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Abstract— Successful applications of complex vision-based
behaviours underwater have lagged behind progress in terres-
trial and aerial domains. This is largely due to the degraded
image quality resulting from the physical phenomena involved
in underwater image formation. Spectrally-selective light at-
tenuation drains some colors from underwater images while
backscattering adds others, making it challenging to perform
vision-based tasks underwater. State-of-the-art methods for
underwater color correction optimize the parameters of image
formation models to restore the full spectrum of color to
underwater imagery. However, these methods have high com-
putational complexity that is unfavourable for realtime use by
autonomous underwater vehicles (AUVs), as a result of having
been primarily designed for offline color correction. Here,
we present DeepSeeColor, a novel algorithm that combines a
state-of-the-art underwater image formation model with the
computational efficiency of deep learning frameworks. In our
experiments, we show that DeepSeeColor offers comparable
performance to the popular “Sea-Thru” algorithm [1] while
being able to rapidly process images at up to 60Hz, thus making
it suitable for use onboard AUVs as a preprocessing step to
enable more robust vision-based behaviours.

OPEN-SOURCE SOFTWARE

The datasets collected for and used in this paper are
available along with an implementation of DeepSeeColor at:
https://warp.whoi.edu/deepseecolor/

I. INTRODUCTION

The development of autonomous underwater vehicles
(AUVs) has trended towards more complex and adaptive
vision-based behaviours, enabled by the increasing perfor-
mance and energy efficiency of onboard micro-computing
resources over time. Many such behaviours, including visual
target tracking [2]-[5], adaptive exploration of benthic envi-
ronments [6]-[12], autonomous docking [13]-[15], and diver
following [16] and assistance [17]-[20], strongly depend on
an AUV’s capability for visual perception and understanding.
Unfortunately, underwater image quality is generally lower
and more variable than the quality of similar images taken
in air, making vision-based autonomous behaviours far more
challenging to perform underwater than in other domains.

The most prominent image quality issues result from
spectrally-selective light attenuation and backscattering.
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Fig. 1: Best viewed on a screen, in color. Images taken in underwater
environments (left column) suffer from severe loss of colors due to the
combination of spectrally-selective light attenuation and backscattering due
to particles in water. This effect is more pronounced as the distance between
the camera and imaging target increases. This paper presents DeepSeeColor,
an efficient technique to reconstruct true-color images (right column) for use
in realtime onboard decision making by an autonomous underwater vehicle.

These phenomena cause images taken underwater to be
lacking in certain colors, typically red, and to have an excess
of others, such as blue and green, as seen in Fig. 1. The
magnitude of these effects is correlated with the camera’s
water depth and range to the target; objects in the image that
are shallow and close to the camera will have more of their
natural color than objects that are deeper or further away.
However, the specific color distortions in an image depend
also on the presence of other light sources (e.g., the sun),
and on the optical properties of the camera and the body of
water in which the image was captured.

The performance of computer vision algorithms for image
classification and 3D reconstruction is severely degraded
by color distortions, regardless of whether those algorithms
are based on deep neural networks or on more traditional
feature detection and matching methods [21], [22]. Even
learning-based systems trained to be robust to targets within
some range of distances, lighting conditions, and water
masses will generally not be robust to real-world targets
outside of the training distribution. This makes realtime,
adaptive, in situ color correction a necessary prerequisite
for successful vision-based AUV tasks and behaviours, espe-
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cially in potentially safety-critical applications such as diver
assistance. This is a gap in the underwater vision field; while
previous works have focused on high-quality offline color
reconstruction [1], [23]-[27], to our knowledge no methods
have been developed specifically for realtime applications.
This paper presents DeepSeeColor, a novel method for
realtime and adaptive color correction of images onboard
an AUV. This realtime preprocessing enables more robust
execution of in situ autonomous behaviours such as object
recognition and tracking, semantic mapping, and mission
summarization. DeepSeeColor significantly improves upon
the successful “Sea-Thru” algorithm [1] in terms of com-
putational efficiency. It achieves this improvement through
using highly efficient gradient-based optimization methods
to learn the weights of two simple convolutional neural
networks, where these weights correspond to a physics-based
image formation model’s unknown parameters. This novel
approach replaces far more computationally expensive image
processing operations, while leveraging GPU acceleration
and other built-in performance optimizations provided by
popular deep learning frameworks. We further present vali-
dation of DeepSeeColor on the dataset provided with [1], as
well as on a new dataset of stereo-imagery collected from
AUV deployments at coral reef sites in the US Virgin Islands.

II. BACKGROUND & RELATED WORKS
A. Underwater Image Formation

A digital camera system creates images by measuring the
intensity of incoming light reflected from various targets in
its lens’ field of view. Assuming the light originates from a
broadband source similar to the sun, the wavelengths of the
reflected light accurately represent the colors of the targets.
A color filter array on the camera’s image sensor enables
measuring the intensity of light within the red, green, and
blue wavelength “channels”' at each pixel.

Regardless of wavelength, the apparent intensity of light
decreases in relation to an observer’s distance from its
source according to the inverse-square law. However, the
presence of an intervening medium further attenuates the
apparent intensity of a target through absorption and scat-
tering. Furthermore, many media are spectrally-selective:
they preferentially attenuate some wavelengths of light over
others. Water is much more spectrally-selective than air: red
light is attenuated over a distance of 1m about as much as
green light is over 10m, or blue light is over 100m [28].

Backscattering is the process by which particles in the
water column between the target and camera reflect light
from sources other than the target into the camera. This is
particularly problematic at shallow depths (<100m), long
target ranges (>1m), and in turbid waters.> At shallow
depths, light from the surface (e.g., sunlight) is scattered in
all directions by tiny particulate in the water; the spectrum
of this scattered light consist of wavelengths that were not

I These channels are roughly defined as the wavelength ranges 575-725nm
(red), 475-625nm (green), and 400-550nm (blue), respectively.

2Note “depth” refers to the vertical distance of the target from the water
surface, while “range” refers to the distance from the camera to the target.

absorbed higher up in the water column, and thus tends to
be blue or blue-green. The greater the range to the target, the
more intervening particulate there is to backscatter this light
into the camera; the resulting “haze” in the image makes it
more difficult to see the target, especially when it saturates
the camera’s dynamic range.

We denote the intensity of light in channel ¢ € {R, G, B}
emitted by the target along the ray to pixel (¢,7) in the
camera image sensor as J..(4, j), and the intensity measured
by the sensor at that pixel as I.(i,j). Spectrally-selective
light attenuation and backscattering can be modelled together
using the underwater image formation model,

Ic(iaj) = JC(ZaJ)Ac(ZaJ) + Bc(iaj)7 (D

where A.(i,7) and B.(i,j) represent wavelength-dependent
light attenuation and backscatter, respectively. This reflects
the form of models used by many works in underwater color
reconstruction [23]-[27], which take A and B to be

Ac(i, j) = exp (—ac - zi ), (2)

where z; ; is the range of the target. The values of a.,vS° €
R>q are determined by the camera system and environmental
parameters, including as the water type, target reflectance, il-
lumination sources, image sensor characteristics, and camera
depth, which are, for now, all assumed to be fixed.

More recently, [29] found that Eq. (2), derived from an
atmospheric dehazing model, neglects the range-dependence
of underwater light attenuation coefficient a., and incorrectly
assumes that the coefficients governing the range-dependence
of attenuation and backscattering are the same. [29] pre-
sented a new model capable of capturing these complexities,

Ac(i,j) = exp (—ac(zij) - 2i5) )
Bc(iaj) = ,ygo (1 — €xp (_6czi7j)) ) (5)

with scalars v2°,8. € R>o and a parametric function
ac(z).>* This is the model used by Sea-Thru [1] and
DeepSeeColor, and will be explored further in Section III.

B. Methods for Color Reconstruction

Spectrally-selective light attenuation and backscattering
have been considered by underwater color reconstruction
algorithms since the seminal works of [23]-[25]. These
works presented each presented a method to estimate their
respective image formation model parameters from a single
image. Given these parameter estimates, the true color of the
target at pixel location (4, j) can be reconstructed as

Je(i,5) = De(i, §)Acld, 5) 1, ©6)

where D.(i,j) = I.(i,7) — B.(i,7) denotes the “direct”
signal. The components of this approach to color recon-
struction are depicted in Fig. 2. More recent works have
explored techniques for better estimating the parameters

3 Be is most accurately modelled as a function of the range z, like ac(z),
but this effect is negligible within a fixed water type [29].
“4Details on the interpretation of each parameter are given in [1].
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Fig. 2: Examples of an input image I and corresponding range map Z
(color-coded such that blue is “close” and red is “far”), best viewed on a
screen in color. The DeepSeeColor method efficiently learns to approximate
the backscatter image B and attenuation factor image A (both shown with
contrast enhanced), enabling recovery of the true-color image J.

ac,vS° through leveraging additional information, such as
the optical properties of known water profiles [30].

Among the most relevant of prior works is [27], which
recognized that leveraging an accurate range map, which
describes the distance of each pixel in an image, could
better constrain estimates of the image formation model
parameters. The method was designed for use on AUV
collected data, and applied structure-from-motion estimation
to generate range maps based on the overlapping field-of-
view and real-world camera displacement between pairs of
captured images [27]. This displacement was estimated using
navigational information collected by other sensors on the
AUYV, but estimation could be avoided by using a synchro-
nized stereo-camera system to simultaneously capture pairs
of images with a known, fixed camera displacement.

The previously discussed methods were developed for
estimating the parameters of the traditional underwater image
formation model described by Eqgs. (2) and (3). Estimating
the parameters of the improved underwater image formation
model presented in Eqs. (4) and (5) originally required the
use of multiple color chart calibration targets in situ [29].
The idea of using range maps, instead of color charts, to
guide parameter estimation was adapted by the Sea-Thru
algorithm [1], which enabled learning the improved model
parameters using only the captured image and range map.

There has also been progress in learning-based methods
for color correction [31], including for underwater im-
agery [32], [33]. However, these methods do not guarantee
consistency or accuracy in the color reconstruction of an
image stream, or images captured in different environmental
conditions. This makes them less suitable than physics-based
color correction methods for use in supporting realtime,
possibly safety-critical, autonomous underwater behaviours.

C. AUV Vision System Considerations

Though [27] specifically explored color reconstruction for
images collected by AUVs, to our knowledge no prior works
have developed robust, physics-based underwater color re-
construction methods intended to run onboard an AUV’s
highly constrained computational resources in realtime. In
fact, each of the aforementioned color reconstruction meth-
ods relies on solving optimization problems with compu-
tational complexity that is at least linear in the number of
pixels in the input image [1], [23]-[27]. The significant com-
putaional complexity of Sea-Thru [1], the only prior work to
solve the parameters of the improved image formation model
in Egs. (5) and (12), will be explored further in Section III.

Computationally expensive methods could be acceptable if
the image formation parameters only needed to be computed
once. However, prior works have found that these image
formation parameters can change significantly in time and
space due to factors including variation in depth, lighting
conditions, exposure time, turbidity, and imaging angle [1],
[29]. This demands the usage of an adaptive color correction
method that is robust to changes in lighting and other
environmental parameters, and can be run in realtime on each
image as it is collected.

III. THE DEEPSEECOLOR METHOD

The DeepSeeColor method estimates the backscatter and
attenuation parameters of the underwater image formation
model from [29] using a sequence of two convolutional neu-
ral networks [34] depicted in Figures 3 and 4, respectively.
The networks are trained under self supervision using the
captured image I and range map Z; this training process can
take advantage of highly energy-efficient deep learning hard-
ware accelerators increasingly found onboard autonomous
platforms [35].

A. Backscatter Estimation

DeepSeeColor makes use of the same backscatter model
as Sea-Thru,

Be(iy j) = 72° (1= exp (= Be - 2i,5)) + e exp (—ae - 2i5)
(N
which corresponds to the backscatter model presented in
Eq. (5) augmented with a residual term, described in [1],
characterized by two new scalar parameters 7., a. € R>g.
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Fig. 3: The backscatter net inputs a range map Z (visualized in color) and
estimates the corresponding backscatter image B. The kernel parameters in
each convolutional layer map to the parameters of the backscatter estimation
model in Eq. (7).

1) Inference: DeepSeeColor performs backscatter estima-
tion by using the neural network presented in Fig. 3. We de-
fine a novel nonlinear activation function, Gated Exponential
Decay (GED), as

1 <0,

GED(z) — r= ®)
exp (—z) x>0.

We also introduce its complement, CGED(z) := 1—GED(z).

Observe that Eq. 7 can now be rewritten as

B.(Z) =~° - CGED (8:2) + 1. - GED (acZ) . (9)

With its final sigmoid activation layer removed, the net-
work depicted in Fig. 3 computes B, for the backscatter
parameters encoded in its convolutional layers’ kernels. The
operations 5.7 and «.Z for ¢ € {r,g,b} are modelled as
convolutions between the tensor Z = [z; ;] with dimensions
(W,H,1) and a kernel of shape (1,1,1,3) to produce an
output tensor with dimensions (W, H, 3), where the values
of the kernel elements correspond to 3 and a, respectively.’
Similarly, multiplication by the coefficients in v*° and 7
can be modelled as convolutions with kernels of dimension
(1,1, 3,3), where each kernel is constrained to be diagonal
and thus has only 3 free parameters, resulting in the scaling
of each channel by the corresponding v2° or 7.. These
parallel sequences of operations correspond to the top and
bottom branches of the network in Fig. 3, respectively. The
final sigmoid layer applies the activation function o(x) =

5Note tensor shapes are given in order of (width, height, channels), while
kernel shapes are given as (width, height, input channels, output channels).

1/ (1 + e™*), ensuring that the backscatter estimates remain
bounded in [0, 1] regardless of any outliers in the range map.

2) Training: DeepSeeColor leverages the assumption
from [1], [36] that in any given range interval there are some
pixels in the image which should have zero intensity. It trains
the backscatter network using a novel loss function,

Ebs(D) = Z Z(max{ﬁ(!(i’j)’ O}
(i,9) ¢

(10
+ kmin{D. (4, 5),0}),

with hyperparameter k > 1 and D, := I. — o(B,).

As k — oo, optimizing Eq. (10) becomes equivalent to
finding backscatter parameters that minimize the minimum
intensity of pixels at every range, while ensuring the network
never predicts that a pixel in the direct signal would have
negative intensity. As k — 1, the loss function becomes
tolerant of some pixels in the direct signal being predicted to
have negative intensity, if that enables bringing more pixels
closer to zero intensity. Intuitively, larger values of k& would
produce more accurate backscatter estimates if the range map
was noiseless and the assumption of zero-intensity pixels at
every range was satisfied, but are also less robust to noise and
outliers in the image and range map. We find empirically that
a value of k£ = 1000 produces accurate backscatter estimates.

For comparison, the backscatter parameters are estimated
in Sea-Thru by binning the image pixels into 10 evenly
spaced range windows, and assigning the darkest 1% of
pixels in each bin to the set {2 [1]. Assuming these pixels
should have zero-intensity, the backscatter parameters are
then found by solving the nonlinear optimization problem,

min E

¥°°.8,m,a =
(i,j)eQ ¢

N 2
Ic(i’j) - Bc(ivj)

(1)

Constructing €2 using a bitonic merge sort has time complex-
ity O(NP~'log? N) for N pixels in the input image, when
run in parallel on a processor with P < NN cores. In contrast,
computing the loss function in Eq. (10) and backpropagating
its gradients has O(NP~! + log P) time complexity.

B. Attenuation Coefficient Estimation

The attenuation coefficient function a.(z) is well approx-
imated as a double exponential function [1], characterized
using the parameters v, W, Te, Yo € R>g as

ac(z) = weexp (—ve - 2) + yeexp (—z¢ - 2) . (12)

1) Inference: From Egs. (4) and (12), it follows that
AZ) = GED(Z-(wc-GED(ch)+yC.GED(xCZ))). (13)

Accordingly, the attenuation coefficient network depicted in
Fig. 4 takes the same structure as the backscatter net, except
the CGED and sigmoid activation functions are replaced with
GEDs. The true-color image J is then estimated as,

Je(i,§) = De(i, §) - exp (ac(zij) - zij) - (14)

3098



GED

x GED Yy

Fig. 4: The attenuation net produces the attenuation map A from a range map
Z. The kernel parameters in each convolutional layer map to the parameters
of the attenuation coefficient function a(z) in Eq. (12).

2) Training: DeepSeeColor trains the attentuation net-
work using a novel composite loss function designed to learn
attenuation coefficient parameters similar to those of the Sea-
Thru method,

»Cac(j; ﬁ) = ﬁsaturation(j) + »Cinlensity(j) + »Cvar(j; ﬁ) (15)

The saturation loss penalizes over-saturating pixels in the
output image, and is defined as

~ 1 A
Esaturation(t]> = 37N Z H maX{Jc - 170}H2a

where NN is the number of pixels in J. The intensity loss
penalizes image channels which have a very low or very
high average intensity, and is defined as

Lintensity (J) = % > % > (jc(i,j) - 0.5)

.3

2

Finally, the variation loss penalizes changing the variation
in each color channel across the image, compared to the
variation measured in the direct signal,
PN 1 R L\2
Evar(JQ D) = g Z (S(JC) — S(DC)) ,
C
where s(M) is the standard deviation of the values in M.
Minimizing the intensity loss function is similar to fol-
lowing the popular “gray-world” approach to white balanc-
ing [37], except the network is constrained to modifying
the attenuation coefficients. This drives it to modify each
channel’s coefficients in a way that stretches contrast but

TABLE I: Grayscale Patch Mean Angular Error, in degrees.

Image Raw Sea-Thru  DeepSeeColor (ours)
D1.3272 26 8 14
D2.3647 26 8 10
D3.4910 22 8 5
D4.0209 23 4 4
D5.3374  17/16/15/17 4/3/5/3 9/10/10/11

biases the change towards targets far from the camera, and
were thus most attenuated. The saturation and variation
losses help to avoid very large attenuation coefficients; this
is most relevant for images where attenuation has nearly
eliminated a color channel such that very large coefficients
would be required to recover it. Large coefficients cause over-
saturation, and amplify noise in the input image; including
the saturation and variation losses mitigates this issue.

This training process has O(NP~! + log P) time com-
plexity per training iteration when parallelized on a processor
with P < N cores. Furthermore, each iteration produces a
color-corrected output image with increased quality, so the
method is anytime optimal. For comparison, the Sea-Thru
algorithm finds the attenuation model parameters using the
LSAC algorithm [38] followed sequentially by a nonlinear
optimization algorithm, which are each iterative methods
with O(N) time complexity per training iteration.

IV. EXPERIMENTAL RESULTS

The DeepSeeColor method has been implemented in Py-
Torch [39] and demonstrates strong performance on the Sea-
Thru dataset [1] and on stereo-camera imagery collected with
AUV deployments in the US Virgin Islands.

A. Sea-Thru Dataset

The Sea-Thru dataset consists of 1157 raw images, each
with a corresponding range map generated using structure-
from-motion techniques [1]. DeepSeeColor was run on all
of the images available on the hosting site, and a sampling
of the outputs are presented in Fig. 5.

As in [1], the accuracy of the color reconstruction is
estimated using the angular error between true gray and the
grayscale patches on the color charts present in many of
the dataset images. This angular error is computed at each
grayscale patch in the color chart as

5 Jelid)
(330 1 G.))

The average angular error averaged over the six grayscale
patches on each color chart for each of Sea-Thru and
DeepSeeColor is presented in Table 1. As there is no public
release of Sea-Thru, its errors are taken directly from [1].

Y(i,5) = cos™! (16)

N

Shttp://csms.haifa.ac.il/profiles/tTreibitz/
datasets/sea_thru/index.html
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Fig. 5: Best viewed on a screen, in color. The left column shows 10 raw
images from the Sea-Thru dataset [1]. The center column shows the corre-
sponding images after a contrast stretch, while the right column shows the
outputs of DeepSeeColor. DeepSeeColor significantly outperforms contrast
stretching, especially in scenes with distant targets (e.g. 3647, 3681, and
3385), and achieves comparable performance to Sea-Thru (refer to Fig. 6
in [1] for comparison).

TABLE II: DeepSeeColor Runtime.

# Pixel Backscatter ~ Attenuation Total Max F
1xels (per iter) (per iter) (per iter) ax rrequency
0.7M 6.2 ms 9.9 ms 16.1 ms 62.1 Hz
2.4M 6.4 ms 10.5 ms 16.9 ms 59.2 Hz

B. US Virgin Islands Dataset

The DeepSeeColor method was also evaluated to process
imagery collected in the US Virgin Islands by the CUREE
AUV [40]. The AUV was equipped with a downwards facing
color stereo-camera, which enabled the collection of color
imagery and range maps like those seen in Figs. 1 and 2.
The post-processed imagery has comparable quality to that
generated by Sea-Thru, but is generated at a very high rate.

As seen in Table II, DeepSeeColor can perform 60 training
iterations of each network per second. This corresponds to
performing up to 60 training iterations on a single image, or
correcting up to 60 images per second once the image forma-
tion model parameters have stabilized. This offers significant
flexibility for an AUV to dedicate more processing power to
training the DeepSeeColor model when imaging conditions
change and the image formation parameters need updating,
and less when imaging conditions are stable. Interestingly,
the training time is largely insensitive to the input image
resolution up to 2.4 megapixels; this is a result of the fixed
number of unknown model parameters and of the GPU
processing capabilities of modern deep learning frameworks
like PyTorch [39], which process many sections of an image
in parallel.

V. CONCLUSIONS & FUTURE WORK

In this paper we have presented DeepSeeColor, a novel
color correction method that uses convolutional neural net-
work training operations to learn the parameters of a physics-
based underwater image formation model [29]. This ap-
proach to color correction is more robust than heuristic
methods, and thus more appropriate for usage on AUVs per-
forming safety-critical tasks. We demonstrated our proposed
method on the Sea-Thru dataset [1], as well as on images
collected during field experiments in the US Virgin Islands.
DeepSeeColor was able to achieve comparable performance
in color reconstruction to the Sea-Thru algorithm [1], with
significant improvements made in terms of computational
complexity. The results support that DeepSeeColor is well-
suited for use in realtime preprocessing of imagery collected
by an AUV to enable more robust execution of more sophis-
ticated autonomous tasks. In the future, we plan to deploy
DeepSeeColor on an AUV to evaluate how access to robust
and realtime color correction improves mission performance
on various tasks such as place recognition and target tracking.
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