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Abstract

In structured light systems, measurement accuracy tends
to decline significantly when evaluating complex textured
surfaces, particularly at boundaries between different col-
ors. To address this issue, this paper conducts a detailed
analysis to develop an error model that illustrates the re-
lationship between phase error and image characteristics,
specifically the blur level, grayscale value, and grayscale
gradient. Based on this model, a high-precision approach
for measuring complex textured targets is introduced, em-
ploying a multiple filtering approach. This approach first
applies a sequence of filters to vary the blur level of the
captured patterns, allowing calculation of phase differences
under different blur conditions. Then, these phase differ-
ences are used in the constructed error model to identify
the critical parameter causing phase errors. Finally, phase
recovery is performed using the calibrated parameter, effec-
tively reducing errors caused by complex textures. Exper-
imental comparisons exhibit that this method reduces the
Mean Absolute Error (MAE) and Root Mean Square Er-
ror (RMSE) by 40.31% and 40.78%, respectively. In mul-
tiple experiments, its performance generally surpassed that
of existing methods, demonstrating improved accuracy and
robustness.

1. Introduction

Reconstructing dense 3D shapes from 2D images is a core
problem in artificial intelligence, with substantial research
progress made in recent years [10, 31, 33]. The point clouds
generated through 3D reconstruction serve numerous appli-
cations, including object detection, tracking, and 3D shape
feature extraction [12, 13, 28]. As a result, enhancing
point cloud quality and refining reconstruction algorithms
remains a valuable area of study.

Among various reconstruction methods, Fringe Projec-
tion Profilometry (FPP) is particularly prominent due to its
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Figure 1. A flat plate is measured using FPP. (a) A flat plate
adorned with a lotus pattern ; (b) Point cloud error caused by de-
focusing of complex texture; (c) Point cloud error after correction
using the proposed method.

low cost, robustness, and high spatial resolution [5, 19, 21].
The advancement of digital light processing (DLP) tech-
nologies has further accelerated research on FPP. Structured
light-based 3D measurement techniques typically assume
that each camera pixel exclusively receives light from a cor-
responding projector pixel. However, in practical applica-
tions, this assumption is often compromised due to factors
such as inter-reflection, subsurface scattering, volumetric
scattering, and camera defocus [11, 17, 22]. Collectively,
these scenarios are termed multi-path issues, as they result
in a single camera pixel capturing light from multiple pro-
jector pixels [34, 35].

Among the factors that impact FPP measurement ac-
curacy, lens defocusing is particularly unavoidable in any
camera system and poses a significant challenge to optical
3D measurement techniques. Defocusing leads each cam-
era pixel to essentially record a convolution between the
point spread function (PSF) and the light intensity from
surrounding regions on the object’s surface. For objects
with uniform, texture-free surfaces, the effect of defocus-
ing is minimal, allowing FPP to achieve high reconstruc-
tion accuracy. However, for textured surfaces, especially at
boundaries where surface colors vary, the PSF convolution
with the non-uniform reflectivity of nearby points causes
grayscale contamination in the fringe patterns. This con-
tamination biases the phase data, pulling it toward regions
of higher reflectivity and thereby compromising the preci-
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sion of the final reconstruction [29]. Fig. 1 provides an ex-

ample, illustrating the pronounced errors in the point cloud

produced by complex textures.

In response to these challenges, researchers have devel-
oped various error analysis and phase correction methods.
Generally, these methods fall into two main categories: one
that estimates the PSF distribution for each camera and ap-
plies phase correction based on this, and another that relies
on Single-Pixel Imaging Method (SIM) for error compen-
sation. The PSF estimation approach requires detailed local
pixel information to accurately mitigate phase errors, while
SIM-based compensation tends to be computationally in-
tensive, impacting its efficiency in practical applications.

Building on our prior research into multi-path issues
[3, 29], we present an innovative phase correction algo-
rithm known as the Multiple Filtering Algorithm (MFA).
This algorithm efficiently addresses errors introduced by
complex textures in FPP, without requiring extra equipment
and ensuring high stability. A series of comparison experi-
ments confirm the accuracy of this method. As presented in
Fig. 1(c), MFA substantially minimizes point cloud errors
caused by intricate textures.

Our contributions are summarized as follows:

* We conducted an in-depth analysis of the phase error
model in regions with abrupt reflectivity transitions under
camera defocus. This analysis revealed a significant cor-
relation between phase error and image characteristics,
particularly the blur level, grayscale value, and grayscale
gradient.

» Based on the proposed error model, we projected phase-
shifting patterns to capture phase information. By apply-
ing a series of filters to alter the blur level of the cap-
tured patterns, we derived phase differences across vary-
ing blur conditions. These phase differences were then
used within the established error model to identify a cru-
cial parameter that contribute to phase errors.

« Finally, leveraging the calibrated parameter, we effec-
tively corrected phase errors, achieving significant op-
timization. Comparison experiments confirmed the ef-
fectiveness of the proposed approach, demonstrating a
40.31% decrease in MAE and a 40.78% decrease in
RMSE.

2. Related Work

Despite the availability of many deblurring techniques [1,
6, 25, 27], achieving absolute focus remains challenging.
This makes phase errors due to complex textures unavoid-
able. By estimating the PSF distribution, phase patterns can
be separated into accurate and erroneous regions. For in-
stance, Rao et al. refined an algorithm from previous work
[9] to derive a PSF distribution, subsequently establishing
a two-dimensional error model [20]. With this model, they
computed phase compensation values by utilizing phase and

phase gradients from neighboring accurate regions. Hu et
al. simplified this two-dimensional error model to a one-
dimensional approach under idealized constraints [7], in-
troducing a parameter estimation method for both degener-
ate and nondegenerate reflectivity discontinuities to facili-
tate phase correction. Similarly, Wu et al. estimated the
PSF using Gaussian fitting and then applied deconvolution
to the phase patterns [26]. Yue et al. further leveraged the
intensity and phase data from adjacent accurate regions to
formulate an error expression for erroneous regions, thereby
enhancing phase accuracy [30]. Nonetheless, these methods
rely heavily on precise PSF estimation, which may falter in
cases of rapid reflectivity changes, compromising compen-
sation accuracy. Additionally, Blanchard et al. suggested
a point cloud error correction method based on Gaussian
curve fitting, yet it is constrained to planar surfaces [2].

An alternative to PSF distribution estimation [24], SIM,
addresses phase errors by reconstructing the scene’s reflec-
tivity. Traditional SIM modulates images using a spatial
light modulator and collects total reflected light intensity
via a single-pixel detector. The scene’s reflectivity is then
deduced from multiple measurements [4, 18, 37]. To mini-
mize hardware needs, Parallel Single-Pixel Imaging (PSI)
was developed, requiring only a projector and a camera.
This setup leverages the projector to project requisite pat-
terns, with each camera pixel acting as a single-pixel detec-
tor for reconstructing reflectivity [8, 15, 16, 23]. Neverthe-
less, such methods still require capturing a large number of
frames and substantial computational resources. Address-
ing these challenges, Lyu et al. incorporated FPP for coarse
pixel matching, reducing measurement time to 8% of tradi-
tional SIM [14]. This approach is predicated on the assump-
tion that the PSF of camera follows a Gaussian distribution
and the defocusing is minor.

3. Error Model and Correction Algorithm of
Complex Texture

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
errors and image characteristics. Then, based on the error
model, a systematic and stable error correction algorithm is
designed.

3.1. Establishment of an Error Model

A FPP system, as shown in Fig. 2(a), consists of a pro-
jector and a camera. During measurement, the projector
emits a series of fringe patterns onto the object surface. The
camera subsequently captures the shape-modulated patterns
reflected from the object. By decoding these patterns, the
absolute phase is retrieved. This phase information is then
converted into a 3D point cloud of the object based on the
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Figure 2. (a) FPP system schematic; (b) Schematic of complex texture object measurement under camera defocusing; (c) PSF at complex

texture.

triangulation between the camera and projector. The cap-
tured sinusoidal fringe patterns are mathematically repre-
sented as follows:

15(Uc; Ve) = r(Uc; Ve)Fly + 12 cos[ (Uc;ve) + nlg + lo;
n=1;2;::::N;

1
where, 15 denotes the ny, phase-shifting pattern; (uc; vc)
denotes the pixel coordinate on the imaging plane of the
camera; r denotes the reflectivity of object surface; 1; and
I, denotes the average intensity and intensity modulation,
respectively; 1o denotes the ambient intensity;  denotes the
unwrapped phase; n =2 (n  1)=N denotes the amount
of phase shift; and N 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. Consequently,
the captured fringe patterns can be expressed as:

13(uc; ve) = %X:y) 15 (Uc; Ve)
= GOy + Xive ) dxdly; )

where, denotes convolution operation;  denotes the de-
focusing window; and (X; y) denotes a location index in the
window. G(X;y) represents the PSF of the camera, which
can be described by a Gaussian function with a standard
deviation of  [38], as shown in Eq. (3). Similar to the re-
flectivity r, G is also a function of spatial coordinates (Xx; y).
For brevity in subsequent equations, G(x; y) will be abbre-
viated as G.

X2+y2

GOy = 5 e 2 ©

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. 2(c), a new coordinate system, denoted as xoy, is es-
tablished with its origin at (uc; Vvc). The pixel coordinates

of the projector are denoted as (up; Vp). The green line indi-
cates a texture edge where reflectivity shifts sharply. After
defocusing, the phase at the origin (uc; vc) can be expressed
as [20]:

Py .

"(ug; ve) = arctan =1 SinC n)1A(Ueci Ve)

, R E:l cos( n)lg(uc;Vc) 4
Gr(x;y)sin[ (x;y)]dxdy

= t RR .
Aretan TG (xcy) cos[ (x; y)] dxdy

Assuming the projected fringes vary uniformly along the
X axis with a period t, it follows that (X;y) = 2 x=t +
(uc; ve). The angle between this direction and the texture
edge is in the counterclockwise direction. In xoy coor-
dinate system, the boundary of the defocused region s
considered to extend to infinity. It should be noted that the
actual range of camera defocus is very small, resulting in
minimal phase variation within , such that 2 x=t ¥ 0.
Based on this, the difference between ° and the ground
truth of is [20]:

R

Gr(x;y)sin(2 x=t) dxdy
vl = RR
4 (Uc; Ve) = arctan Gr(x;y)cos(2 x=t) dxdy
Gr(x;y)2 xdxdy
Gr(x;y)tdxdy

arctan —RR

(®)
Consequently, the corresponding projector coordinate er-
ror can be obtained:

RR
_ 4 (vt pp Grixiy)xdxdy

4up
2 Gr(x;y)dxd
/R » e xy) OIx OIy
_ RplGrlx X y+pp 2Grzx xdy
 Gridxdy +  Grdxdy '

where, ry represents the reflectivity of the object at region
1 as shown in Fig. 2(c), and r; represents the reflectivity
of the object at region ,. Since the defocused region is
relatively small, both ry and r, can be reasonably assumed
to be constant. By deriving the four parts of this expression
separately, the following four equations can be obtained:












red, with the second-best in blue. Compared with HFP,
MFA achieves a reduction of up to 40.31% in MAE and
40.78% in RMSE. Although TSE achieves slightly lower
RMSE, it tends to over-smooth high-frequency details due
to its phase fitting strategy, limiting its suitability for objects
with complex geometries.

The second object measured in this experiment is a post-
card featuring an oleander illustration. Fig. 6 presents its
texture along with the experimental results, with particular
attention to the lower-left region, where errors are more pro-
nounced. Its surface has a slight curvature, posing a chal-
lenging case for evaluating algorithmic robustness. Error
analysis is performed by fitting the reconstructed surface
with a high-order polynomial, and the detailed results are
provided in Table 3. Among all methods, MFA delivers the
best performance, reducing MAE by 38.66% and RMSE by
39.88%, demonstrating its stability effectively.
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Figure 6. 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 ob-
tained by IFT; (f) Error obtained by OEM; (g) Error obtained by
TSE; (h) Error obtained by MFA.

Table 3. Errors of the point clouds from the postcard.

Method HFP KE IFT OEM TSE MFA
MAE 0.238 1.132 0.187 0.192 0.168 0.146
RMSE 0.331 11.004 0.271 0.259 0.231 0.199

4.2. Experiment on Curved Smooth 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 its surface, as shown in Fig. 7(a), which intro-
duces noticeable reconstruction errors in its point cloud,
also illustrated in Fig. 7(b). Similar to the calibration plate,
the textures of the sphere do not interfere with each other
after defocusing, allowing for accurate evaluation of MFA’s
error correction capability on curved surfaces. In this exper-
iment, spherical fitting is performed on the reconstructed
point clouds to calculate errors for each method, as illus-
trated in Figs. 7(c-h). Detailed quantitative results are listed
in Table 4. MFA achieved the best overall performance,
reducing MAE and RMSE by 40.85% and 39.75%, respec-
tively. The reconstruction accuracy is further evaluated by
the diameter of the fitted sphere. According to Table 4,

MFA reduces the diameter error by 71.23%. Compared to
other methods, MFA demonstrates significantly better cor-
rection performance, proving its capability to achieve reli-
able and efficient measurements for curved objects.
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Figure 7. 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 TSE; (h)
Error obtained by MFA.

Table 4. Errors of the point clouds from the sphere.

Method HFP KE IFT OEM TSE MFA
MAE 0426 1.076 0.347 0.309 0.427 0.252
RMSE 0.639 11.458 0.553 0.500 0.765 0.385
Diameter 47.48 44.88 48.53 48.91 45.26 49.56

The second measured object is a paper cylinder with a
spotted pattern, as display in Fig. 8, which presents both
its surface and experimental results. As in previous exper-
iments, the point cloud corresponding to the black regions
is excluded from error calculations to minimize the influ-
ence of noise. Due to its non-standard fabrication process,
the cylinder exhibits a more irregular shape compared to
previously objects. Following the same procedure, errors
are estimated by fitting the reconstructed surface to a high-
order polynomial function, with detailed results presented
in Table 5. After correction, MFA achieved the best perfor-
mance, reducing MAE by 32.13% and RMSE by 34.59%,
demonstrating its robustness in handling non-ideal shapes.

Error /mm
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Figure 8. Error distribution of the reconstructed point clouds from
the cylinder. (a) Cylinder; (b) Point cloud obtained by HPF; (c)
Error obtained by HPF; (d) Error obtained by KE; (e) Error ob-
tained by IFT; (f) Error obtained by OEM; (g) Error obtained by
TSE; (h) Error obtained by MFA.

4.3. Experiment on Non-smooth Complex-shaped
Objects

To evaluate the performance of the proposed method on
non-smooth complex-shaped objects, a virtual 3D measure-
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