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Underwater structured-light three-dimensional (3D) imaging is essential for the precise reconstruction of sub-
merged objects in scientific and engineering applications. However, the observed fringe patterns are often degraded
by underwater light attenuation, scattering, and refractive distortion, leading to fringe blurring and aliasing and,
consequently, reduced phase-reconstruction accuracy. To address these issues, we analyze the propagation char-
acteristics of structured light in underwater environments and their effects on fringe image quality. With that,
we engineer a diffusion-model-based fringe restoration neural framework, referred to as FP-DiffNet, in which
fringe restoration is formulated as a probability-driven iterative denoising process. Specifically, a U-Net model is
trained to progressively map degraded fringe observations to clear fringe patterns, incorporating physics-guided
constraints and an adaptive noise-annealing mechanism to effectively separate scattering-induced noise while
preserving fringe structures during the reverse diffusion process. The proposed framework is evaluated in terms of
fringe image quality, wrapped-phase accuracy, and 3D reconstruction performance. Under extremely high turbid-
ity, it achieves a PSNR of 42.42 dB and a wrapped-phase MAE of 0.0354 rad. By combining diffusion-driven phase
reconstruction with dynamic compensation, sub-millimeter absolute measurement is achieved in turbid water,
with a 3D reconstruction RMSE below 0.1 mm. Importantly, no prior modeling of water optical parameters is
required, enabling robust and practical underwater 3D imaging. © 2026 Optica Publishing Group. All rights, including

for text and datamining (TDM), Artificial Intelligence (AI) training, and similar technologies, are reserved.
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1. INTRODUCTION

As a representative technique in three-dimensional (3D) recon-
struction, structured-light 3D imaging has played an important
role in industrial inspection, medical imaging, and robotic
vision because it enables non-contact measurement with high
accuracy and high efficiency [1–3]. The underlying principle
is active optical triangulation. Specifically, encoded grating
fringe patterns are projected onto the target surface by a digital
projector, and the deformed fringes modulated by the surface
geometry are synchronously captured by a high-resolution
industrial camera. Three-dimensional point-cloud coordinates
are then obtained via phase-to-height mapping. As a classic
method in this paradigm, phase-shifting profilometer (PSP)
sequentially projects multiple sinusoidal fringe patterns with
fixed phase offsets. A phase-shifting algorithm is used to sup-
press ambient-light interference and extract the wrapped phase,
after which a phase-unwrapping algorithm reconstructs the
continuous phase distribution. Micrometer-level measurement

accuracy can be achieved, making PSP highly practical for
precision manufacturing and reverse engineering [4–6].

Notably, the theoretical foundations and experimental vali-
dation of existing structured-light 3D reconstruction methods
have largely been established under air as the measurement
medium. When the medium changes, light propagation across
refractive interfaces is altered, which induces systematic mea-
surement errors. In underwater structured-light imaging,
multiple degradation factors coexist, including refraction,
scattering, and absorption. Refraction at the water–air inter-
face causes a nonlinear deviation between the measured fringe
phase and the true height, while Mie scattering induced by
suspended particles markedly reduces fringe-image contrast
[7]. In addition, exponential attenuation in water results in
the rapid decay of effective signal intensity with increasing
propagation distance [8,9]. In extreme conditions such as
highly turbid water, the coupling of these effects results in
complex phase-error accumulation, which can cause local
point-cloud loss or geometric distortion in 3D measurements.
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Addressing underwater fringe degradation is, therefore, benefi-
cial for extending structured-light techniques to cross-medium
measurement scenarios.

Conventional approaches to underwater image degrada-
tion can be broadly categorized into restoration methods,
represented by polarization imaging [10] and stereo imaging
[11], and enhancement methods, represented by histogram
equalization [12] and color correction [13]. However, these
approaches exhibit clear limitations-restoration methods rely
heavily on prior modeling of water optical parameters, whereas
enhancement methods may introduce color bias and additional
noise [14–16]. With the rapid advancement of deep learning, its
strengths in extracting and representing complex data features
have provided an alternative pathway for underwater image
restoration and enhancement. Accordingly, deep-learning-
based solutions have gained increasing attention for addressing
key challenges in underwater 3D reconstruction, including
light-transport distortion and medium-scattering interfer-
ence [17,18]. Current studies can be broadly grouped into two
routes: physics-prior-based underwater image restoration and
data-driven end-to-end model construction for underwater
image restoration and enhancement [19].

When combined with physical modeling, WaterGAN was
proposed by Li et al. [20] to translate RGB-D images into under-
water images via unsupervised learning. By incorporating a
light-transport model into adversarial training, WaterGAN
enables underwater color restoration and depth estimation
without annotated data. Mousavi et al. [21] proposed iDehaze,
a two-stage deep-learning framework for underwater image
dehazing and color correction. In iDehaze, large-scale syn-
thetic data generated by a physical simulation model are used to
train a dehazing network, and a color-transfer model maps the
dehazed outputs to a target color domain, thereby improving
sharpness and color fidelity. Nevertheless, when deep learning is
coupled with explicit physical models, the imposed constraints
may reduce adaptability. In contrast, data-driven end-to-end
methods that do not explicitly depend on prior knowledge often
exhibit superior adaptability [22]. For example, Xinya et al. [23]
proposed a deep-learning-based underwater fringe-projection
3D measurement method that introduces a fringe pattern
enhancement convolutional neural network (FPENet) to
optimize low-contrast, high-noise fringe images, effectively alle-
viating turbidity-induced quality degradation and phase errors.
Jianxin et al. [24] proposed a lightweight generative adversarial
network with dual attention (AL-GAN), in which PatchGAN
is used as the discriminator and MobileNet is adopted as the
generator, substantially reducing the parameter count and
improving inference efficiency while enhancing underwater
detail restoration. However, such approaches treat neural net-
works as black-box end-to-end mappings. The generated results
often lack explicit constraints for physical consistency, which
may distort restored fringe patterns and consequently introduce
systematic errors into high-precision phase retrieval.

To overcome this limitation, a fringe pattern restoration
framework based on deep diffusion models, termed FP-DiffNet
(Fringe Pattern Diffusion Network), is proposed in this study.
Generative deep learning has been effectively integrated into
structured-light imaging to boost system performance [25],

among which diffusion models exhibit remarkable advan-
tages in training stability and geometric fidelity. Under a
Markov-chain formulation, iterative denoising can decouple
medium-scattering noise from target geometric features, pro-
viding a principled basis for mitigating pixel-level distortions
under non-uniform illumination and promoting underwater
optical metrology toward higher robustness and practicality
[26,27]. In FP-DiffNet, physics guidance is incorporated into
the diffusion process to jointly leverage data-driven adaptability
and physically consistent constraints. Specifically, an adaptive
noise-annealing mechanism is introduced to progressively
decouple scattering noise during reverse diffusion. Meanwhile,
physical constraints and a periodic-feature modulation mecha-
nism are employed to enforce the correct intensity distribution
and periodic structure in the restored fringes, thereby enabling
more reliable downstream phase estimation. Building on this
design, the pipeline of our method comprises three main stages:
fringe projection and acquisition, FP-DiffNet-based fringe
restoration to suppress underwater degradation, and phase
retrieval followed by 3D reconstruction from the recovered
phase. With this approach, sub-millimeter absolute measure-
ment accuracy is achieved in turbid water, establishing a robust
paradigm for underwater 3D imaging.

2. DIFFUSION-MODEL-BASED FRINGE
RESTORATION ALGORITHM

A. Principle of Underwater Structured-Light Imaging

In underwater structured-light imaging, optical propagation is
affected by multiple coupled effects. The radiometric degrada-
tion caused by scattering and attenuation can be characterized
by the classical Jaffe–McGlamery (J–M) model [28]. According
to J–M theory, underwater light can be decomposed into three
components: direct transmission Id , forward scattering If ,
and backward scattering Ib , as illustrated in Fig. 1. The direct
component Id (z) is not scattered, and its intensity attenuation
follows a modified Beer–Lambert law [29]:

Id (z)= I0e−[a(λ)+bb (λ)+b f (λ)]z
·

1

(1+ ηz)2
, (1)

where a(λ) denotes the absorption coefficients, bb(λ) and
b f (λ) denote the backward-scattering coefficients and forward-
scattering coefficients, respectively, and 1/(1+ ηz)2 accounts
for geometric spreading. Forward-scattered light is produced by
small-angle scattering from suspended particles, which induces
spatial blurring of the optical field. This effect can be modeled
by a point spread function (PSF) represented as a Gaussian
kernel:

hPSF(r )=
1

2πσ 2
s

e−r 2/(2σ 2
s ), σs ∝ b f z, (2)

where σs quantifies the blur strength. Its magnitude increases
with the forward-scattering coefficient bb(λ) and the propaga-
tion distance z, reflecting the low-pass filtering effect of water
turbidity on the spatial-frequency content of the captured
image. Backward-scattered light Ib is generated by large-angle
scattering and forms background noise. It is commonly modeled
by a Poisson-Gaussian mixed distribution:
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Fig. 1. Schematic illustration of the light propagation in turbid
underwater environments.

Ib ∼P
(
k I0e−bb z)

+N
(
0, σ 2

read

)
. (3)

The scattering anisotropy of suspended particles in tur-
bid water can be described by the Henyey–Greenstein phase
function [30]:

p(θ)=
1

4π

1− g 2(
1+ g 2 − 2g cos θ

)3/2 , (4)

where the anisotropy factor g ≈ 0.9 indicates the dominance
of forward scattering, which further leads to low-pass-filter-like
degradation of the fringe patterns.

In addition, the refractive-index mismatch at the water–air
interface (nw ≈ 1.33, na = 1.0) causes geometric distortion.
The refracted optical path should be corrected using Snell’s
law [31]:

nw sin θi = na sin θt . (5)

As indicated by the above relationship, refraction introduces
depth-dependent geometric displacement of light rays1x = z ·
tan(θi − θt), which directly induces 3D reconstruction errors.

By integrating the above effects, the observed signal of a pro-
jected structured-light fringe pattern after underwater propaga-
tion can be modeled as

Iobs(x )= Id (x )⊗ hPSF + Ib(x )+ G(x +1x ), (6)

where ⊗ denotes the convolution operator, and G(x +1x )
denotes the refractive-distortion function. The coupling of
these degradation mechanisms can lead to phase discontinu-
ities, phase-unwrapping failures, and nonlinear errors in depth
mapping during phase retrieval, thereby significantly reducing
the accuracy of underwater 3D imaging. For clarity, the key
symbols involved in the physical modeling and diffusion process
are summarized in Table 1.

B. Diffusion-Model-Based Fringe Image Restoration

To accurately model the mixed noise and phase distortion
in fringe patterns and to generate high-precision phase dis-
tributions, a deep diffusion-model-based fringe restoration
framework, termed FP-DiffNet (Fringe Pattern Diffusion
Network), is proposed in this study. Given the characteristics of

Table 1. Key Symbols Used in the Proposed
Framework

Symbol Description

Id , Ib , I f Direct transmission intensity, backward-scattering
intensity, and forward-scattering intensity

a , b f , bb Absorption coefficients, forward coefficients, and
backward scattering coefficients

hPSF Scattering-induced point spread function
X 0, X t Clean and diffused fringe images
ε, εθ True and predicted diffusion noise
αt Diffusion noise scheduling coefficient
D(·) Simplified physical degradation operator

the task, the denoising diffusion probabilistic model (DDPM)
[32,33] is adopted as the core formulation. The forward process
explicitly simulates the coupled degradation of mixed noise
and phase distortion in fringe images, and the noise-scheduling
parameters can be adaptively adjusted according to the spectral
characteristics of fringes. The reverse process restores fringe pat-
terns under physics-guided constraints. In particular, gradient
regularization and a periodic-feature modulation mechanism
are incorporated to enforce smooth intensity variation and
suppress discontinuous jump artifacts [34–36]. Compared
with conventional approaches, the proposed generation scheme
integrated with physical constraints substantially improves
fringe-structure integrity and reconstruction robustness.

The key idea of FP-DiffNet is to progressively emulate under-
water degradation during forward diffusion and to gradually
recover the spatial structure and phase information during
reverse diffusion via a neural network. In the forward diffusion
process, given a fringe sample X 0, Gaussian noise is gradually
injected from t = 0 to t = T, so that the sample is degraded
toward a near-Gaussian distribution. Unlike the standard
DDPM, the proposed formulation is tailored to underwater
fringe degradation. Specifically, the injected noise not only
represents random Gaussian perturbations but also implicitly
accounts for physical degradations in underwater imaging,
including scattering-induced blur, ambient-light interference,
and local contrast reduction. Therefore, at each forward step,
the noise term can be interpreted as the progressive superpo-
sition of forward- and backward-scattering effects, and the
statistical distribution of the intermediate state X t is driven to
approximate the distribution of fringe images observed in real
turbid water. The forward diffusion distribution q(X t |X t−1) is
given by

q( X t | X 0)= N
(

X t ;
√
αt X 0, (1− αt) I

)
, (7)

where αt is a predefined or adaptive coefficient. Accordingly,
direct sampling of X t at an arbitrary diffusion step can be
written as

X t =
√
αt X 0 +

√
1− αtε, (8)

where ε corresponds to an approximation of scattering noise
affecting underwater fringe images under different depths and
turbidity levels.

The reverse diffusion process starts from standard Gaussian
noise and progressively removes the noise components asso-
ciated with underwater scattering and attenuation, thereby
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Fig. 2. Schematic representation of the proposed network architecture.

generating a high-quality approximation of structured-light
fringe patterns. The reverse Markov chain is formulated as

pθ (X t−1 | X t)= N(X t−1;µθ (X t , t) , 6t), (9)

where the mean term µθ is obtained by predicting the noise
εθ (X t , t) using a neural network. In accordance with the degra-
dation characteristics of underwater fringe images, the network
is trained to capture not only generic texture perturbations but
also scattering-induced fringe blurring, phase warping, and
spatially varying illumination. Consequently, the periodic struc-
ture and contrast of fringe patterns are progressively recovered
during reverse diffusion.

In this study, to implement the above denoising diffusion
process, a U-Net-based deep neural network is employed
to represent εθ , as illustrated in Fig. 2. The encoder extracts
multi-scale features of underwater fringe images, including
amplitude variations, contrast attenuation, and detail blurring.
The decoder progressively recovers high-frequency fringe struc-
tures during upsampling and compensates for local degradation
induced by scattering. With multi-scale feature fusion and skip
connections, the network captures both the periodic charac-
teristics of fringes and the spatial distribution of underwater
noise.

After encoding, the input tensor is first mapped to a base
number of channels via a 3× 3 convolution and then fused with
the time-step embedding and the conditional observed-fringe
image, so that each diffusion stage is guided by the real under-
water observation. Subsequently, hierarchical downsampling
modules compress the spatial resolution and extract blur-related
features caused by scattering. During decoding, skip connec-
tions and local convolutional refinement are jointly used to
restore fringe details and phase-related structures, ultimately

producing a high-quality reconstructed fringe image with the
same spatial resolution as the input.

To incorporate physics-consistent constraints into the dif-
fusion process, the imaging degradation is modeled using
a differentiable simplification based on the two dominant
radiometric effects in the J–M model described in Section 1.A,
namely forward scattering and backward scattering. Because
the full physical model [Eqs. (1)–(6)] is complex and not easily
embedded into the stepwise diffusion framework, the most
influential factors on fringes, scattering blur and background
noise, are approximated and unified with the diffusion-noise
mechanism. Accordingly, a simplified physical degradation
operator is defined as

D(I )=
(
I ⊗ h g

)
+ ng , (10)

where the Gaussian kernel h g approximates the point spread
function associated with forward scattering and the noise term
ng characterizes the stochastic component of backward scat-
tering. The geometric displacement induced by refraction is
a spatial deformation rather than a purely radiometric degra-
dation. Therefore, it is not explicitly modeled in D(·) and
is instead implicitly captured by the spatial feature learning
capability of the U-Net. Based on the above simplification, a
physics-consistency constraint is formulated as

L phy = ‖D(X t−1)− D(X 0)‖1 . (11)

To train the model shown in Fig. 2, an underwater structured-
light system is used to acquire a dataset of degraded fringe
images {y i }

N
i=1 ∼ q(S) as conditional inputs, which are affected

by scattering and refraction in turbid water. High-SNR fringe
images captured in air, X 0 ∼ q(F | y ), are simultaneously col-
lected as the target distribution. In the forward diffusion process
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[Eq. (7)], a Markov chain consistent with underwater optical
transport is constructed. By progressively injecting Gaussian
perturbations that conform to underwater degradation mech-
anisms, the intermediate states are driven to approximate the
spatial-frequency characteristics of real underwater fringe
observations.

Under the physical constraints for cross-medium fringe
enhancement, an optimization objective is constructed by quan-
tifying the time-varying discrepancy between the degradation
noise εt injected at diffusion step t and the network-predicted
noise εθ (X t , t, y ). The resulting loss function is defined as

L = λ1SSIM(X , X̂ )+ λ2E [|εt − εθ (X t , t, y )|]

+ λ3‖θ‖1 + λ4 ‖D(X t−1)− D(X 0)‖1 , (12)

where L jointly accounts for perceptual structural similarity,
latent-variable reconstruction error, model sparsity, and physics
consistency. By combining the SSIM term, L1 regulariza-
tion, and the physics-residual penalty, the objective achieves a
balanced optimization across image-structure fidelity, latent
modeling capability, model-complexity control, and physical
plausibility.

The hyperparametersλi are used to adjust the relative weights
of each term and are configured for the turbid underwater
fringe-imaging scenario. In our implementation, λ1 = 0.7 is
assigned to enforce the structural similarity constraint, which
is designed to ensure that the recovered fringe patterns main-
tain a high degree of resemblance to the original clear fringe
patterns, thereby preserving fringe integrity in turbid media;
λ2 = 0.8 is adopted to moderately regulate the weight of the
pixel-wise fidelity term, which promotes the accuracy of inten-
sity restoration and suppresses outliers, thus avoiding excessive
amplification of backscatter noise under high turbidity and
enhancing the robustness under low-SNR underwater condi-
tions; λ3 = 0.02 imposes relatively strong L1 regularization
to suppress overfitting to high-noise data and to improve gen-
eralization under low-SNR conditions; λ4 = 0.5 introduces
a moderate physics-consistency constraint, ensuring that the
generated results conform to the fundamental physics of under-
water light transport while maintaining a balance between
network learning capacity and physical priors. Experimental
results indicate that this parameter setting effectively alleviates
fringe blurring and distortion in turbid water and substantially
improves cross-medium optical imaging quality.

The training and sampling procedures are illustrated in Fig. 3.
During training, a noise vector ε is first randomly sampled from
a standard Gaussian distribution. The target image X 0 and
its corresponding degraded observation y are prepared as the
basic inputs for each iteration. Next, a diffusion time step t is
uniformly sampled from the interval [1, T]. Using the reparam-
eterization of the forward diffusion process, the intermediate
state X t is obtained by linearly combining the sampled noise ε
and the clean sample X 0 with the predefined noise-scheduling
coefficients

√
αt and

√
1− αt . The intermediate state X t ,

together with the condition y and the time embedding t , is then
fed into the training network pθ , which outputs the predicted
noise component ε∗. Finally, the customized loss function
L is used to quantify the discrepancy between the ground-
truth noise ε and the predicted noise ε∗. Model parameters

Fig. 3. Training and sampling pipeline.

are updated via backpropagation using a stochastic gradient
descent optimizer, and the iterative optimization continues
until convergence.

During sampling, the procedure starts from the terminal
time step T. The initial state X t is set to a random noise sample
drawn from a standard normal distribution, and the time index
is initialized to T. At each reverse step t , the noisy state X t , the
corresponding time encoding t , and the conditional observation
y are jointly fed into the trained denoising network pθ , which
produces an estimate ε∗ of the noise component at time t . Based
on ε∗ and the reverse-diffusion formulation, the latent state at
the previous step, X t−1, is then computed.

To further improve physical consistency, a periodic gradi-
ent correction mechanism is introduced. When the time-step
index t is divisible by the physical correction period k, i.e., t
mod k = 0, a physics-residual-based gradient correction is
applied to the current state:

X t−1 =

{
X t−1 − α · ∇X

∥∥Iobs − G simple(X )
∥∥

2 if t mod k = 0

X t−1 else
,

(13)
where α = 0.01 is the correction strength, k = 50 is the
correction period, optimally set to balance the strength of
physical consistency constraints and computational efficiency,
and G simple(X ) denotes the simplified physical degradation
function. By injecting physical priors at selected diffusion
stages, this correction strategy achieves a balance between the
strength of physical constraints and computational efficiency.
Consequently, the generated results better conform to underwa-
ter light-transport physics, while the additional computational
overhead remains acceptable. By progressively decreasing the
time index and repeating the above inference steps until t = 0,
a fully denoised, high-quality reconstructed fringe image F ∗ is
finally obtained.

C. Phase Retrieval and 3D Reconstruction

The output F ∗ is essentially a restored fringe-pattern sequence
on the object surface, whose mathematical form is consistent
with that of the standard N-step phase-shifting profilometry
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(PSP). To further obtain surface phase information and per-
form 3D reconstruction, each restored fringe frame in F ∗ is
substituted into the standard N-step PSP formulation.

In this method, the fringe intensity on an arbitrary surface S
can be uniformly expressed as

I S
n (x , y )

= A+ B cos

(
φS(x , y )+

2π(n − 1)

N

)
, S ∈ {R, O},

(14)

where n = 1, 2, · · · , N and I S
n (x , y ) denotes the intensity

distribution of the nth fringe image. When S = O, it corre-
sponds to the object-surface fringe pattern in F ∗, and when
S = R , it corresponds to the reference-plane fringe pattern. The
term A represents the ambient-light intensity, B is the modu-
lation amplitude of the sinusoidal fringe, and φS(x , y ) is the
phase distribution associated with surface S.

When the number of acquired fringe images satisfies N ≥ 3,
the phase φS(x , y ) can be computed using a unified arctangent
formulation:

φS(x , y )

=− arctan

∑N
n=1 I S

n (x , y ) sin 2π(n − 1)/N∑N
n=1 I S

n (x , y ) cos 2π(n − 1)/N
, S ∈ {R, O},

(15)

where the resultingφR(x , y ) andφO(x , y ) are wrapped phases,
exhibiting periodic discontinuities over [−π, π]. A phase-
unwrapping algorithm is then applied to obtain the absolute
phases8R(x , y ) and8O(x , y ), which vary monotonically. The
phase difference is subsequently computed as

8(x , y )=8O(x , y )−8R(x , y ), (16)

yielding the equivalent phase shift 8(x , y ) induced by object
height modulation. With the calibrated geometric parameters
of the projector–camera system, 8(x , y ) can be converted
into 3D point-cloud coordinates, enabling high-accuracy
reconstruction of the object-surface geometry [37].

3. EXPERIMENTS AND EVALUATIONS

To validate the accuracy and effectiveness of the trained
FP-DiffNet in practical measurements, an underwater 3D
measurement system based on structured-light principles was
constructed. As shown in Fig. 4(a), the hardware setup consists
of a high-resolution industrial camera (OPT-CC1-048A-
RM-G, 1800× 1600 pixels) and a digital projector (TJ-S50,
1280× 1024 pixels). Model training was performed on a com-
puting platform equipped with an Intel Xeon Silver 4215R
CPU (3.20 GHz), 36 GB memory, and an NVIDIA GeForce
RTX 4090 GPU.

A. Dataset

In our dataset, fringe patterns were generated and projected
using a three-frequency four-step phase-shifting scheme.
Specifically, the projector sequentially projected fringe patterns

Fig. 4. (a) Experimental setup and (b) target objects used for dataset
construction.

Fig. 5. Refractive-index variation and scattering intensity at differ-
ent turbidity levels.

with spatial frequencies f1 = 1/59, f2 = 1/64, and f3 = 1/70.
During acquisition, an effective region of 512× 512 pixels
was cropped to construct the dataset. The object under test
was placed in a transparent acrylic tank with dimensions
0.4 m× 0.4 m× 0.3 m. The measurement apparatus was
mounted directly above the tank, and an approximate working
distance of 0.6 m was maintained to cover the target measure-
ment area. To minimize the influence of external ambient light,
all images were captured in a controlled laboratory environment
with minimized ambient illumination. The structured-light
projector served as the only active light source during data
acquisition.

As shown in Fig. 4(b), the dataset contains five target objects
with different geometries. For each turbidity level, samples were
split into training and testing subsets at a ratio of 4:1, yielding
7200 images for training and 1800 images for testing. The train-
ing set was used to learn network parameters, whereas the test
set was used for final performance evaluation. All experimental
results reported in this work are strictly based on the test set. To
increase data diversity, all objects were captured under randomly
varied spatial poses. To highlight the influence of the acquisi-
tion environment on object-signal modulation, background
interference was removed when visualizing fringe images, phase
maps, and 3D reconstruction results, and only the effective
regions corresponding to the target objects were retained.
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A graded turbid-water environment was constructed by
injecting milk into the tank to emulate variations in water tur-
bidity. To ensure consistency, it should be noted that during
image acquisition, the water surface was kept still. The target
object was first fixed at the bottom of the tank, and ground-truth
data were acquired by directly projecting fringe patterns. Based
on 13 L of clear water, 4, 5, 6, and 7 mL of milk were sequentially
added following a gradient-injection protocol, yielding four
increasing turbidity levels (T1–T4) with gradually elevated
refractive index and scattering intensity. To facilitate practical
interpretation, the four turbidity levels qualitatively correspond
to progressively increasing real-world underwater scattering
conditions. Specifically, T1 represents relatively clear waters
with a low suspended particle concentration, comparable to
favorable coastal or offshore environments; T2 corresponds
to mildly turbid nearshore waters with moderate particulate
content; T3 simulates highly turbid estuarine or sediment-rich
coastal regions with pronounced scattering and attenuation;
and T4 represents extremely turbid conditions with strong
backscattering effects, similar to harbor waters or inland waters
containing dense suspended particles. Fringe images were
synchronously captured under each turbidity condition. The
scattering intensity and refractive-index variation associated
with the four turbidity levels are shown in Fig. 5.

Notably, the performance of the trained FP-DiffNet was
evaluated across these four turbidity levels. At the highest
tested turbidity (T4), the network still restores fringe patterns
effectively. However, if turbidity increases further, restoration
is expected to fail because scattering becomes dominant, the
direct transmission component approaches zero, and the fringe
contrast drops below the noise floor. Specifically, according to
the J–M model, when the attenuation coefficient increases to a
level at which the direct-transmission intensity Id (z) falls below
the noise baseline, fringe information is completely lost and
recovery becomes infeasible. In the present setup, T4 represents
an extreme condition. The network maintains sub-millimeter
reconstruction accuracy at T4, indicating strong robustness,
whereas performance is expected to degrade progressively when
turbidity exceeds T4.

Figure 6(a) shows the fringe pattern acquired in air, and
Fig. 6(b) presents the fringe images captured under the four
increasing turbidity levels in the experiments. For the phase-
shifting fringe images acquired in the above turbid-water
conditions, a diffusion-model-based optimization is applied in
this study.

B. Training Details

During model training, the key parameters were systemati-
cally configured and optimized. The main hyperparameter of
the diffusion process, the number of diffusion time steps, was

empirically set to T= 1000 to balance restoration quality and
computational cost. A linear variance schedule was adopted,
where βt increases from 0.0001 to 0.03 (βt ∈ [0.0001, 0.03])
for stable and smooth noise injection and removal in forward
and reverse processes. Consistency of the noise variance was
strictly maintained between the two processes. The model
was optimized using AdamW with an initial learning rate of
1.0× 10−5 to ensure stable convergence. A cosine annealing
learning-rate schedule was applied with Tmax = 2500 epochs
for gradual solution refinement, and training was conducted for
a total of 2500 epochs. Due to computational constraints, the
batch size was set to 16.

The inference speed of FP-DiffNet is quantified on the
experimental computing platform equipped with an NVIDIA
GeForce RTX 4090 GPU to assess its practical feasibility for
near-real-time underwater inspection. For the core task of
denoising and refraction correction on 512× 512 pixel fringe
images, the average single-image inference time of FP-DiffNet
is approximately 430 ms, a performance demonstrating promis-
ing potential for applications in near-real-time underwater 3D
imaging scenarios.

C. Performance Validation and Evaluation

To evaluate the performance of the trained FP-DiffNet model
under different turbidity conditions, assessments were con-
ducted from three aspects: 2D image analysis, phase-accuracy
evaluation, and 3D reconstruction performance. A progressive
validation strategy was adopted. Experiments were first carried
out on simple objects and were then extended to two new sce-
narios: a composite scene containing three geometric primitives
and a complex-object scene.

1. 2D ImageAnalysis

Figures 7(a) and 7(b) present qualitative comparisons before
and after processing under four increasing turbidity levels.
To evaluate the quality of the generated fringe patterns, the
absolute error distributions between the ground-truth images
and the network-predicted fringes were computed for the
four turbidity conditions, as shown in Figs. 8(a)–8(d). Visual
inspection indicates no noticeable differences between the
two sets of images, and the maximum absolute error for the
highest-turbidity sample is only 0.225 [Fig. 8(d)]. To quantify
the discrepancy between the ground truth and the network
output and to objectively assess fringe restoration quality, PSNR
(peak signal-to-noise ratio), SSIM (structural similarity index),
and MS-SSIM (multi-scale structural similarity index) were
adopted as evaluation metrics, which quantify fringe restoration
performance in terms of pixel fidelity and structural preserva-
tion. As reported in Table 2, under extremely high turbidity, the

Fig. 6. Input images to the model: (a) fringe pattern acquired in air and (b) fringe patterns captured under four turbidity levels.
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Fig. 7. Fringe images under different turbidity levels: (a) before processing and (b) after processing.

Fig. 8. (a)–(d) Absolute error between the ground-truth and
restored fringe images for each turbidity level.

Table 2. Errors between the Network Predictions and
the Ground-Truth Images at Each Turbidity Level

T1 T2 T3 T4

PSNR (dB) 43.0212 42.8786 42.5056 42.4192
SSIM 0.9849 0.9825 0.9752 0.9750
MS-SSIM 0.9982 0.9979 0.9975 0.9974

model achieves the best performance on the simple-object test
set, with a PSNR of 42.42 dB and SSIM (0.97) and MS-SSIM
(0.99) values close to their theoretical upper bounds, demon-
strating the expected fringe restoration capability in turbid
environments.

Table 3. Errors between the Wrapped Phases
Computed from the Network Predictions and the
Ground-Truth Wrapped Phases at Each Turbidity Level

T1 T2 T3 T4

MAE (rad) 0.0260 0.0290 0.0301 0.0354
Cosine similarity 0.9962 0.9959 0.9957 0.9951

2. Phase-Accuracy Evaluation

For all conditions, phase computation was performed using the
standard four-step phase-shifting algorithm. Phase accuracy
was assessed by comparing the model-inferred images with
the reference images acquired in the air. Using a representa-
tive multi-object pose configuration from the test set as an
example, Figs. 9(a)–9(d) show the wrapped-phase error distri-
butions under the four turbidity levels. Table 3 summarizes the
wrapped-phase mean absolute error (MAE) and cosine simi-
larity for each turbidity condition, which jointly characterize
phase accuracy from both error magnitude and overall phase-
map consistency. The results indicate that, after network-based
optimization, phase errors are mainly concentrated around
object boundaries, shadowed regions, and phase-discontinuity
locations. Overall, phase accuracy is substantially improved.

For quantitative analysis, fringe images acquired under high
turbidity were selected as representative samples. Figures 10(a)
and 10(c) show the ground-truth wrapped-phase maps, whereas
Figs. 10(b) and 10(d) show the wrapped-phase maps com-
puted from the fringe patterns restored by the network. Line
profiles were extracted along the reference rows y = 310 and
y = 230 pixels, and the corresponding phase curves are plotted
in Figs. 10(e) and 10(g), respectively. The zoomed-in views in

Fig. 9. Wrapped-phase error maps under different turbidity levels.
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Fig. 10. Comparison of wrapped phases from the ground truth and those computed from the network predictions: (a), (c) ground-truth wrapped-
phase maps; (b), (d) wrapped-phase maps computed from the restored fringes; (e) line profiles at y = 310 for (a), (b); (g) line profiles at y = 230 for
(c), (d); (f ) and (h) zoomed-in views of (e) and (g), respectively.

Figs. 10(f ) and 10(h) further demonstrate that the two-phase
curves are highly consistent.

3. 3DReconstructionPerformance

In the test cases, 3D geometric reconstruction was performed on
complex workpieces to comprehensively evaluate the feasibility
and performance of the proposed method. Reconstruction
accuracy was quantitatively assessed by computing the root
mean square error (RMSE) between the reference reconstruc-
tion and the model-optimized reconstruction under each
turbidity level. The RMSE values are reported in Table 4.

The 3D reconstruction comparisons are shown in
Fig. 11. Specifically, Figs. 11(a)–11(d) present the original

Table 4. Errors between the Reconstructed Results
and the Reference Reconstruction at Each Turbidity
Level

T1 T2 T3 T4

RMSE (mm) 0.0317 0.0457 0.0593 0.0890

reconstruction results under different turbidity levels, and
Figs. 11(e)–11(h) show the reconstructions obtained after
model-based optimization. Visual inspection indicates that
turbid water causes pronounced degradation of 3D geometric
features, whereas the optimized results exhibit geometric fidelity
and detail recovery that are close to the reference reconstruction.
These results demonstrate that (1) the proposed model effec-
tively mitigates fringe-information loss induced by refraction
and scattering; and (2) sub-millimeter reconstruction accu-
racy is maintained even under extremely turbid conditions
(RMSE< 0.1 mm), with markedly improved reconstruc-
tion completeness and feature preservation compared with
conventional methods.

4. CONCLUSION

This work investigates the multi-physics coupled disturbances
affecting structured-light 3D imaging in underwater optical
environments, including optical-path deviation, scattering
attenuation, and refraction-induced distortion. To address these

Fig. 11. Comparison of the original reconstructions and the model-optimized reconstructions at each turbidity level.
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challenges, we propose FP-DiffNet, a deep diffusion-model-
based fringe restoration framework that formulates underwater
fringe degradation as a constrained reverse diffusion process.
By integrating an adaptive noise-annealing mechanism with
physics-guided constraints, FP-DiffNet incorporates priors
of underwater light transport physics through a simplified
degradation model and periodic gradient correction. This
design enables effective decoupling of scattering-induced noise
from geometric fringe structures and mitigates phase distor-
tion caused by non-uniform illumination, overcoming key
limitations of conventional underwater phase reconstruction
methods.

Extensive experiments demonstrate the effectiveness, robust-
ness, and practical value of the proposed framework. Under
extremely high turbidity conditions, FP-DiffNet achieves a
PSNR of 42.42 dB, with SSIM and MS-SSIM of 0.9750 and
0.9974, respectively, and reduces the wrapped-phase MAE
to 0.0354 rad. Combined with dynamic compensation, the
diffusion-driven reconstruction enables sub-millimeter abso-
lute measurement in turbid water, with the 3D reconstruction
RMSE consistently below 0.1 mm across graded turbidity levels.
Notably, this performance is achieved without prior modeling
of water optical parameters, significantly enhancing robustness
and generalization. It is worth noting that our FP-DiffNet serves
as a modular fringe-restoration front end compatible with the
standard N-step phase-shifting structured-light framework,
producing outputs consistent with the conventional PSP so that
phase retrieval and 3D reconstruction can proceed unchanged.
While the framework is generally applicable to sinusoidal
phase-shifting patterns, adaptation to other structured-light
configurations or underwater imaging conditions may require
fine-tuning with configuration-specific data. These results
highlight FP-DiffNet as a practical and reliable solution for
underwater 3D imaging tasks such as deep-sea equipment
inspection, underwater cultural heritage digitization, and
marine structural monitoring.
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