




mation network where they use synthetic UW images gen-
erated from NYU dataset [47]. But such images do not fully
depict real UW situations.

Along the lines of monocular self-supervised depth es-
timation from clean terrestrial images [22], a recent work
[53] proposes a self-supervised UW depth estimation net-
work by leveraging real UW video sequences taken from
the internet. They extract depth from the input UW image
using DepthNet and use photometric reprojection loss by
warping the restored images obtained from contrast limited
adaptive histogram equalization (CLAHE). Since depth and
pose are directly derived from hazy UW images, details of
the depth map are lacking.

2.2. Underwater image enhancement
Traditional approaches can be broadly classified as

model-free color correction methods and model-based en-
hancement methods. Model-free methods modify each
pixel irrespective of the underlying image formation model
such as contrast correction and color adjustment [28],
Rayleigh-stretching [20], retinex [14, 55], etc. Physical
model-based enhancement methods utilize the UW image
formation model for estimating the parameters using prior
information. Different modifications of DCP [27] have been
applied for UW image restoration [7, 11, 43]. Chau et al.
[50] propose an adaptive attenuation-curve prior and Li et
al. [35] propose a histogram distribution prior. Berman et
al. [5] consider different types of water and distinct spec-
tral profiles for each type to refine the restored images.
Akkayanak et al. [2] rely on the depth map for restoration.

While considering supervised DL-based methods, UW
image restoration is challenging mainly because of the
scarcity of real datasets with ground truth. To partially
overcome this challenge, GAN-based methods [36, 34, 24]
have emerged. UWCNN [32] trains 10 image enhance-
ment models corresponding to each water type. [33] cre-
ated a paired real underwater dataset (UIEB) where pseudo-
ground-truth is subjectively selected based on human per-
ception of the outputs of different enhancement techniques.
They proposed a gated-fusion network for image enhance-
ment. Methods such as [31] and [49] have used UIEB
dataset for supervision. [9] proposes an UW restoration net-
work that uses depth as a cue where depth is estimated from
a pre-trained SoTA model [21]. Considering the attenua-
tion coefficient as a cue, [10] proposes a generative model
to restore UW images. Along with depth estimation, the
unsupervised methods of [26] and [48] find enhanced im-
ages using the UW image formation model by utilizing the
depth returned from their network. These methods [26, 48]
are not end-to-end and they perform image restoration as a
post-processing task. Unsupervised method Chai et al. [6]
and Fu et al. [15] perform physics-based disentanglement
of underwater images. The work [15] uses a homology con-
straint on the enhanced image for self-supervision.

2.3. Differences with existing works
Along the lines of UW image restoration works [6]

and [15], we disentangle the UW image to perform self-
supervision; but there are distinct differences. [15] performs
disentanglement based on the simple underwater image for-
mation model [12]. These works [6, 15] do not impose any
explicit constraint on the transmission map. During train-
ing, they rely on the information from a single frame to
output the restored image. In contrast, our method invokes
relevant constraints on both the scene radiance and trans-
mission map using adjacent frames to facilitate proper dis-
entanglement. We employ a separate module to obtain the
extinction coefficients which are needed to compute depth.

Self-supervised monocular depth estimation works, de-
veloped for terrestrial images [22, 57], also use view-
synthesis strategy. But their performance on UW images
is poor (see Sec. 5). They estimate depth from a fixed clean
input image using DepthNet which has a general U-Net ar-
chitecture. Instead, we derive depth analytically from the
transmission map which is estimated by disentangling the
UW image. Unlike [22, 57], the input to our PoseNet is the
disentangled scene radiance.

Unlike [53] which also utilizes view-synthesis for depth
estimation, our loss is calculated on the disentangled scene
radiance which is more faithful than using CLAHE. [53]
does not use haze as a cue for depth. We use view-synthesis
loss on the hazy images also to preserve the relative geom-
etry after restoration.

3. Proposed Method
The basic image formation model for UW images which

is based on Koschmieder’s light scattering model is as given
in [12]. Akkayanak et al. [1] observe that direct signal and
backscatter are governed by two distinct attenuation coeffi-
cients whereas [12] treats them to be the same. The revised
UW image formation model as proposed in [1] is given by

I(x) = J(x)T d(x) + (1− T b(x))A (1)

where x is pixel location, I is the UW image, J is the
scene radiance which is the underlying clean image, A is
global background light, while T d and T b are the trans-
mission maps corresponding to direct signal and backscat-
ter, respectively. Transmission map and distance from
the source D(x) are related by T d(x) = e−β

d
cD(x) and

T b(x) = e−β
b
cD(x) where βdc and βbc are the channel-wise

extinction coefficients for direct signal and backscatter, re-
spectively.

From an UW image I1, we aim to estimate both depth
D and original image J1 simultaneously in an end-to-end
manner. To train our USe-ReDI-Net, we utilize two adja-
cent frames I1 and I2 from an UW video sequence. Self-
supervision is carried out by disentangling the UW image
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