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Abstract—Underwater object detection and segmentation has
been attracting a lot of interest, and recently various systems have
been designed. In this paper, we introduce a novel technique to
automatically detect and segment objects from underwater im-
ages via saliency-based region merging. The method is composed
of three main steps. Firstly, a salient object detection model is
used to detect the position of salient objects in underwater image.
Secondly, background prior is applied to determine the approx-
imate background location. Thirdly, the region merging based
interactive image segmentation method is improved by adding
the determined object and background location information as
the user inputs so that the algorithm becomes automatic. The
experimental results show that it’s efficient to segment objects
from the underwater image by the proposed method.

I. INTRODUCTION

Recent years have witnessed rapidly increasing interest in
underwater object detection and segmentation. It is motivated
by the importance of underwater object detection and seg-
mentation in applications such as in maintenance, repair of
undersea structures, marine sciences, and homeland security.

Several underwater object detection and segmentation sys-
tems have been designed successfully. Kabatek et al. [1]
did the research on underwater objects detection for electro-
optical imagery data. Williams et al. presented a method for
underwater target detection using context in [2]. Shen et al. [3]
realized a successful system of moving object detection. An
underwater acoustic image segmentation is proposed based on
deformable template [4]. In [5], an efficient and fast underwater
image segmentation method using thresholding with class 3
fuzzy C-means clustering and CLAHE enhancement method
was proposed.

These methods have their own advantages and disadvan-
tages, and none of them works equally well for all kinds
of images. It is difficult to detect and segment objects in
underwater environment without the details of the objects.
Also, in the underwater object detection task, the decayed color
and the haze effect would significantly decrease the contrast
between the object and the background. Many traditional
object detection methods are distorted and can hardly be taken
for precise object detection.

After a long period of evolution, research on saliency
detection has developed greatly. In salient object detection
task, we only focus on the most salient objects in images.
Though the underwater image is blurry and low contrast, we
can still detect the position of relatively salient objects using

salient object detection method. The leading method of all the
benchmark salient object detection and segmentation methods
in [6] is a discriminative regional feature integration (DRFI)
approach [7]. Instead of purely relying on the cues extracted
only from the input image, DRFI resorts to human annotations
to automatically discover feature integration rules, thus is more
effective in detecting underwater objects than existing models.

The background prior, which assumes that the area in
the narrow border of the image belongs to the background,
performs very robust in many detection tasks. So we use back-
ground prior to determine the background location information
in underwater images.

Recently, semi-automatic segmentation techniques that al-
low solving moderate and hard segmentation tasks via user
inputs are becoming more and more popular. Since object
information can be obtained by salient object detection method
and background information can be extracted by background
prior, the semi-automatic segmentation method can then be
improved to be automatic using the determined object and
background location information instead of user inputs.

The framework of our proposed method is shown in Fig. 1.
Firstly, the dark channel prior [8] is applied to enhance the
image by removing the “haze” that makes the underwater
image unclear. Then, for detecting salient objects in the
enhanced image with complicated background, we choose
DRFI [7] model to generate the saliency map containing
“saliency values” per pixel. And the obtained saliency map
is further processed to determine the location information
of object and background. Finally, the maximal similarity
based region merging (MSRM) method [9] is improved to be
automatic by adding the determined object and background
location information as the user inputs.

II. METHOD

A. Dark channel prior algorithm

The dark channel prior was proposed to remove haze
from a single input image [8]. It is based on the following
observation on haze-free outdoor images: in most of the non-
sky patches, at least one color channel has very low intensity
at some pixels. In other words, the minimum intensity in such
a patch should has a very low value. Formally, for an image
J, its dark channel is defined as

Jdark(x) = min
c∈{r,g,b}

( min
y∈Ω(x)

(Jc(y))) (1)
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Fig. 1: The framework of our proposed method for object detection and segmentation from underwater images.

where Jc is a color channel of J and Ω(x) is a local patch
centered at x. Except for the sky region, the intensity of Jdark

is low and tends to be zero, if J is a haze-free outdoor image.
And the above statistical observation or knowledge is called
the dark channel prior.

In computer vision and computer graphics, the model
widely used to describe the formation of a haze image is as
follows:

I(x) = J(x)t(x) +A(1− t(x)) (2)

where I is the observed intensity, J is the scene radiance, A
is the global atmospheric light, and t is the medium trans-
mission describing the portion of the light that is not scat-
tered and reaches the camera. The goal of haze removal is to
recover J, A, and t from I.

Using the haze imaging Equation (2) and the dark channel
prior together, the final scene radiance J(x) can be derived as:

J(x) =
I(x)−A

max(t(x), t0)
+A (3)

A typical value of t0 is 0.1.

The dark channel prior is effective for a variety of hazy
images while it maybe invalid when the scene objects are
inherently similar to the atmospheric light and no shadow is
cast on them.

The underwater images are similar with the haze images
as they are all degraded by medium. Besides, they doesn’t
conform the failure condition. Therefore, dark channel prior
algorithm can be used to remove the haze in underwater
images. Fig. 1(b) shows an example of the result processed
by the dark channel prior.

B. Discriminative Regional Feature Integration (DRFI) algo-
rithm

Salient object detection method can be used to approx-
imately obtain the location of the foreground, in terms of
saliency map, from an image where the foreground would draw

the attentions of humans at the first sight of an image. In prac-
tice, salient object detection methods are commonly used as
a first step of many applications including object recognition,
object segmentation, object tracking and so on. Recently, a lot
of research efforts have been made for saliency computation. A
comprehensive survey of salient object detection can be found
from [10].

Jiang et al. [7] address the salient object detection problem
using a discriminative regional feature integration (DRFI)
approach. It integrates the regional contrast, regional property
and regional backgroundness descriptors together to form the
master saliency map, thus can deal with the challenging cases
such as detecting salient objects from low-quality underwater
images. Fig. 1(d) shows an example of saliency map generated
by DRFI.

C. Object and background determination

For each pixel in the saliency map, the higher of the
value, the more salient of it in the original image. In other
words, normally, for an image, pixels which have higher
values in the corresponding saliency map belong to objects.
Therefore, pixels whose values in the saliency map are greater
than a certain threshold can be taken as object pixels. The
Otsu method [11] is adopted to compute the threshold from
the saliency map for the determination of object location
information.

The background prior assumes that the image boundary
is mostly background, so we take pixels in the 6-pixel wide
narrow border region of the image as background pixels.

In Fig. 1(e), we use marks to indicate the object and
background location information. The white parts are the
object markers while the gray parts in the image boundary are
the background markers, the remaining black parts are non-
marked.

D. Mean-Shift oversegmentation

An initial segmentation is required to partition the image
into homogeneous regions for merging. Any existing low
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Fig. 2: Qualitative comparison: (a)(d)(g) Original image. (b)(e)(h) Our segmentation result. (c)(f)(i) Human labeled map.

level segmentation methods, such as mean shift [12], [13],
watershed [14], SLIC [15] and Turbopixel [16], can be used for
this step. In this paper, we choose to use the mean shift method
for initial segmentation because it has less over segmentation
and can well preserve the object boundaries. Fig. 1(c) shows
an example of the mean shift initial segmentation.

E. Object and background marking

For each region in the oversegmented result (Fig. 1(c)), we
regard it as background region (denoted by MB) if there is at
least one background pixel in it, then, a region is regarded as
object region (denoted by MO) if the number of object pixels
in it accounts for more than 10% of the region area. If there
is neither object nor background pixel in one region, we call
it non-marker region, denoted by N . Now the whole image is
divided into three parts: MO, MB , and N .

F. Maximal-similarity based region merging

After mean shift initial segmentation, we have many small
regions available. To guide the following region merging
process, some descriptor for representing these regions and
a rule for merging are needed.

1) Region representation: The initially segmented small
regions of the desired object often vary a lot in size and shape,
while the colors of different regions from the same object will
have high similarity. Therefore, the color histogram is used to
represent each region in this paper. We uniformly quantize each
color channel into 16 levels and then the histogram of each
region is calculated in the feature space of 16×16×16 = 4096
bins. Denote by HistR the normalized histogram of a region
R.

2) Similarity measure: A similarity measure ρ(R,Q) be-
tween two region R and Q is defined to accommodate the
comparison between various regions.

ρ(R,Q) =

4096∑
u=1

√
HistuR ·HistuQ (4)

3) Maximal similarity based merging rule: Let Q be an
adjacent region of R and denote by S̄Q = {SQ

i }i=1,2,...,q

the set of Q’s adjacent regions. The similarity between Q
and all its adjacent regions, i.e. ρ(Q,SQ

i ), i = 1, 2, . . . , q, are
calculated. Obviously, R is a member of S̄Q. If the similarity
between R and Q is the maximal one among all the similarities
ρ(Q,SQ

i ), we will merge R and Q. The following merging rule



is defined:

Merge R and Q if ρ(R,Q) = max
i=1,2,...,q

ρ(Q,SQ
i ) (5)

4) The merging process: The whole region merging pro-
cess can be divided into two stages. In the first stage, merging
non-marker regions in N with marker background regions
in MB . In the second stage, merging non-marker regions
in N adaptively. Fig. 1(f) shows an example of the final
segmentation result after region merging.

III. EXPERIMENTAL RESULTS

Fig. 2 shows three examples of the results: (a), (d) and (g)
are original images captured from underwater videos, (b), (e)
and (h) are the final segmentation results, while (c), (f) and (i)
are ground truth labeled by human.

As can be seen, (a) contains two objects, while (d) and
(g) each contains one single object. The background in these
images are all complex and have low contrast with the objects.
From the segmentation results, we can see that our method
can deal with the challenging cases where the background
is cluttered and segment the right number of objects in all
these images. Also, most meaningful object information can
be extracted. However, it fails at some details such as the fish
tail part in all these images, since the fish tail shares more
commons with the underwater background both in color and
luminance.

IV. CONCLUSION

In this paper, we address the underwater object detection
and segmentation problem using a saliency-based region merg-
ing approach. The success of our approach stems from three
key factors. One is that we introduce salient object detection
method to determine the spatial location of salient objects in
blurry and miscolored underwater image. The second one is
that we apply background prior to determine the background
location information. The last one is that we integrate semi-
automatic region merging framework and the object and back-
ground location information into a new automatic framework.
The experimental results prove that the presented method is
valid.
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