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Robust Phase-Shifting Profilometry for Arbitrary
Motion
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Abstract—Phase-shifting profilometry (PSP) enables high-accuracy 3D reconstruction but remains highly susceptible to object motion.
Although numerous studies have explored compensation for motion-induced errors, residual inaccuracies still persist, particularly in
complex motion scenarios. In this paper, we propose a robust phase-shifting profilometry for arbitrary motion (RPSP-AM), including
six-degrees-of-freedom (6-DoF) motion (translation and rotation in any direction), non-rigid deformations, and multi-target movements,
achieving high-fidelity motion-error-free 3D reconstruction. We categorize motion errors into two components: 1) ghosting artifacts
induced by image misalignment, and 2) ripple-like distortions induced by phase deviation. To eliminate the ghosting artifacts, we
perform pixel-wise image alignment based on dense optical flow tracking. To correct ripple-like distortions, we propose a high-accuracy,
low-complexity image-sequential binomial self-compensation (I-BSC) method, which performs a summation of the homogeneous fringe
images weighted by binomial coefficients, exponentially reducing the ripple-like distortions with a competitive computational speed
compared with the traditional four-step phase-shifting method. Extensive experimental results demonstrate that, under challenging
conditions such as 6-DoF motion, non-rigid deformations, and multi-target movements, the proposed RPSP-AM outperforms
state-of-the-art (SoTA) methods in compensating for both ghosting artifacts and ripple-like distortions. Our approach extends the
applicability of PSP to arbitrary motion scenarios, endowing it with potential for widespread adoption in fields such as robotics,
industrial inspection, and medical reconstruction.

Index Terms—Phase-shifting profilometry, Dynamic 3D scanning, Binomial self-compensation, Ripple-like distortions, Ghosting
artifacts.

✦

1 INTRODUCTION

PHASE-SHIFTING profilometry (PSP), known for its excel-
lent accuracy, robustness, and pixel-wise handling [1],

is well-suited for high-precision 3D sensing across diverse
fields such as industrial inspection [2] and design [3],
medical reconstruction [4], [5], virtual reality [6], and dig-
ital heritage preservation [7]. Research efforts have contin-
ued to explore PSP’s significant capabilities across various
challenging environments [8], covering situations with low
signal-to-noise [9], [10], multi-path interference [11]–[13],
high reflectivity [14], asynchronous shooting [15], and global
illumination effects [16]–[19], among others. However, the
multi-shot nature of PSP makes it highly susceptible to
object motion. This is because the fundamental assumption
of PSP that the object should remain static is violated in dy-
namic measurement, resulting in significant motion errors
in the point clouds. Although reducing the number of pro-
jected patterns can alleviate motion errors: current methods
have reduced the number from 9 patterns [20] to 5 [21], 4
[22], and even fewer [?], [23]–[25]. Still, these approaches do
not fundamentally resolve the issue of motion errors.

The motion error of PSP in dynamic scenes can be cat-
egorized into two main components: 1) ghosting artifacts
(Fig. 1(a)): Focal plane motion (FPM)—motion of the ob-
ject within the object-side focal plane—mainly causes mis-
alignment among sequentially captured images, leading to
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ghosting artifacts [26]–[30] in the reconstructed depth map.
These artifacts are essentially induced by image misalign-
ment. 2) ripple-like distortions (Fig. 1(b)): Line-of-sight
motion (LSM)—motion of the object along the camera’s line
of sight—mainly introduces sampling deviations among
successive ideal phase maps, resulting in unequal phase-
shifting step. These irregularities ultimately lead to ripple-
like distortions [31]–[33], [33]–[38] in the reconstructed
depth map. These ripple-like distortions are essentially in-
duced by phase deviation.

For ghosting artifacts, the image misalignment induced
by the object motion constitutes the source of error. To
address this issue, efforts focus on tracking the object’s
trajectory. Lu et al. [26] proposed estimating the 2D rigid
transformation matrix of the object by placing markers,
and then calculating the motion-induced phase deviation
to eliminate the error induced by in-plane motion. They
further eliminate the need for placing markers on the object
by adopting the speeded-up robust features algorithm [39]
to match feature points instead [27]. In recent years, they
have proposed estimating the 2D rigid motion matrix by
leveraging a deep learning–based optical flow tracking algo-
rithm [28]. Lam et al. [29] adopted a normalized cross-power
spectrum (NCPS) to recover the object’s motion vector,
from which they compensated for the phase-shifting error.
Duan et al. [30] estimated the 2D motion vector from the
motion blur using a blind image deblurring algorithm [40],
from which they effectively mitigate both interframe ghosts
and intraframe motion blur. However, object tracking-based
methods are primarily specialized for 2D motion occur-
ring perpendicularly to the sight line. Furthermore, their
effectiveness is heavily dependent on the accuracy and
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Fig. 1. Diagram of motion errors in PSP: a) ghosting artifacts: induced by the image misalignment and b) ripple-like distortions: induced by the
phase deviation.

reliability of feature tracking, which can become problematic
when dealing with textureless surfaces or complex motion
scenarios.

For ripple-like distortions, the primary focus is on elim-
inating sampling deviations. Conventional PSP relies on
phase shifts that are equally distributed across a fringe pe-
riod; however, this orderly distribution is disrupted by ob-
ject motion. To address this, researchers estimate the motion-
induced phase shift by analyzing implicit motion informa-
tion embedded in the motion-affected phase frame [31] or
across multiple frames [32]–[35]. This enables the recov-
ery of the unknown motion-affected phase shift value for
each pattern, ultimately allowing the corrected phase to
be solved. Qian et al. [33] proposed conducting a Fourier
transform on each fringe pattern to have a high-frequency
phase of each frame, and then estimating the motion-
induced phase shifting. Wang et al. [36] suggested using the
Hilbert transform to process images and calculate the phase,
which is then added to the phase obtained from the original
image to automatically compensate for motion errors. Guo
et al. [37] proposed summing two successive phase frames
with opposite error waveforms to suppress the ripple-like
distortions automatically. Further, they propose to extract
the phase shift deviations from the difference information
between adjacent phases [38], and then an accurate phase
value can be calculated. Wu et al. [41] proposed a three-
step gradient-based equal-step phase-shifting algorithm to
effectively reduce the phase error by assuming uniform
motion. Zhang et al. [42] developed a phase-sequential
binomial self-compensation that sums up a sequence of

successive phase frames weighted by binomial coefficients,
thereby effectively and flexibly eliminating the ripple-like
distortions without relying on any global consistent as-
sumption. Wang et al. [43] proposed to add a speckle pattern
to the projection sequences, after which the phase deviation
is computed using the digital image correlation method
between the adjacent speckle patterns and then compen-
sated. By implementing suitably chosen operators across
the entire captured image [36], [41] or phase frame [37],
certain methods autonomously neutralize motion-induced
phase errors, producing a corrected phase directly.

Many existing methods primarily address either ghosting
artifacts [26]–[30] or ripple-like distortions [31]–[33], [33]–
[38] independently, often resulting in residual inaccuracies.
Recently, Li et al. [44] proposed a motion-resistant PSP
(mr-PSP) to effectively reduce both ghosting artifacts and
ripple-like distortions. Their method first applies principal
component analysis to the NCPS [29] of two successive
fringe images to recover a globally consistent motion vector
for image alignment. Subsequently, motion-induced phase
shifts are estimated from the variance of fringe pattern
differences [45], enabling accurate phase map computation.
Although mr-PSP handles both LSM and FPM, it estimates
a globally consistent motion vector and motion-induced
phase shift, which limits its effectiveness in rotation and
non-rigid motion scenarios. Besides Li’s method [44], we
notice that many methods assume global consistent motion.
For instance, Lu et al. [26], [28] assumed a single global ro-
tation matrix and translation vector. Guo et al. [45] assumed
that the phase-shifting value remains constant across the
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entire field. Duan et al. [30] employed a blind image deblur-
ring kernel to estimate a global consistent translation vector.
Similarly, Lam et al. [29] adopted a normalized cross-power
spectrum for estimating a global consistent translation vec-
tor. Wang et al. [36] proposed using the Hilbert transform to
automatically mitigate motion error, implicitly assuming a
globally uniform phase shift. Since such globally consistent
assumptions do not hold in non-rigid motion and multi-
target scenarios, residual errors arise. As a result, existing
methods are largely limited to specific motion types.

To comprehensively address both types of motion er-
ror without relying on any global consistent assumption,
we propose a robust phase-shifting profilometry for arbi-
trary motion (RPSP-AM), including six-degrees-of-freedom
(6-DoF) motion (translation and rotation in any direc-
tion), non-rigid motion, and multi-target scenarios, achiev-
ing motion-error-free 3D reconstruction. Our RPSP-AM
includes optical-flow-based image alignment for ghost-
ing artifacts, followed by image-sequential binomial self-
compensation (I-BSC) for ripple-like distortions. First, we
introduce two uniformly illuminated images at the begin-
ning and end of the fringe pattern sequence to estimate
the optical flow. This allows us to align the image se-
quence in a pixel-wise manner to eliminate the ghosting
artifacts. Second, inspired by the idea of weighted sum
using binomial coefficients in the P-BSC [42], we propose
a high-accuracy and low-complexity I-BSC that addresses
error accumulation and high computational overhead in P-
BSC [42]. Instead of summing phase frames as P-BSC [42],
our I-BSC performs a weighted summation of the homo-
geneous fringe images using binomial coefficients before
computing the final phase, and only requires computing the
arctangent function once rather than multiple times as P-
BSC. This approach exponentially reduces ripple-like dis-
tortions without introducing error accumulation. Extensive
experimental results demonstrate that, under challenging
conditions such as 6-DoF motion, non-rigid deformations,
and multi-target movements, the proposed RPSP-AM out-
performs SoTA methods in compensating for both ghosting
artifacts and ripple-like distortions in a pixel-wise manner.

The main contributions of this paper are:
• We categorize the motion errors in PSP into two compo-

nents: 1) ghosting artifacts induced by image misalign-
ment, primarily attributed to focal plane motion (FPM);
2) ripple-like distortions induced by phase deviations,
primarily attributed to line-of-sight motion (LSM).

• For the ghosting artifacts, we design a projection strat-
egy with two uniformly illuminated patterns at the
beginning and end of the fringe pattern sequence to
estimate the optical flow, from which we align the
image sequence in a pixel-wise manner.

• For the ripple-like distortions, we propose a high-
accuracy, low-complexity image-sequential binomial
self-compensation (I-BSC) method, which performs
a summation of the homogeneous fringe images
weighted by binomial coefficients, exponentially reduc-
ing ripple-like distortions with a competitive compu-
tational cost to that of the traditional four-step phase-
shifting method.

• We elaborate on the error theory and computational
complexity of I-BSC from the perspectives of mecha-

nism, simulation, and experimentation. Extensive and
meticulous experiments demonstrate that our method
significantly suppresses motion errors under various
challenging scenarios, including 6-DoF motion, non-
rigid deformation, and multi-target movement, outper-
forming SoTA approaches.

2 METHOD

In this paper, we adopt a cyclical [46] four-step phase-
shifting strategy to project a group of high-frequency fringe
patterns. In terms of phase unwrapping, we opt for a
speckle-assisted stereo phase unwrapping method [47],
thereby achieving unambiguous 3D point reconstruction
using a single set of high-frequency fringe patterns and
one speckle pattern. Since we focus on the compensation
of motion errors in this paper, further details regarding
unwrapping will not be elaborated herein. In terms of non-
linearity issues, we propose a full-chain nonlinearity rectifi-
cation (FNR) method in high-speed scenes, from which the
nonlinear error in pattern illumination and camera digitiza-
tion that emerges due to the limited number of patterns is
effectively suppressed. The implementation details of FNR
can be found in the supplementary document.

When measuring a moving object using four-step phase-
shifting, the captured image sequence can be expressed as

I ′n (c) = An (c) +Bn (c) cos (ϕn (c)) , (1)

where c = (xc, yc)⊤ denotes the pixel coordinate in the
camera space, An and Bn represent the background inten-
sity and the fringe modulation at frame n, which are mainly
determined by the object texture. ϕn = ϕr+ϕh

n−πn/2 is the
ground-truth phase distribution at frame n, which consists
of three components, i.e.: 1) reference phase component ϕr :
the phase distribution of a virtual reference plane, which
remains unchanged across frames; 2) height-modulated
component: the phase modulated by the height distribution
of object. which changes due to the object motion across
frames; 3) constant phase shifting: a constant phase shifting
valure of πn/2 between two successive frames. The coordi-
nates of corresponding points across image sequence can be
expressed as sn = c + dn(c) due to the focal-plane motion
(FPM), where dn represents the displacement field between
frame 0 and frame n. Based on the invariance of object tex-
ture, assuming a Lambertian surface and ignoring the global
illumination, we obtain two fundamental equalities during
object motion: A0 (c) = An (sn) , B0 (c) = Bn (sn). There-
fore, directly compute phase map with image sequence
I ′0 (c) , I

′
1 (c) , ..., I

′
n (c) introduces significant ghosting ar-

tifacts and ripple-like distortions. Our ultimate goal is to
obtain the motion-error-free phase ϕ0(c) of frame 0 by em-
ploying a two-stage scheme, which will be illustrated next
to successively compensate for both errors. As illustrated in
Fig. 2, our projection strategy employs 8 fringe patterns with
a π/2 phase shift, along with uniform-intensity patterns
projected at the beginning and end of the sequence.

2.1 Eliminating Ghosting Artifacts
For the ghosting artifacts, once the pixel-wise displacement
vector (i.e., the optical flow of the current frame) is esti-
mated, the corresponding points across the image sequence
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Fig. 2. Pipeline of RPSP-AM. Ghosting artifacts and ripple-like distortions are eliminated successively through optical-flow-based image alignment
and I-BSC. We omit the speckle pattern used for phase unwrapping in this diagram.

can be aligned, thereby effectively eliminating ghosting arti-
facts. In this paper, we adopt RAFT network [48] to estimate
the optical flow f between frame -1 and frame 8 under
uniform illumination, as illustrated in Fig. 2. It is worth
emphasizing that any state-of-the-art optical flow estimation
algorithm can be employed; RAFT is used here solely as a
representative example. We propose an optical-flow-based
image alignment to eliminate the ghosting artifacts. If the
motion is small and linear over the image sequence, the
displacement field can be estimated by dn = nf/9, and the
images without the FPM influence are obtained via looking
up table: In(c) = I ′n(c+dn(c)). The aligned image sequence
is

In (c) = An (sn) +Bn (sn) cos (ϕn (sn))

= A0 (c) +B0 (c) cos (ϕn (c) + xn (c)) ,
(2)

where
xn (c) = α (sn (c)) + βn (sn (c))

with {
α (sn (c)) = ϕr (sn (c))− ϕr (c)

βn (sn (c)) = ϕh
n (sn (c))− ϕh

n (c)
, (3)

where xn denotes the total phase deviations, α and βn

denote the phase deviations induced by FPM and LSM
in the aligned image sequence, respectively. Note that βn

inherently exists because of the movement of the object,
while α is introduced during the image alignment.

After image alignment, the phase is computed as

ϕ̃n = tan−1

[
In+1 − In+3

In − In+2

]
. (4)

By substituting Eq. (2) into (4) and applying the approxima-
tion tan(·) ≈ ·, we derive the expression of the ripple-like
distortions and omit the index c as

ϵripple

(
ϕ̃n

)
= ϕ̃n − ϕn

≈ 1

4

3∑
i=0

[
xn+i − (−1)

n+i
xn+i cos (2ϕ0)

]. (5)

It is evident that the error formula is free of any terms
related to the object textures A0 and B0, indicating that
the ghosting artifacts have been effectively eliminated. The
residual motion error comprises a DC component and a har-
monic component with twice the frequency of the wrapped
phase. The DC component, manifesting as the lag of the

point clouds due to object motion, is independent of the
phase value, and thus is irrelevant to the ripple-shaped
error. Consequently, the crux of motion error compensation
lies in eliminating the harmonic. Therefore, the ripple-like
distortions still persists after image alignment, necessitat-
ing further processing in the next section. Correcting for
ripple-like distortions is critical not only because pure LSM
significantly degrades PSP accuracy in dynamic scenes, but
also because image alignment during correction of ghosting
artifacts can introduce potential phase sampling deviations
similar to those caused by LSM.

2.2 Compensating for Ripple-like Distortions
For the ripple-like distortions, before introducing I-BSC,
we briefly explain the error suppression mechanism of P-
BSC [42], which inspired our approach. By analyzing the
motion error waveform of two successive phase frames ϕ̃n

and ϕ̃n+1 in a discrete time series, we discover that the coef-
ficients of trigonometric terms exhibit opposite signs owing
to a phase shift of π/2 as shown in Fig. 3. Consequently,
P-BSC [42] recommonded to sum each pair of successive
phase frames, and sum the resultant phase frames again
and again until there is only one frame left. Such operation
is equivalent to summing up the phase sequence weighted
by K-th order binomial coefficients [42]

ϕ̃K
n = 2−K

K∑
k=0

(
K

k

)
ϕ̃n+K−k. (6)

Considering xn and its high order difference
∆(K)xn = ∆(K−1)xn+1 −∆(K−1)xn

∆(K)xn =
K∑

k=0

(−1)
k

(
K

k

)
xn+K−k

, (7)

where we define ∆(0)xi = xi, we substitute Eq. (5) into
Eq. (6) and obtain the result in [42]:

ϕ̃K
n = ϕ̄K

n + 2−(K+2)
(
∆(K+1)xn +∆(K+1)xn+2

)
cos (2ϕ0)︸ ︷︷ ︸

ϵP-BSC

,

(8)
where

ϕ̄K
n = 2−K

K∑
k=0

(
K

k

)(
ϕn+k +

1

4

3∑
i=0

xn+k+i

)
. (9)
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inherent property of the phase sequence. Inspired by P-BSC, we propose an I-BSC to more effectively and efficiently suppress ripple-like distortions
by directly processing the image sequence.

Based on Eq. (8), it is clear that increasing K produces
two main effects: first, the factor 2−(K+2) exponentially
decreases the harmonic amplitudes; second, higher-order
difference terms (approach zero as K increases) occur in the
harmonic amplitudes. Both effects significantly diminish the
ripple-like distortions as depicted in Fig. 3.

2.2.1 Image-Sequential Binomial Self-Compensation
Although P-BSC [42] effectively suppresses ripple-like dis-
tortions, it faces two challenges: high computational over-
head and error accumulation, arising from the need to calcu-
late multi-frame phases and perform weighted summation.
In this paper, inspired by P-BSC, we propose a novel I-BSC
that computes the arctangent function only once, addressing
both challenges. Our I-BSC is inspired by idea of summing
up the phase sequence weighted by binomial coefficients
in P-BSC. Instead of summing up the phase frames, our
I-BSC adds up the homogeneous fringe images weighted
by the binomial coefficients, from which four compensated
fringe images Ĩ0, Ĩ1, Ĩ2, Ĩ3 are obtained as shown in Fig. 4(a).
The homogeneous fringe images mean the encoded frames
with the same trigonometric function name and polarity. For
example, I4n, I4n+1, I4n+2, I4n+3 are four groups of homo-
geneous fringe images, where n ∈ N. The four compensated
fringe images are computed as

Ĩm =
K∑

k=0

(
K

k

)
IVm(k), (10)

where the index vector is

Vm (k) = (k + 3)− [(k + 3−m) mod (4)] , (11)

where m ∈ 0, 1, 2, 3 represents the group number of homo-
geneous fringe images. Finally, only one arctangent function
is employed to compute the motion-error-free phase as

ϕ̃K
0 = tan−1

(
Ĩ1 − Ĩ3

Ĩ0 − Ĩ2

)
. (12)

An additional advantage of using I-BSC is that the ripple-
error-free modulation image B can be facilely computed as

B = 2−(K+1)

√(
Ĩ1 − Ĩ3

)2
+
(
Ĩ0 − Ĩ2

)2
, (13)

while P-BSC does not provide a method for calculating B.
The I-BSC framework is concise and can be described

using just two equations (i.e., Eq. (10) and (12)). The I-BSC
algorithm is conceptually inspired by the intuitive idea of
applying binomial coefficients as summation weight in P-
BSC [42], rather than being directly derived from its mathe-
matical formulation. Specifically, in our I-BSC framework,
rather than assigning binomial coefficients to each phase
frame, we reassign them to the set of four constituent fringe
images required for computing the corresponding phase
frame, as depicted in Fig. 4(a), from which we generalize
the BSC concept from phase sequences to image sequences.
As shown in the following analysis, the theoretical error of
I-BSC is identical to that of P-BSC. However, in practice, it is
free from error accumulation, resulting in higher accuracy.
Meanwhile, the required number of arctangent function
calculations is reduced from K to 1, significantly improving
the computation speed.

To model the error of I-BSC, considering a small phase-shift error xVm(k), we have sin(xVm(k)) ≈ xVm(k) and cos(xVm(k)) ≈
1. Subsequently, we rewrite Eq. (2) as

IVm(k) = A0 +B0 cos
(
ϕVm(k)

)
−B0xVm(k) sin

(
ϕVm(k)

)
. (14)

Since there are numerous index variables involved in this section, we will focus on the computation of the phase for frame
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coefficients, to generate four compensated fringe images, and then compute the motion-error-free phase. The arctangent function is computed only
once.

0. The calculation and analysis for frame n follow a similar approach. Then we substitute Eq. (14) into Eq. (12) to have

ϕ̃K
0 = tan−1


K∑

k=0

(K
k

) (
IV3(k) − IV1(k)

)
K∑

k=0

(K
k

) (
IV2(k) − IV0(k)

)


= tan−1


sin (ϕ0) + 2−(K+1)

K∑
k=0

(K
k

) (
xV3(k) + xV1(k)

)
cos (ϕ0)

cos (ϕ0)− 2−(K+1)
K∑

k=0

(K
k

) (
xV2(k) + xV0(k)

)
sin (ϕ0)


. (15)

Thus, the motion error of I-BSC is expressed as

ϵI−BSC = ϕ̃K
0 − ϕ0

= tan−1


K∑

k=0

(K
k

) (
xV3(k) + xV1(k)

)
cos2 (ϕ0) +

K∑
k=0

(K
k

) (
xV2(k) + xV0(k)

)
sin2 (ϕ0)

2K+1 +
K∑

k=0

(K
k

) [(
xV3(k) + xV1(k)

)
−
(
xV2(k) + xV0(k)

)]
sin (ϕ0) cos (ϕ0)


≈ 2−(K+2)

K∑
k=0

(
K

k

)[
3∑

m=0

xVm(k) +
(
−xV0(k) + xV1(k) − xV2(k) + xV3(k)

)
cos (2ϕ0)

]

:= 2−(K+2)
K∑

k=0

(
K

k

)(
−xV0(k) + xV1(k) − xV2(k) + xV3(k)

)
cos (2ϕ0)

, (16)

The DC component of the error is omitted because it does not significantly affect the reconstruction results. Analytical
derivation of a concise error expression from Eq. (16) is not straightforward. For a more intuitive view, Fig. 5 lists the
error terms in I-BSC for k = 0 ∼ 4. We find that neither row-wise nor column-wise summation of the error terms yields a
simplified expression. Fortunately, the relation V(m+1)mod(4)(k + 1) ≡ Vm(k) + 1 is observed. This implies that along the
diagonal direction, with both the row index k and the column index m increasing by one, the subscript of the error term x
increments by one while its sign alternates, as depicted in Fig. 5. Therefore, summing the terms along the diagonal direction
rather than row-by-row or column-by-column, in light of Eq. (7), allows for the immediate derivation of the high-order
difference form error terms. Ultimately, Eq. (16) is simplified into

ϵI−BSC = 2−(K+2)
K∑

k=0

(−1)
k

(
K

k

)
(−xk + xk+1 − xk+2 + xk+3) cos (2ϕ0)

= 2−(K+2)(−1)
K

K∑
k=0

(−1)
K−k

(
K

k

)
(−xk + xk+1 − xk+2 + xk+3) cos (2ϕ0)

= 2−(K+2)(−1)
K
(
∆(K+1)x0 +∆(K+1)x2

)
cos (2ϕ0)

. (17)
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Fig. 5. The sum of the error terms along the diagonal direction precisely
yields the high-order difference form error terms (Eq. (16) to Eq. (17))..

A comparison of the theoretical expressions in Eq. (8) and
Eq. (17) indicates that I-BSC and P-BSC exhibit the same the-
oretical performance in motion error suppression. However,
in practice, I-BSC does not sum phase frames up, thereby
avoiding error accumulation induced by approximation of
tan(·) ≈ · in Eq. (8), whereas P-BSC retains the residual
errors. As a result, I-BSC converges faster than P-BSC as
K increases, which will be verified and elaborated on in
simulations and real-world experiments in Section 3.4 and
3.5. The I-BSC procedure is summarized as Algorithm 1. The
MATLAB code for implementing I-BSC is open sourced at
https://github.com/GeyouZhang/I-BSC.

Algorithm 1: I-BSC for motion error
Input:
Binomial order: K.
Captured image sequence: {I0, ..., IK+4}.
Output:
Motion-error-free phase: ϕ̃K

0 .
1 for m← 0 to 3 do
2 Ĩm ← 0
3 for k ← 0 to K do
4 Vm (k)← (k + 3)− [(k + 3−m) mod (4)]

5 Ĩm ← Ĩm +
(
K
k

)
IVm(k)

6 end
7 end
8 ϕ̃K

0 ← tan−1
(

Ĩ1−Ĩ3
Ĩ0−Ĩ2

)

3 EXPERIMENTAL EVALUATIONS

The proposed algorithm is implemented on an Intel(R)
Core(TM) i7-13790F @ 2.10 GHz with 32 GB RAM.
Our experimental system consists of two AVT 1800U-
052 monochrome cameras that have 816 × 624 resolution,
equipped with 8 mm Computar lenses, and a TI DLP4500
projector with a resolution of 912 × 1140, from which we
can conduct speckle-assisted stereo phase unwrapping. The
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Guo (Variance)
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Hilbert
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Guo
P-BSC
Guo (Generalized)
Li
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Fig. 6. Spider plot of RMSE of our RPSP-AM and comparison meth-
ods under 6-DoF motion (including translation and rotation in any di-
rection). Comparison methods include: 1) traditional four-step PSP, 2)
Carré’s [49], 3) Guo’s [45] (variance), 4) Lu’s [26], 5) Wang’s [36],
6) Liu’s [34], 7) Guo’s [37], 8) our previous proposed P-BSC [42], 9)
Guo’s [38] (generalized), and 10) Li’s [44]. Our method showcases su-
perior performance in all six motion scenarios, significantly suppressing
motion error.

two cameras are synchronized by the trigger signal from the
projector.

3.1 Quantitative Evaluation

We meticulously conducted a comprehensive quantitative
evaluation. We compared the performance of our method
and competing approaches in handling 6-DoF motion sce-
narios involving translation along the X-, Y-, and Z-axes
and rotation around the X-, Y-, and Z-axes. In the Z-axis
translation experiment, we specifically focused on ripple-
like distortions; therefore, the imaging target was a uniform
white standard flat plate to eliminate the influence of surface
texture. For other motion scenarios, our primary concern
was motion artifacts; hence, we employed a calibration
board with an array of circular markers to make ghosting
artifacts clearly observable. It should be noted that complex
textures can also introduce errors due to multi-path effects,
which explains the presence of substantial errors (0.15 mm)
even when the object remained stationary during translation
along X- and Y-axes and rotation around X-, Y-, and Z-
axes experiments. However, multi-path-induced errors fall
beyond the scope of this study. The frame rate for the
camera capturing is set to 454 fps. We measured the moving
target at a distance of 500 mm by using our RPSP-AM (8
frames and 2 uniform patterns) and some representative
methods for comparison: 1) traditional four-step PSP (4
frames), 2) Carré’s [49], 3) Guo’s [45] phase shift estimation
from variances (4 frmaes), 4) Lu’s [26] method (4 frames), 5)
Wang’s [36] Hilbert transform compensation (4 frames), 6)
Liu’s [34] method (8 frames), 7) Guo’s [37] phase frame sum
method (5 frmaes), 8) our previous proposed P-BSC [42]
(8 frames), 9) Guo’s [38] generalized phase shift deviation
estimation (6 frames), 10) Li’s [44] motion-resistant PSP (4
frmaes). In Lu’s original scheme [26], three markers are

https://github.com/GeyouZhang/I-BSC


8

-3 -2 -1 0 1 2 3
motion speed: m/s

0.15

0.4

0.9

2.2

5
R

M
S

E
: 

m
m

X-axis translation

-3 -2 -1 0 1 2 3
motion speed: m/s

0.15

0.4

0.9

2.2

5

R
M

S
E

: 
m

m

Y-axis translation

-5 0 5
motion speed: m/s

0.03

0.08

0.2

0.5

1

R
M

S
E

: 
m

m

Z-axis translation

-2 -1 0 1 2
motion speed: m/s

0.15

0.4

0.8

2.2

5

R
M

S
E

: 
m

m

X-axis rotation

-3 -2 -1 0 1 2 3
motion speed: m/s

0.15

0.4

0.8

2.2

5

R
M

S
E

: 
m

m

Y-axis rotation

-1 -0.5 0 0.5 1
motion speed: m/s

0.2

0.4

0.8

1.6

3.2

R
M

S
E

: 
m

m

Z-axis rotation
Four-Step
Carré
Guo (Variance)
Lu
Hilbert
Liu
Guo
P-BSC
Guo (Generalized)
Li
Ours

Fig. 7. Measurement error VS motion speed under 6-DoF motion (including translation and rotation in any direction). We measured a uniform white
standard plate translating along the Z-axis and a standard flat plate with an array of circular markers translating along X- and Y-axes and rotating
around X-, Y-, and Z-axes. Comparison methods include: 1) traditional four-step PSP (4 frames), 2) Carré’s [49] (4 frmaes), 3) Guo’s [45] phase
shift estimation from variances (4 frmaes), 4) Lu’s [26] method (4 frames), 5) Wang’s [36] Hilbert transform compensation (4 frames), 6) Liu’s [34]
method (8 frames), 7) Guo’s [37] phase frame sum method (5 frmaes), 8) our previous proposed P-BSC [42] (8 frames), 9) Guo’s [38] generalized
phase shift deviation estimation (6 frames), 10) Li’s [44] motion-resistant PSP (4 frmaes), and 11) our RPSP-AM (8 fringes and 2 uniform patterns).
The vertical axis is on a logarithmic scale. Our BSC surpasses existing methods in compensating for the motion error under all six motion scenarios.
This indicates our method’s comprehensive capability to thoroughly and significantly suppress motion errors, including both ripple-like distortions
and ghosting artifacts, across arbitrary motion scenarios.

TABLE 1
RMSE of different methods under 6-DoF motion. The ratios to the errors of conventional four-step phase-shifting are labeled in parentheses. For

each type of motion, the method with the lowest error is bolded, and the second-lowest is underlined. Quantitative assessments indicate that
under arbitrary 6-DoF motion conditions, our RPSP-AM exhibits superior performance, while existing methods are typically only effective for

specific types of motion. (unit: mm)

Method X translation Y translation Z translation X rotation Y rotation Z rotation Average
Four-Step 2.871 (1.00×) 1.878 (1.00×) 0.551 (1.00×) 1.901 (1.00×) 2.434 (1.00×) 0.818 (1.00×) 1.742 (1.00×)
Carré [49] 3.546 (1.24×) 2.326 (1.24×) 0.213 (0.39×) 2.224 (1.17×) 2.904 (1.19×) 0.975 (1.19×) 2.031 (1.17×)

Guo (Variance) [45] 2.879 (1.00×) 1.871 (1.00×) 0.095 (0.17×) 1.892 (1.00×) 2.429 (1.00×) 0.821 (1.00×) 1.665 (0.96×)
Lu [26] 0.937 (0.33×) 0.600 (0.32×) 0.538 (0.98×) 0.498 (0.26×) 0.701 (0.29×) 0.454 (0.56×) 0.621 (0.36×)

Wang [36] 1.970 (0.69×) 1.658 (0.88×) 0.098 (0.18×) 1.633 (0.86×) 1.713 (0.70×) 1.209 (1.48×) 1.380 (0.79×)
Liu [34] 2.880 (1.00×) 1.931 (1.03×) 0.118 (0.21×) 1.918 (1.01×) 2.448 (1.01×) 0.833 (1.02×) 1.688 (0.97×)
Guo [37] 2.768 (0.96×) 1.788 (0.95×) 0.124 (0.22×) 1.784 (0.94×) 2.348 (0.96×) 0.727 (0.89×) 1.590 (0.91×)

P-BSC [42] 2.829 (0.99×) 1.788 (0.95×) 0.051 (0.09×) 1.755 (0.92×) 2.373 (0.98×) 0.687 (0.84×) 1.580 (0.91×)
Guo (Generalized) [38] 2.979 (1.04×) 1.982 (1.06×) 0.093 (0.17×) 2.000 (1.05×) 2.540 (1.04×) 0.869 (1.06×) 1.744 (1.00×)

Li [44] 0.381 (0.13×) 0.224 (0.12×) 0.089 (0.16×) 0.268 (0.14×) 0.375 (0.15×) 0.864 (1.06×) 0.367 (0.21×)
Ours 0.171 (0.06×) 0.142 (0.08×) 0.046 (0.08×) 0.163 (0.09×) 0.171 (0.07×) 0.222 (0.27×) 0.153 (0.09×)

placed on the object, which may be difficult to achieve
in practical measurements. Therefore, we reproduced their
method for comparison by estimating the rotation matrix
and translation vector using the optical flow map. Our
measurement lasted for 1400 frames (about 3 seconds) for
each scenario. We selected a 70× 70 rectangular window in
each depth map and fit the plane with the random sample
consensus algorithm as the ground truth, then we computed
the root mean squared error (RMSE) within the selected
regions.

The trend of RMSE changing with motion speed in each

scenario is depicted in Fig. 7. Our method maintained supe-
rior accuracy across all tested motion scenarios and speed
ranges, consistently achieving the lowest RMSE without
significant influence from increasing motion speed. Under
translation along X- and Y-axes and rotation around X-
and Y-axes, Li’s [44] method demonstrated the second-
lowest RMSE with stable accuracy across the speed range.
However, its RMSE increased markedly with speed under
Z-axis translation and rotation. P-BSC [42] exhibited stable
accuracy under Z-axis translation across the experimental
speed range, where it performed the closest to our method.
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TABLE 2
RMSE of different methods under 6-DoF motion, all comparison methods are enhanced using optical-flow-based image alignment. ”OF ”

represents optical flow enhanced version of the original method. The ratios to the errors of conventional four-step phase-shifting are labeled in
parentheses. For each type of motion, the method with the lowest error is bolded, and the second-lowest is underlined. Results show that under

arbitrary 6-DoF motion conditions, even if all the comparison methods are enhanced using optical-flow-based image alignment, our RPSP-AM still
exhibits superior performance. (unit: mm)

Method X translation Y translation Z translation X rotation Y rotation Z rotation Average
Four-Step-OF 0.672 (1.00×) 0.156 (1.00×) 0.467 (1.00×) 0.197 (1.00×) 0.815 (1.00×) 0.266 (1.00×) 0.429 (1.00×)
Carré [49]-OF 0.317 (0.47×) 0.245 (1.57×) 0.199 (0.43×) 0.254 (1.29×) 0.297 (0.36×) 0.292 (1.10×) 0.267 (0.62×)

Guo (Variance) [45] OF 0.206 (0.31×) 0.151 (0.97×) 0.082 (0.18×) 0.189 (0.96×) 0.211 (0.26×) 0.260 (0.98×) 0.183 (0.43×)
Lu [26] OF 0.201 (0.30×) 0.150 (0.97×) 0.533 (1.14×) 0.189 (0.96×) 0.217 (0.27×) 0.230 (0.87×) 0.253 (0.59×)

Wang [36] OF 1.141 (1.70×) 0.998 (6.40×) 0.090 (0.19×) 1.013 (5.14×) 1.009 (1.24×) 1.032 (3.88×) 0.881 (2.05×)
Liu [34] OF 0.199 (0.30×) 0.156 (1.00×) 0.123 (0.26×) 0.189 (0.96×) 0.213 (0.26×) 0.242 (0.91×) 0.187 (0.44×)
Guo [37] OF 0.224 (0.33×) 0.145 (0.93×) 0.104 (0.22×) 0.172 (0.87×) 0.243 (0.30×) 0.231 (0.87×) 0.186 (0.43×)

P-BSC [42] OF 0.181 (0.27×) 0.144 (0.92×) 0.054 (0.11×) 0.166 (0.84×) 0.181 (0.22×) 0.231 (0.87×) 0.159 (0.37×)
Guo (Generalized) [38] OF 0.209 (0.31×) 0.157 (1.01×) 0.081 (0.17×) 0.199 (1.01×) 0.220 (0.27×) 0.241 (0.91×) 0.184 (0.43×)

Li [44] OF 0.206 (0.31×) 0.150 (0.97×) 0.082 (0.18×) 0.189 (0.96×) 0.211 (0.26×) 0.259 (0.97×) 0.183 (0.43×)
Ours 0.171 (0.25×) 0.142 (0.91×) 0.046 (0.10×) 0.163 (0.83×) 0.171 (0.21×) 0.222 (0.83×) 0.153 (0.36×)

In contrast, all other comparison methods showed a sig-
nificant rise in RMSE as motion speed increased, across all
motion scenarios.

The reconstructed point clouds under representative mo-
tion scenarios (X- and Z-axis translation, Z-axis rotation)
are visualized in Fig. 8. Under Z-axis translation, which
primarily induces ripple-like distortions, the point clouds
generated by our method and P-BSC [42] remain notably
flat, whereas all other methods exhibit obvious residual rip-
ples. In contrast, under X-axis translation and Z-axis rotation
where ghosting artifacts dominate, our method successfully
reconstructs a high-fidelity point cloud of the calibration
board, while the results of other comparison methods are
compromised by significant ghosting artifacts.

We computed the average RMSE across different motion
speeds and list in Table 1. Quantitative assessments indicate
that under arbitrary 6-DoF motion conditions, our RPSP-
AM exhibits superior performance, while existing methods
are typically only effective for specific types of motion.
Among all the methods, our RPSP-AM achieved the lowest
average RMSE of 0.153 mm, reducing the motion errors
to 0.09× compared with four-step phase-shifting method.
Li’s [44] demonstrated the second-lowest average RMSE of
0.367 mm (0.21 ×).

Line-of-sight motion (ripple-like distortion): under the
condition of translation along the Z axis, ripple-like distor-
tions become dominant. Our method delivered the lowest
RMSE of 0.046 mm, suppressing the ripple-like distortions
to 0.08× compared with four-step phase-shifting method.
Lu’s [26] method is tailored for FPM, so it was unable to
effectively suppress the ripple-like distortions. The RMSE
reached 0.538 mm, which shows no significant difference
from the 0.551 mm of the four-step phase-shifting method.
P-BSC [42] achieved the second-lowest performance, with
an RMSE of 0.054 mm (0.09×), demonstrating accuracy that
was very close to ours. The other approaches effectively
suppressed ripple-like distortions, ranging from 0.213 mm
(0.39×) to 0.089 mm (0.16×).

Focal plane motion (ghosting artifacts): under translation
along the X- and Y-axes and rotation around the X-, Y-
, and Z-axes, ghosting artifacts dominate due to image
misalignment. Still, our method delivered the lowest RMSE,

recorded at 0.171 mm, 0.142 mm, 0.163 mm, 0.171 mm, and
0.222 mm, respectively. This corresponds to a remarkable
reduction in error to 0.06×, 0.08×, 0.09×, 0.07×, and 0.27×
compared to the conventional four-step phase-shifting base-
line. Li’s [44] method achieved the second-lowest perfor-
mance in scenarios involving translation along X- and Y-
axes and rotation around X- and Y-axes, achieving RMSEs
of 0.381 mm (0.13×), 0.224 mm (0.12×), 0.268 mm (0.14×),
and 0.375 mm (0.15×), respectively. However, it fails to do
so under rotation around Z-axis. This is because Li’s [44]
method relies on the assumption of a globally consistent
translation vector, which is severely violated in the presence
of rotation around Z-axis. Lu’s [26] method achieved RMSE
of 0.454 mm under rotation around Z-axis, suppressing the
ghosting artifacts to 0.56×. This is because Lu’s [26] method
assumes a global consistent rotation matrix, which enables
an effective description of the rotation around the Z-axis.

To facilitate an intuitive performance comparison across
methods, the data from Table 1 is summarized as a spi-
der plot in Fig. 6. As observed, our method achieves the
lowest RMSE across all 6-DoF motions, reducing the RMSE
by more than 10× compared to the conventional four-step
phase-shifting method. Existing approaches, by contrast,
are typically effective only for specific motion types. For
instance, methods such as Carré’s [49], Guo’s (Variance) [45],
Wang’s [36], Liu’s [34], Guo’s [37], P-BSC [42], and Guo’s
(Generalized) [38] are designed to address motion-induced
phase deviations and thus perform well mainly for Z-axis
translation. In contrast, Lu’s [26] method compensates only
for in-plane translation and rotation, making it ineffective
in handling Z-axis translation. This indicates our method’s
comprehensive capability to thoroughly and significantly
suppress motion errors, including both ripple-like distor-
tions and ghosting artifacts, across arbitrary motion scenar-
ios.

Further, in order to more accurately determine the con-
tribution of I-BSC to suppressing ripple-like distortions, we
performed optical-flow-based image alignment for all the
comparison methods, thereby eliminating ghosting artifacts
and leaving only the ripple-like distortions. RAFT [48] is
adopted to align the fringe image sequence for enhanc-
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(a) X-axis translation

(b) Z-axis translation

(c) Z-axis rotation

Fig. 8. Reconstructed point clouds under a) X-axis translation, b) Z-axis
translation, and c) Z-axis rotation. This figure visualizes a frame slice of
the measurement results in Fig. 7 and Table 1. We compute the RMSE
within the red rectangular area. As the results show, existing methods
exhibit significant residual ghosting artifacts under X-axis translation and
Z-axis rotation, as well as obvious ripple-like distortions under Z-axis
translation. In contrast, our method effectively suppresses both errors
to visually imperceptible levels. Please note that due to the presence
of multi-path errors, the RMSE when using the standard plate with
circular markers is obviously higher than that of the white standard plate.
However, multi-path-induced errors fall beyond the scope of this study.

ing the comparison methods. The comparison results be-
tween our method and the optical flow enhanced version

of existing techniques are listed in 2. After optical-flow-
based image alignment, all methods demonstrate improved
accuracy, indicating that the image alignment operation
significantly reduces ghosting artifacts. Specifically, the av-
erage RMSEs of four-step PSP, Carré’s [49], Guo’s [45]
(variance), Lu’s [26], Wang’s [36], Liu’s [34], Guo’s [37], P-
BSC [42], Guo’s [38] (generalized), and Li’s [44] methods are
reduced from 1.742 mm, 2.031 mm, 1.665 mm, 0.621 mm,
1.380 mm, 1.688 mm, 1.590 mm, 1.580 mm, 1.744 mm,
0.367 mm, to 0.429 mm, 0.267 mm, 0.183 mm, 0.253 mm,
0.881 mm, 0.187 mm, 0.186 mm, 0.159 mm, 0.184 mm,
0.183 mm, respectively. Still, our method maintains superior
comprehensive performance under 6-DoF motion, proving
that our I-BSC is of state-of-the-art performance in sup-
pressing ripple-like distortions. Among all the methods,
P-BSC [42] achieved the second-lowest average RMSE of
0.163 mm, demonstrating performance that was very close
to ours. Lu’s [26] method showed the second-lowest RMSE
of 0.230 mm under rotation around Z-axis. The supplemen-
tary document provides visualizations of the optical-flow-
enhanced results of the comparison methods, including the
spider plot, error-speed plot, and point cloud.

3.2 Qualitative Evaluation on Complex Scenarios

To demonstrate the generality of BSC, we employed our
RPSP-AM and five comparitive methods 1) traditional four-
step PSP, 2) Lu’s [26] method, 3) Wang’s [36] Hilbert
transform compensation, 4) Guo’s [37] phase frame sum
method, and 5) Li’s [44] motion-resistant PSP to scan ob-
jects performing rigid motion (such as translation along
the X- and Z-axes, and rotation around the Y- and Z-axes).
The frame rate for the camera capturing is set to 90 fps.
The measurement distance is about 600 mm and the field
of view is 150 mm×120 mm. The results are shown in
Fig. 9. The performance of the comparison methods varied
significantly across different motion types. Under motions
inducing ghosting artifacts (X-axis translation), Lu’s [26] and
Li’s [44] methods effectively suppress errors, in contrast to
Wang’s [36] and Guo’s [37] methods, which exhibit notice-
able artifacts. Conversely, under Z-axis translation domi-
nated by ripple-like distortions, Wang’s [36], Guo’s [37],
and Li’s [44] methods perform well, while Lu’s [26] method
shows significant ripple-like distortions. Under Y-axis ro-
tation, Lu’s [26], Wang’s [36], Guo’s [37], and Li’s [44]
methods all show slight artifacts. Under Z-axis rotation,
Lu’s [26] method is effective in suppressing ghosting ar-
tifacts, whereas the methods of Wang [36], Guo [37], and
Li [44] all showcase significant residual artifacts. Moreover,
it can be seen that, by conducting Hilbert transform on
the captured images, Wang’s [36] method is effective in
mitigating motion error, yet inevitably causing spectrum
truncation, thereby inducing Gibbs phenomenon at depth
variation areas. Therefore, we can conclude that our BSC
with pixel-wise property is more robust compared with non-
pixel-wise methods when dealing with complex surface or
depth discontinuous scenes, showcasing strong resolving
ability in detail.

We also tested objects undergoing complex motions (such
as non-rigid and multi-target motion), with the results dis-
played in Fig.10. Residual ripple-like distortions or ghosting
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Fig. 9. Reconstructed results (unit: mm) of measured objects under different rigid motion scenarios: row 1-2 (X-axis translation): Wang’s [36] and
Guo’s [37] methods exhibit notable ghosting artifacts; row 3-4 (Z-axis translation): Lu’s [26], Wang’s [36], and Guo’s [37] methods demonstrate
ripple-like distortions; row 5-6 (Y-axis rotation): Lu’s [26], Wang’s [36], and Li’s [44] methods exhibit both ghosting and ripples, while Guo’s [37]
shows only ghosting; row 7-8 (Z-axis rotation): Wang’s [36], Guo’s [37], and Li’s [44] methods showcase ghosting artifacts. In contrast, our RPSP-
AM reconstructs high-fidelity motion-error-free 3D surfaces across all the above conditions.

artifacts exist in the results of Lu’s [26], Wang’s [36], and
Guo’s [37] methods, as they solely compensate for either
ghosting artifacts or ripple-like distortions. Li’s [44] method
addresses both ghosting artifacts and ripple-like distortion
but is limited to globally consistent motion, as it models in-
plane movement using a global 2× 1 translation vector and
assumes a global consistent phase shift for motion along
the Z-axis, leading to errors under rotational, non-rigid, or

multi-object motions. Our RPSP-AM comprehensively elim-
inates both ghosting artifacts and ripple-like distortions,
achieving robust 3D reconstruction for arbitrary motion,
including translation and rotation in any direction, non-
rigid motion, and multi-target motion.

In addition, the optical flow estimation can be integrated
into existing motion error compensation techniques to elim-
inate the ghosting artifacts. Thus, RAFT is adopted to
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multi-target motion. Lu’s [26], Wang’s [36], Guo’s [37], and Li’s [44] methods exhibit ripple-like distortions and/or ghosting artifacts, whereas our
RPSP-AM reconstructs high-fidelity motion-error-free point clouds.

align the fringe image sequence for enhancing the com-
parison methods, significantly suppressing the ghosting
artifacts. The comparison results between our method and
the optical-flow-enhanced version of existing techniques can
be found in the supplementary document. Across all the
motion conditions, our RPSP-AM consistently demonstrates
the most robust performance against ripple-like distortions.

We attached videos in the supplementary materials as
visualizations of the reconstruction results of five dynamic
scenes, including: translation along X- and Z-axes, ro-
tation around Z-axis, non-rigid deformation, and multi-
target movements. Six methods are employed, including:
traditional four-step phase shifting, Lu’s [26], Wang’s [36],
Guo’s [37], Li’s [44] methods, and our RPSP-AM. The videos
show that all methods perform consistently with the anal-
ysis in Fig. 9 and 10 across different scenarios. The results
support that our method outperforms the comparison ap-
proaches, achieving high-precision 3D reconstruction for
arbitrary motion.

3.3 Intensity Noise Suppression Ability

In a practical FPP system, the intensity of the fringe pattern
at each point of the object is acquired by a digital camera and
inevitably contaminated by intensity noise [1]. The intensity
noise ωn in each captured image originates from various
error sources, such as unstable ambient light, projector
illumination noise, camera noise, mechanical vibration, etc.
According to the central limit theorem, the intensity noise of
the captured image can be modeled as an additive Gaussian
white noise with zero mean and a variance of σ2 [50], [51]

σ2 = σ2
dark +G (I − Idark) , (18)

where Idark and σdark represents the dark signal and its
variance, G is the camera system gain. Then we can have
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Fig. 11. The comparison of intensity noises among P-BSC [42], I-BSC,
and traditional N -step PSP in simulation.

the variance of Gaussian noise in N -step PSP is [51]

σ2
ϕ (N) =

2

NB2

[
σ2
dark +G (A− Idark)

]
≈ 2G

NB
. (19)

We find that it is difficult to derive a simple form noise
model for our P-BSC and I-BSC, thus we conduct a sim-
ulation to compare K-order P-BSC and I-BSC with N -step
PSP in terms of intensity noise suppression ability, as shown
in Fig. 11 (we maintain that K = N − 4 holds true).
Consequently, we conduct curve fitting to approximately
have a empirical formula as

σ2
I−BSC (N) = σ2

P−BSC (N) ≈ G√
NB

. (20)

Here, N represents the number of patterns used by P-BSC
and I-BSC.
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Fig. 12. Simulation of motion-induced phase errors in P-BSC [42] and I-BSC: Row 1: linear case; Row 2: nonlinear case with gamma = 1.15. The
RMSE is labeled above each subfigure.

The results show that, P-BSC and I-BSC equivalently mit-
igate the intensity noise as binomial order K increases, but
the noise suppression effects are weaker than traditional N -
step PSP. Indiscriminately increasing K is uneconomical in
reducing intensity noise. Therefore we empirically propose
to adopt K = 4 (8 patterns) for dynamic 3D scanning, which
can significantly suppress motion error while also reducing
intensity noise.

3.4 Convergence Speed of Motion Error in P-BSC and
I-BSC

3.4.1 Simulations

We conducted simulations to compare the performance of
P-BSC [42] and I-BSC. In our simulation, we assumed the
dynamic phase shifting error xi presents a uniform acceler-
ation motion with phase change rate v0 = 0.25 rad/frame
and acceleration a = 0.01 rad/frame2. As shown in row
1 of Fig. 12, the motion error of I-BSC rapidly converges
at a faster rate than exponential decay with base 2. This
observation is consistent with the prediction in Eq. (17),
which states that due to the combined effects of exponen-
tial decay coefficients and higher-order differences, motion
errors exhibit a faster convergence rate than exponential
decay with base 2. Meanwhile, the motion errors in both
the 3-step and 4-step P-BSC also decay quickly but exhibit
noticeable residual harmonic errors. This is because the
approximation tan(·) ≈ · in Eq. (5) is applied K times in the
error analysis of P-BSC (Eq. (8)), resulting in higher-order
residual errors when summing. As a result, P-BSC suffers

from error accumulation, preventing it from achieving its
theoretical accuracy. However, the error accumulation issue
does not exist in I-BSC as the approximation is applied only
once during the error analysis, and thus leaving no residual
errors.

Moreover, we investigated the effect of varying phase-
change rates on error suppression performance, as illus-
trated in Fig. 13(a). Figure 13(b) demonstrates that the
peak-to-valley (PV) value of motion error decreases almost
linearly, with different slopes on the logarithmic scale. A
lower phase-change rate leads to a faster reduction in er-
ror. It should be noted that when the phase-change rate
approaches π

2 rad/frame, the inherent phase shifting of
the fringe pattern is completely canceled, making our BSC
ineffective in this case. Therefore, the proposed BSC is
applicable only when the phase-change rate is less than
π
2 rad/frame.

We evaluated the impact of slight nonlinearity on BSC
performance by setting γ = 1.15, with the results shown in
row 2 of Fig. 12. Specifically, the 3-step P-BSC is significantly
affected and is not recommended for this scenario. However,
the motion errors in I-BSC and 4-step P-BSC maintain rapid
decay when the number of patterns is less than 8, indicating
that they retain effective performance in high-speed scenar-
ios. The error suppression capabilities of both P-BSC and I-
BSC are impaired in the presence of nonlinearity. Therefore,
we recommend using FNR to correct the nonlinearity during
the imaging process. The implementation details of FNR can
be found in the supplementary document.

In conclusion, our simulation results indicate that: 1) I-
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Fig. 14. Real-world experiment on motion-induced phase error of P-BSC [42] and I-BSC. The mean absolute error (MAE, labeled above each
sub-figure) of phase exponentially diminishes as K increases. (a) and (b) the results with nonlinear rectification; (c) and (d) the results without
nonlinear rectification.

BSC outperforms P-BSC [42] in error convergence rate and
exponentially reduces motion error; 2) when the phase-
change rate is less than 0.8 rad/frame, as the number of
patterns increases, I-BSC suppresses the motion error at a
rate faster than exponential decay with base 2; 3) in the
presence of nonlinearity, the performance of both I-BSC and
P-BSC [42] in mitigating motion errors diminishes.

3.4.2 Real-world Experiments
We measured a flat plate translating along Z-axis using our
3-step P-BSC [42], 4-step P-BSC [42], and I-BSC. We con-
ducted experiments separately with and without nonlinear
rectification. The results visualized in Fig. 14 are consistent
with our error analysis and simulations. It can be seen that
P-BSC [42] and I-BSC significantly reduce the ripples in-
duced by motion with the increment of K. K = 0 represents
the raw phase without any error compensation. Moreover,
I-BSC can better suppress motion error than 3-step and 4-
step P-BSC [42] when adopting the same binomial order K,
indicating its fast convergence speed. The nonlinear error
compromises the performance of both P-BSC and I-BSC,
with the 3-step P-BSC being the most susceptible. Therefore,
in the presence of nonlinearity, we recommend performing
nonlinearity correction before using BSC, otherwise, choose

I-BSC or 4-step P-BSC rather than 3-step P-BSC to have a
robust performance. The binomial order K can be flexi-
bly chosen according to the accuracy and time efficiency
requirements. In the following real-world experiments, we
adopted I-BSC with eight images (K = 4) to sufficiently
suppress both motion error and intensity noise.

3.5 Computational Efficiency

In terms of computational efficiency, the proposed I-BSC
method is characterized by both low complexity and high
suitability for parallel acceleration. This advantage orig-
inates from its algorithm design, which eliminates the
need for iterative procedures or global transformations
(e.g., Fourier or Hilbert transforms) over the entire im-
age. Instead, the computation mainly comprises several
pixel-wise arithmetic operations—including addition, sub-
traction, multiplication, and division—along with a single
arctangent calculation. As a result, I-BSC introduces only
minimal computational overhead compared to the conven-
tional four-step phase-shifting method.

To benchmark the computational performance, we imple-
mented the proposed I-BSC method (8 frames) and several
representative approaches using single-threaded MATLAB.
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I-BSC (8 frames). Our I-BSC achieves the lowest RMSE among all the
methods, while it also showcases the shortest computation time except
Carré’s [49] and traditional four-step methods. The codes are written in
Matlab.

The methods selected for comparison are all designed to
compensate for phase deviations. They include: 1) four-step
PSP, 2) Carré’s [49] (4 frames), 3) Guo’s [45] (variance, 4
frames), 4) Wang’s [36] (4 frames), 5) Liu’s [34] (8 frames), 6)
Guo’s [37] (5 frames), 7) P-BSC [42] (8 frames), 8) Guo’s [38]
(generalized, 6 frames), and 9) Li’s [44] methods (4 frames).
It should be noted that only the phase compensation step
is considered for all the methods, which takes the image
sequence as input and outputs the compensated phase
map. We intuitively visualize the performance-complexity
trade-offs among the different methods as shown in scatter
plot Fig. 16. We can conclude that our I-BSC demonstrates
competitive computational speed compared with traditional

four-step methods, yet it attains the lowest RMSE among all
the comparison methods.

Further, by avoiding multi-frame phase calculations and
layer-by-layer accumulation in P-BSC, our I-BSC exhibits
a significant advantage in computational complexity as
summarized in Fig. 15. Our I-BSC remarkably diminishes
all kinds of operations including tan−1, mod, +/−, ×/÷,
and cmp, reducing the time complexity by at least one
polynomial order.

To demonstrate the computational speed advantage of I-
BSC over P-BSC, we implemented both P-BSC and I-BSC
using single-threaded C++ code and ran the programs on an
Intel i7-13790F CPU at 2.10 GHz. We conducted experiments
for both I-BSC and P-BSC with binomial orders ranging
from 0 to 15, performing each operation 100 times. The
average computation frame rates are presented in Fig. 15. It
is evident that I-BSC accelerates P-BSC by several to tens of
times, achieving frame rates exceeding 50 fps when K < 5
even with CPU single-threaded programming. The frame
rate improvement increases linearly with the binomial order,
indicating that I-BSC reduces the time complexity of P-BSC
by one polynomial order.

Our theoretical analysis, simulations, and experiments
show that compared with P-BSC, I-BSC accelerates the
computational frame rate by several to a dozen times, while
also maintaining faster error convergence. This is attributed
to the fact that I-BSC only needs to compute the arctangent
function once, avoiding high computational overhead and
error accumulation.

4 CONCLUSIONS AND FUTURE OUTLOOK

In conclusion, our analysis separated the confounding mo-
tion errors into two distinct components: ghosting artifacts
and ripple-like distortions. Based on this, we proposed
a robust phase-shifting profilometry for arbitrary motion,
including 6-DoF motion, non-rigid deformations, and multi-
target movements, achieving high-fidelity motion-error-free
3D reconstruction. We devised a two-stage framework that
demonstrated superior motion error suppression perfor-
mance. It comprised pixel-wise image alignment based on
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optical flow to address ghosting artifacts, followed by I-BSC
to correct ripple-like distortions. We conducted extensive
and comprehensive experiments under challenging motion
scenarios, including 6-DoF motion (translations and rota-
tions in any direction), non-rigid deformations, and multi-
target movements. Experimental results demonstrate that
our method delivers robust performance across arbitrary
motion scenarios, significantly suppressing motion errors
and outperforming SoTA methods.

In the past, PSP was generally considered applicable only
to static objects. This notion has gradually been dispelled
by emerging researches over the past decade. In this paper,
our RPSP-AM extends the applicability of traditional PSP
to arbitrary motion scenarios. Examples include dynamic
visual localization in robotics, providing micron-level 3D
spatial perception for humanoid, industrial, or surgical
robots; industrial inspection on the move, enabling con-
tinuous 3D inspection on production lines without halting
operations; and real-time medical reconstruction, facilitating
rapid reconstruction of customized medical devices such as
dental models and prosthetics.

In future work, we plan to customize a deep neural
network to estimate accurate pixel-wise optical flow directly
from fringe images [28], thereby eliminating the need for
additional uniform patterns and preserving the frame-wise
loopable merit of BSC. In addition, by leveraging the dy-
namic measurement ability of the proposed RPSP-AM, it can
collaborate with 3D Gaussian splatting [52] for a combined
active-passive scanning, thereby achieving high-precision
3D reconstruction of the entire scene from near to far.
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