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Abstract

Robust recovery of lost colors in underwater images re-
mains a challenging problem. We recently showed that
this was partly due to the prevalent use of an atmospheric
image formation model for underwater images and pro-
posed a physically accurate model. The revised model
showed: 1) the attenuation coefficient of the signal is not
uniform across the scene but depends on object range and
reflectance, 2) the coefficient governing the increase in
backscatter with distance differs from the signal attenua-
tion coefficient. Here, we present the first method that re-
covers color with our revised model, using RGBD images.
The Sea-thru method estimates backscatter using the dark
pixels and their known range information. Then, it uses
an estimate of the spatially varying illuminant to obtain
the range-dependent attenuation coefficient. Using more
than 1,100 images from two optically different water bod-
ies, which we make available, we show that our method with
the revised model outperforms those using the atmospheric
model. Consistent removal of water will open up large un-
derwater datasets to powerful computer vision and machine
learning algorithms, creating exciting opportunities for the
future of underwater exploration and conservation.

1. Introduction

Reconstructing colors in underwater images is a chal-
lenging task for which no robust algorithm currently ex-
ists. We recently showed that the commonly used image
formation model was partly to blame [!], because it was
derived for the atmosphere [48] and neglected the strong
wavelength dependency of light underwater. We proposed
a revised model that showed: 1) direct and backscattered
signals are governed by distinct coefficients (the old model
assumed them to be the same), and 2) each of these coef-
ficients have dependencies on factors other than the opti-
cal properties of the water (the old model ignored them).
While the revised model is physically more accurate, it has
extra parameters making its application difficult. Here, we
present the Sea-thru method that outlines how to estimate
these parameters for better scene recovery.
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Figure 1. The Sea-thru method removes water from underwater
images. Best viewed online for color and details.

Large image datasets like ImageNet [20] have been in-
strumental in igniting the artificial intelligence boom, which
fueled many important discoveries in science and indus-
try in the last two decades [39]. The underwater domain,
which has no shortage of large image datasets, however,
has not benefited from the full power of computer vision
and machine learning methods which made these discov-
eries possible, partly because water masks many computa-
tionally valuable features of a scene. An underwater photo
is the equivalent of one taken in air, but covered in thick,
colored fog, subject to an illuminant whose white point and
intensity changes as a function of distance. It is difficult
to train learning-based methods for different optical condi-
tions that represent the global ocean, because calibrated un-
derwater datasets are expensive and logistically difficult to
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Figure 2. Underwater image formation is governed by an equation
of the form | = D¢ + B¢. D¢ contains the scene with attenuated
colors, and B is a degrading signal that strongly depends on the
optical properties of the water, and eventually dominates the image
(shown here for a gray patch). Insets show relative magnitudes of
D and B for a Macbeth chart imaged at 27m in oceanic water.

acquire. Existing methods that attempt to reverse the degra-
dation due to water are either unstable, too sensitive, or only
work for short object ranges. Thus, the analysis of large un-
derwater datasets often requires costly manual effort. On
average, a human expert spends over 2 hours identifying
and counting fish in a video that is one hour long [59].

The Sea-thru method aims to consistently remove
water from underwater images, so large datasets can
be analyzed with increased efficiency. It works as fol-
lows: given an RGBD image, it estimates backscatter
in a way inspired from the Dark Channel Prior (DCP)
developed for haze [34], but utilizing the known range
map. Next, it uses an optimization framework to esti-
mate the range-dependent attenuation coefficient using
an illumination map obtained using local space average
color [23] as input. We show that the distance-dependent
attenuation coefficient can be modeled as a 2-term ex-
ponential, which greatly reduces the unknowns in the
optimization step. We contribute more than 1,100 images
acquired in two optically different water types (avail-
able at http://csms.haifa.ac.il/profiles/
tTreibitz/datasets/sea_thru/index.html).
On these images and another underwater RGBD dataset
contributed by [7], we show qualitatively and quantitatively
that Sea-thru, which is the first to utilize the revised image
formation model, outperforms others that use the old
model.

2. Related Works

The image formation model for bad weather was devel-
oped by Nayar and Narasimhan [48]. It was assumed that
the scattering coefficient is constant over the camera sensi-
tivity range in each color channel, resulting in a coefficient
per wavelength. This model then became extensively used
for bad weather, and later adapted for the underwater envi-

ronment [52]. For scene recovery, these methods required
more than one frame of the scene, or extra information such
as 3D structure. This model was further simplified to in-
clude only one attenuation coefficient, uniform across all
color channels. This was done to enable recovery from sin-
gle images in haze [8, 26, 33, 57] and later used also for
underwater recovery [17, 19, 21, 44, 49]. While using the
same coefficient for all color channels in underwater scenes
is a very crude approximation [1], using a coefficient per
channel can yield decent results [9, 13, 52, 56, 58]. Nev-
ertheless, as we further show their accuracy is inherently
limited by the model.

Backscatter was previously estimated from single im-
ages using DCP [33], some variants of it [17, 19, 21, 44],
or other priors [9, 49]. Attenuation coefficients can be mea-
sured by ocean optics instruments such as transmissiome-
ters or spectrometers [| 1]. However, they cannot be used
as-is for imaging because of differences in spectral sensitiv-
ity and acceptance angle. Plus, these instruments are expen-
sive and cumbersome to deploy. Thus, it is best to estimate
the attenuation coefficients directly from images. The most
basic method for that is to photograph a calibration target at
known distances [00]. In [63], coefficients are taken from
the estimated veiling-light, ignoring the illumination color.
In [9] the attenuation coefficients per channel were esti-
mated using the grey-world assumption. Others [19, 44, 55]
alleviate this problem by using fixed attenuation coefficients
measured for just one water type.

Known distances slightly simplify the problem and were
used to estimate backscatter together with attenuation by
fitting data from multiple images to the image formation
model [13, 51, 55]. Deep networks were recently used for
reconstructing underwater scenes [43, 53]. Their training,
however, relies on purely synthetic data, and thus highly
depends on the quality of the simulation models. All the
methods so far assume the attenuation coefficients are only
properties of the water and are uniform across the scene per
color channel, but as we showed in [ 1, 2], this is an incorrect
assumption that leads to errors in reconstruction.

3. Scientific Background
Underwater image formation is governed by:
l¢=Dc+ Be ; ey

where ¢ = R, G, B is the color channel, | is the image
captured by the camera (with distorted colors), D is the di-
rect signal which contains the information about the (atten-
uated) scene, and B¢ is the backscatter, an additive signal
that degrades the image due to light reflected from particles
suspended in the water column (Fig. 2). The components
D and B are governed by two distinct coefficients 2 and

B, which are wideband (RGB) attenuation and backscatter

coefficients, respectively [ 1, 2].

1683



























