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Abstract

Atmospheric turbulence causes spatially varying distor-
tion and blur in long-range imaging, making restoration
highly challenging in real-world applications. Supervised
methods rely on synthetic training data, whose simulated
degradation often cannot faithfully reflect real turbulence.
Existing unsupervised methods usually estimate degrada-
tion parameters for each frame independently, without ex-
ploiting the shared correlations among frames from the
We propose TMFS, an optimization-based
and physics-grounded method for unsupervised turbulence
restoration. TMFS is based on a physically motivated tilt-
then-blur degradation model and represents frame degra-
dations through a shared turbulence structure. By decom-
posing the distortion and blur of each frame into a scene-
shared correlation function and per-frame noise maps,
TMFS enables cross-frame information sharing and allevi-
ates the ill-posedness of framewise estimation. Experiments
on synthetic and real datasets demonstrate the effectiveness
of TMFS and its strong generalization to real turbulence.

same scene.

1. Introduction

Atmospheric turbulence severely degrades long-range out-
door imaging. Induced by random fluctuations of the
atmospheric refractive index along the propagation path,
it causes spatially varying geometric distortion and blur,
which substantially degrade image quality and hinder
downstream vision tasks such as recognition and tracking.
Developing effective turbulence restoration methods is thus
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important for many practical imaging applications. Existing
turbulence restoration methods can be broadly categorized
into single-frame and multi-frame settings [6, 17, 32, 33].
Single-frame restoration aims to recover a high-quality im-
age from one degraded observation, whereas multi-frame
restoration leverages multiple degraded frames of the same
scene. This paper focuses on the multi-frame setting, in
which the additional observations provide complementary
information that can be exploited for restoration. How-
ever, the problem remains highly challenging because at-
mospheric turbulence leads to a complex coupling of geo-
metric distortion and spatially varying blur, with stochastic
variations across frames.

Recent deep learning methods have achieved promising
results for turbulence restoration. However, most super-
vised methods rely on paired training data, which is dif-
ficult to acquire for real turbulence-degraded scenes. In
addition, due to the complexity of atmospheric imaging,
synthetic degradation models often fail to faithfully cap-
ture real-world turbulence [16]. This makes unsupervised
restoration a compelling alternative, as it does not depend
on synthetic supervision. However, the lack of ground-truth
clean images also makes the problem substantially more
challenging, requiring the method to effectively training the
network only with degraded observations. The multi-frame
setting is especially important in this context. While restor-
ing a single turbulence-degraded image is highly ill-posed,
multiple frames of the same scene provide complementary
observations and cross-frame correlations that offer addi-
tional information for restoration. This makes it possible to
jointly recover the latent image and the degradation process
directly from the observed sequence.

Existing unsupervised methods commonly adopt an
optimization-based framework with a forward model [18,
20]. In this framework, degraded observations is simulated
by applying a turbulence degradation process with a set of
degradation parameters on a latent clean image, and the
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Figure 1. Overview of TMFS. The distortion module (left) predicts a distorted sampling grid from the INR features. The blur module
(right) predicts Zernike coefficients to construct the PSF, which is applied to the sharp distorted image. During inference, TMFS produces

the restored image using a regular sampling grid.

restoration is done by minimizing the discrepancy between
the simulated and observed degraded frames. A well estab-
lished turbulence degradation is Tilt-then-Blur model [7]:

Jm =BI(G+M]),MP), (1)

where J,, is the m-th degraded image and G is the uni-
form image grid. MZ denotes the displacement field in-
duced by tilt, which shifts each grid location in G to a dis-
torted coordinate. Thus, G + M;Q denotes the warped sam-
pling grid, and I(G + MY) is the distorted image. The
operator B(-, MZ) denotes the blur process parameterized
by MZ. An unsupervised learning method will then re-
parametrize the latent image by a coordinate-based image
generator fo(-) which leads to: fp(G) = I(G). fy is im-
plemented by an implicit neural representation (INR) with
a 4-layers multilayer perceptron (MLP) and position encod-
ing.

Recovering the latent sharp image I requires jointly es-
timating the network parameters 6, the distortion fields
{MZ1,,, and the blur parameters {M2},, from only the
degraded frames {J,,},. In the absence of ground-truth
images, this problem is highly ill-posed and requires strong
regularization to prevent overfitting. However, existing
methods typically estimate M2 and M2 independently for
each frame [18, 20], without effectively exploiting the cor-
relations among frames from the same scene.

To overcome this limitation, TMFS introduces a frame-
correlated degradation model. Specifically, we decom-
pose the distortion and blur parameters of each frame
into scene-shared correlation functions and per-frame noise
maps, inspired by random-process-based turbulence simu-
lation [8, 9, 24]. This formulation explicitly models cross-
frame dependencies, reduces the ill-posedness of framewise
estimation, and yields more physically plausible restoration.
Together with additional physics-motivated regularization,
it further improves robustness and restoration quality. An

overview of TMFS is shown in Fig. I. The main contribu-

tions of this paper are summarized below.

* We propose TMFS, an unsupervised turbulence restora-
tion method that models the distortion and blur of all
frames through correlated degradation parameters. This
frame-correlated formulation enables the method to ex-
ploit cross-frame dependencies for restoration.

* We develop a physics-grounded degradation model to-
gether with physically motivated regularization. By
including constraints derived from turbulence imaging
physics, the proposed method guides the optimization to-
ward more physically sound solutions.

» Extensive experiments on both synthetic and real datasets
show that TMFS outperforms existing unsupervised
methods and demonstrates substantially stronger robust-
ness on real-world turbulence, where supervised methods
trained on synthetic data often fail.

2. Related Work

2.1. Turbulence restoration

Before the deep learning era, conventional turbulence
restoration methods [2, 4, 12] mainly relied on blind decon-
volution, lucky-region selection (image regions that are less
severely blurred by turbulence) and optical flow. Recent
advances in deep learning have led to significant progress
in turbulence restoration. Supervised methods [19, 22, 23,
32, 33] are trained on paired degraded and clean images
and perform well on synthetic benchmarks. However, real
paired data are extremely difficult to obtain, so these meth-
ods mainly depend on synthetic training data, whose degra-
dation often cannot faithfully reflect real atmospheric turbu-
lence, limiting real-world generalization.

This has motivated increasing interest in unsupervised
methods. For example, [29] exploits better reference-frame
selection and prior information, while [18, 20] use INR-
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based image representations with a differentiable forward
model. However, these methods usually estimate degra-
dations independently for each frame, without effectively
exploiting cross-frame correlations, and are only weakly
constrained by turbulence physics. In contrast, TMFS
adopts a physics-grounded degradation model and a frame-
correlated parameterization of distortion and blur for unsu-
pervised turbulence restoration.

2.2. Turbulence simulation

Numerous methods exist to simulate the image degradation
caused by atmospheric turbulence. While split-step meth-
ods [3, 15, 27] provide high fidelity by simulating wave
propagation and phase distortion, they are computationally
intensive due to multiple Fourier transforms. In [8, 25],
wavefront aberrations along the propagation path are rep-
resented using Zernike polynomials. Their Zernike coef-
ficients characterize the phase distortion and can be used
to derive the corresponding point spread function (PSF).
Following [8], the coefficients can be separated into a low-
order component that accounts for geometric distortion and
a high-order component that accounts for blur.

Zernike polynomials: The second- and third-order
Zernike coefficients represent wavefront tilts along the
two spatial axes and mainly account for image distortion.
For computational efficiency, some methods [8, 33] han-
dle these two coefficients separately. Because turbulence-
induced distortion is spatially correlated, the correspond-
ing tilt coefficients are also correlated across pixels. Ac-
cordingly, they are modeled in [8] as samples from a spa-
tially correlated random process, whose autocorrelation is
determined by turbulence properties such as propagation
distance and turbulence strength. The higher-order Zernike
coefficients mainly account for blur.

P2S (Phase to Space) for blur kernel: When high-order
Zernike coefficients are available at each pixel, directly
transforming them into pixel-wise PSFs and applying the
resulting spatially varying blur, as in [8], incurs high com-
putational cost. To accelerate this process, P2S [24] con-
structs a PSF dataset, decomposes the PSFs into a set of
spatial bases, and trains a shallow network to map the high-
order Zernike coefficients Z to the coefficients of these PSF
bases. This allows the blurred image to be computed by
convolving with the PSF bases and then linearly combining
the results using the predicted weights.

3. Method

This paper addresses the restoration of a sharp image from
multiple blurred and distorted captures of the same static
scene taken in a short time interval. As outlined in Eq. (1),
restoration requires suitable representations for M” and
M? within an optimizable framework. The overall pipeline
is shown in Fig. 1. This section begins with relevant prelim-
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Figure 2. The procedure for generating the distortion parameter
M7 and blur parameter M P,

inaries, followed by the derivation of M” and M” shown
in Fig. 2. Then it describes the optimization and additional
regularization. Once trained per scene, TMFS can restore
an image from a uniform grid input.

3.1. Preliminary: Degradation model

This section will firstly introduce how Eq. (1) is inferred
from traditional degradation model of image. In most types
of degradation ignoring noise, the degradation operator D
can be modeled as a spatially-varying convolution:

J[u] = DM)[u] = > ku(u - u)I[u'], 2)

where I denotes the original image, J denotes the degraded
image. k,, denotes the point spread function (PSF) locating
at coordinate u [13, 14], which can be expressed as:

; 3)

a[f]Zg(p), (4)

where ! denotes the inverse Fourier transform. ¢(p) is
the phase function, and p is the 2D polar coordinate in fre-
quency space. Phase function ¢(p) [25] is approximated by
Zernike polynomials. Z,(-) denotes the ¢-th order Zernike
polynomial with coefficients a[¢]. L is the maximum order
of Zernike polynomial, and L = 21 in our case.

Following [7], the degradation due to turbulence can be
decomposed into tilt and blur stages:

D(D)[u] = B(7T(1))[ul, (5)
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where
Tilt:  7(D)[u] = I[u + ty], (6)
Blur:  B(D)[u] = ky[u—u']I[u’]. 7)

The shift vector t,, is positive correlated to the first two
Zernike coefficients. The word tilt means the shift of pixel
which causes distortion. The PSF &/, is determined by the
remaining Zernike coefficients: 25:3 all]Z(p).

Let {J,,}M_, denote a set of frames captured at static
scene, which can be simulated by similar original image
I. For each frame, the random shifts and blurring ef-
fects caused by turbulence are parameterized by Zernike
coefficients A = {ajg g m;s - Qum tm—;. It is shown
in [8, 9, 24] that for each frame, these coefficients can be
modeled as samples randomly from a normal distribution:

Alm] ~ N(0,X),X[u,u’, £, 0] = E(ay[aw [(']). (8)
3.2. Modeling of Turbulence via Random Process

In turbulence simulation, Zernike coefficients are often
treated as samples from a scene-dependent random process.
Because the covariance matrix 3 is high-dimensional, we
use an autocorrelation matrix C instead in the sampling pro-
cedure below. The matrix C characterizes turbulence prop-
erties shared across frames within a scene, which is rea-
sonable over short observation periods where the turbulence
strength remains approximately stable.

Autocorrelation function: When we consider the rela-
tionship between different pixels in one image, the covari-
ance matrix 3 will be too large. Covariance matrix 3 can
be simplified [8, 9, 24] by assuming the sampling proce-
dure of Zernike coefficients is wide-sense stationary. Now
the value of X[u, v’ :, :] is only related to ¢ = u—u’. Then
3[:, :, ¢, £] for coefficients with similar ¢ can be represented
with correlation function C. This means X[u,u’, ¢, (] =
Cy (&) for any u and u’ with similar distance &.

PSD (Power spectral Density): Directly drawing sample
by rearranging autocorrelation function to covariance ma-
trix, and than decomposing will cause high time complex-
ity and space complexity. So refer to [8], drawing samples
from the PSD of random process will make this practical if
random process is wide stationary, which is the 2D Fourier
transformation JF of autocorrelation function.

3.3. Distortion simulation with random process

TMFS regards each M” of each frame as a sample from
scene specific random process. This random process is
modeled by a 2D discrete anisotropy autocorrelation ma-
trix pair C” which only considers outer-mode correlation.
TMEFS draws correlated samples from random process by
PSD [8]. The calculation of M7 is,

MY = FH(IF(CHIoNDEW: H], - ©)

where F’ is Fourier transformation with low amplitude fil-
ter introduced in regularization section. C7 is the discrete
autocorrelation function of random process pair, with opti-
mizable noise matrix pair N7 € R2XWx2xHX2 for each
observed images. © means element-wise multiplication.
The reason of appearing in pair is the tilt directions in two
axes. Due to the symmetry of Fourier transform for real
number, the size of CT and N7 is double to image.

In [8], the autocorrelation function is determined by
physical turbulence parameters. Directly treating these pa-
rameters as optimization variables would lead to high com-
putational cost. Following [8], TMFS represents C' using
two 1D functions: an isotropic correlation term c; and an
anisotropic correlation term cs:

w(6) = (0.5c0s(20) + 0.5), (10)
7 (p,0)[0] = w(8) © e1(p) + (1 — w(B)) @ ealp), (11)
CT(p,0)[1] = (1 — w(0)) @ e1(p) + w(0) ® ea(p), (12)

where p is the distance between two points and 6 is the an-
gle between the line connecting two points and the horizon
line. Function w is used to mix isotropic and anisotropic
correlation. In implementation for efficiency, TMFS simply
uses arrays ci, co as the discretization of 1D functions ¢y
and co, and gets value by linear interpolation. They model
2D autocorrelation matrix C”'.

It is worth mentioning that the usage of mixing weight
is different to [8], for the convenience of constraint. Mono-
tonicity is enforced by defining ¢; and c; as inverted cumu-
lative sums of learnable non-negative sequences. Instead of
optimizing {MZ }M_ for M frames, TMFS optimizes a
scene-level parameter ¢/ = {c;,co} and per-frame vari-
ables {NZ}M_

3.4. Blur Simulation with Random Process

TMFS also treats the blur parameter M? of each frame as
a sample from a scene-specific random process. In contrast
to distortion modeling, sampling the higher-order Zernike
coefficients for blur requires accounting for two types of
correlations. One is the inter-mode correlation, namely the
correlation among coefficients of different orders ¢ at the
same pixel. The other is the spatial correlation, namely the
correlation among coefficients of the same order ¢ across
different pixels.

For outer-pixel relationship, TMFS uses similar proce-
dure as distortion simulation Eq. (9). And CPB is a set
of autocorrelation functions corresponds to each higher-
order Zernike coefficient. TMFS also discretizes CP as CB
which is represented by c¢?. Different to c”, ¢” has L — 2
pairs of arrays. Now out-pixel sample does not directly cor-
respond to coefficient image, but the noise image which is
used in inter-pixel sample.

Inter-pixel relationship is modeled by a fixed covariance
matrix X2 defined in [8]. As the size of covariance matrix
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Figure 3. The restoration results on dataset RLR-AT [29]. The symbol of * means unsupervised method.

is only the square of the number of Zernike coefficients,
TMES directly decomposes it and then multiplies it with
noise. The final calculation is,

MP”[u] =R x (F~'(|JF(C”)| o NP)[: W,: H])[u],
(13)
where X8 = RR7, with optimizable noise matrix NZ ¢

R2><W><2><H><(L—2)

To efficiently handle spatially varying blur, TMFS
adopts P2S [24], which uses precomputed PSF bases for
acceleration. To better approximate near-delta PSFs, where
P2S is less accurate, we further incorporate a delta-function
basis into the model. As aresult, instead of directly optimiz-
ing {(ME}M_ for all M frames, TMFS optnmzes a scene-

level parameter c” and per-frame variables {NZ }M_ .

3.5. Optimization and Regularization

In practice, TMFS uses INR to represent image which is
more suitable than directly interpolation. The parameter
0 of INR is initialized by fitting the mean of the observed
frames. The total loss function is defined as:

[total _ A Lreeon ¢ )\ngrad + )\3LIUCky. (14)

The set of ) is hyper parameter that weights each loss term.
Three loss functions are introduced below. The primary re-
construction loss is:

M
Lreeom =3 | = T 1 (15)
m=1

The optimizable parameters are 6, {NZ

in Eq. (12), {NE}M_ in Eq. (13) and c?
And in order to sharpen restored image, TMFS adds gra-

dient loss according to lucky effect, that the original im-

age should has higher gradient than observed image at same

_oinEq. (9), cT

edge.

Lored = — V),

> Y

m=1ucedge(J )

|ReLU (V3 u[u]

(16)

where V is the calculation of 2D gradient for image. And
edge is the location of edge in observed image calculated
by Canny edge detection [5]. During optimizing L97%¢,
{ME}M_ are frozen.

(b) Without filter (c) With filter

(a) Degraded image

Figure 4. The comparison for the results of M7 without or with
low amplitude filter.

Low amplitude filter: Filtering frequency components of
PSD with low amplitude, can limit the fitting ability of dis-
tortion simulation to avoid local optimal solution.

[0 P[] <a,
T(P)[u]_{1 it Plu] > oy’ a7

= F(CT) o r(F(Ch)). (18)

Function 7 generates mask to filter frequency components
with hyperparameter threshold o, Without limit on fitting
ability, the tilt matrix will be affected by the content of im-
age shown in Fig. 4. The comparison shows that the tilt im-
age M will contain the shape of corresponding observed
image without low amplitude filter.

F(cT)
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(a) With Ltucky

(b) Without Ltucky
Figure 5. The comparison for restoration results with or without

lucky region regularization.

Lucky region: The following regularization encourages
each pixel to be sharp in at least one frame:

K[u] = Hlngk?u,m([O,O]), (19)

Llucky _ Z {1 - K[u]a
0,

u

K[u] < oy, 20)
K(u] > o,

where ky,m ([0, 0]) is the central PSF value at location u in
frame m. A larger central value indicates weaker blur, so
this term encourages each pixel to belong to a lucky region
in at least one frame. Here o; = 0.8 controls how closely
the PSF should approximate a delta function. The contribu-
tion of this regularization is shown in Fig. 5. We further
observe that this term can produce a degenerate solution
where lucky regions collapse into a single frame and the
PSF for other frames becomes overly smooth. To avoid this,
TMEFS upweights the frame with the highest reconstruction
loss during optimization.

3.6. High-Resolution Image Patch Processing

TMEFS partitions the high-resolution image into overlap-
ping patches and processes them independently. The patch-
wise predictions are then merged to reconstruct the full-
resolution output. Since the correlation decays with spatial
distance, patch-wise processing still preserves the dominant
correlation structure, especially with overlapping patches.
As shown in Figure 6, the correlation function estimated
on the RLR-AT dataset approaches zero at large distances,
supporting this design. Additional full-resolution restora-
tion results in the supplementary material show no visible
stitching artifacts.

4. Experiments

In this section, we evaluate TMFS from three aspects. First,
we compare it with existing restoration methods on both
synthetic and real turbulence datasets. Second, we further
assess its performance on a water-turbulence dataset. Third,
we conduct ablation studies to analyze the contribution of
each component.

104
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Figure 6. Isotropic correlation as a function of pixel shift for the
third to fifth Zernike coefficients, computed from a restoration re-
sult on the RLR-AT dataset. The correlations for different coeffi-
cients are plotted in distinct colors.

Dataset: ~ We use both synthetic and real datasets in
the evaluation. Following [17, 32], the synthetic dataset
is generated using the turbulence simulator of [24] un-
der three turbulence levels, namely weak, medium, and
strong. The clean images are taken from the UC Merced
Land Use Dataset [30]. For real turbulence evaluation, we
use the fixed-pattern subset of the OTIS dataset [11], the
Heat Chamber dataset [24], and the small version of RLR-
AT [29], which contains turbulence videos at 1920 x 1080
resolution. Both OTIS and RLR-AT are captured under nat-
ural atmospheric turbulence, whereas Heat Chamber is gen-
erated in a controlled setting and may not fully reflect real
atmospheric turbulence [16]. The OTIS and Heat Chamber
datasets both provide reference images for evaluation.

Methods for comparison: We compare TMFS with gen-
eral restoration methods, supervised turbulence restoration
methods, and unsupervised methods. RVRT [22] is a gen-
eral multi-frame restoration method. TSR [19], TMT [33],
and DATUM [32] are supervised methods specifically de-
signed for turbulence restoration, all trained on synthetic
data. For unsupervised baselines, we consider CLEAR [1],
CDSP [29], and NDIR [20]. As NDIR only proposes the
restoration of distortion and directly uses LO-sparse [28] for
image deblurring. And CDSP only provides code for geo-
metric distortion, so we also use LO-sparse. In the follow-
ing comparison, all NDIR and CDSP are combined with
LO-sparse.

The experiments are conducted on one NVIDIA RTX
4090 GPU with 20 observed 256 X256 images as input un-
less specified. All scenes are static and multi-frame. For
high resolution dataset such as RLR-AT, TMFS split the im-
ages into patches.
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Figure 7. Visualization of the results from different methods on dataset OTIS. The symbol of * means unsupervised method.

DataSet Metrics Supervised Unsupervised
RVRT TSR TMT DATUM | CLEAR CDSP NDIR TMFS
SSIMT 0.4333 04516 0.7405 0.7112 0.7008 0.4961 0.5841 0.7505

Weak(D/rq = 1)

PSNR? (dB) | 19.53 2390 24.21 24.01 21.51 19.70  21.59  25.70
Middle(D /ry = 2) SSIM T 0.3290 0.3278 0.4637 0.58737 | 03631 0.4019 0.4235 0.5786
PSNR? (dB) | 17.31  21.77  19.26 21.63 17.17 18.66  19.37  22.10
Strong(D/ro = 3) SSIMT 0.2909 0.2816 0.3396  0.4064 0.1886  0.3380 0.3608 0.4331
PSNRT (dB) | 16.19 2035 17.25 18.59 15.11 17.91 18.24 19.671
Heatx SSIM? 0.6838 0.7073 0.6940  0.7298 0.6792 0.6282 0.6847 0.7080
PSNR? (dB) | 20.21 2596 19.71 20.877 20.16 19.76  19.89  20.17

Table 1. Performance comparison of different restoration methods over different datasets. The Heat dataset contains real-world images
degraded by a physical heat chamber. The left part consists of supervised methods. And the right part consists of unsupervised methods.

Bold means best result at that class.

4.1. Quantitative Comparison

The performance comparison is shown in Tab. 1. The met-
rics used in the comparison include peak signal-to-noise ra-
tio (PSNR) and structural similarity index measure (SSIM).
On most datasets, TMFS achieves the best performance
among unsupervised methods. On the synthetic dataset un-
der weak turbulence, it attains the best overall results. Un-
der medium turbulence, its performance is surpassed by
some supervised methods. Under strong turbulence, al-
though TMEFES achieves the best SSIM, the overall restora-
tion quality remains limited, as indicated by the low PSNR
values. Its performance on the TMT and Heat Chamber
datasets is similar to that in the medium-turbulence setting.

Although the methods such as CLEAR attains relatively
high SSIM on some synthetic datasets, its results are of-
ten over-sharpened, which is also reflected by lower PSNR
and the qualitative comparisons. While supervised methods
generally achieve strong performance on synthetic data, the
qualitative results below suggest that their advantage does
not fully transfer to visual improvement in real-world data.

4.2. Comparison of Visual Quality

Visual comparison on the real-world RLR-AT dataset are
shown in Fig. 3. Most supervised methods, such as RVRT
and TSR, still exhibit noticeable residual distortions, sug-
gesting limited generalization from synthetic data to real-
world data. Although DATUM achieves strong quantita-
tive performance, it introduces visible artifacts and over-
sharpening in the first and last rows of Fig. 3. CLEAR also
tends to produce overly sharp results while failing to fully
correct the distortions as seen in the last row. In contrast our
method achieves more effective distortion removal, which
we attribute to the proposed random-process-based distor-
tion modeling rather than the INR-based grid parameteriza-
tion used in NDIR. This advantage is particularly evident in
the third row of Fig. 3. Qualitative comparisons on the OTIS
dataset in Fig. 7 further support the same observation. We
note that the official implementation of CDSP occasionally
produces invalid results on OTIS, possibly due to imple-
mentation issues. Additional results on RLR-AT and OTIS
are provided in the supplementary material.
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(c) NDIR

(b) Oreifej et al.

Figure 9. Visualization of tilt images. The first row shows the
observed images, and the second row shows the corresponding tilt
images.

4.3. Ablation Study

Unsupervised methods CDSP and NDIR only provide dis-
tortion mitigation code and we use deblurring method LO-
sparse [28] following [20] for them. This section com-
bines distortion mitigation module of TMFS and LO-sparse,
which called T+L0. The combination is compared with
CDSP and NDIR. As shown in Tab. 2, this combination
still surpasses CDSP and NDIR in these dataset. It means
the distortion mitigation module of our method surpasses
CDSP and NDIR. The supplementary material includes a
comparison with other blind deblurring methods [10, 31],
in which TMFS also achieves the best performance.

4.4. Additional Application: Seeing through Water

The proposed TMFS is not only applicable to restore images
degraded by atmospheric turbulence, but also can be used
for other image restoration tasks. Here we apply TMFS on
restoration of under-water images. The experiment is con-
ducted on the real water-turbulence dataset of [21]. The
dataset was captured using a water tank with an agitat-
ing pump to simulate real-world water turbulence. Since

DataSet Metrics T+LO NDIR CDSP
. SSIMT | 0.4802 04235 0.4019
Middle | poNRt (dB) | 2096 1937 1866
Heat SSIMT | 07001 0.6847 0.6282
PSNRT (dB) | 20.09 1989  19.76

Table 2. Ablation study for traditional deblurring. The best result
in each category is highlighted in bold.

NERT [18] does not provide code, we only reproduce the
result shown in its paper for visual comparison in Fig. 8.
We also compare with the classical method of Oreifej et
al. [26]. As shown in Fig. 8, although the reference im-
age differs in illumination and is provided only for visual
reference, TMFS recovers finer textures and sharper edges
than competing methods. This suggests that, without rely-
ing on training data, our method can capture degradation
characteristics shared across different turbulence domains.
We further visualize the estimated tilt images in Fig. 9.

5. Conclusions

We presented TMFS, an unsupervised method for multi-
frame turbulence restoration. By leveraging tilt-then-
blur degradation model with a frame-correlated parame-
terization of distortion and blur, TMFS exploits the cor-
relations among degradation processes of image frames
to achieve better performance. Experiments show that
TMEFS outperforms existing unsupervised methods and gen-
eralizes better on real-world data than supervised meth-
ods trained on synthetic data. Future works will ad-
dress two limitations of TMFS, computational cost due
to per-sample training and unsatisfactory performance of
restoring images degraded by severe turbulence distor-
tion.
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