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ABSTRACT
This paper considers methods of color underwater
images simulation based on terrestrial images. These
methods avoid the expensive process of collecting real
data to develop algorithms for improving underwater
images. To model light attenuation underwater, existing works often use channel-wise approximation of the
Beer–Lambert–Bouguer law. The accuracy of such approximation significantly depends not only on the camera sensitivities but also on its color calibration parameters. In this paper, we propose a method for underwater images simulation, based on the banded spectral
model, which is devoid of the last drawback. In the proposed approach, the spectrum of the registered radiance
is estimated from the camera response and attenuation
modeling is performed in the spectral space. The average reproduction angular error in simulation based
on the banded spectral model is 20-30% less than in
channel-wise approximation.
INTRODUCTION
Recently, interest in creating algorithms for the analysis and improvement of underwater images has grown
markedly. The latter are required, for example, during automatic inspection of underwater objects (Foresti
2001), prevention of drownings in public swimming
pools (Lavest et al. 2002), research and visualization
of underwater archaeological artifacts (Kahanov and
Royal 2001; Mangeruga et al. 2018; Skarlatos et al.
2016), and so on. This area of study has relevance
in widespread practice. It is worth mentioning that
there has been a massive transition of mobile phone
manufacturers to the IP68 standard (National ElectriCommunications of the ECMS, Volume 34, Issue 1,
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cal Manufacturers Association 2004) with increased requirements for the degree of protection of electronic
devices from water.
When developing any image processing algorithms,
including underwater ones, formal criteria are required
that evaluate the quality of their results. This is necessary to rank the algorithms and to optimize the algorithms according to their parameters and to determine
whether the problem was solved with the proper quality. In image enhancement tasks, these formal criteria
are sometimes based on full-scale psycho-physical experiments (Gracheva et al. 2020), but this approach
is too time-consuming in the development of a new
method when thousands of comparisons of different
versions of the algorithm are required. Therefore, it
is desirable that the quality criteria are formally computable. With this, it becomes possible to automatically compare versions of the algorithm.
As a rule, a statistic (for example, the average value)
of a certain image comparison metric serves as a formal
criterion for the quality of the algorithm’s performance
as a whole. This metric is calculated on a set of images
in which an ideal target image is specified for each input image, and the result of the algorithm is compared
with this ideal image (see figure 1). In addition, a good
set of such data should be very diverse. The question
is, how can one create a large and diverse set of images
with corresponding ideals for the task of improving underwater images?
It is clear that the direct collection of such data is difficult. One may notice that as the complexity of data
gathering increases, both the final size and diversity of
the dataset decrease. For example, for the task of document recognition 500 video sequences were collected
(Arlazarov et al. 2019), for the color segmentation and
color constancy tasks in the controlled conditions – 432
images (Smagina et al. 2020), and for the underwater
image improvement problem in the controlled conditions – 82 images (Duarte et al. 2016). At the moment,

Figure 1: Quality assessment scheme for image enhancemnt algorithm. Images were taken from (Duarte
et al. 2016) and were modified for illustrative purposes.

a simulation is used to obtain a set of images equipped
with ideals.
Thorough simulation of image formation (rendering)
implies a formal description of all the objects in the
scene, their color parameters, light field, etc., as well as
the calculation of multiple reflections and light scattering. It is extremely complex and time-consuming computationally (Aranha 2005; Boffety et al. 2012). At the
same time, rendering models may turn out to be oversimplified, and the simulation results being far from
photorealistic.
The combined approach is more widely used – simulation by converting images taken in the air. In this
approach, one of the inputs of the simulator is a fullscale image obtained under certain conditions, and the
result is an underwater image that models other registration conditions. The fundamental limitation of this
method should be noted: the typical semantic content
of ground scenes differs from underwater ones.
These methods can be divided into three groups:
methods that use direct simulation (Anwar et al. 2018;
Chang et al. 2019; Hu et al. 2018; Li et al. 2016; Peng
and Cosman 2017; Schechner and Karpel 2004, 2005;
Zhao et al. 2015; Uplavikar et al. 2019; Ding et al. 2019;
Yu et al. 2018; Li et al. 2017; Aranha 2005; Boffety et al.
2012), neural network based methods (Fabbri et al.
2018; Li et al. 2018) and methods using a combination of direct simulation and neural networks (Li et al.
2017). First, let us consider the second group. Methods from this group are based on generative-adversarial
neural networks which are trained to transfer image
style from “ideal” ones (for example, terrestrial images,
as in (Li et al. 2018)) to the target “distorted” underwater ones. Their statement of the simulation problem
in reality is a style transfer problem since no correct

answer is given for the input image, but the goal is to
transform it so that it belongs to some target class of
images without any guarantee the correct colors of the
objects will be obtained in the result.
The methods of the first and the third groups use a
particular physical underwater image formation model,
and the quality of their work depends on the accuracy
of this model. The usage of neural networks, or lack
thereof, have no effect on this fact. Any of these methods can be used and are used to train neural network
algorithms to improve the quality of underwater images
(Anwar et al. 2018; Hu et al. 2018; Uplavikar et al. 2019;
Ding et al. 2019; Yu et al. 2018; Li et al. 2017). Thus,
the improvement of augmentation models leads to an
improvement of the accuracy of underwater image enhancement methods based on neural networks.
In this paper, we study the problem of the effect
of light attenuation simulation underwater based on
terrestrial images. The attenuation coefficient in water is hundreds of times higher than in air which
leads to a decrease in observed brightness of the object when increasing its submerging depth or its distance to the camera. Moreover, light attenuation in
water increases with wavelength which results in color
distortions in underwater images. To simulate the
attenuation of light underwater, the works presented
in the literature use a channel-wise approximation of
the Beer–Lambert–Bouguer law. In this paper, we
show the incorrectness of this approach and propose
a method for the attenuation effect simulation using
spectral models (Nikolaev and Nikolayev 2005; Nikolaev et al. 2006; Nikolaev and Nikolayev 2007). Spectral models allow us to estimate the radiation from the
camera response, imposing model restrictions on the
spectrum. Our proposed approach allows us to achieve
a more accurate simulation of the effect of light attenuation underwater compared to the approach based
on channel-by-channel approximation which is demonstrated by numerical experiments.
CLASSICAL MODEL OF UNDERWATER
IMAGE FORMATION
The authors of the first underwater image formation
models (Jaffe 1990; McGlamery 1980) suggested to consider separately the illumination of the sensor created
by radiation reflected from the scene objects, and illumination which is not directly related to the observed
objects. This additional illumination, provided by the
light scattered by the water, was called “backscattered
light” Fbs .
Considering the radiation that came from objects,
they identified two main components in it. The first
is light reflected from the object (the authors called it
“direct light”) – it gradually weakens in the water and
creates illumination Fd on the sensor. The rate of attenuation of direct light, travelling in the water media,
depends on the wavelength. This is associated with
color distortion amplifying with the distance to the
object. Another component, called “forward-scattered
light” Ff s , represents a small part of the scattered di-

rect light. The article (Schechner and Karpel 2005)
shows that the contribution of Ff s to contrast degradation is much smaller than Fbs , so the component Ff s
can be omitted in simulation, that we do in this paper.
Thus, the final signal is represented as the sum of two
components that are formed independently, namely:
F (~x, λ) = Fd (~x, λ) + Fbs (~x, λ),

(1)

where ~x are the coordinates in the image corresponding
to the direction in which light comes from the scene;
λ is the wavelength. To model the final image, the
expression (1) must be integrated which results in the
final image being the sum of two images:
f~(~x)
f~d (~x)
f~bs (~x)

= f~d (~x) + f~bs (~x),
Z
= Fd (~x, λ) χ
~ (λ) dλ,
Z
= Fbs (~x, λ) χ
~ (λ) dλ,

(2)

where χ
~ (λ) – sensor sensitivity curves. Hereinafter the
integration range is limited by visible spectrum.
According to (2), each component can be modeled independently, so the issues of their modeling can be considered separately from each other. In this paper, using
the direct component as an example, we consider the
problems of underwater color images simulation based
on terrestrial images, and how to solve them using spectral models.
DIRECT LIGHT MODELING
The direct light component is described by the
Beer–Lambert–Bouguer law:
Fd (~x, λ)

= C(~x, λ) T (ρ(~x), λ),

T (ρ(~x), λ)

= e−β(λ) ρ(~x) ,

(3)

where ρ(~x) is the distance between the optical center of
the camera and the object point, projected to a point
~x of the image; C(~x, λ) is radiance of the object; β(λ)
is the attenuation coefficient; and T (ρ(~x), λ) is called
the transmission map of the water media.
From equations (2) and (3), it follows that the direct
light can be modeled as follows:
Z
f~d (~x) = C(~x, λ) T (ρ(~x), λ) χ
~ (λ)dλ =
Z
(4)
= C(~x, λ) e−β(λ) ρ(~x) χ
~ (λ)dλ.
Thus, for modeling the direct light, besides distances
to points in the scene ρ(~x), the attenuation coefficient
of water β(λ), and camera sensitivity curves χ
~ (λ), one
also need to know the spectrum of C(~x, λ) in the visible
range.
In the case of modeling based on terrestrial images,
instead of C(~x,Rλ), only the corresponding sensor responses ~c(~x) = C(~x, λ)~
χ(λ)dλ are known, which does
not allow direct use of equation (4). This leads to an
ill-posed problem of estimating the spectrum based on
the camera response.

In the works (Anwar et al. 2018; Chang et al. 2019;
Hu et al. 2018; Li et al. 2016; Peng and Cosman 2017;
Schechner and Karpel 2004, 2005; Zhao et al. 2015;
Uplavikar et al. 2019; Ding et al. 2019; Yu et al. 2018;
Li et al. 2017) when modeling, the researchers act radically by approximating the expression (3) channel-bychannel which can be written as follows:
~
f~d (~x) = ~c(~x) ⊗ e−β ρ(~x)

(5)

~ – the vector of
where ~c(~x) – sensor response at ~x; β
attenuation; ⊗ – termwise multiplication; e~a – termwise
exponentiation.
From our point of view, this approach is an oversimplification. Even if the approximation of weak dependence of physical effects on wavelength is adequate,
which allows us to switch to scalar expressions for different spectral ranges, we cannot consider that the camera measures radiance in spaced spectral ranges – the
camera spectral sensitivity curves for different channels
significantly overlap (Akkaynak and Treibitz 2018).
Also, in the context of equation (5), the important
question is in which color space the modeling should be
carried out, in the original color space of the camera, or
in some linearly related to it, for example, in the CIE
XYZ space, to which the original color space is usually
converted by some linear transformation. So, if in a
certain colour space the result of the modeling using
equation (5) match the ground truth, obtained according to equation (4), in other linearly connected color
space the error is guaranteed. Therefore for channelwise simulation, it is reasonable to consider which color
space channel-wise approximation is correct. This was
not considered in the previously mentioned works.
In such cases, one should use spectral models that
have already been studied in detail in the field of technical color vision related to the ensuring color constancy (Maloney 1986; Finlayson et al. 1993; Nikolaev and Nikolayev 2005; Nikolaev et al. 2006; Nikolaev
and Nikolayev 2007; Chong et al. 2007; Gusamutdinova
et al. 2017) and solve the previously mentioned problems of channel-wise approximation. According to this
approach, it is necessary to convert the responses of the
camera to the spectra of the incident radiation where
the simulation operations are consistent with the model
of image formation. In addition, the total simulation
error is measured in the initial space of the responses
in order to assess the quality of the approach.
Using an approach based on spectral models, we are
able to achieve more accurate simulation compared to
the approach based on channel-wise model when applied to direct light simulation.
SIMULATION BASED ON
CHANNEL-WISE MODEL
To simulate according to equation (5), one needs to
~ The attenuation vecknow the attenuation vector β.
~
tors β used in works (Anwar et al. 2018; Hu et al. 2018;
Li et al. 2016; Peng and Cosman 2017; Schechner and
Karpel 2004, 2005; Zhao et al. 2015) were not selected

for the reasons of simulation accuracy, so they cannot be used when comparing with spectral methods.
In order to compare the channel-wise and spectral approaches, we consider the following channel-wise model
that does not depend on the specific choice of the at~
tenuation vector β:
f~dCW (~x)
~c(~x)
~t(ρ)

= ~c(~x) ⊗ ~t(ρ(~x)),
Z
= C(~x, λ)~
χ(λ)dλ,
Z
= e−β(λ) ρ χ
~ (λ)dλ.

(6)

SIMULATION BASED ON SPECTRAL
MODELS
In order to directly use equation (4), it is necessary to
estimate the spectrum of Ĉ(λ, ~x) by ~c(~x). The following spectral models are already known from the literature: banded spectral, Gaussian, von Mises (Nikolaev
and Nikolayev 2005; Nikolaev et al. 2006; Nikolaev and
Nikolayev 2007). The use of spectral models for simulating underwater images based on terrestrial images
makes this approach not only consistent with the classic underwater imaging models but also more accurate
than the channel-wise approach which we demonstrate
using the banded spectral model.
Banded spectral model
The key constraint of the banded spectral model
(BSM) is statement that any spectral function C(λ)
can be expressed as follows:
(7)

where ~cBSM – is some constant vector, and ~δ(λ) is a
vector function of the wavelength so that each of its
components are:
(
1, if λ ⊂ ∆i
δi (λ) =
(8)
0, otherwise,
and {∆i } are such that i 6= j : ∆i ∩ ∆j = ∅. Functions
δi (λ) form a basis in the space of spectral functions, and
vector ~cBSM represents the coordinates of the spectral
function C(λ) in the basis.
It can be shown that the transition from the sensor
response space to the parameter space of the banded
spectral model is a linear transformation:
~c = L ~cBSM ,

(9)

where ~c – sensor response; ~cBSM – BSM coordinates;
L – matrix, with each element equals:
Z
Lij =
χi (λ) dλ.
(10)
∆j

~cBSM = L−1 ~c,

(11)

Note that in the case of color space linear conversion,
the matrix L will be changed as follows:
L0 = M L,

Further in the paper, simulation using model (6) will
be referred to as CW based simulation.
When the ranges of sensitivity curves intersect in
modern cameras, this approximation is not correct.
Unless, the restrictions are imposed on the functions
C(~x, λ) and T (ρ, λ).

T
~δ(λ),
C(λ) = ~cBSM

Assuming that L is invertible we get:

(12)

where M is a color space linear transformation matrix.
From equations (11) and (12) it follows that parameters
~cBSM are invariants with respect to the color space
linear conversion.
For a sensor that has an integral for each sensitivity
curve equal to 1, you can get the following properties:
• For all i and j: 0 ≤ Lij ≤ 1.
P
• For every row i:
j Lij ≤ 1.
• If ∀i : Ωi ⊂ ∪j ∆j where Ωi = {λ ∈ R+ : χi (λ) 6= 0},
then
~e = L ~e,
(13)
where ~e = (1 1 1)T .
The latter property shows that a unit equi-energy
spectrum that corresponds to an all-ones vector in the
camera space in the banded spectral representation will
also correspond to a unit equi-energy spectrum. Without loss of generality, we will assume that the integral
for each sensitivity curve is equal to 1.
The coordinates of the spectral function C(λ) in the
spectral parameter space are as follows:
Z
−1
~cBSM = L
C(λ) χ
~ (λ)dλ.
(14)
Multiplication and addition of functions that satisfy the
limitations of the banded spectral model corresponds to
the termwise addition and multiplication of their parameters.
BSM based simulation
Modeling direct light based on BSM can be expressed
as follows:


f~dBSM (~x) = L L−1 ~c(~x) ⊗ L−1 ~t(ρ(~x)) ,
Z
~c(~x)
= C(~x, λ) χ
~ (λ)dλ,
(15)
Z
~t(ρ)
= e−β(λ) ρ χ
~ (λ)dλ.
Further in the paper, simulation using model (15) will
be referred to as BSM based simulation.
As can be seen from equation (10), the L matrix is
determined not only by the sensitivity curves χ
~ (λ) but
also by the intervals of the basic functions {∆i }, which
must be pre-selected. Next, we propose a procedure for
finding the optimal parameters of the spectral model for
simulating direct light.
Optimal parameters determination of the BSM
To find the optimal matrix for BSM, we used the
following algorithm. BSM matrix L depends on the

sensor sensitivities χ
~ (λ) and {∆i } intervals. Let us assume that {∆i } = {[350, λl ], [λl , λr ], [λr , 800]}, where
350 and 800 are chosen as the typical boundaries of the
cameras visible range. Varying λl and λr one can obtain various BSM matrices L(λl , λr ). For the given sensitivities we need to find λl and λr of matrix L(λl , λr )
which will achieve better simulating results.
To find the best parameters we solve the following
optimization problem. For the given sets of spectra
M
{Cn (λ)}N
n=1 , attenuation coefficients {βm (λ)}m=1 and
K
0
0
ranges {ρk }k=1 , we find λl and λr that minimize the
following error function:
λ0l , λ0r = arg min E(λl , λr )
λl ,λr

E(λl , λr ) =

N,M,K
X



BSM
ϕ f~nmk , f~nmk
(λl , λr ) ,

(16)

n,m,k=1

where f~nmk – ground truth response of the sensor χ
~ (λ)
obtained by simulating light Cn (λ) traveled a distance
ρk through a water with attenuation coefficient βm (λ)
BSM
using equation (4); f~nmk
(λl , λr ) – response of the sensor χ
~ (λ) obtained by simulating light Cn (λ) traveled a
distance ρk through a water with attenuation coefficient βm (λ) according to equation (15) using BSM matrix L(λl , λr ); ϕ(·, ·) – reproduction angular error (Finlayson et al. 2017). We solve this optimization problem
by exhaustive search assuming λl < λr .
EVALUATION
To compare the quality of the described simulating
algorithms, we conducted the following numerical experiments. For attenuation coefficients we used the vertical attenuation coefficients of 10 types of Jerlov’s waters (Jerlov 1968) which are illustrated in figure 3. For
each type of water, equation (4) was used to simulate
the ideal direct light of underwater images of the color
target Digital ColorChecker SG (Babelcolor 2005) at
various distances from 1 to 10 meters.
Next, for each type of water, using equations (6) and
(15), we simulated images of the direct light of the
color target for the previously specified distances using the CW based and BSM based algorithms, respectively. The parameters of the BSM were pre-optimized
for the selected sensor for all distances, attenuation coefficients, and reflectances of the color target patches
used as a set of radiations.
Further, for the obtained pairs of ideal images and
images simulated by one of the algorithms, the average values of the angular reproduction error (Finlayson
et al. 2017) for all patches, distances, and attenuation
coefficients were calculated; in addition, for each type of
water, the average reproduction errors for all patches
and distances were calculated separately (see the table 1).
Numerical experiments were performed for two cameras: Nikon D90 and Canon 500D, the sensitivity curves
of which were taken from (Jiang et al. 2013). Sensitivities and calculated optimal BSM parameters of the
cameras are shown in figure 2.

Table 1: Errors of channel-wise simulation using equation (6) (columns “CW”) and simulation based on the
banded spectral model using equation (15) (columns
“BSM”) for two cameras: Nikon D90 and Canon 500D.
The “All” line contains average reproduction errors
(Finlayson et al. 2017) for all water types, for all Digital ColorChecker SG color target patches, and for all
distances from 1 to 10 meters. In the other lines, the
average reproduction errors are shown for each type of
water separately. For each camera, the lowest average
errors in the line are shown in bold.
Nikon D90
Canon 500D
CW
BSM CW
BSM
All 3.10
2.21
3.20
2.44
I
2.91
1.12
2.70
1.62
IA
2.93
1.12
2.71
1.64
IB
2.96
1.13
2.73
1.66
II
2.97
1.13
2.72
1.72
III
2.92
1.24
2.63
1.99
1C
2.75
1.91
2.48 2.76
3C
2.42
2.29
2.41 2.91
5C
1.99 2.65
2.49 2.80
7C
3.10 3.12
3.98
2.78
9C
6.03 6.43
7.10
4.49

According to the table 1, the proposed method when
compared to the channel-wise one shows better results.
So, for all oceanic water types (see lines “I”, “IA”, “IB”,
“II”, “III”), average reproduction angular errors of the
BSM based algorithm (columns “BSM”) are less than
the corresponding errors of the CW algorithm (columns
“CW”). For Nikon D90 on the “7C” water type, the difference between algorithms errors are negligible (0.02
degrees), and for the “9C” water type, the errors for
both are quite large (more than 6 degrees). I.e. for the
Nikon D90 camera, the proposed method significantly
worse on the water type “5C”, and for the Canon 500D
camera – on the water types “1C”, “3C”, “5C”. The water
types in the lower half of the table are coastal, where
a significant drop in brightness is observed at distances
around 3m, which isn’t taken into account by reproduction angular error. We believe that in such cases,
it is reasonable to use metrics that take into account
errors not only in chromaticity but also in brightness.
This can significantly change the estimated accuracy
of algorithms for these water types. In any case, for
Nikon D90 and Canon 500D, the reproduction angular
errors of the BSM based algorithm averaged for all water types, are less than ones of the CW based algorithm
by 29% and 24%, respectively (see row “All”).
CONCLUSION
It is shown that in modern works when simulating the
direct light component of underwater images based on
terrestrial images, the question of correctness and accuracy of the channel-wise approximation of model (4) is
omitted. This paper shows that using spectral models,
it is possible to solve these problems. In particular, us-

(a) Nikon D90 BSM parameters: λl = 513, λr = 583.

(b) Canon 500D BSM parameters: λl = 503, λr = 579.

Figure 2: Sensitivities and calculated banded spectal model parameters for Canon 500D and Nikon D90 camera.

Figure 3: Downwelling attenuation coefficients Kd (λ)
of 10 Jerlov Water Types (Jerlov 1968), used as attenuation coefficients in the numerical experiments.

ing the example of the proposed simulation algorithm
based on banded spectral model (15), we were able to
show that the average accuracy of the color reproduction of the proposed method is higher than that of the
algorithm based on channel-wise model (6).
In the future, we plan to develop algorithms for simulating underwater images based on terrestrial images
using spectral models and study properties of these
algorithms using numerical experiments on a larger
dataset.
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