity
that increases with object distance, as illustrated in Fig. 5. To-
gether, these components determine the overall reconstruction
uncertainty.

4.2. Reconstruction Uncertainty and Comparison

The captured images of the metal sheet (Fig. 3) shows severe
highlight saturation and similar projected pattern which makes
conventional MVS algorithms prone to unstable or ambiguous
correspondences. Based on the proposed method, we use Fig. 3(a)
and 3(b) to give an initial guess for the 3D point cloud. The un-
certainty contribution of each view is then evaluated for view
selection. Figure 7 shows the retained and filtered pixels for each
view. Pixels tend to be rejected in regions with large surface
curvature or with a large viewing angle relative to the surface
normal. Under these conditions, the projected pattern is sig-
nificantly distorted, resulting in poor stereo-matching reliability.
This behavior agrees with visual intuition and the purpose of the
proposed view-selection process.

Figure 8 shows the 3D reconstruction uncertainty and ac-
curacy maps, which provide a quantitative, per-point assessment
of the reconstruction’s reliability. The uncertainty map obtained
from all views exhibits large high-uncertainty regions near strong
specular reflections (see in Fig. 3(e) and 3(f)). These regions
correspond to areas of poor photometric consistency which influ-
ence the NCC matching algorithm. In contrast, the uncertainty
map obtained after applying the proposed view-selection strategy
shows a clear reduction in uncertainty in those area.

The corresponding height-difference maps relative to the
laser-scanner ground truth (Fig. 8(c) and 8(d)) reveal a consis-
tent reduction in reconstruction error when using the selected
views. This strong spatial correlation between the uncertainty
map and the reconstruction error confirms the effectiveness of
the proposed uncertainty model as a predictor of metrological

FIGURE 7: Selected and filtered pixels in each view. Pixels retained
by the proposed view-selection strategy are shown in green, while
pixels rejected during filtering are shown in red.

Uncertainty /mm

Height difference /mm

0

FIGURE 8: Comparison of 3D points reconstruction results. The
height difference is obtained from the comparison with the results
from a laser scanner. For better visualization, the uncertainty and
height difference are projected to the reference image coordinates.
(a) and (c) are the uncertainty and height difference of the 3D points
reconstructed using all six views, while (b) and (d) are those using
selected views.

TABLE 2: Uncertainty budget of the reconstructed 3D points in the proposed MVS framework.

Source of Uncertainty Typical Magnitude

Influence on Reconstruction

Camera calibration
Stereo matching
Triangulation geometry
Reconstructed 3D points

~0.4 pixels (reprojection error)
~0.2 pixels (matching error)
increases with distance z¢

up to ~2 mm in the experiments —

dominant near image periphery
dominant in low-texture regions
dominant at large z¢
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FIGURE 10: Reconstructed 3D point cloud of a deformed metal
sheet from uncertainty filtering.

reliability.

Figure 9 gives statistical comparison of the height-difference
error distributions obtained from all camera views versus those
computed using only a selected subset of views. The proba-
bility density functions (PDFs) in the top row show that both
distributions are highly skewed toward small errors, with a sharp
peak near zero. However, the selected-view configuration ex-
hibits a slightly higher peak and a steeper decay, indicating that
it produces more measurements concentrated near zero error and
fewer large deviations. This behavior is further confirmed by
the CDF curves in the bottom plot: the selected-view CDF rises
more quickly, meaning that a larger fraction of points achieve low
reconstruction error compared to the all-view configuration.

Beyond guiding optimal view selection, the estimated point-
wise uncertainty also enables direct quality filtering of the recon-
structed 3D point cloud. Figure 10 shows the final reconstructed
point cloud of the free-form metal surface. Here, we remove all
points with a predicted 3D positional uncertainty greater than 2
mm, resulting in a cleaner and more reliable representation of the

surface.

Overall, these results demonstrate that uncertainty-aware
muti-view stereo improves the precision of 3D reconstruction,
particularly under challenging imaging conditions such as high
reflectivity and weak texture.

5. CONCLUSION

This study presents an uncertainty-aware framework for
quantifying and managing 3D reconstruction uncertainty in MVS
systems. The proposed approach explicitly models the propa-
gation of errors originating from camera calibration and image
matching, enabling the estimation of uncertainty associated with
reconstructed 3D points. Through this formulation, both the ge-
ometric characteristics of triangulation and the spatial variation
of projection uncertainty can be systematically analyzed.

Building on this uncertainty estimation, an uncertainty-
guided view selection strategy is introduced to improve recon-
struction reliability. By identifying and excluding unstable obser-
vations, particularly those affected by challenging surface condi-
tions such as specular reflections or unfavorable viewing geome-
tries, the proposed method reduces the influence of unreliable
measurements during triangulation.

Experimental evaluations demonstrate that the uncertainty-
aware strategy consistently improves reconstruction accuracy and
robustness compared with conventional MVS approaches that
utilize all available views indiscriminately. The results show
that incorporating uncertainty information into the reconstruction
process leads to more stable and reliable 3D measurements.

Overall, the presented framework establishes a principled
approach for integrating uncertainty analysis into multi-view re-
construction. By providing quantitative confidence estimates for
reconstructed points and enabling uncertainty-guided measure-
ment selection, the method contributes toward more reliable and
traceable 3D metrology. This capability is particularly valuable
for advanced manufacturing applications, where robust in-situ
monitoring and measurement reliability are critical.
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