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ABSTRACT

Stereo Digital Image Correlation (Stereo-DIC) has become a mainstream optical metrology technique for
quantitatively analyzing full-field 3D shape, displacement, or deformation of materials and structures. Whether
it is to measure 3D profile or deformation, stereo matching is essential for Stereo-DIC to reconstruct 3D point
clouds from stereo images. Traditional feature-based (e.g., SIFT) methods provide initial 2D displacements
for stereo matching with the aid of extracting massive features, but at the cost of expensive computational
overhead. In addition, these methods preclude precise measurement of objects with steep and ridged surfaces or
undergoing large rotation and/or deformation due to low feature matching accuracy of complex regions caused
by perspective differences. In this paper, we propose a fast and robust stereo matching method using semi-
global matching with geometric constraints (GC-SGM) for initializing and accelerating Stereo-DIC computation.
For GC-SGM, an optimized semi-global matching (SGM) algorithm based on GPU acceleration is first utilized
to quickly estimate dense and reliable disparity maps between the rectified stereo images. The global pixel-
wise 2D correspondence between raw stereo images can be established inversely using epipolar constraints
and 1D disparity information, and then converted to accurate and initial second-order deformation parameters
for 2D-DIC-based sub-pixel refinement by least-squares-based surface fitting. Experimental results prove that
the proposed GC-SGM enhances the matching correctness and robustness for complex objects while improving
the processing speed on GPU by 3~10 times compared with SIFT-based methods, enabling high-precision and
computationally efficient 3D shape and deformation measurement.

1. Introduction

on an image sequence continuously acquired by one camera. 2D-DIC,
as a local iterative optimization technique, requires an accurate initial

Stereo Digital Image Correlation (Stereo-DIC), as a non-contact and
full-field 3D shape and deformation measurement technique based on
the principles of DIC and stereo vision, has been successfully applied to
various areas, such as materials science, biomechanics, and aerospace
engineering [1,2]. Image correlation is pivotal to Stereo-DIC and it can
be divided into two categories: temporal matching and stereo match-
ing. Temporal matching, which can be seen as subset matching based
on 2D-DIC, is to track the 2D displacement of points of interest (POIs)

* Corresponding authors.

guess of the deformation or displacement of valid points to initialize the
iterative calculation [2]. In the common instance of temporal matching,
the 2D displacement of POIs is first initialized by different methods in-
cluding fast-Fourier transform (FFT) [3], genetic algorithms [4], and
scale-invariant feature transform (SIFT) [5,6], and further refined using
2D-DIC with classic NR algorithms [7] or inverse-compositional Gauss—
Newton (IC-GN) algorithms [8,9]. FFT methods are computationally ef-
ficient and enable global sub-pixel displacement estimation by detecting
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peaks in complex spectra by fast Fourier transform [10]. But it suffers
from the accuracy and robustness of peak-finding algorithms, result-
ing in the degradation of reconstruction quality for objects with com-
plex surfaces. In contrast, SIFT is quite robust to ambient illumination
and varying surface properties, enabling it to achieve higher-accuracy
keypoint matching with the aid of extracting massive scale-invariant
features, but its feature extraction and matching are computationally
expensive, which limits the applications of the SIFT-aided DIC. Yang
et al. [11] developed a SIFT-aided path-independent DIC method to es-
timate the initial guess of all valid points by introducing the parallel
computing on the graphics processing unit (GPU) or multi-core CPU,
achieving real-time processing with high resolution and accuracy for
temporal matching based on 2D-DIC.

Different from temporal matching, in stereo matching, the 2D cor-
respondence between stereo images captured by left and right cameras
is established and converted into 3D shape information of the tested
object after stereo calibration. However, for initial 2D displacement es-
timation, traditional feature-based (e.g., SIFT) methods preclude precise
measurement of objects with steep and ridged surfaces or undergoing
large rotation and/or deformation due to low feature matching accuracy
of complex regions caused by perspective differences. Lin et al. [12]
presented an epipolar constraint-aided 2D correspondence searching
method to cope well with objects with relatively steep slopes. How-
ever, the running time of this method on GPU was increased by nearly
2.35 times compared with SIFT feature-aided approaches. In addition, it
is worth noting that the perspective differences between stereo cameras
make the first-order shape function commonly used in temporal match-
ing no longer applicable, and a more complex second-order shape func-
tion is used for 2D-DIC-based sub-pixel refinement in stereo matching
[13]. Therefore, compared with temporal matching, stereo matching is
a more challenging and computationally complex part of Stereo-DIC,
and its measurement accuracy and computational efficiency need to be
improved urgently [14].

On the basis of 3D shape measurement using stereo matching, there
are generally three matching strategies in Stereo-DIC to realize 3D
deformation measurement for quantitatively analyzing the 3D displace-
ment field of point clouds at different times or states. As shown in Figs. 1
(a)-(c), the commonality of the three strategies is that temporal match-
ing is exploited to process the left image sequence for tracking the same
subsets at the initial state and other states, and stereo matching is per-
formed on left and right reference images for obtaining initial 3D point
clouds of objects. In addition, in the first strategy, temporal matching
processes the right reference image and others on the right image se-
quence. The second strategy is that the left reference image is matched
to all frames in the right image sequence. For the last strategy, stereo
matching is implemented on left and right images collected at the same
time in the whole deformed process. Since stereo matching is more com-
putationally complex than temporal matching, the first strategy that
only needs to perform stereo matching once is often preferred. It can
be found that stereo matching is frequently used in the third matching
strategy. However, this strategy not only suffers from expensive compu-
tational costs from stereo matching, but also requires the interpolation
of left images (with complex calculation and non-negligible interpola-
tion error) at each state [2], which is not recommended in Stereo-DIC.

In this paper, the main contribution is to renovate the third matching
strategy with poor performance. By introducing the adaptive subset off-
set scheme [15], a stereo matching method using semi-global matching
with geometric constraints (GC-SGM) is proposed to markedly improve
the computational efficiency and accuracy in Stereo-DIC, outputting
comparable measurement results to the first matching strategy. For
GC-SGM, benefiting from the shared memory mechanism and multiple
stream operations on the CUDA environment, an optimized semi-global
matching (SGM) algorithm based on GPU acceleration is first utilized
to realize fast and global disparity estimation for the rectified stereo
image. Further, the obtained disparity information is combined with
epipolar constraints to inversely achieve initial 2D displacement match-
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ing between raw stereo images. For the second-order shape function
involved in stereo matching, initial deformation parameters of each
point are calculated using least-squares-based surface fitting, and then
refined to enhance the accuracy of 2D displacement measurement us-
ing 2D-DIC based on IC-GN. Experiments proved that the proposed
GC-SGM enhances the matching correctness and robustness while im-
proving the processing speed on GPU by 3~10 times compared with
SIFT-based methods, achieving fast and accurate 3D profile and de-
formation measurements for objects with steep and ridged surfaces or
undergoing large rotation and/or deformation.

2. Principle

As shown in Fig. 1 (d), the proposed GC-SGM consists of four steps
to initialize second-order deformation parameters and accelerate the
computation of stereo matching in Stereo-DIC. For stereo image pairs
{I o1 R} captured at the same moment, epipolar rectification is first
executed to align the epipolar lines of left and right images, simplify-
ing the two-dimensional search problem to a one-dimensional matching
problem. The rectified images {IX*’, 7R’} are processed to obtain
the 1D disparity map D®¢¢’ using an optimized semi-global matching
(SGM) method by parallel calculation on GPU according to our pre-
vious work [16]. Based on stereo calibration parameters and epipolar
constraints, for any point p =[x,y L]T on left image I, initial 2D dis-
placement of the corresponding point q =[x,y R]T on right image I
can be determined using DR, and converted to second-order defor-
mation parameters for stereo matching using surface fitting and subset
matching based on 2D-DIC.

2.1. Optimized semi-global matching (SGM) based on GPU acceleration

Stereo-DIC and stereo vision are both mainstream optical metrology
[17-19] and computational imaging [20-22] techniques for measuring
the 3D profile of the tested scenes. Different from subset matching com-
monly used in Stereo-DIC, stereo matching, as the core technology in
stereo vision, is based on local matching methods, semi-global matching
(SGM) methods, or global matching methods, which are implemented
to build the global 1D correspondence of rectified stereo images and
obtain dense disparity maps. There is generally a four-step pipeline
for stereo matching, including matching cost calculation, cost aggre-
gation, disparity computation, and disparity refinement. Due to the
limited computing resource early, some GPU-accelerated local matching
methods were proposed to enhance the matching accuracy and running
speed using cost calculation methods based on different similarity es-
timation criteria or multi-scale matching windows [23-25]. However,
in the well-known stereo vision dataset Middlebury, the matching accu-
racy of these methods is lower than that of global stereo matching meth-
ods, which can achieve accurate pixel-level stereo matching through a
global energy function at the cost of higher computational complex-
ity [26]. By inheriting the advantages of the above two methods, SGM
methods have the same algorithmic complexity as local methods by
accumulating one-dimensional cost aggregation results from all direc-
tions, striking a good balance in stereo matching accuracy and compu-
tational efficiency [27,28].

Here, by artificially manufacturing or projecting speckle patterns
onto the surface of the measured objects to enhance their features, we
proposed an optimized SGM algorithm based on GPU acceleration to
overcome streak artifacts in stereo matching, achieving efficient, dense,
and accurate matching results in Fig. 1 (d). Specifically, for matching
cost calculation, the local feature vectors of rectified speckle images are
extracted by census transform:

R R
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Fig. 1. Diagrams of different matching strategies for 3D deformation measurement and the proposed stereo matching method using semi-global matching with
geometric constraints (GC-SGM). (a)-(c) Three different matching strategies, (d) An overview of the proposed GC-SGM.

where C(x, y) is the feature vector of the central pixel (x,y), @ repre-
sents a bit-wise concatenation operator, and R is the radius of the local
matching window. Since the census transform based on block match-
ing is a pixel-independent algorithm, the feature vectors of all pixels in
stereo rectified images {1}/, TR*'} can be calculated simultaneously
by multiple CUDA streams and the shared memory mechanism [16].

Based on the disparity range [D,,;,, D,,,.] determined by the calibra-
tion parameters and measurement range of our Stereo-DIC system, the
matching cost Cost(x, y,d) can be obtained to estimate the similarity be-
tween each pixel in the left image and all candidates of the right image
by calculating the Hamming distance of their feature vectors, which is
defined as:

Cost(x,y,d)=BC(Cy(x,»)BCgr(x — d,y)), 3)

where @ is a XOR operation, and BC(e) is used to count the number
of ‘1’ in XOR results. Since the cost calculation using the Hamming
distance is a row-independent algorithm, the initial matching cost of
each row in the left rectified image can be calculated simultaneously
benefiting from the shared memory mechanism. Due to the high overlap
between candidate disparity ranges corresponding to adjacent pixels,
the feature vectors of each row are stored in a segmented manner, and
the matching costs of D,,,, — D,,;, + 1 pixels are computed at the same
time.

And then, the matching cost Cost(x,y,d) can be further optimized
using cost aggregation or cost filtering. In our method, the SGM-based
cost aggregation approximates the global solution by aggregating 1D
matching costs along 4 independent paths. The aggregated cost L;(p,d)
of the pixel p =[x, y]” at disparity d along a path r; = (ry,ry) is defined
recursively as:

Li(p-r1;,d)
| Lip-r.d-1)+ P
L;(p,d)= Cost(p,d)+ min Lip-rt.d+1)+P (€)]

mkiﬂLi(P -1,k + P,

- mkin L(p—r1;,k),

4
S@.d)=1 Y Lp.d), ®)
i=1

where S(p,d) represents the aggregated cost. P, is a constant penalty,
and P, is a penalty that varies with the intensity gradient:

B cp, ®
1oy -1(p-1,)]

where P is another constant penalty. It is worth noting that the penalty
parameters of SGM affect the final stereo matching results. After an ex-
haustive empirical search, it is found that the parameters P, and P;
are closely related to the window radius R used in census transform. In
order to enhance the accuracy of speckle matching, the preset thresh-
olds of the parameters P, and P; are set as 2R + 1)*> and (4R + 2)?
based on the matching quality metric. Since the cost aggregation is a
row-independent or column-independent algorithm, all four aggregated
costs L;(p,d) along different independent paths can be calculated simul-
taneously. Further, considering that the cost aggregation is performed
sequentially along the row or column, the aggregated cost of the current
pixel is only related to that of the previous pixel and can be calculated
simultaneously for all candidate disparities.

Finally, the initial integer-pixel disparity map can be selected as the
index of the minimum cost in S(x, y, d) through Winner Take All (WTA):

P <P=

D(x,y) =argminS(x, y,d). %)
d

Further, the sub-pixel disparity estimation is implemented by fitting a

parabola using neighboring costs:

_ S(D+1)-S(D-1)
28(D+ 1) +25(D — 1) — 4S(D)’

Dsub — (8)
It is worth noting that the disparity computation and sub-pixel dispar-
ity estimation are pixel-independent algorithms, which are only related
to the aggregated cost of the current pixel. Then some simple post-
processing operations are adopted to obtain accurate and dense dis-
parity maps. The left-right consistency check (L-R Check) is applied to
identify invalid pixels in the disparity map, including occluded, mis-
matched, and background areas. The 4-connected-based image segmen-
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tation algorithm is used for noise peak removal in the disparity map.
The mismatched points in the disparity map are interpolated by choos-
ing the second-lowest disparity value from the 8 neighbor points.

2.2. Initializing and accelerating Stereo-DIC computation using GC-SGM

After the 1D correspondence between the rectified stereo image is
established using the optimized SGM based on GPU acceleration, the
initial 2D displacement between raw stereo images can be found based
on stereo calibration parameters and epipolar constraints. Using the in-
trinsic matrix A, and the distortion coefficients k{ of the left camera,
as shown in Fig. 1 (d), the point p located in the camera imaging plane
I, is mapped to the normalized plane, and further projected to the cor-
responding point pRe’ on the rectified left image I f“’ by combining
rectified intrinsic parameters A’L‘“” and the rotation matrix R; when
performing the rectification of the left camera:

LUT(p) N PRect P pRect — AfectRle;l(kc ’Azlp)’ (9)

where F 1(#) represents the function of distortion removal. Eq. (9) de-
scribes the pixel-wise correspondence between the left image 7; and
the rectified left image 1 f“’. Since these parameters used in Eq. (9) are
known and fixed after stereo calibration, a lookup table mapping from
p to pRe¢’ can be created to calculate the sub-pixel coordinates of pRec!
directly. Then, the corresponding point q®¢’ on the rectified right im-
age I g“’ can be determined using the 1D disparity map D®¢’ based on
bicubic interpolation:

Rect Rect

p —d> q P qRecl — pRecl _ DRect(pRecr). (10)

Contrary to the lookup table mapping from p to pR¢, the point q on
right image I can be converted from qR¢’ according to the parameters
of right camera:

RE(qRecr) Sqeq= ARFk [k;’RR(Agect)—lqRect] . (11)

It is worth noting that Eq. (11) is a pixel-independent algorithm, which
is applicable for parallel acceleration. Here, the corresponding point
q of right target image I; can be determined for any point p on left
reference image I;, thus achieving accurate and efficient initial dis-
placement estimation for stereo matching:

{u =x; —xp
pP-q— ()& . (12)
V=YL~ YR

For 2D-DIC-based sub-pixel refinement, the initial deformation pa-
rameters of the point p will be estimated using least-squares-based
surface fitting. In Stereo-DIC, the second-order shape function W(¢; T)
is introduced to describe a perspective transformation between the left
reference subset centered on the point p and the right target subset cen-
tered on the point q [13] as:

Y @+O=) @+ WET), 13)
¢ £

Uxx 2 4 My o2
X+utu X +uyy+u,xy+ SExT+ 0y

WE T = 14

Uxx 2 4 Y o2 |’
ytotox+oy+o,xy+ SEx+ =5y
where £ =[x, y]7 denotes the local coordinate in the subset, and T repre-
sents the deformation parameters, i.e., [u,u,, Uy Useres Uyys Uy Us Uy Uy U
0,,- Uy, 1T Using 2D matching results obtained according to Eq. (12),
Eq. (13) can be rewritten based on the surface fitting:

2 2 2 2
szg(a]x +ayy° +azxy+ayx +asy+ag —u)°, 15)
S)21=;(blxz+b2y2+b3xy+b4x+b5y+b6—u)2, (16)

where (a,a,,a3,a4.as5,a6) and (by, by, by, by, bs, bg) are set as (u,/2,u,,/2,
Uy Uy, Uy, U) and (v,, /2, Uyy/2, Uyys Uy Uy D). Solving Eq. (15) and Eq. (16)
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Table 1
Performance analysis results of Stereo-DIC using the SIFT-based method and
GC-SGM.

Method Computation time (ms) Cmr?
Initial estimation Sub-pixel refinement

SIFT 1411.60+17.31 1691.48+30.73 83.67%

GC-SGM 134.41+8.52 1710.64+34.35 92.36%

a Cmr = Correct matching rate (ZNCC > 0.9).

is a least-squares minimization problem for obtaining initial deforma-
tion parameters. In addition, to further speed up the initial estima-
tion, it is optional to estimate only 6 parameters without considering
the second-order coefficients. Finally, sub-pixel optimization in stereo
matching is performed using the GPU-accelerated 2D-DIC algorithm
[12].

3. Experiments

To systematically evaluate the effectiveness of the proposed GC-
SGM, several experiments were conducted, including high-resolution
3D reconstruction of complex samples on the well-known 3D-DIC chal-
lenge dataset, 3D shape and deformation measurement on the built
Stereo-DIC system. All tests were run on a desktop computer equipped
with an AMD Ryzen 7 3700X CPU (8 cores, 16 threads) and an NVIDIA
GeForce RTX3090 graphics card (10496 CUDA cores, 24 GB VRAM).

3.1. High-resolution 3D reconstruction on 3D-DIC challenge dataset

First, a 3D reconstruction experiment using Stereo-DIC was carried
out to reveal the actual performance of GC-SGM in terms of the match-
ing speed and accuracy, and the SIFT-based method [11] was imple-
mented for comparison. As known to all, measuring objects with ridged
and complex surfaces is a challenging task for Stereo-DIC. To verify the
reliability of different methods for initial estimation in stereo match-
ing, Stereo Sample 1 of the 3D-DIC dataset was measured, including
two semi-cylindrical reliefs, two triangular prisms, and a square stage.
Fig. 2 (a) shows the left image (2448 x 2048 pixels) of Stereo Sample 1
for 3D shape measurement, where the region of interest (ROI) was ar-
tificially set to 1561 x 1561 pixels with 1-pixel intervals. To maximize
the matching performance, the subset size of 2D-DIC was determined as
19 x 19 pixels after an exhaustive empirical search. Figs. 2 (b)-(j) show
the matching results combining the 2D-DIC algorithm with the SIFT-
based method or GC-SGM, and the quantitative analysis results can be
found in Table 1.

For initial 2D displacement estimation using the SIFT-based method,
a large number of SIFT features were first extracted from left and right
images, which are robust to deformation, distortion, and illumination
changes. By calculating the Euclidean distance between SIFT descrip-
tors, the features of the left image were paired with those of the right
image. For each POI within the RO, its initial deformation parameters
were calculated using nearby feature pairs based on affine transforma-
tion [5]. Considering that rich features extracted from high-resolution
speckle images are one of the main reasons affecting the running speed
of SIFT-based methods [11], in this experiment, only 40,000 features
were reserved to reach the balance between the matching efficiency and
the correct matching rate. As shown in Figs. 2 (b)-(c), the SIFT-based
method can cope well with flat regions, but is unable to achieve reliable
initial 2D displacement estimation for slopes of triangular prisms and
edges of cylinders, resulting in the valid points of the matching results
being reduced from 1561 x 1561 pixels to 2,099,062 pixels (86.14%).
After 2D-DIC-based sub-pixel refinement, high-quality matching points
with ZNCC greater than 0.9 in the final u-/v-displacement results only
account for 83.67% of all valid points in Table 1. The main reason for
this result may be that the feature pairs to be matched in complex
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Fig. 2. Comparison of stereo matching results using different methods. (a) Left image of Stereo Sample 1 on 3D-DIC challenge dataset, (b)-(c) The initial u-/v-
displacement results using SIFT-based method, (d)-(e) The refined u-/v-displacement results using 2D-DIC with SIFT-based method, (f) The 1D matching results
using the GPU-accelerated SGM algorithm, (g)-(h) The initial u-/v-displacement results using the GPU-accelerated SGM algorithm with epipolar constraints, (i)-(j)
The refined u-/v-displacements using 2D-DIC with GC-SGM, (k)-(1) 3D reconstruction results using SIFT-based method or GC-SGM.

surfaces have obvious location differences caused by perspective dif-
ferences, which makes impossible the accurate initial estimation based
on affine transformation. On the contrary, in the proposed GC-SGM,
the GPU-accelerated SGM algorithm is utilized to achieve robust 1D
matching of rectified stereo images via smoothing the disparity map,
providing a dense 2D displacement result with 2,392,601 valid points
(98.19%) as shown in Fig. 2 (g)-(h). Sub-pixel refinement using 2D-DIC
with IC-GN was performed to further improve the correct matching rate
to 92.36% in Figs. 2 (i)-(j). Based on stereo calibration parameters, 3D
measurement results using different methods are presented in Figs. 2
(k)-(1), which confirm the superior performance of GC-SGM for high-
quality and efficient 3D modeling of complex shapes.

For the computation time of different methods presented in Ta-
ble 1, it can be found that SIFT still takes 1411.60+17.31 ms on Nvidia
RTX3090 by parallel acceleration, due to the expensive computation
involved in SIFT features extraction and matching. Benefiting from the
optimized SGM based on GPU acceleration, robust and dense 1D match-
ing takes about 120 ms for high-resolution images (2448 x 2048 pixels)
with a disparity range of 160 pixels. Based on the 1D disparity map
and stereo calibration parameters, geometric constraints and surface
fitting are utilized to achieve pixel-independent 2D displacement esti-
mation. The runtime of the whole initial estimation process requires
only 134.41+8.52 ms, which is almost 10 times faster than SFIT-based
methods [11]. In addition, GC-SGM needs to process more valid points
in the 2D-DIC-based sub-pixel refinement stage in Fig. 2 (g)-(h). Since
the initial matching accuracy of GC-SGM is higher than that of the
SIFT-based method, especially in complex areas, so our method takes
slightly more time to implement sub-pixel refinement than the SIFT-
based method in Table 1. These experimental results demonstrate that
our method achieves more accurate and computationally efficient 3D
shape measurement based on Stereo-DIC.

(b) Main camera

Main
camera

Auxiliary
Tested object camera

DLP projector

o

Auxiliary camera

Fig. 3. Photographs of the built Stereo-DIC system including two CMOS cameras
and a DLP projector.

3.2. 3D shape and deformation measurement on the built Stereo-DIC
system

In order to verify the applicability of the proposed GC-SGM for 3D
shape and deformation measurement, we built a common Stereo-DIC
system with a wide baseline as shown in Fig. 3, which consists of two
monochrome cameras (acA640-750um, Basler) with a resolution of 640
X 480 pixels and a DLP projector (LightCrafter 4500Pro, Texas Instru-
ments). The projector projects the speckle pattern with a fixed spatial
distribution onto the tested objects to ensure the global uniqueness of
the entire measurement space and assist in establishing accurate corre-
spondence between stereo images, enabling 3D shape measurement of
texture-free surfaces [29]. To demonstrate the robustness of GC-SGM
for measuring multiple objects with complex shapes, some different ob-
jects were measured in Figs. 4(a)-(c) including a hexagonal pyramid,
a parallelepiped, and a regular icosahedron, and the corresponding 3D
measurement results are presented to illustrate the reliability of our
method as shown in Figs. 4(g)-(i). We additionally provide precision
analysis results for 3D shape measurement of different objects. For the
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(©)

Fig. 4. 3D shape measurement of different objects. (a)-(i) The hexagonal
pyramid, parallelepiped, and regular icosahedron, and the corresponding left
speckle images and 3D reconstruction results.

0  vm 0 Y(mm)
X(mm) 50 -70 X(mm) 100 -60

(d) RMS = 71,563 um (e) RMS = 67.525 ym (f)

X(mm) o0 0

RMS =57.712 ym

Number of points

Fig. 5. Quantitative accuracy analysis for 3D shape measurement of different
objects. (a)-(c) The error distributions of the hexagonal pyramid, parallelepiped,
and regular icosahedron, (d)-(f) The corresponding histograms of (a)-(c).

highlighted regions of 3D shape measurement results in Figs. 4(g)-(i),
the error distributions of the hexagonal pyramid, parallelepiped, and
regular icosahedron are obtained by plane fitting as shown in Figs. 5
(a)-(c), where major measured errors are less than 200 um with the
RMS of 71.563 um, 67.525 um, and 57.712 pm in Figs. 5 (d)-(f). Quan-
titative analysis results for 3D shape measurement of different objects
show that the proposed GC-SGM achieves accurate and robust 3D shape
measurement for objects with complex surfaces, geometric steeps, and
sharp edges.

Besides, in order to quantitatively evaluate the reliability of our
method, the matching results of different measured objects were an-
alyzed and shown in Table 2. The number of points is counted as the
sum of all valid points from the main camera. To realize the reliabil-
ity analysis of the matching results, the SIFT-based method and the
proposed GC-SGM were performed as two separate groups. The correct
matching rate represents the ratio of points with ZNCC greater than
0.9, and the time means the total running time of initial estimation and
sub-pixel refinement. It can be found from these comparison results in
Table 2 that GC-SGM realizes fast and robust 3D shape measurement
with a high correctness ratio and high completeness for edge regions
and abrupt depth discontinuities of complex objects. In addition, as the
number of points increases from 60,068 POIs to 112,986 POIs, the com-
putational time of SIFT improves significantly from 11.23 ms to 17.95
ms. Since the optimized SGM algorithm used in GC-SGM can quickly
provide global matching results, the running time is still maintained
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Table 2
Performance analysis results of several objects using SIFT-based method and

Object Nop® Method Cmr® Time (ms)
Hexagonal pyramid 78651 ZI(I;;GM 25?;5(3:; ‘1‘39(;‘:;2980613
Regular icosahedron 60068 ZIE?;GM 2§951:i2 ilsiizzszs?’ss

2 Nop = Number of points.
b Cmr = Correct matching rate (ZNCC > 0.9).
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Fig. 6. 3D deformation results of the plastic plate. (a)-(c) Left and right im-
ages and the corresponding color-coded 3D shape reconstructions at different
times, (d)-(f) U-/V-/W-displacement fields of 3D point clouds before and after
deformation.

at about 5 ms for measuring these challenging shapes, demonstrating
the reliability and efficiency of our method for 3D shape measurement
based on Stereo-DIC.

Last, to further demonstrate the advantages of GC-SGM, our sys-
tem was applied to fast 3D deformation measurement of the plastic
plate as shown in Fig. 6 and Visualization 1. During the whole dynamic
measurement, the plastic plate was subjected to external pressure from
the left, and its shape gradually changed from flat to curved. For fast
and accurate 3D deformation measurement, the matching window sizes
of census transform and 2D-DIC are set as 5 x 5 pixels and 19 x 19
pixels, and the pixel spacing is 1 pixel. At the initial state, 3D shape
measurement based on stereo matching was performed on the left and
right images to obtain initial 3D point clouds as shown in Figs. 6(a)-(b).
For subsequent deformation states, the SIFT-based method and GC-SGM
are sequentially implemented for temporal matching and stereo match-
ing. It is worth noting that the matched points of the deformed left
image output by temporal matching are always at sub-pixel locations,
as reference points for stereo matching. To circumvent the additional
systematic errors caused by intensity interpolation, we referred to the
adaptive subset offset scheme [15]. By transforming the subset in the
reference image to the nearest integer position, this scheme not only
retrenched the computational cost of subpixel interpolation, but also
eliminated periodic systematic errors. Experiments prove that our sys-
tem presents the 3D deformation measurement process of the plastic
plate in quasi-real time (8.81 FPS) for calculating 120,701 POIs, which
takes about 18.02+46.43 ms for temporal matching and 5.34+43.75
ms for stereo matching at each deformation state. These experimen-
tal results demonstrate that our method has finished renovating the
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third matching strategy with poor performance, enabling accurate and
computationally efficient 3D deformation measurement for objects un-
dergoing large displacement or deformation.

4. Conclusions and discussion

In this work, we presented a reliable and efficient stereo matching
method based on GC-SGM for initializing and accelerating Stereo-DIC
computation, endowing the capability to overcome the limited match-
ing efficiency and the reconstruction quality deterioration of complex
profiles or large deformation in Stereo-DIC. An optimized semi-global
matching (SGM) algorithm based on GPU acceleration is first presented
to quickly establish global and dense 1D correspondence between recti-
fied stereo images, which can be converted to initial 2D displacements
between raw stereo images using epipolar constraints. For the second-
order shape function involved in stereo matching, initial deformation
parameters of each point are calculated using least-squares-based sur-
face fitting, and then refined to enhance the accuracy of 3D shape and
deformation measurement using 2D-DIC based on IC-GN. The effective-
ness of GC-SGM has been verified by several experiments for measuring
various types of objects. 3D reconstruction results of Stereo Sample
1 on 3D-DIC challenge dataset confirmed that GC-SGM can achieve
high-precision and high-resolution 3D shape measurement for complex
objects with steep and ridged surfaces, enhancing the matching cor-
rectness by about 10% while improving the processing speed on GPU
by almost 10 times compared with SIFT-based methods. Based on the
built Stereo-DIC system, 3D shape measurement results proved again
that our method can achieve fast and robust 3D shape measurement
with higher completeness for multiple objects including a hexagonal
pyramid, a parallelepiped, and a regular icosahedron. Different from
SIFT-based methods, the computational time of initial estimation based
on GC-SGM is only related to the image resolution and is not affected
by the number of points to be calculated, demonstrating the lower algo-
rithmic complexity of our method for 3D shape measurement. Finally,
dynamic measurement results of the plastic plate revealed the applica-
bility of GC-SGM for accurate 3D deformation measurement with high
quality in quasi-real time.

It should be discussed here that GC-SGM proposed in this paper can
achieve more accurate and fast 3D measurement compared with SIFT-
based methods, but it cannot meet the requirements of high-precision
and high-resolution 3D measurement for complex structural parts in
industrial scenarios. 2D-DIC-based sub-pixel optimization methods gen-
erally exploit larger matching windows to maintain the convergence
stability and measurement robustness, but at the cost of the spatial res-
olution. In addition, how to select the appropriate matching window for
Stereo-DIC is our primary focus. It is obvious that the smaller window
can speed up the calculation efficiency but provides coarse correlation
results. On the contrary, the bigger window outputs reliable correspond-
ing points at the expense of the computational cost. Based on the above
analysis, we will explore other methods to improve the matching accu-
racy and spatial resolution of Stereo-DIC.
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