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Abstract—This paper presents a new approach of image
decomposition for underwater target detection by inhomogeneous
illumination based on G-Space and Partial Differential Equa-
tion(PDE). Underwater target images with high contrast visibility
(less back-scattering) can be obtained within the inhomogeneous
illumination field which power density is allocated inversely
propotional to the rule of the light attenuation in water medium.
Then the image f is decomposed into a sum of two functions
u + v, where u component is modeled by a function of bounded
variation (a cartoon or sketchy approximation of f), while v
component representing the texture or noise is modeled by an
oscillatory function. In this paper, the Vese-Osher(VO) model and
Mumford-Shah-G(MS-G) model based on G-Space and PDE are
introduced for texture image extraction. And the experimental
results show that it’s effective to obtain the cartoon and texture
components as well as edge component of the underwater targets
by MS-G model, which can be applied to further procedures such
as image reconstruction and object recognition for underwater
target detection.

I. INTRODUCTION

Because of the absorption and scattering which are gener-
ated by the suspended particles during light transmission for
underwater target detection, illumination is attenuated rapidly
and the back-scattering induces background noise in the image
while the forward-scattering yields to blurring of the image.
In fact, for underwater homogeneous illumination or laser, the
strong back-scattering is mainly generated at the range close
to the detector, yielding low visibility. Therefore, we proposed
a new approach for underwater target detection by inhomoge-
neous illumination, which intensity distribution relates to the
attenuation pattern of light transmission with an inverse form
as illustrated in Fig. 1. And it is proved effective to decrease
the back-scattering within a wide field-of-view(FOV) which
improves image contrast as the energy visibility is hold the
same time by our pool and sea experiments. [1] [2]

Based on the theory of inhomogeneous illumination field,
we build the underwater target detection system including
underwater image acquisition by inhomogeneous illumination,
image transmission and image processing as shown in Fig. 2.
For underwater target detection, the image processing task is
to extract the most meaningful information from underwater
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Fig. 1.

The intensity distribution of light source

images. Therefore, we aim to decompose the underwater im-
age into cartoon(structure) and texture, which is an important
issue for further procedures such as image reconstruction as
well as object recognition.

PDE-based decomposition is employing the total variation
energy to split an original image into the structural part and
textural part. [3] [4] [5] [6] [7] Given a real image f, and it
is decomposed as f = u + v, where u component is modeled
by a function of bounded variation (a cartoon or sketchy
approximation of f) carrying geometric information, while v
component is modeled by an oscillatory function representing
the texture or noise which are characterized as repeated and
meaningful structure of small patterns.

In this paper, the Vese-Osher(VO) model and Mumford-
Shah-G(MS-G) model based on G-Space and PDE are in-
troduced for texture image extraction. And the experimental
results show that it’s effective to obtain the cartoon and texture
components as well as edge component of the underwater
targets by MS-G model, which can be applied to further pro-



Underwater Image Acquisition

Image Transmission

Image Processing

Fig. 2. Underwater target detection system

cedures such as image reconstruction and object recognition
for underwater target detection.

II. UNDERWATER TARGET DETECTION BY
INHOMOGENEOUS LLUMINATION

The image quality obtained by underwater imaging system
mainly depends on contrast visibility. Increasing the illumina-
tion power will result in the enlargement of the back-scattering
power. Therefore increasing the energy visibility alone has
little contribution to improve the image quality. Because
general underwater imaging system use uniform illumination
source, strong background of back scattering at short range
is inevitable. We proposed a new theory of inhomogeneous
illumination field which power density is allocated inversely
proportional to the rule of the light attenuation in water
medium and the corresponding imaging system was designed.

As illustrated in Fig. 3, a concentrated light beam illumi-
nates the space in underwater by a reflector. A CCD detector
is located at a distance Sy to the rotating axis of the reflector,
whose receiving axis is vertical to the concentrated light beam
axis OO’, toward the inhomogeneous illumination field with
target C. We set a coordinate system (X,Y,Z) originated
at C, and let Z be coincident with the detection axis M IN.
Y is vertical to the plane XC'Z. YCX forms a detection
plane whose center is coincident with light center. Because the
angle brightness is in accordance with exponential decaying
distribution, the intensity of illumination (illumination field
E) on YCX is also in accordance with exponential decaying
distribution along X and Y. There will be a small-angle high
density illumination power at large distance. Detection axis
MN intersects with beam at short distance D where the
density power is low at a large angle of the concentrated light
beam. Therefore the illumination field E varies along Z axis
according to exponential decaying distribution. Within such
inhomogeneous illumination field, the back-scattering light is
weak at short range because of the low power density of
illumination, while the high power density occurs at large
range, but the scattering light will be attenuated during the
transmission and become too weak to be detected by the
receiver. The sensing scheme is indenpendent to view angle
and depth of field.

Within such an inhomogeneous illumination pattern, the
contrast visibility is improved so that a normal receiver can
work in a broad dynamic scale and the energy visibility is
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Fig. 3. Underwater target detection by inhomogeneous illumination

improved so that good image quality is got at near distance.
The working range of the system can be up to the level of
watts-scale laser scanning imaging system.

III. G-SPACE AND PDE THEORY
A. The spaces BV and G

The Banach space BV, also known as the space of functions
with bounded variation in mathematical analysis, plays an
important role in image processing because such functions are
allowed to have discontinuities and hence keep edges. It can
be defined as: [8]

Definition 1: Assumed u € L', and the total variation of u
is

i L GeChEMRY,

TV (u) := sup {/u div(g) : 5(2) < 1 for all 7 € R"
ey
where | - | denotes the Euclidean norm. Also, u € BV if

lullgv == Jlu|lpr + TV (u) < oo. In equation (1), § €
C} (R™;R™), the set of continuously differentiable vector-
valued functions, serves as a test set for w. If u is in the
Sobolev spaces W' or H!, it follows from integration by
parts that 7'V (u) is equal to [ |Vu|, where Vu is the weak
derivative of u. However, the use of test functions to define
TV (u) allows u to have discontinuities. Therefore, BV is
larger than W' and H'. Equipped with the || - || gy-norm,
BV is a Banach space.

BV (Q) with Q being a bounded open domain is defined
analogously to BV with L' and C} (R™;R™) replaced by
L' (Q) and C} (€;R™), respectively.

Definition 2: Let G denote the Banach space consisting of
all generalized functions v(x, y) defined on R™, which can be



written as

(R™;R")
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Its norm ||v||g is defined as the infimum of all L>° norms

of the function |g| over all decompositions (2) of f, where

G(z,y)| = Vgi(z,y) + g5(z,y). [9] G is the dual of the

closed subspace BY of BV, where BY := (|[Vf| € L').

An immediate result of the above definitions is that

/“”_/ /W F<TVWolle  ©)

holds for any u € BV with compact support and v € G. And it
shows that (u, v) is an extremal pair if (3) holds with equality.

The use of the space BV and the total variation semi-
norm in image processing goes back to ROF model [4] for
removing noise from images. Among the TV(Total Variation)-
based cartoon-texture decomposition models, the VO model
based on G-Space is typical and classic.

B. Veso-Osher model

Motivated by the definition of spaces BV and G, Vese and
Osher proposed the following texture model: [5]

inf {Gp(u,gl,gg) :/|Vu|
u,g91,92

+)\/|ffu78ajgl fﬁygg|2dxdy

P g
+h [/ (x/g% +g§> dxdy} }
“4)
where A, > 0 are weight parameters, and p — oco. The first
term of (4) is a regularizing term to remove noise or small

details; the second term in the energy is a fidelity term which
can keep important features and sharp edges. Moreover, here

7= (91,92): |9(z,y)| = /i (x,y) + g3 (x,y). and g contains

the texture component of the real image (including noises).
In R? minimizing Veso-Osher (p = 1) with respect to u,

d = (g1, g2) yields the associated Euler-Lagrange equations:

w=f— g1 — dgs + dw(v“) 5)

|Vl
1-p p—2
u(H\/grf'ﬂJ% ) (\/g%+9§) g =
P

0
2X [(%c(u — )+ 02,.91+9 yQQ] (6)
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) (x/g% + g%) 92 =
p

0
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And it is proved that different values of positive parameter
p have little effect on the result. [5] Therefore, considering the
computing complexity, we let p = 1.

v(w,y) = 0zg1(%,y) + 9yg2(x,y) 91,92 € L™

u(H\/ngrQS

C. Mumford-Shah-G model

Mumford-Shah-G(MS-G) model is presented [3] [7] for
eliminating the staircase effect induced by VO model which
makes non-edge not smooth in the image. The MS-G model
combines the Mumford-Shah model describing the cartoon
component by piecewise smooth functions and G space de-
scribing the texture component by oscillating functions. The
minimizing energy formation of MS-G model is:

Gp(uaw7gl792) :Oé/(l
Q

—I—)\/ lf —u—0sn —8yg2|2dxdy
Q
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where u and g is described the same as that in VO model, and
w is described as the edge function of the image. w(z,y) ~ 0
denotes that (x,y) is not the edge point while w(x,y) ~ 1
denotes that (x,y) is the edge point. The first term of (8)
is the smoothing constraint for cartoon(structure) components
of non-edge points; the second term is the data dependence
which needs the decomposition error small enough; the third
term is the oscillating constraint of texture components which
needs the norm of obtained texture parts small enough in the
G space; and the last term needs the edge simple enough and
the edge function closes to 0 or 1 as far as possible.

It is solved by variational method to get the Euler-Lagrange
equations as follows:

aV [(1 —w)?Vu
f—u=091 + 0yg2 — I 3 ) ] 9)
g9 (u—f)
um =2\ {&E + 02,01+ 02,92 (10)
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Since M-S model explicitly describes the cartoon compo-
nent as piecewise smooth functions and applies L? norm to
constraint the gradients of non-edge pixels, it can avoid the
staircase effect. Furthermore, the oscillating characteristics of
texture functions defined by G space ensure that the resultant
cartoon component contains less texture information.

IV. EXPERIMENTAL RESULTS

For underwater target detection by inhomogeneous illumi-
nation, we use iron pipe and scale board as targets in the sea,
which are shown in Fig. 4.

We put them into the sea and detect them by our imaging
system based on the theory of inhomogeneous illumination
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Fig. 4. Underwater targets
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Fig. 5. Underwater target images

field. After the underwater image acquisition and image trans-
mission illustrated in Fig. 2, we got the target images as Fig. 5.

Then we use VO model and MS-G model to decompose
Fig. 5(a) and Fig. 5(b) respectively, and the results are shown
in Fig. 6 and Fig. 7.

For iron pipe in the sea shown in Fig. 5(a), we can see the
corrosion and 1mm wide-scale ring more clearly from MS-G
texture image Fig. 6(f). And about the scale board in the sea
shown in Fig. 5(b), we can get more detailed scale information
from MS-G texture image Fig. 7(f). Besides, we also obtain
the contour of the targets by Fig. 6(d) and Fig. 7(d).

V. CONCLUSION

In this paper we propose a novel method of image de-
composition for underwater target detection by inhomoge-
neous illumination based on G-Space and Partial Differential
Equation(PDE). We use M-S model to describe the cartoon
component as piecewise smooth functions and applies L2
norm to constraint the gradients of non-edge pixels, and the
oscillating characteristics of texture functions defined by G
space to ensure that the resultant cartoon component contains
less texture information. The experimental results also show
that it’s effective to obtain the cartoon and texture components
as well as edge component of the underwater targets by MS-
G model, which can be applied to further procedures such
as image reconstruction and object recognition for underwater
target detection.
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(a) original image (b) VO cartoon (c) VO texture
(d) MS-G edge (e) MS-G cartoon (f) MS-G texture

Fig. 6. TIron pipe



(a) original image (b) VO cartoon (c) VO texture

(d) MS-G edge (e) MS-G cartoon (f) MS-G texture

Fig. 7. Scale board
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