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Abstract

In structured light systems, the accuracy of measurement no-
tably diminishes when assessing complex texture objects,
especially encountering boundaries between various colors.
To address this challenge, this paper meticulously analyzes
and establishes an error model, elaborating the correlation
between phase errors and the gradients of phase and gray-
scale. Based on this analysis, a novel high-precision method
is proposed for measuring complex texture objects via bidi-
rectional fringe projection. This approach firstly leverages
horizontal and vertical fringe projections to derive bidirec-
tional phase information and calculates the angles between
the tangent of the texture edges and the phase gradient. Sub-
sequently, a refined temporal phase correction algorithm is
formulated based on the epipolar matching algorithm and the
devised error model, effectively reducing errors caused by
complex textures. Ultimately, corrected point clouds are cal-
culated based on bidirectional phases, and the obtained point
clouds are merged to further diminish phase errors. Compar-
ison experiments indicate that this method can reduce Mean
Absolute Error (MAE) and Root Mean Square Error (RMSE)
by 65.74% and 67.75%, respectively. Compared to existing
methods, it improves performance by 27.29% and 33.74%,
respectively, demonstrating superior performance.

Introduction

Recovering dense 3D shapes of objects from 2D images is
a fundamental artificial intelligence problem, with many re-
search results achieved (Zhang and Yau 2006; Zhang et al.
2019; Khan, Shirazi, and Kim 2018). The point cloud ob-
tained by 3D reconstruction can be used in numerous fields,
such as object detection, object tracking, and 3D shape fea-
tures learning (Yan et al. 2017; Koh et al. 2022; Li and
Cheng 2022). Therefore, optimizing point clouds and recon-
struction algorithms is also a meaningful research direction.

Fringe projection profilometry (FPP) holds a dominant
position among various reconstruction algorithms due to its
low cost, strong robustness, and high spatial resolution (Su
and Zhang 2010; Geng 2011; Quan, Tay, and Chen 2007).
Furthermore, the rapid development of digital light process-
ing (DLP) techniques promotes the research of FPP. Three-
dimensional measurement technology based on structured
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Figure 1: A flat plate is measured using FPP. (a) A flat plate
adorned with a mouse pattern; (b) Point cloud error caused
by defocusing of complex texture; (c) Point cloud error cor-
rected by the proposed method.

light assumes that each camera pixel exclusively captures
light emanating from one projector pixel. However, this as-
sumption often fails to hold in many actual measurement sit-
uations, such as inter-reflection, subsurface scattering, volu-
metric scattering, camera defocusing and so on (Nayar et al.
2006; Kobayashi et al. 2015; Sun et al. 2022). These situa-
tions are generally referred to multi-path issues that a cam-
era pixel sees light emanating from multiple projector pix-
els (Zhang, Lau, and Yu 2019; Zhang, Lau, and Wipf 2021).

Among these situations, lens defocusing is inevitable for
every camera, which severely impair the performance of
three-dimensional optical measurement techniques. Due to
camera defocusing, each camera pixel essentially captures
the convolution of the point spread function (PSF) with the
intensity of light reflected from points in a specific region
on the object. For objects without texture, where the sur-
face reflectivity can be considered uniform, the impact of
defocusing is minimal, allowing FPP to attain exceptional
reconstruction accuracy. Conversely, for objects with com-
plex textures, especially around edges where surface colors
change, the convolution between the disparate reflectivities
of surface points and PSF leads to cross-contamination in
grayscale of fringe patterns. In the phase data, this manifests
as the phase of contamination points being biased towards
regions with higher reflectivity, thereby adversely affecting
the accuracy of the final reconstruction (Yao et al. 2024). An
example of these objects is illustrated in Fig. 1, where the
errors in the point cloud caused by complex textures are dis-
tinctly evident. Currently, many researchers have proposed



various error analysis and phase compensation algorithms.
Broadly, these algorithms are categorized into two groups:
one involves estimating the PSF distribution of the camera,
while the other employs error compensation via the Single-
Pixel Imaging Method (SIM). However, the former relies on
the accurate neighborhood information of pixels to correct
phase errors, while the latter is characterized by lower com-
putational efficiency.

Based on our previous research on multi-path issues, we
further introduce a temporal phase correction algorithm,
termed the Epipolar Line Phase Correction and Point Cloud
Fusion (ELPC-PCF) algorithm. This algorithm effectively
corrects errors induced by complex textures in FPP, while
obviating the need for additional equipments and maintain-
ing high stability. Through a series of comparison experi-
ments, we have validated the accuracy of the proposed al-
gorithm. As illustrated in Fig. 1(c), this method significantly
reduces point cloud errors caused by complex textures.

Our contributions are summarized as follows:

* We conducted an in-depth analysis of the phase er-
ror model within areas of abrupt reflectivity transition
when subjected to camera defocusing. This investigation
revealed an obvious correlation between phase errors,
phase gradients, and gray-scale gradients.

* Based on this proposed error model, we projected both
horizontal and vertical fringe patterns to capture bidirec-
tional phase information. A temporal phase error cor-
rection algorithm ELPC was developed, grounded on
the epipolar matching algorithm and the proposed er-
ror model. Unlike traditional algorithms, ELPC pro-
vides sufficient constraints to directly correct phase er-
rors without the need for complex parameter calibration.

* Finally, we synthesized and refined point clouds using
bidirectional phase information, significantly minimizing
phase errors. Comparison experiments confirmed the ef-
ficacy of our method, showcasing a reduction in MAE
and RMSE by 65.74% and 67.75%, respectively.

Related Work

Although numerous deblurring methods exist at present (Wu
et al. 2016; Hosseini and Plataniotis 2019; Xu and Jia 2010;
Biggs and Andrews 1997), none can achieve absolute fo-
cus, rendering the phase errors caused by complex textures
unavoidable. By estimating the PSF distribution, phase pat-
tern can be categorized into accurate and erroneous regions.
Rao et al., building on the algorithm outlined in literature
(Joshi, Szeliski, and Kriegman 2008), derived the PSF dis-
tribution and subsequently developed an two-dimensional
error model (Rao and Da 2018). Utilizing this foundation,
they calculated phase compensation values by harnessing
the phase and phase gradients from neighboring accurate re-
gions. Hu et al. further simplified the two-dimensional phase
error model to a one-dimensional model by imposing ideal
constraints (Hu et al. 2023). They introduced a method for
estimating parameters under both degenerate and nondegen-
erate reflectivity discontinuities, facilitating phase correc-
tion. Wu et al. estimated the PSF by fitting a Gaussian curve
and then performed deconvolution on the captured patterns
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using the obtained PSF (Wu et al. 2020). Yue et al. utilized
the intensity and phase values of adjacent accurate regions to
derive an error expression for the erroneous regions, thereby
achieving phase optimization (Yue et al. 2019). Nonetheless,
the efficacy of these method hinges on the precision of PSF
estimation, which may falter in environments with rapid re-
flectivity transitions, diminishing the accuracy of error com-
pensation. Additionally, Blanchard et al. proposed a method
for correcting point cloud errors based on Gaussian curve fit-
ting, but this method is limited to planar objects (Blanchard
and Zhang 2022).

Diverging from PSF distribution estimation (Wu et al.
2019), SIM compensates phase errors through reconstruct-
ing scene reflectivity. Traditional SIM modulates images us-
ing a spatial light modulator and records the total reflected
light intensity with a single-pixel detector. Through multi-
ple measurements, the reflectivity of the scene is then de-
duced (Edgar, Gibson, and Padgett 2019; Zhang et al. 2017;
Qiu et al. 2020). To reduce hardware requirements, Paral-
lel Single-Pixel Imaging (PSI) was developed, necessitating
merely a projector and a camera. This innovation leverages
the projector to project requisite patterns, considering each
camera pixel as an independent single-pixel detector for re-
flectivity reconstruction (Ma et al. 2021; Wang et al. 2021;
Jiang et al. 2021; Lyu et al. 2024). However, such meth-
ods still require capturing thousands of frames and exten-
sive data computation. Consequently, Lyu et al. introduced
FPP for coarse pixel matching, thereby reducing measure-
ment time to 8% of that required by traditional SIM (Lyu
et al. 2023). This approach is predicated on the assumption
that the PSF of camera follows a Gaussian distribution and
that the defocusing is minor.

Error Analysis and Error Model

This section initiates with an analysis of phase errors in ob-
jects with complex textures, subsequently establishing a re-
liable error model. It reveals a correlation between phase er-
rors and both phase and grayscale gradients. The details of
the formula derivation can be found in the Appendix.

Fig. 2(a) illustrates a typical FPP system, consisting of
a camera and a projector. During the measurement process,
the DLP projects a series of fringe patterns onto the mea-
sured object. Subsequently, the camera captures the fringe
patterns modulated by the object shape. Finally, the fringe
patterns are decoded and unwrapped to recover the absolute
phase. Based on the triangulation relationship between the
camera and projector, this absolute phase is reconstructed
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Figure 2: (a) FPP system schematic; (b) Schematic of com-
plex texture object measurement under camera defocusing.



into a 3D point cloud of the measured object. The captured
sinusoidal fringe patterns can be expressed as:
I;‘;(um ve) = r(uc, ve){I1 + I2 cos[¢(uc, ve) + dnl} + Io,

O

n=12,...,N,

where, IS denotes the ny, phase-shifting pattern; (u., v.)
denotes the pixel coordinate on the imaging plane of the
camera; r denotes the reflectivity of object surface; I; and
I, denotes the average intensity and intensity modulation,
respectively; Iy denotes the ambient intensity; ¢ denotes the
unwrapped phase; 6, = 2mw(n — 1)/N denotes the amount
of phase shift; and NN is the total number of phase-shifting
patterns.

As depicted in Fig. 2(b), when the camera is defocused, a
pixel on the imaging plane of camera no longer merely cap-
tures light from a single pixel on the projector. Instead, it re-
ceives reflected light intensities from multiple points within
the range of the PSF on the object surface. At this point the
captured fringe patterns can be modified as:

Iﬁ(uc» ve) = G(z,y) * I;‘(uc, ve)

- 2

= // G(z, y)I, (uc + z, v +y) dady,
JJIQ

where, * denotes convolution operation; {2 denotes the de-
focusing window; and (x, y) denotes a location index in the
window. G(z,y) represents the PSF of the camera, which
can be described by a Gaussian function with a standard
deviation of ¢ (Zuo et al. 2018), as shown in Eq. (3). For
brevity in subsequent equations, G(z, y) will be abbreviated
as Ggy.

1 _a?4y?
G(z,y) = o2 © 20° . 3

The coordinate systems of the camera and the projector
converge on the object surface, allowing for direct analysis
of errors from the perspective of projector. As depicted in
Fig. 3(a), a new coordinate system xoy is established with
the origin at (u., v.). The pixel coordinates of the projector
are denoted as (uy, vp). The green line represents the texture
edge where the reflectivity changes abruptly. The phase at
the origin (uc, v.) after defocusing can be expressed as (Rao
and Da 2018):
= oy sin(n) 1] (e, ve)

SR cos(8n) I (ue, ve)
[fe Goyr(=, y) sin[é(z, y)] dedy
[Jg Gayr(z,y) coslé(x, y)] dady |

Assuming the projected fringes vary uniformly along the

x axis with a period t, it follows that ¢(x,y) = 27a/t +

¢/(uc, ve) = arctan
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Figure 3: (a) Ideal case for complex textures; (b) Non-ideal
case for complex textures; (c) Non-ideal case for complex
textures after rotating the coordinate system.
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o(u., v.). The angle between this direction and the texture
edge is « in the counterclockwise direction. In xoy coordi-
nate system, the boundary of the defocus region 2 is con-
sidered as being at infinity. It should be noted that the ac-
tual range of camera defocus is very small, hence the phase
change within region €2 is minimal, i.e., 27wz /t — 0. Based
on this, the difference between ¢’ and the ground truth of ¢
is (Rao and Da 2018):
fo Ggyr(z,y)sin(2rz/t) dedy
JJ Gayr(w, y) cos(2ma/t) dady
//Q Ggyr(z,y)2mz dedy
fo Geyr(z,y)tdzdy '
Consequently, the corresponding projector coordinate er-
ror can be obtained:
Ag(uc,ve)t  [fg Gayr(z, y)z dzdy
27 = ffﬂ Ggyr(z,y)dedy
S, Geyrizdzdy + [[q, Goyroz dedy
- f‘[ﬂl Ggyry dedy + ff92 Ggyre dedy ’

A¢p(uc,ve) = arctan
(5)

~ arctan

DNup =
(6)

where, r; represents the reflectivity of the object at region
Q1, and r, represents the reflectivity of the object at region
5. By deriving the four parts of this expression separately,
the following four equations can be obtained:

T10 sin o

Ggyrizdedy =
//Ql i Vam
T1
Ggyrydedy = —,
2 2
roo sin a

Ggyroxdazdy = — s
//92 i var

T2
// Ggyradedy = —.
Qo 2

By substituting Egs. (7-10) into Eq. (6), the specific form
of the coordinate error can be obtained:
2r; —rg
sup =% A
However, Fig. 3(a) represents the ideal case for complex
textures. In reality, the texture edge does not exactly pass
through the center point of the defocus region, as shown by
the green solid line in Fig. 3(b). Under this circumstance, the
reflected light intensity from the object within region Q3 dif-
fers from the ideal situation depicted in Fig. 3(a). Therefore,
the coordinate error becomes:
ffﬂ Geyr(z,y)xdedy + f‘fﬂ3 Ggy(ry — ro)z dady
fo Ggyr(z,y)dedy + ff“s Ggy(ry — r2)dedy ’

)

®)

(©)]

(10

a1

o sin a.

Ay = 2
From Fig. 3(b), the following parameter relationships can
be derived:

cos o
sin a

B =
d=psina

42
e 202 —1)(r; —ry)osina
//ﬂs Ggy(ry — rg)zdedy = ( )5% 2) .

By rotating zoy coordinate system of Fig. 3(b) around the
center point o, Fig. 3(c) is obtained. Based on the proper-
ties of the Gaussian function, the following equation can be
derived:

[ Govrs = raydedy = [ Guyra = ra)deay
JJay Jay,

_(n

13)

14

(15)
—r2)

erf(d/vV20).



Egs. (14) and (15) represent the contributions from region
Q3. Substituting these into Eq. (12), the specific formula for
coordinate error under general conditions can be derived:

%

ry — 1T -
L 2 202 sin a.

2
Sup = \/;n F g+ (11 — ra)erf(d/V2a)

It can be observed that this error is independent of the
fringe period ¢. Based on this formula, it is possible to plot
the variation of errors under different conditions, as illus-
trated in Fig. 4(a). The parameters are set as follows: o = 1,
r1 = 0.8, ro = 0.2; the top view of Fig. 4(a) is shown in Fig.
4(b). Notably, consistent with Fig. 3(c), d > 0 indicates that
the imaging center point o is located in the high reflectivity
region, while d < 0 indicates it is located in the low reflec-
tivity region. Fig. 4(c) displays the error variation curves as
a function of the angle « for different values of d. Fig. 4
reveals deeper characteristics of the error caused by abrupt
changes in reflectivity:

(16)

1. It is evident that when the texture edge is perpendicular
to the phase gradient, i.e., « = =+ /2, the error is maxi-
mized, whereas there is no error when they are parallel.

. When « is fixed, the pixel located at the ideal position,
i.e., d = 0, is not the pixel with the greatest error. Con-
versely, as shown in Fig. 4(b), the error is maximized
when d < 0, i.e., when the imaging center point o is
located in the low reflectivity region. This indicates that,
when using surrounding pixels to assist in phase correc-
tion, priority should be given to pixels in high reflectivity
regions, excluding those in low reflectivity regions.

3. For any value of d, the error is a trigonometric function of
the angle «, exhibiting clear regularity, which is crucial
for correcting this error.

The above derivation is based on the assumption that the
phase changes uniformly along the = (+u,,) axis, which im-
plies that the projector is projecting horizontal fringes. When
the projector projects vertical fringes, the direction of fringe
variation becomes —y (+wv,), and the angle « changes to
a + /2. Consequently, the error formula for the projector
coordinate (u,, v,) can be derived as Egs. (17) and (18):

Aup = ksina
) a7
Avp = kcosa
2 - _d?
k=42 rore ve 207 as)
mry 4+ 1o+ (r1 — ra)erf(d/V20)

The above constitutes the error model of projector coordi-
nate for regions with abrupt changes in reflectivity proposed
in this paper. Given the small range of defocusing, it typ-
ically does not affect phase unwrapping; hence, Au, and
Aw,, can be considered as the final coordinate error.

Correction Method Based on Bidirectional
Phase

This section details the construction and implementation of a
phase error correction method, which is based on the epipo-
lar matching algorithm and the proposed error model. Fur-
thermore, by leveraging bidirectional phase information, the
precision of the algorithm is significantly enhanced.
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Figure 4: (a) Error caused by complex textures; (b) Top view
of the error; (c) Cross-sectional view of the error.
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Figure 5: (a) Schematic diagram of epipolar line matching;
(b) Schematic diagram of error correction.

Epipolar Compensation Method

Building upon Eq. (17), we propose a novel temporal
compensation strategy that projects horizontal and vertical
phase-shifting patterns to capture bidirectional phase in-
formation. Given that the angle o at texture edges can be
straightforwardly extracted using operators like Sobel in ac-
tual measurements, it is considered known. However, Eq.
(17) comprises three unknowns (Awu,,, Av, and k) with only
two equations, making it impossible to solve accurately. To
address this, this paper introduces an additional constraint
through the epipolar matching algorithm, based on the bidi-
rectional phase information. As shown in Fig. 5(a), there
exists an epipolar geometry constraint between the cam-
era and the projector. The optical centers of the camera
O. and the projector O,, along with a point P, in three-
dimensional space, form an epipolar plane. This plane inter-
sects the imaging planes of both the camera and the projector
at epipolar lines /. and [, respectively. The projector pixel
(up, vp) projects to P, which is then captured by the cam-
era and imaged at camera pixel (u., v.). Ideally, (u,, v,) and
(ue, ve) are precisely situated on the epipolar lines [ and I,
respectively. The epipolar line [,, can be expressed as:

lp = F X [uc,ve, 117 = [a, b, T
19

F=K, " x(TxR)x K]

where, I denotes the fundamental matrix; K, and K rep-
resent the intrinsic parameters of the projector and camera,
respectively; a, b, and c are the coefficients of the epipolar
line [,; and R and T respectively signify the rotation and
translation matrices that describe the transformation from
the camera coordinate system to the projector coordinate
system. The epipolar line [, is finally represented as:

aup + bvp + ¢ = 0. (20)

Fig. 5(b) illustrates the image coordinate system of the
projector, where superscript ’ denotes the coordinate con-
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taining errors. Owing to the camera defocusing and the com-
plex textures, phase error arise at the correct projector pixel
(up,vp) associated with the camera pixels (uc, v.). Conse-
quently, this leads to erroneous positioning, causing a devia-
tion from the epipolar line to (uy,, v;,). After system calibra-
tion, the known intrinsic and extrinsic parameters for both
the camera and projector allow the coefficients of the epipo-
lar line function to be calculated directly using Eq. (19).
Thus, Eq. (20) supplements Eq. (17) with an additional us-
able equation, fulfilling the prerequisites for solution deriva-
tion. After organizing, the linear system of equations can be
obtained as follows:

1 0 sin o Up u;’
0 1 cos o vp | = 'u;? .
a b 0 k —c

Solving this system of equations allows for the adjustment
of bidirectional phase errors.

Unlike traditional correction methods that rely on cali-
brating various parameters in Eq. (18) using neighborhood
information to obtain correction value k, the proposed al-
gorithm adopts a temporal approach to correct phase errors.
By employing bidirectional phase projection, sufficient con-
straint conditions are established, allowing the direct deter-
mination of the specific value of k. This algorithm avoids
the error accumulation that arises from calibrating numerous
parameters, significantly simplifying the correction process.
As aresult, it offers higher accuracy and stability. It is named
the Epipolar Line Phase Correction (ELPC) algorithm.

@1

Point Cloud Fusion

Eq. (20) provides the conversion equation between bidirec-
tional phases. Referring to Fig. 5(b), from Eq. (17), the error
variation Au, after converting the vertical phase v, to the
horizontal phase u, can be obtained:

Ny = —SAUP = —Skcosa. (22)

Theoretically, in the absence of errors, u, is equivalent
with the horizontal phase u;. Therefore, the two can be av-
eraged based on the concept of repetitive projection. In prac-
tice, adjusting the system configuration can change the value
of b/a. To facilitate the computation, b/a is assumed here to
be -1. The final error after phase fusion is:

V2k . T
Aup = (Aup + Duy)/2 = 5 sln(a+Z).

(23)
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Visibly, compared to Eq. (17), the error magnitude de-
creases from k to v/2k /2. Additionally, phase fusion based
on repetitive projection reduces the interference of random
noise (Xu et al. 2019). The implementation of this algo-
rithm is straightforward, requiring only the averaging of
point clouds reconstructed by bidirectional phase, hence re-
ferred to as the Point Cloud Fusion algorithm. Ultimately,
this paper further optimizes the bidirectional point clouds
generated by ELPC using this algorithm, collectively termed
as the Epipolar Line Phase Correction and Point Cloud Fu-
sion (ELPC-PCF) algorithm. The detailed process of ELPC-
PCF is shown in Fig. 6. After unwrapping the fringe patterns
into absolute phases, the phase errors are calculated and cor-
rected using ELPC. The corrected phases are then converted
into the point clouds, and PCF is employed to fuse the two
point clouds to obtain the final 3D point cloud result.

Experiment

To futher validate the effectiveness of the proposed method
in practical measurement, an FPP-based 3D measurement
system is established. The system consists of a computer, a
projector (DLP LightCrafter 4500; Texas Instruments, Inc.,
USA), and a camera (acA800-510um; Basler Vision Tech-
nology, Inc., Germany). The resolution of the projector is
912 x 1140 pixels, and its maximum projection rate is 120
Hz at 8-bit mode. The resolution of the camera is 800 x 600
pixels, and its maximum frame rate is 393 fps at normal sen-
sor readout mode. The system is 0.7 to 1 meters away from
the object to be measured, the angle between the optical axis
of the projector and that of the camera is approximately 45°.
The system is calibrated by Zhang’s method (Zhang 1999)
based on four-step phase-shifting method with CGC method
(Zhang et al. 2012).

In addition to the proposed method, four existing methods
are used to correct these errors: the kernel estimation algo-
rithm (KE) (Xu and Jia 2010), the inverse Fourier transform
algorithm (IFT) (Wu et al. 2020), the one-dimensional error
model (OEM) (Hu et al. 2023) and the two-dimensional er-
ror model (TEM) (Rao and Da 2018). To ensure the objectiv-
ity of comparison experiments, all experimental conditions
are kept consistent. A total of two comparison experiments
are designed. The first experiment measures flat objects. The
second experiment measures curved objects. Both experi-
ments include a standard component with regular texture and
two conventional objects with irregular texture. Please refer
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Figure 7: Error distribution of the reconstructed point clouds from the calibration plate. (a) Calibration plate; (b) Point cloud
obtained by HPF; (c) Error obtained by HPF; (d) Error obtained by VPF; (e) Error obtained by DHPF; (f) Error obtained by
KE; (g) Error obtained by IFT; (h) Error obtained by OEM; (i) Error obtained by TEM; (j) Error obtained by ELPC; (k) Error

obtained by PCF; (1) Error obtained by ELPC-PCF.

Method HFP VFP DHFP KE IFT OEM TEM ELPC PCF ELPC-PCF
MAE 0.645 0.718 0.636 1312 0.573 0.506 0397 0.240 0.317 0.221
RMSE 1.079 1.160 1.071 10.82 0974 0.846 0.712 0377 0.489 0.348

Table 1: Errors of the point clouds from the calibration plate.

to Supplementary Material for simulation experiments.

Experiment on Flat Objects

The first object measured in this experiment is a calibra-
tion plate, a classic standard component that can provide
reliable ground truth. As shown in Fig. 7(a), it features se-
vere grayscale transitions at its texture edges, fulfilling the
conditions for phase error occurrence. In Fig. 7(b), the re-
constructed point cloud also exhibits significant errors. The
black regions are prone to the influence of random noise.
To focus on addressing the reflectivity mutation and mini-
mize the impact of noise on the reconstruction results, only
the white circular regions, which are less affected by inten-
sity noise, are reconstructed. Moreover, texture variations of
the calibration plate are relatively simple, with the texture
size exceeding the range of the PSF. There is no coupling
between adjacent different texture edges. Therefore, its ex-
perimental results can intuitively reflect the performance of
the algorithm, making it suitable for constructing ablation
experiment to verify the contributions of each component of
ELPC-PCF.

The surface of the calibration plate is an extremely pre-
cise plane, thus enabling the use of plane fitting techniques
to obtain its ground truth. The MAE and RMSE between all
points in the point cloud and the fitted plane are calculated to
assess the measurement accuracy. Figs. 7(c-1) illustrates the
error distribution of the region marked by the red rectangle
in Fig. 7(a). Figs. 7(c) and (d) represent the errors obtained
from horizontal fringe projection (HFP) and vertical fringe
projection (VFP), respectively. Notably, the distribution of
errors is a trigonometric function of the angle «, which val-
idates the error model in Eq. (17). Given that repetitive pro-
jections can suppress random noise, the errors from dual hor-
izontal fringe projections (DHFP) is depicted in Fig. 7(e).
The poor correction ability of DHFP indicates that the error
is primarily caused by complex textures. Additionally, con-

2334

sidering that the results of VFP are worse than those of HFP,
the results of VFP and DHFP will not be presented in subse-
quent experiments. Figs. 7(f-1) presents the errors obtained
using the four aforementioned existing methods. It is evi-
dent that due to more interference in practical experiments,
the error of KE is similar to that of KE in simulated exper-
iments (Supplementary Material) but with a larger mag-
nitude. Therefore, this paper concludes that fringe patterns
cannot simply and directly use deblurring algorithms de-
signed for conventional patterns. Among this four methods,
TEM performs the best. Morover, Figs. 7(j-1) illustrates the
results after correction using ELPC, PCF and ELPC-PCF.
After ELPC correction, Fig. 7(j) shows almost no noticeable
errors, indicating that ELPC effectively addresses the error
correction problem for complex textures. The difference be-
tween Figs. 7(j) and (1) is minimal, indicating that the pro-
posed ELPC has already effectively corrected phase errors.
In ELPC-PCEF, the PCF component primarily addresses er-
rors caused by random noise, which are relatively small. Fig.
7(k) indicates that if PCF is used alone, considerable correc-
tion effects can also be obtained, which ensures the robust-
ness and versatility of ELPC-PCF. This effect also demon-
strates the theory discussed above. Detailed data from each
experimental result are listed in Table 1. It is evident that the
proposed ELPC-PCEF in this paper exhibits exceptional per-
formance, achieving a reduction of up to 65.74% in MAE
and 67.75% in RMSE. Compared to TEM, it further reduces
the MAE by 27.29% and the RMSE by 33.74%.

The second measured object of this experiment is a card
holder, which is only one-sixth the size of the calibration
board but features more complex surface textures. As de-
picted in Fig. 8(a), its surface comprises various complex
textures, including line segments, elliptical regions, and cir-
cular points, all closely spaced. Following the blurring of
captured patterns via the PSF, the adjacent differing textures
become coupled, resulting in a more complex error distribu-



tion, as presented in Fig. 8(b). Therefore, its experimental
results can afford an enhanced assessment of the actual per-
formance of the proposed algorithm. The surface of the card
holder is planar, so its errors can also be determined through
plane fitting. Compared to the distinctly visible errors at tex-
ture edges in the error distribution produced by other meth-
ods, the visualization of ELPC-PCF presented in Fig. 8(h)
demonstrates excellent performance, effectively amending
the errors. Detailed error metrics are provided in Table 2.
ELPC-PCF achieve a reduction of up to 54.03% in MAE and
54.72% in RMSE. It is evident that the proposed ELPC-PCF
achieves the best outcomes, even when the object possesses
highly complex textures.

The third measured object is a postcard featuring an ole-

Figure 8: Error distribution of the reconstructed point clouds
from the card holder. (a) Card holder; (b) Point cloud ob-
tained by HPF; (c) Error obtained by HPF; (d) Error ob-
tained by KE; (e) Error obtained by IFT; (f) Error obtained
by OEM; (g) Error obtained by TEM; (h) Error obtained
by ELPC; (i) Error obtained by PCF; (j) Error obtained by
ELPC-PCF.

Method HFP KE IFT OEM TEM ELPC PCF ELPC-PCF
MAE 0.509 1.7420.453 0.408 0.332 0.299 0.284  0.234
RMSE 0.7317.5250.653 0.575 0.469 0.409 0.402  0.331

Table 2: Errors of the point clouds from the card holder.
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Figure 9: Error distribution of the reconstructed point clouds
from the postcard. (a) Postcard; (b) Point cloud obtained by
HPF; (c¢) Error obtained by HPF; (d) Error obtained by KE;
(e) Error obtained by IFT; (f) Error obtained by OEM; (g)
Error obtained by TEM; (h) Error obtained by ELPC; (i) Er-
ror obtained by PCF; (j) Error obtained by ELPC-PCF.

Method HFP KE IFT OEM TEM ELPC PCF ELPC-PCF
MAE 0.2381.1320.187 0.192 0.169 0.169 0.137  0.101
RMSE 0.33111.000.271 0.259 0.241 0.238 0.182  0.136

Table 3: Errors of the point clouds from the postcard.
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ander illustration. Fig. 9 presents its texture along with the
experimental results, with particular attention to the lower-
left region, where errors are more pronounced. Its surface
has a slight curvature, which provides a challenging scenario
to evaluate the robustness of algorithm. Error calculations
are performed by fitting the surface to a high-order poly-
nomial function, with detailed results presented in Table 3.
Among these method, ELPC-PCF achieved the best perfor-
mance, reducing MAE by 57.56% and RMSE by 58.91%,
demonstrating its stability effectively.

Experiment on Curved Objects

The first object measured in this experiment is a standard
sphere with a diameter of 50.4 mm. A black texture is
present on the surface of the sphere, as shown in Fig. 10(a),
which creates noticeable errors in its point cloud, also illus-
trated in Fig. 10(b). Similar to the calibration plate, the tex-
tures of the sphere do not interfere with each other after be-
ing defocused. Therefore, analyzing the error on this sphere
can accurately demonstrate the actual error correction per-
formance of ELPC-PCF on curved surfaces. In this experi-
ment, the least squares method is used to achieve spherical
fitting of the reconstructed point clouds, thereby calculat-
ing the point cloud error for each method, as illustrated in
Figs. 10(c-h). Detailed error metrics are tabulated in Table
4. ELPC-PCF achieved the best performance, reducing the
MAE by 64.08% and the RMSE by 66.82%. The reconstruc-
tion accuracy of the standard sphere can also be judged by
the diameter of its fitted sphere. Table 4 shows the diameters
of the spheres fitted from the point clouds, denoted as D.
Based on these data, ELPC-PCF reduces the diameter error
by 94.52%. Compared to other methods, ELPC-PCF demon-
strates significantly better correction performance. This in-
dicates that even for complex curved objects, it can achieve
reliable and efficient measurements.

The second object measured in this experiment is a vase
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Figure 10: Error distribution of the reconstructed point
clouds from the sphere. (a) Sphere; (b) Point cloud obtained
by HPF; (c) Error obtained by HPF; (d) Error obtained by
KE; (e) Error obtained by IFT; (f) Error obtained by OEM;
(g) Error obtained by TEM; (h) Error obtained by ELPC; (i)

Error obtained by PCF; (j) Error obtained by ELPC-PCF.

Method HFP KE IFT OEM TEM ELPC PCF ELPC-PCF

MAE 0.426 1.076 0.347 0.325 0.281 0.264 0.237  0.153
RMSE 0.63911.460.553 0.513 0.438 0.435 0.335  0.212
D  47.4844.8848.53 48.90 49.35 49.51 48.87  50.56

Table 4: Errors of the point clouds from the sphere.
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Figure 11: Error distribution of the reconstructed point
clouds from the vase. (a) Vase; (b) Point cloud obtained by
HPF; (c) Error obtained by HPF; (d) Error obtained by KE;
(e) Error obtained by IFT; (f) Error obtained by OEM; (g)
Error obtained by TEM; (h) Error obtained by ELPC; (i) Er-

ror obtained by PCF; (j) Error obtained by ELPC-PCEF..

Method HFP KE IFT OEM TEM ELPC PCF ELPC-PCF
MAE 0.4738.9560.431 0.394 0.380 0.358 0.331  0.259
RMSE 0.702 11.82 0.642 0.588 0.567 0.514 0.480  0.381

Table 5: Errors of the point clouds from the vase.
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Figure 12: Error distribution of the reconstructed point
clouds from the cylinder. (a) Cylinder; (b) Point cloud ob-
tained by HPF; (c) Error obtained by HPF; (d) Error ob-
tained by KE; (e) Error obtained by IFT; (f) Error obtained
by OEM; (g) Error obtained by TEM; (h) Error obtained
by ELPC; (i) Error obtained by PCF; (j) Error obtained by

ELPC-PCF.

Method HFP KE IFT OEM TEM ELPC PCF ELPC-PCF
MAE 0.3332.3780.302 0.275 0.298 0.251 0.213  0.184
RMSE 0.503 50.03 0.465 0.395 0.402 0.376 0.294  0.260

Table 6: Errors of the point clouds from the cylinder.

Method HFP KE IFT OEM TEM ELPC PCF ELPC-PCF
Time (s) 0.423 8.756 0.367 2.121 0.199 0.106 0.036  0.142

Table 7: Time cost of reconstructing 10000 pixels.

with a spherical surface adorned with floral pattern, present-
ing highly complex textures as illustrated in Fig. 11(a). The
depth variations on its surface introduce additional complex-
ity. Moreover, as shown in Fig. 11(a), unlike the previous
experiments, the main area of the object has a relatively low
grayscale, thus it is more susceptible to interference from
random noise. In summary, this experiment underscores a
heightened requirement for the performance stability of al-
gorithm. This experiment also employs surface fitting to cal-
culate the point cloud errors for each method, as illustrated

2336

in Figs. 11(c-h). Detailed error metrics are tabulated in Ta-
ble 5. ELPC-PCF achieved the best performance, reducing
the MAE by 45.24% and the RMSE by 45.73%. The per-
formance degradation is mainly due to the high proportion
of random noise in low reflectivity areas. Compared to the
TEM algorithm, the ELPC-PCF algorithm further reduced
the MAE by 25.58% and the RMSE by 26.50%.

The third measured object is a paper cylinder with a spot-
ted pattern, as display in Fig. 12, which presents its surface
and experimental results. Similar to previous experiments,
the point cloud from the black regions is excluded from er-
ror calculations to minimize noise interference. The cylin-
der was crafted using a less standardized process, result-
ing in a more complex shape than previous measured ob-
jects. As in the postcard experiment, its error are calculated
by fitting its surface to a high-order polynomial function,
with detailed results provided in Table 6. After correction,
ELPC-PCF achieved the best performance, reducing MAE
by 44.74% and RMSE by 48.31%, which highlights its ro-
bustness. These results indicate that the ELPC-PCF algo-
rithm effectively corrects errors caused by complex textures
and exhibits good stability.

Additionally, since adding optimization algorithms in-
creases time costs, this section further calculates the time re-
quired by each optimization algorithm to reconstruct 10,000
pixels, with detailed data listed in Table 7. Overall, com-
pared to existing methods, ELPC-PCF demonstrates supe-
rior real-time performance. Furthermore, its PCF module
achieves optimal real-time performance while effectively
performing accurate corrections.

Conclusion

To address the phase error issue encountered when the FPP
algorithm measures objects with complex textures, a novel
approach combining epipolar matching with point cloud
fusion (ELPC-PCF) is proposed. Initially, a phase error
model at texture edges under camera defocus was analyzed,
highlighting the correlation between phase error and both
phase and grayscale gradients. Subsequently, the horizontal
and vertical fringe patterns were projected to acquire bidi-
rectional phase information. Leveraging this bidirectional
phase information, a temporal phase correction algorithm
was developed in conjunction with the epipolar matching al-
gorithm and the proposed error model. Different from tra-
ditional methods that rely on detailed parameter calibra-
tion, this algorithm establishes sufficient constraint condi-
tions, directly determines the correction value, avoids the
error accumulation caused by calibrating numerous param-
eters, and greatly simplifies the correction process. Finally,
by calculating and merging the point clouds obtained from
the corrected bidirectional phases, the phase error was fur-
ther minimized. Comparison experiments demonstrate that
the ELPC-PCF method can reduce MAE and RMSE by up to
65.74% and 67.75%, respectively. This represents improve-
ments of 27.29% and 33.74% over existing methods, show-
casing its enhanced accuracy and stability in reconstructing
objects with complex textures.
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