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Abstract. Underwater image restoration is a challenging task because
of water effects that increase dramatically with distance. This is worsened
by lack of ground truth data of clean scenes without water. Diffusion pri-
ors have emerged as strong image restoration priors. However, they are
often trained with a dataset of the desired restored output, which is not
available in our case. We also observe that using only color data is insuf-
ficient, and therefore augment the prior with a depth channel. We train
an unconditional diffusion model prior on the joint space of color and
depth, using standard RGBD datasets of natural outdoor scenes in air.
Using this prior together with a novel guidance method based on the un-
derwater image formation model, we generate posterior samples of clean
images, removing the water effects. Even though our prior did not see
any underwater images during training, our method outperforms state-
of-the-art baselines for image restoration on very challenging scenes. Our
code, models and data are available on the project’s website.

Keywords: Diffusion Models - Physics-Based Computer Vision - Un-
derwater Image Restoration

1 Introduction

Underwater images are used in many applications, such as, underwater construc-
tion and maintenance, marine sciences, and fisheries. However, their automatic
analysis is hindered because of the optical effects of the water that strongly
attenuates and scatters light in a wavelength dependent manner. This causes
color distortion and loss of contrast that exponentially increase with deptlrEl
With growing human activity in the oceans, clear underwater vision becomes
increasingly important.

Restoring underwater scenes is still a very challenging ill-posed problem.
Classic approaches are based on designing priors for clean images or inverting the
water formation model, and are limited by the ability to form strong priors. On

3 For consistency with computer vision literature the term depth is used throughout
to refer to the distance from the camera rather than water depth.
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Fig. 1: Our method receives as an input a single underwater image and outputs the
restored clean image and an estimated depth map. The output is estimated using a
diffusion prior trained on RGBD images and the physical image formation model.

the other hand, learning based approaches are limited by the lack of supervised
training data of clean underwater images. This is a critical issue, as the ocean
cannot be emptied for the sake of data collection.

We suggest an unsupervised restoration method (Figs. based on an in-
verse problem approach using a diffusion prior for both color and depth, coupled
with the underwater image formation model. Restoring an image is formulated
as posterior inference, computed using a natural image prior, and a likelihood
term that is based on the underwater image formation model. The challenge with
applying this approach for underwater image restoration directly is that (i) the
degradation for each pixel depends on its depth, and other unknown parameters;
and (ii) there is no ground truth clean underwater data to train the prior.

To solve this, we replace the image prior with a prior on the joint space
of color and depth of natural images. Adding depth to the prior allows us to
formulate the forward model that forms the likelihood term over the observed
corrupted underwater image, and apply posterior sampling. Moreover, this lever-
ages the high capacity of diffusion models, in capturing the strong correlations
between color and depth in natural scenes.

We propose to train a prior model of RGBD images using available datasets
of natural outdoor scenes that were collected in air. Using in-air scenes for un-
derwater images may be counter-intuitive, but actually has strong benefits: 1) it
overcomes the lack of clean underwater image data; 2) it leads to a strong prior
that captures the joint statistics governing color and depth in natural scenes,
where, as opposed to underwater images, color does not fade with distance; 3) it
prevents overfitting to specific types of underwater images.

We then use this prior together with the underwater physical image formation
model to simultaneously estimate the clean image, its depth, and the model
parameters, all from a single underwater image (summarized in Fig. . We show
that our method outperforms models that were trained on underwater data.
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Fig. 2: The iterative sampling process starts in t = T with random noise in 4
channels. The denoising step outputs denoised samples Xy = (j\o; |50). We use the
underwater physical image formation model together with R to optimize the water
parameters A, and to guide the sampling towards the observed image. This process
repeats itself, gradually updating both the estimated image and depth, until t = 0,
in which Xo holds the method’s estimate for both the reconstructed scene Jo and its
depth Dy.

The main contributions of this paper are:

1. We train an RGBD prior, and demonstrate that modeling color and depth
and jointly sampling them, provides a stronger diffusion prior for underwater
image restoration.

2. We propose a new method that combines the RGBD prior of in-air data
with the underwater image formation model, leading to a diffusion guidance
method that generates the restored underwater images as posterior samples.

3. We demonstrate that our method outperforms state-of-the-art underwater
image restoration methods both qualitatively and quantitatively on real and
simulated data.

We publish all our code, the new trained RGBD prior, images and results.

2 Related Works

2.1 Underwater Image Restoration and Depth Estimation

Here we review recent works that are most relevant to our method. See for
a recent more comprehensive review.

Classic underwater image restoration. To cope with the ill-posed nature of
the problem, earlier works introduced tailored image priors. Some priors aim to
estimate a depth or transmission map of the scene to reduce the number of the
unknowns and then use the estimated depth to restore the scenes .
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Supervised learning. Clean underwater image data is very scarce. Several
datasets aim to mitigate this issue. In UIEB [35], the images denoted as ground-
truth are generated from enhancement results of 9 different baseline methods,
and having human observers vote for the best one. The LSUI dataset [40] is
larger, produced using the same methodology, based on choosing results from 18
different methods. These datasets enable supervised learning methods, but are
still limited by their scale, the quality of the baseline methods, and the human
bias to choose visually pleasing rather than physically consistent images.

CWR [24] introduced the HICRD dataset, where the images are restored
using optical parameters impressively measured using ocean optics instruments.
Unfortunately, the images are acquired in a downward-looking position, and thus
their depth range is very limited. In FUnIE-GAN |[27] a training dataset is gen-
erated by having humans select good images from a large set of unprocessed
underwater images. The humans are instructed to choose images where the fore-
ground objects are identifiable. These are then distorted by a GAN to produce
the paired poor images. A synthetic dataset was generated in [34]. The dataset
is synthesized from the NYU-v2 RGBD dataset [46], using the image formation
model equation and several sets of values for the water parameters.
Unsupervised learning. USUIR [19] aims to restore images without supervi-
sion, by separately estimating the image components (clean image, transmission,
backscatter) and using them to construct an underwater image that is used for
supervision against the original one. Subsequent frames were used in [4] for self-
supervising monocular depth estimation, and in [54] for self-supervising both
depth and restoration. In UW-NET |23| a cycle-GAN is used for learning map-
ping from RGBD in-air datasets to underwater images. As opposed to all
these methods, we present the first prior based on dil[udion models
that does not rely on ground truth underwater supervision, and uses
the physical model for inference.

2.2 Dildion Model Prior

Di [udion models. Diffusion models have emerged as a powerful type of gener-
ative models. In the last few years several formulations and variations have been
developed [25,/47,501/52], most of which use a U-Net architecture [43] as a noise
predictor. Because the training relies on very large datasets and is extremely
time-consuming, significant work has been devoted to the setup where models
are first pre-trained on large datasets and only later fine-tuned to more specific
data, closer to the tasks at hand [44}/48|. In DepthGen [45] this approach is
taken forward, by using a pre-trained model to kickstart a new model trained on
different modalities using a different architecture. This is done by replacing the
input and output layers of the pre-trained U-Net. We take a similar approach
for training our RGBD prior, by using a pretrained diffusion model that was
trained on RGB only.

Conditional diffusion models have been used for various image restoration
tasks, by training models using different levels of supervision. Examples of similar
tasks as ours include dehazing and deraining [8}/39,(56], and shadow removal [22].
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Conditional diffusion models for underwater image enhancement have also been
proposed [37,53]. Our approach differs from these by focusing on image restora-
tion that inverts the physical model, rather than relying on supervised data that
is optimized for image appearance.

Di[udion model as a prior for clean images. In addition to conditional
generation of images, there is a growing body of research where diffusion models
are being used as clean image priors, and image restoration is formulated as
posterior sampling [5L[9L[11H14},18,21}28L|29}|49|51]. These include tasks like
denoising, inpainting, deblurring, and more general tasks. The limited access to
clean data in many cases, has led to research on training a prior of clean images,
using noisy training data only. In [1,[15,/30] a diffusion model prior is trained
using noisy data, assuming a known degradation model. Since this setup is not
directly applicable in our case, we chose instead to train our prior on clean data
that was not taken underwater.

Di[udion model prior for blind image restoration. A more challenging
task, is to use diffusion models as a clean image prior when the degradation model
is unknown or depends on unknown parameters. Several papers have proposed to
tackle this problem in different setups. In [17}/38//59] the unknown parameters are
optimized during the sampling process with a reconstruction objective function.
In |10] a separate prior is trained for the unknown parameters, and sampled
in parallel with image sampling. Our method dilers from the above in
that we learn a prior of the main unknown aspect of the degradation
model, namely the depth, together with the prior of the variables we
want to infer - the image color. This is done by training a single diffusion
model on the joint space of color and depth.

3 Preliminaries

3.1 Underwater Image Formation

In water, we observe two wavelength- and distance-dependent effects. First, the
direct signal reflected from the object is attenuated. Second, light is scattered
onto the object’s line-of-sight (LOS), creating an additive signal termed backscat-
ter that increases with distance. The occluding backscatter layer is independent
of the scene content. Thus, the visibility and contrast of further objects is sig-
nificantly reduced and their colors are distorted.

Following the revised underwater image formation model [2,/32], under am-
bient illumination image intensity (per pixel, per color channel) is given as:

I=J e 2P+ 1+ 1 ¢ oD (1)

where | is the linear image captured by the camera of a scene with range D, J
is the clear scene that would have been captured had there been no water along
the LOS, and 1 is the water color at infinity, i.e., the backscatter at areas
that contain no objects. The two parameters 5 and  are the attenuation and
backscatter coefficients, respectively.
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3.2 Diludion Models

Diffusion models have proven to be very effective in capturing the distribution
of natural images, given in training data. We describe here the formulation that
we use in our work, adopted from [16]. A diffusion model is defined by a Markov
chain designed to transform the distribution of real images Xy to a Gaussian
distribution X, by gradually scaling down the image values and adding Gaussian
noise, using a schedule determined by the scalar parameters ¢,

_ p_
Xt=tht 1+ 1 t N(@©;1) : (2)

Based on this forward process, an inverse process is trained to gradually denoise
images starting from a Gaussian distribution, back into the distribution of the
original image dataset. This can be formulated as a faéorization of the joint

distribution over the images in reverse order, p(Xg.1) = thl pe(Xt 1] Xt), and
Pe(Xe 1 Xt) is approximated by a Gaussian

Pee 1jx) N (Xg1); (kb)) (3)
with parameters and predicted by a trained neural network conditioned

on Xt and t. Simulating this process results in samples form the approximated
data distribution p(Xg). A popular implementation first predicts the noise at
each time step, and then computes the mean by

1 1
(X t) = p—= Xt pl—t Xt (4)
t t
e : : _ Q¢
where  (Xt; t) is the neural network trained to approximate ,and = "¢_, s.

The same neural network can also be used to predict a diagonal covariance
(X¢; 1). At any iteration, an estimate of the clean image Xy can be derived by
computing the mean of p(Xg j X¢):

ko(xt;t)=1e>1:t xk T ¢ (xat) (5)

The above formulation can also be developed from a score-based modeling
approach, where it can be shown that (X¢;t) is an approximation to the score
function Iy, log pe(Xt).

3.3 Posterior Sampling

Under the score-based view, given an observation y and a likelihood function
p(yjX), we can use the same mechanism to sample from the posterior p(Xjy),
using the posterior score function

Fx, 109 pe(XJy) = x, 10g pe(Xe) + Fx, l0og pe(YiXe) : (6)

This idea of adding a conditional signal to the score is also called guidance. The
challenge with the second term in Eq. [0} is that usually we are given a likelihood
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model based on the clean image&,, and not an intermediary noisy imagex;. In
our case the underwater image formation model transforms a clean image to an
underwater observation. Connectigg the model to the noisy sample; leads to
the intractable integral pi(yjxt) =  p(yjXo)p(XojXt)dXo.

The various works on posterior sampling propose di erent approximations
of this integral. Some propose to collapse the uncertainty iny [9, 12 14, 21,
51]. In [18] a variational inference approximation is proposed, and in [5, 11, 28,
29,49] the likelihood model is computed on eitherx; directly, or on the mean
Ro = E[Xgjxt], as given in Eq. 5. After some experimentation, we decided to use
the latter approximation as formulated in DPS [11]:

rx logpe(Xejy) r x logpe(xt)+ srx, logp yjRo(Xe;t) (7)

where s is the guidance scaleused to control the weight of the approximated
likelihood term.

4 Method

We use the underwater image formation model (Eq. 1) as a forward model that
maps the space of natural imagex to the space of underwater observed images
y. We aim to use this forward model to construct a likelihood term p(y j x), and
use it to sample from the posterior distribution of images (Eq. 7). In our case
this cannot be implemented directly since the image formation model contains
unknown parameters, the depth D at each pixel, and the water parameters,

a, b, L, which can dier between scenes. One way to deal with the unknown
depth, is to use a monocular depth estimator in a separate rst stage, and then
use it as part of the forward model. In the results we discuss this approach and
show that it is suboptimal (method variant termed DA-Osmosis).

Another approach is to optimize the unknown parameters, including the
depth, during sampling. In some recent work, di erent methods to do this were
proposed [17, 38, 59]. However, these do not work properly when the unknown
parameter is high dimensional, highly complex, and strongly correlated with the
target image. In our early experimentation we found that in order to separate
the image into a clean image and the e ects governed by the depth, we need
more than a good image prior.

Therefore, one of our main contributions, is to train a joint prior on both the
color and depth in clean images, and show how it can be used for underwater
image restoration. Following this we de ne xo = (J;D), where J represents a
clear image and consists of the 3 color channels, arid is the depth image. This
allows us to use the following forward model (based on Eg. 1) conditioned on
the estimated clean image and depthry = (Jo; Do):

f (Ro)= Joe 0o+ (1 e ®Bo): 8)

where =( a; p; ') are the remaining 9 unknown water parameters (a pa-
rameter per color channel for each of =( a; b; ' )). We optimize  during
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Fig. 3: [Left] Example images from outdoor RGBD datasets used for training our
prior. From left to right: DIODE [55], ReDWeb-S [36], HR-WSI [57], KITTI [20].
[Right] Samples from the trained RGBD prior. The samples demonstrate the inherent
correlation between RGB image and depth in our trained RGBD prior.

sampling, in a similar way to GDP [17], using gradient descent on the image re-
construction loss. The likelihood term used for guidance is de ned as a Gaussian
around f (%o) with a xed variance.

Training a joint prior on color and depth, not only allows us to use the above
forward model, but also exploits the di usion model capacity to capture the
complexity of the depth image and its correlations with the clean color image.

4.1 Training the Prior

To learn a natural image prior, we train the joint prior model on both color
and depth using public RGBD datasets of outdoor scenes that were taken in
air. While di ering from underwater images, the ability to use large amounts of
high quality training data leads to a prior that captures the correlation between
color and depth in natural scenes, which as we show, is an important aspect for
underwater image restoration.

For the sake of data e ciency and training time, we start with a pretrained
di usion model trained on ImageNet (we take the unconditional model from [16]),
and netune it on RGBD data. We implement this, inspired by DepthGen [45],
by replacing the rst and last layers of the U-Net to 4 channels rather than 3,
and initializing those layers randomly. The datasets we use for netuning are
(see Fig. 3[left]): DIODE [55], RedWeb-S [36], HR-WSI [57], KITTI [20], with
16884, 2179, 20378, 23946 pictures, respectively.

A major challenge in working with RGBD data is to turn the available depth
information into a proper image. This includes lling holes and scaling the values
to a standard range. Since each of the above datasets were collected in a di erent
manner, we treat each of them di erently. This is detailed in the supplementary
material. Fig. 3[right] shows two samples from the prior that show corresponding
color and depth images. While prior samples demonstrate an evident domain gap
between in-air and underwater data, our results show that posterior samples are
not a ected by the gap, and can leverage the strong correlation between depth
and color in natural scenes.
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4.2 Sampling from the Posterior

Given a trained prior, we perform underwater image restoration by sampling
from the posterior with guidance of the image formation model. The sampling
process is described in Figs. 2, 4. In each iteration we generate samples of both
the image and the depth, while optimizing the water parameters. This results
in a gradual update to the estimates of the clean image, and the depth, demon-
strated in Fig. 4[right]. We adopt the sampling method in DPS [11], using the

reconstruction loss, y f (%o) ; which is the negative log-likelihood formed
from the model in Eq. 8. Similar to GDP [17], the remaining unknown parame-
ters are optimized in parallel to the inverse sampling process, using gradient
descent on the same loss used for guidance.

Note that one of our main novelties is that the RGBD prior is used as an
inherent part of the iterative method and not as a stand-alone depth estimator.
The depth is estimated together with the image inevery iteration, guided by the
underwater model, see, e.g., Fig. 4[right]. As demonstrated in the results, this
improves the restoration quality over using a xed estimated depth of the scene.

Running posterior sampling, guided by a reconstruction loss only, we observe
two problems. First, for pixels with large depth values, the reconstructed image
is dominated by the backscatter, making the estimation of the clean pixel color
values unstable. Second, the color values can shift outside the valid range, causing
color saturation. To overcome the rst issue we multiply the reconstruction loss
in every pixel by the estimated depth value (without passing the gradients of
this operation, denoted by sg):

Lec= s9Bo) (v f Ro) o 9)

In order to overcome the second issue, we introduce two auxiliary losses. The rst
penalizes RGB values outside the valid rang¢ 1; 1], and the second encourages
the average values of each channel to approach the middle of the color range (in
line with the gray world assumptior). We implement the two auxiliary losses as:

X ] 2 X X .
Lva = v max J’\O(”C) T,;0 Larg = a ‘j\O(';C) Ta

i;c c i

where Jy(i; ¢) is the value of color channelc of pixel i, assuming the valid color
range is[ 1;1], T, and T, are thresholds set to values close to 1 and O respec-
tively, and ; 5 are the scalar weights of both losses. The total loss is then:

L=1Lrc+ Lva+ Laug : (10)

At each iteration we compute the gradient of the loss with respect tox;, which
forms the log-likelihood gradient in the posterior score (Eg. 7), and the gradient
with respect to  which is used to update the parameters in the underwater
model. In order to stabilize the optimization, we apply gradient clipping by
value, to the gradients of x;, and we run the optimization of only in some of
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Fig. 4: Our algorithm. [Left] Detailed steps of our algorithm. [Right] Example of
how Jo; Do change during the iterations.

the sampling steps (de ned by the valuesOptim g, and Optim ,4), running N
iterations of gradient descent in each step. When the gradient ok, is applied

in the sampling step, it is multiplied by a guidance scales. We nd that using

a smaller scale for the depth channel leads to better results. This makes sense
as while all channels are treated the same in the prior, the depth has a di erent
role in the forward model (speci cally it is used inside an exponent), and this
can lead to a di erent gradient scale. More details on the implementation are
given in the supplementary.

5 Results

We use a prior on256 256images, with sampling time of about 3 minutes per
image on an Nvidia A100 GPU. We present here selected results and analysis.
Please refer to the supplementary material for a complete set.

Real-World Scenes. We present an extensive comparison on real-world lin-
ear images from the datasets SQUID [7], SeaThru [3], SeaThruNerf [32], and
additional images acquired in di erent locations in the world, the Indian and
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Paci c Oceans, and Mediterranean, and Red Seas. Images are white-balanced
as pre-processing. All runs use the same set of parameters. Fig. 1 shows several
results of both image restoration and depth estimation.

We compare image restoration  with the following methods: CWR [24],
DM [53], FUNIE-GAN [27], GDCP [41], IBLA [42], MMLE [60], semi-UIR [26],
Ucolor [33], USUIR [19], UW-Net [23], waternet [35], and USe-ReDI-Net [54]. For
compactness, Fig. 5 summarizes the results for a chosen subset of methods. The
complete comparison is shown in the supplementary material. Among previous
methods, we found GDCP to be the most consistent. Our result recovers the full
range of the scenes, speci cally improving contrast of objects that are further
away (note the zoomed-in objects in the far areas, e.g., the diver in row 1).
Our method recovers vibrant and consistent colors also in further areas. For
example, in rows 2,3,4 note that the background rocks and sand appear bluish
in all methods except of ours.

We also compare to a method that restores the RGB using a xed depth that
is pre-estimated using an external SOTA method,depth anything (DA) [58]. We
use the pre-estimated depth in our method's pipeline instead of our gradually
estimated depth. We term this method DA-Osmosis, and the results show that
our method restores the far areas with better color, emphasizing the advantage
of using our joint RGBD prior.

We comparedepth estimation  with GDCP [41], IBLA [42], unveiling [6],
UW-Net [23], and monoUWnet [4], and depth anything (DA) [58]. In GDCP [41]
and unveiling [6] we compute the depth from the output transmission maps. Our
depth estimations have more details and better explain the scenes (Fig. 5).

In addition, we conducted a non-reference quantitative comparison using the
MUSIQ [31] measure orb0 real-world images presented in the paper and sup-
plementary material. Our method achieved the highest score. The quantitative
results are summarized in Table 1.

The UIEB dataset [35] is sometimes used for quantitative evaluation of image
restoration. However, it is collected from various sources and is not linear. Thus
it is not suitable for physics-based methods like ours. In addition, the “ground
truth' of the UIEB dataset is chosen from results of previous methods and it
is not the real ground truth. Fig. 6 shows four examples (out of many) where
our result removes more water e ects than the ground truth, even despite the
non-linearity of the input.

Simulation. We conducted a simulation following [26, 34] using all the 1449
images from the NYU-v2 RGBD dataset [46] with randomly varying water pa-
rameters and generated the underwater images with the image formation model
in Eg. 1. For fairness in comparison with other methods we applied 5 = .

The quantitative results are summarized in Table 2. Our method substan-
tially outperforms other methods in the image restoration metrics of PSNR,
SSIM, and LPIPS. We emphasize that our prior wasnot trained on this data,
or indoor data at all. Moreover, two of the methods [26, 34] we outperform were
trained on this data.
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Fig. 5: Real-world restoration results. From left to right: white-balanced input,
contrast stretch, GDCP [41], Ucolor [33], CWR [24], semi-UIR [26], DM [53], Depth
Anything [58] - Osmosis, Osmosis (ours). Zoom-in colored rectangles emphasize far
objects that have higher contrast in our results. Real-world depth results. From
left to right: GDCP [41], IBLA [42], unveiling [6], UW-Net [23], monoUWnhnet [4], Depth
Anything [58], Osmosis (ours). Our depth results are smoother and less a ected by
object gradients. The reader is encouraged to zoom-in.
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