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Abstract. A method to estimate the relative depth of objects in an
underwater environment is presented. The method uses as a depth cue

the color of the objects without considering the degradation produced by
the scattering and attenuation factors. To establish a relationship of the

color intensity values, two images of the objects under different conditions

are needed. In our case, one image is taken outside the water and the

other underwater. For the preliminary experiments, we have generated
underwater images from non-aquatic images with known range maps.
We then apply our model to estimate the relative depth of the simulated

underwater image. To evaluate the performance of our method, we first

normalize both the resulting range map and ground truth range map
and compared them.

1 Introduction

As underwater applications are becoming more feasible by current technology,
the connection between depth perception and the actions to be taken in this

kind of environments is fundamental. A great number of research works have

focused on the development of underwater devices that autonomously can re-

collect, analyze and interpret information from this type of ecosystems. In this

trend, the use of vision systems for aquatic robots ([1], [2], [3]) has become cru-

cial for many underwater inspection and observation tasks. Unfortunately, the

physical properties of underwater environments impose severe limitations on the

quality of optical imaging due to the attenuation and scattering of light; and the

living organisms in water. Furthermore, the time of the day and cloudiness of

the sky have a great effect on the nature of the light available. Ambient light is
practically nonexistent after few meters of depth due to the rapid attenuation

of electromagnetic radiation underwater. The light undergoes scattering along

the line of sight. The result is an image that is color depleted, blurry and out

of focus. By 3m in depth there is almost no red light left from the sun. By 5m,

orange light is gone, by 10m most yellow is also gone. By the time one reaches

25m only blue light remains [4]. Since many of the above factors are constantly
changing, we cannot really know all the effects of water.

Some research works have proposed different ways to model the physical in-

teraction of light in water [5], [4], [7]. However, if we want to have a more realistic
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model, we need to take into account other factors, such as all possible interac-

tions of light sources with the objects; the analysis of the chemical components

present in water depending on its source (e.g., lakes, rivers, ocean or even artifi-
cial pools). Clearly, we are in front of a very complex situation, as many different

parameters (whose values are typically empirically assigned) need to be consi-
dered. In order to avoid this, it is common to assume aspects about the patterns

present in the images to be analyzed and also about the environment on which
they were captured. In this trend, some methods try to enhance visibility by de-

creasing the optical effects of scattering [6]. Another related application of such
models is the color correction of images [7], [8]. In general, by understanding
these models, we can be able to artificially generate images having an aquatic
appearance from images taken on the surface. This is useful to perform analysis
and recognition tasks on the patterns in the images and be able to estimate
depth information, which is our main interest.

In this work, color information is used as a depth cue. First, we use the model

proposed by Schechner and Karpel in [7] to artificially generate aquatic images.
Once we have two images from the same scene, but under different conditions,
we can estimate the relative depth information of each object in the underwater
scene. To achieve this, we propose a depth estimation model based on the ideas

presented in [6].

This paper is structured as follows. Section 2 presents the image formation
model for aquatic images. In Section 3, we describe our method to estimate

relative depth information from underwater images. Section 4 tests the proposed
method on different generated underwater images. Finally, in Section 5 we give
some conclusions and future directions.

2 The Image Formation Model for Underwater Images

The first step in the development of this work is to implement a simple model of
underwater image formation. The understanding of certain properties observed
in the aquatic images obtained from this model will help us to define an efficient
method for depth estimation of underwater scenes.

In the formation of underwater images two main sources of light are present;
the radiance of the objects in the environment and the ambient light. They both
give as a result the characteristic tones existing in photos taken underwater.

In general, the signal is composed by two components denominated direct
transmission and forward scattering. During the propagation of light rays coming
from the objects to the camera, part of the energy is lost due to the scattering
and the absortion. The component that represents these two factors is called
direct transmission and is given by

D= LobjecteBz (1)

where ẞ is the attenuation coefficient and Lobject is the radiance of the object.
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The component of forward scattering is similar to the direct transmission

component. However, the forward scattering component generates blurred ima-
ges given by the following convolution

F= D*g9z (2)

where D is given by Eq. (1) and g₂ is a point scattering function (PSF). The
PSF is parametrized by the distance z. For this reason, objects located at far
distances look blurrier than near objects. An example of a PSF is given by

9z = (e-7² -e~B²)F-1{G₂} and Gz=e-Kzw (3)

where K > 0 and y is a heuristic constant, F-1 is the Fourier inverse transform,
and w is the spatial frequency in the image plane.

Taking into account the direct transmission and the forward scattering, the
signal can be defined as S = D + F. And defining Leffective as

Lreffective
object = Lobject + Lobject * gz

we obtain that the signal is given by

(4)

S=e-BzLeffective
object (5)

On the other hand, the second component of the model is given by the

backscattering that comes from the ambient illumination, from [7], the total
backscattering is given by

Boo(1-e-Bz) (6)

Therefore, taking into account the signal and the backscattering, the total

irradiance of the image is given by

rtotal = S+B =e-Bz  Leffective +Boo(1-e-Bz) (7)

Using the model described by Eq. (7) we can obtain simulated aquatic ima-

ges by using an image taken on the surface and its associated range map. We

have implemented this model and show some examples. We use the Middlebury¹
dataset in all our experiments. The original intensity images are depicted in the

left column of Figure 1 and in their right are the associated range images. Some

examples of the resulting aquatic images are shown in Figure 2 after applying
the model explained above with the following parameters: B= [48, 250, 255]
and ẞ = [0.4, 0.0991, 0.0348]. It can be noted that the images take a blue tone

which is characteristic of underwater images. Also, it can be noted the effect

that far objects look blurrier than near objects.

We will use this image formation model to simulate aquatic images and be
able to validate our depth estimation model, which is described next.

1 http://cat.middlebury.edu/stereo/data.html
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Fig. 1. Two examples of the original intensity images with their associate range images.

3 The Proposed Depth Estimation Model

Based on the comparative analysis carried out between the generated aquatic
images and real aquatic images, some simplifications can be made to define our

depth estimation model. The first simplification is that the forward scattering
does not affect in a considerable manner. This is reasonable when the underwater

illumination conditions also do not vary considerably in a given period of time.

Thus, the Eq. 7 can be simplified for each of the RGB channels and is given by

ER=IoReBrd + AR(1 -e-PRd)

EG = Ioge-BGd + AG(1-e-Bad)

Ев = Гове-Bad + AB(1 - e-Bad

(8)

where I = [IOR, JOG, IOB] represents the pixel values in the image taken outside

the water, B= [BR,BG, ВB] contains the degradation coefficients for each of the

color channels. An important aspect to note here is that the three degradation
coefficients are different, but they remain constant through all pixels in the

image. On the other hand, A = [AR, AG, AB] contains the color values of the

pixels that have an infinite distance to the camera. Therefore, considering the
total radiance of the image in the red channel, we have

ER= AR-(IOR- AR)e-Brd
ER- AR= (IOR- AR)e-Brd

e-BRd ER-AR
IOR-AR
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Fig. 2. Simulated aquatic images after applying the image formation model to the
images in Figure 1.

In similar way we can obtain the formulas for the green and blue channels:

e-Bcd EG- AG
IoG- AG

e-BBd EB- Ав
ов - Ав

(10)

(11)

By dividing Eq. 9 and Eq. 10 and, considering that the value of ẞ for each
color channel is different, we have that

R1=e-(BR-BG)d (ER-AR)(IOG - AG)
(12)

(IOR- AR)(EG- AG)

And applying the natural logarithm to Eq. 12:

ln(R1)= -(BR - Bc)d = In
[(ER - AR)(IoG- Ac)]

[(IOR - AR)(EG- Ac)]
(13)

Now, if we calculate In(R1) for two pixel points i, j of the image and compute

their ratio, we can obtain the relative depth for the two points in the scene.

ln(Ri)z

In(R) Zj
(14)

Therefore, the relative depths for all pixels in the aquatic image can be cal-
culated by knowing the intensity values (in the three color channels) of the non-

aquatic image. Given that the computation of Eq. 14 for one pixel can contain

certain level of perturbation, we made the model more robust by calculating

In(R) Zi

j=N

In(R)
(15)

=N
where 0 z; is an arbitrary constant that represents the sum of the distances
of all pixels in the image.
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An important aspect of the depth estimation method is that it obtains three

estimates for each pixel by calculating R1 as the ratio between (9) and (10),

between (9) and (11), and also between (10) and (11), thus we have that

R₁ = e-(BR-BB)d_ (ER- AR)(Iов - AB)
(IOR - AR)(EB- АB)

R₁ = e-(BG-Bn)d_ (EG- AG)(Iов - Ав)
(IOG - AG) (ЕВ - Ав)

4 Experimental Results

(16)

(17)

In this section, we present some of the experimental results obtained after using
our depth estimation model. We carried out several tests on different images by

assigning different values to the degradation coefficient and compare the results.

In Fig. 3 we show two different scenes with two different degradation coef-

ficients each. The first and third images in the left column are the generated

aquatic images after applying the image formation model with degradation co-
efficient ẞ = [0.4,0.0991,0.0348] to the original images in Fig. 1. These images

correspond to Case I. Here, the maximum distance to an object in the image is
0.8m. The second and last images in the left column are the simulated images

when using B = [0.1,0.05,0.005] and corresponds to Case II. The middle column

shows the estimated range maps for each of the image at the left, after applying
our model. In order to evaluate the performance of our method, we compute the

histograms of the residual errors of the estimated depth values and ground truth

range after normalization. The corresponding error histograms are shown in the

third column, the x-axis represents the residual errors while the y-axis are the

number of pixels with same residual error. For Case I, the highest frequencies

are accumulated in the smallest residual errors, thus indicating a good result.
For Case II, it is more noticeable the color loss in the objects due to the high

degradation coefficient used. This is reflected in the histogram as there exist a

considerable amount of pixels whose residual errors are bigger than the previous

case. These pixels are located mainly in the background regions of the scenes.

From the results presented several important aspects can be noted. In prin-

that in all cases, the estimated depth for images with lowerciple, we can see

level of degradation is very close to the original value. Second, we can observe

that our model does not perform well when dealing with objects with texture in

their surface. On the other hand, we see that the positional relationship between
objects in the estimate scene, is quite similar to that of the original range image.

We can find some advantages by using our method. First, we do not require
the typically stereo vision system to estimate depth. This is particularly diffi-

cult in underwater images as corresponding features are difficult to match. Our

method only needs to know a priori the color appearance of objects outside the
water. Then, together with its underwater version we can estimate the relative

depth information. While this restriction can be seen as a disadvantage, it is
important to mention that it actually depends on the final task to accomplish.
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Fig. 3. Experimental results for the depth estimation model. The input aquatic images

are in the first column. The resulting depth maps in the second column and in the third,

the error histograms when compared to ground truth range maps (shown in Fig. 1.)
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In our case, previously known objects (landmarks) will be located in the under-

water environment to help a robot to autonomously navigate to a given goal.
Another advantage of the model is that having different values for the degra-

dation coefficients at each RGB channel, we can estimate three range maps for

one image and eliminate an important amount of the errors present when using
only one estimation. These calculations are simple and therefore the execution

time is short. This is particular important for real-time applications, especially
in underwater environments, where the camera cannot be fixed.

5 Conclusions

We present a method to estimate the relative depth of objects in aquatic images.
To evaluate the performance of our method different tests were carried out under

different scenarios. On one hand, an image formation model to simulate aquatic

images was implemented that reflects the three main factors affecting the light
propagation in this type of ecosystem. The photometric characteristics present
in the simulated aquatic images, after applying this model, are similar to those
observed in images taken underwater. On the other hand, we have developed a

depth estimation model based on the image formation model with some simpli-
fications, such as not taking into account the forward scattering present in real

aquatic images and considering the color intensity values as a depth cue. In gen-

eral, we obtain a good estimation of the relative depth of objects in underwater

scene, even when testing with images that include this effect. The results are
specially good in textureless objects, with few variation in the color intensities.
Future work involves using real underwater images to evaluate our model.
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