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ABSTRACT

Saliency cuts aims to segment salient objects from a given saliency
map. The existing saliency cuts methods focus on dealing with
RGB images and videos, but ignore the exploration of depth cue,
which limit their performance on RGB-D images. In this paper, we
propose a novel saliency cuts method on RGB-D images, which
utilizes both color and depth cues to segment salient objects. Given
a saliency map, we first generate segmentation seeds with adaptive
triple thresholding. Next, we extend GrabCut by combining depth
cue, and use it to generate a roughly labeled map. Finally, we
refine the boundary of the salient object adaptively, and produce an
accurate binary mask. To the best of our knowledge, this method
is the first specific saliency cuts method for RGB-D images. We
validated the proposed method on the largest RGB-D image dataset
for salient object detection, named NJU2000. The experimental
results demonstrate that our method outperforms the state-of-the-
art methods.

CCS CONCEPTS

« Image Processing and Computer Vision — Segmentation;

KEYWORDS

Saliency cuts, RGB-D image, depth-aware GrabCut, adaptive bound-
ary refinement

ACM Reference format:

Yuantian Wang, Lei Huang*, Tongwei Ren, Yunfei Zhang. 2017. Saliency
Cuts on RGB-D Images. In Proceedings of ICIMCS ’17, Tsingtao, Shandong,
China, August 23-25, 2017, 4 pages.

DOI: XxX.XXX/XXX_X

1 INTRODUCTION

As a special task in object segmentation, saliency cuts aims
to automatically segment salient objects from a given saliency
map [8]. It can be used in numerous applications, such as object
classification [2, 13], retrieval [11, 12, 21], social media analysis [17,
19, 24], and image annotation [20, 27]. Different to traditional object
segmentation methods [25, 26, 28, 29], saliency map generated by
saliency detection algorithm [10, 14] is the main input of saliency
cuts. In contrast, original images or videos are ignored [1, 22] or
used to improve refinement [6, 16].
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Figure 1: An example of the effect of depth cue in saliency
cuts. The saliency cuts result (e) using color cue (a), depth
cue (b) and saliency map (c) is better than the one (d) only
using color cue and saliency map.

The existing saliency cuts methods are proposed to deal with
RGB images and videos. For example, Otsu et al. produced segmenta-
tion results using thresholds from gray-Level histograms of saliency
maps [22]. Achanta et al. segmented from the saliency value and
luminance of saliency map [1]. Fu et al. generated saliency cuts
results via professional labels [8]. Cheng et al. used a fixed threshold
to binarize the saliency maps and produced results from iterative
GrabCut calculation [6]. Li et al. fed segmentation seeds generated
with adaptive triple thresholding method to GrabCut algorithm to
produce segmentation results [16]. Banica et al. segmented video
object via salient segment chain composition [3].

However, these methods ignore the exploration of depth cue,
which prevent them to produce better performance on RGB-D
images than on RGB images. Figure 1 shows an example of the
effect of depth cue in saliency cuts. The saliency cuts result of
motorcycle (Fig 1(d)) is incomplete using only color cue (Fig 1(a))
and saliency map (Fig 1(c)), because of the complexity and diversity
of motorcycle’s appearance in color cue. However, the motorcycle’s
appearance in depth cue (Fig 1(b)) is relatively simpler, which can
help segmenting the motorcycle from the background. Hence, a
possible improvement of saliency cuts is to combine color cue with
depth cue to produce a better saliency cuts result (Fig 1(e)).

Based on the above observation, we propose a novel saliency
cuts method on RGB-D images. Figure 2 shows an overview of
the proposed method. We first use adaptive triple thresholding
algorithm [16] to generate segmentation seeds from a given saliency
map. Then, we feed the segmentation seeds to depth-aware GrabCut
algorithm to generate roughly labeled map. Finally, we produce
an accurate binary mask via adaptive boundary refinement. As
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Figure 2: An overview of our proposed method. Given a saliency map (a), we first generate segmentation seeds (b) using adaptive
triple thresholding. Next, we feed these segmentation seeds to depth-aware GrabCut to generate roughly labeled map (c).
Finally, we refine the boundaries adaptively to produce accurate segmentation result (d).

far as we know, it is the first specific saliency cuts method on
RGB-D images. We validated our method on the largest RGB-D
image dataset for salient object detection, named NJU2000 [15].
The experimental results show that our method outperforms the
state-of- the-art saliency cuts methods on RGB-D images.

Our contributions mainly include:

e We propose the first saliency cuts method on RGB-D
images combining adaptive triple thresholding segmenta-
tion seeds generation, depth-aware GrabCut, and adaptive
boundary refinement.

e We extend the GrabCut algorithm on RGB-D images via
combining the color cue and depth cue.

e We validate our method on NJU2000 dataset, and our
method is superior to the state-of-the-art methods.

2 OUR METHOD

2.1 Segmentation Seeds Generation via
Adaptive Triple Thresholding

We generate segmentation seeds from saliency map using adaptive
triple thresholding [16]. Assume the value range of saliency map
is [0, H], where H equals 255 in our experiments. ¢;, t,, and t}, are
the three thresholds used to divide saliency map M® into four parts:
MS = QibUQ;bUQ;fUQif. Here, sz’ st)b’ Q;f and Qi denote
certain background, probable background, probable foreground and
certain foreground, which contain the pixels whose saliency values
are in the value range of [1, t;], [t;+1, tm], [tm +1, ty] and [ty +1, H],

respectively. Obviously, the intersection of each two in Q Qp b
Q;f and Q(S:f is 0. Assume n is the number of pixels on MS and
Ncp, Npp, Ny and nep are the numbers of pixels on Q Qpb’ pr
and Q° ., respectively. tj, t,,, t}, are calculated as follows

cf’
{t, tms th} = argmax{@cppp (Hep = Hpb) > +Ocf Opp (Hef = ppF) ),
(1)

1 S S
where w.p, Wpbs> Wpf and a)c{ arenthe Welgilts of Q Qpb’ pr
ne b f cf
1 2cb B2 Pl and -7, respectlvely, Hebs

and Q° of which equa
Hpb> Hpf and iy are the average saliency value of Q Qpb’ Q;S;f
and Q° - respectively.

2.2 Depth-aware GrabCut

The segmentation procedure in GrabCut algorithm can be consid-
ered as a mini-cut problem [23]. We extend the energy function E

of GrabCut by combining depth cue:

E=aE' (LK%, 0% 2) + (1 - 0)E' (LK, 69, 2%),  (2)

where L is the label set; K¢ and K d are the parameter sets of GMM
model on color cue and depth cue; 6¢ and 69 are gray histogram of
foreground or background on color cue and depth cue; Z¢ and Z¢
are the gray value sets of color cue and depth value set of depth
cue; a is a parameter for combination, which equals 0.5 in our
experiments; E’(L, K, 6, Z) is the energy function of color cue and
depth cue, which is defined as follows:

E'(L,K,0,Z) = U(li, ki, 0,2i) + V(L, Z), ®)

where U(l;, ki, 0, z;) is the data term; V(L, Z) is the smooth term,
which is calculated as follows:

V(L,Z) =y Z [n # lm] exp —BDis(zm, zn)%  (4)
(m,n)eC

where constant y equals 50 [4]; C is the set of pairs of neighboring
pixels; g = (2{(zm — zn)?)) L and (-) in B denotes expectation over
an colorful image; Dis(zp,, z,) denotes the distance between pixels
m and n.

Referring to [9], we use Euclidean distance Dis¢(zp,, z,,) on color
cue and geodesic distance Dis? (zfln, zg) on depth cue, respectively,
because geodesic distance can better extract the spatial property of
depth cue. We define Dis®(z,, zp) as follows:

Dis®(z5,,2z5) = |z, — zll, (5)

where z§, and z{ are the gray value of pixel m and n on color cue,

respectively, and define Dis? (z%, zg) as follows:

Disd(zfn,zg) = min{Qm,n}, (6)
where ¢, denotes the distance of a path between pixel m and n,
which is calculated as follows:

omn=_max {|lz! - 27|}, ()

2J€Pm.n
where i and j are two neighbor pixels on path Py, n; z? and z}i are
the depth value of i and j on depth cue.
Based on the above depth-aware GrabCut algorithm, we generate
a roughly labeled map M", which contains er Q;lb, Q’j, and QZ}

with the similar definition to QS Qs | and Qs
pb pf cf”

after we feed

the segmentation seeds M>.
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2.3 Adaptive Boundary Refinement

To obtain more accurate salient objects, we adaptively refine the
object boundaries generated by M" I'118].
In order to avoid containing background in the segmented salient
objects, we erode Q; } as follows:
rl rl
QL = fe(Q 5

where R(Q z ]lc) is the radlus of circumcircle of Q Z JIC; A1 is a parameter,

MR(QL! 7)) ®)

which equals 0.1; f (Q, R) is a function to erode Q with a radius R.

Q;} is also updated as follows:

L‘l cl' rl
Q (Q . f) uQ of 9)
Meanwhile, to improve the completeness of the segmented

salient objects, we dilate the foreground region, i.e., the union of
Q'L and Q! , and refine probable background as the union of

cf f

Q;i and the newly covered region in dilation, which is defined as

follows:
Qe = (fal(QLp U QD). AR U QINQF U Q) U QT
(10)

where R(er v Q’}) is the radius of circumcircle of Q’JIC U Q’f,

isa parameter which equals 0.1; f;(Q, R) is a function to dilate Q
with a radius R.
Qzé is also updated as follows:

ol = qrt \QC’b’. 11)

We re-feed the segmentation seeds M <l o depth-aware GrabCut
to generate the accurately labeled map M4!, which contains Qgé

Q;lé szl[ and Qd;, and produce the accurate binary mask by

defining the binary value of pixels in Qf} and szl‘ as 1, denoting

object, and defining the binary value of pixels in Qgé and QZé as 0,

denoting background, respectively.

3 EXPERIMENTS

3.1 Dataset and Experiment Settings

We validated our method on the largest RGB-D image dataset for
salient object detection, named NJU2000, which contains 2, 000
RGB-D images with manually segmented salient object in ground
truth [15]. Saliency maps are generated using Feng’s method [7],
because it is a state-of-the-art saliency detection method on RGB-D
images.

All the experiments were conducted on a computer with 2.9GHz
Intel Core i5 CPU and 8GB memory. The average processing time
per image of our method is 2.12s. We apply the default settings of
author suggestions for all the saliency cuts methods we used in our
experiments.

3.2 Component Analysis

We first validate the effectiveness of three components in our
method, namely adaptive triple thresholding segmentation seeds
generation, depth-aware GrabCut, and adaptive boundary refine-
ment.

ICIMCS ’17, August 23-25, 2017, Tsingtao, Shandong, China

085 084 084 0.84
082
0.79 0.80
. 077 075
069
0.70 065
059

060

050

040

030

020

0.10

0.00

Fixed Ours-A Ours-AD Ours
M Precision H Recall L] 1-‘B

Figure 3: Effectiveness validation of different components in

our method. Fixed, Ours-A, Ours-AD, and Ours are shown in
Section 3.2.
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Figure 4: Effectiveness comparison of our method and four
state-of-the-art saliency cuts methods, namely Otsu [22],
FT [1], AL" [8], and ASRE" [6].

We compare our method with three baselines. Fixed denotes the
method with segmentation seeds generation using fixed thresholds
which uniformly divide saliency value range ( i.e., (¢, tm, tj,) equals
(64, 128,192)), original GrabCut and no boundary refinement, and
add three components of our method in sequence to generate the
comparison methods. Ours-A denotes the method with adaptive
triple thresholding segmentation seeds generation, original Grab-
Cut and no boundary refinement. Ours-AD denotes the method
with adaptive triple thresholding segmentation seeds generation,
depth-aware GrabCut and no boundary refinement. Ours denotes
our proposed method, which uses adaptive triple thresholding
segmentation seeds generation, depth-aware GrabCut and adaptive
boundary refinement.

Figure 3 shows the precision, recall and Fy values of method
Fixed, Ours-A, Ours-AD and Ours, here ﬁz = 0.3 [5]. We can
see that the recall and Fg value grow from method Fixed to
Ours while precision value keeps relatively consistent. It indicates
that each component in our method can help generating better
saliency cuts results via improving the completeness of salient
object segmentation.

3.3 Comparison with State-of-the-Arts

We also compare our method with four state-of-the-art saliency
cuts methods, namely Otsu [22], FT [1], AL [8], and ASRE [6].
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Figure 5: Examples of saliency cuts results of different methods. (a) Color cue. (b) Depth cue. (c) Saliency map. (d) Ground truth.

(e) Otsu. (f) FT. (g) AL". (h) ASRE". (i) Ours.

Here, Otsu and FT use only saliency maps as input; AL and
ASRE generate segmentation seeds from saliency maps, and feed
segmentation seeds and RGB images to GrabCut algorithm. To
make fair comparison, we extend AL and ASRE to AL* and ASRE*
by replacing GrabCut with depth-aware GrabCut, because the later
obtains better segmentation performance on RGB-D images.

Figure 4 shows the comparison results of five methods. We
can see that our method outperforms other methods on Fg value,
because it achieves the best balance between precision and recall.
It indicates that our method segments the most complete and
accurate salient objects in all five methods. Figure 5 shows some
segmentation results generated by five saliency cuts methods
on RGB-D images. It shows that our method produces the best
segmentation results on various salient objects, such as car, animal,
and person.

4 CONCLUSION

In this paper, we proposed the first saliency cuts method on RGB-
D images, which utilizes segmentation seeds generation using
adaptive triple thresholding , depth-aware GrabCut and adaptive
boundary refinement. The proposed method was validated on
NJU2000 dataset. The experimental results show that our method
is superior to the state-of- the-art saliency cuts methods on RGB-D
images.
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