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Depth-Aware Image Seam Carving
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Abstract—Image seam carving algorithm should preserve important and salient objects as much as possible when changing
the image size, while not removing the secondary objects in the
scene. However, it is still difﬁcult to determine the important
and salient objects that avoid the distortion of these objects after
resizing the input image. In this paper, we develop a novel depthaware single image seam carving approach by taking advantage
of the modern depth cameras such as the Kinect sensor, which
captures the RGB color image and its corresponding depth map
simultaneously. By considering both the depth information and
the just noticeable difference (JND) model, we develop an efﬁcient
JND-based signiﬁcant computation approach using the multiscale
graph cut based energy optimization. Our method achieves the
better seam carving performance by cutting the near objects
less seams while removing distant objects more seams. To the
best of our knowledge, our algorithm is the ﬁrst work to use
the true depth map captured by Kinect depth camera for single
image seam carving. The experimental results demonstrate that
the proposed approach produces better seam carving results than
previous content-aware seam carving methods.
Index Terms—Energy optimization, image retargeting, Kinect
depth camera, saliency, seam carving.

I. Introduction

W

ITH THE rapid development of modern mobile devices
and multimedia technologies in recent years, it is
important to view the high quality images with different
resolutions and aspect ratios on these devices. In order to make
better use of the limited display space of mobile devices, we
often need to resize the images with changing their aspect
ratios. The simple resizing method is to scale and crop the
original image to the screen size, which may introduce the
scene distortion with changing the aspect ratio and severely
affect the visual appearance effects [1]. Cropping operation
can directly select the most interesting parts in images, but
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the other important information is cut off and lost. These traditional scaling and cropping methods only consider the output
size to meet the geometric and resolution constraints without
considering the content of images. Therefore, people need to
develop an effective intelligent image resizing approach using
the image contents to avoid the disadvantages of traditional
resizing methods [1], [16].
Seam carving is an intelligent image resizing algorithm
for adapting the image content to the display screen without
distorting the important objects, which is ﬁrst proposed by
Avidan et al. [2]. It is an effective image resizing approach
by removing the unimportant pixels using the gradient information and dynamic programming. Rubinstein et al. [5]
extend the original image seam carving method and uses it
for efﬁcient image and video seam carving by introducing the
graph cut based energy optimization. A seam is treated as a
path of pixel removal with the minimal cost by one pixel for
each row or each column in both of these methods. Shamir
et al. [16] summarize that the visual media retargeting methods
usually meet the constraints of keeping the important objects
and maintaining the visual appearance without introducing
artiﬁcial elements for the resultant image and video contents.
The existing image and video seam carving approaches can
be roughly classiﬁed into three categories [16]. One is the
continuous method that the image and video is expressed
and processed as a sample of a continuous signal function,
such as the warping approach [7] and mesh guided image
and video retargeting method [8]. These methods ﬁnd the
mapping relationships from input data to output data with
certain constraints. The second type is the discrete retargeting
method where the images and videos are represented as the
compact 2-D matrices or 3-D video cubes, such as the seam
carving methods [2], [5], path-based approach [9], and the
shift-map method [11]. In order to adapt the images and videos
to the target size, these methods remove and regroup the
pixels by blocks to achieve better resizing results. In addition,
there are also a few methods that combine several existing
methods to obtain the better visual quality result, such as the
multioperator media retargeting method [12].
Seam carving algorithm is closely related to the saliency
map detection approach [4], [30], [31] for indicating the
visually important regions in the image. Cho et al. [13] use
the importance diffusion map to deﬁne the energy of pixels
in the neighborhood for the seam removal. The importance
diffusion map is added to its neighborhood pixels to preserve
the important objects and avoid the distortion of objects. In
order to preserve the useful content in the retargeted image,
Goferman et al. [19] present a content-based saliency detection
method to deﬁne the signiﬁcant regions that contain the
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important objects. Recently, Basha et al. [24] proposed a seam
carving method to resize pairs of stereo images simultaneously.
They computed a disparity map as a depth map via the
stereopsis algorithm from two stereo images, and resized these
two images simultaneously with an extended seam carving
algorithm. More recently, Niu et al. [26] presented a stereo
saliency detection method from pairs of stereoscopic images,
which is based on the global disparity contrast and the domain
knowledge in stereoscopic photography.
Most seam carving approaches use the low-level visual
features [27] to determine the important and salient regions [4],
such as the gradient saliency features in [2]. The optimal seams
computed by the conventional seam carving approaches [2],
[5] are usually from both the foreground and the background
pixels. It is still a challenging task to obtain the saliency and
signiﬁcant maps only from a single color image [33]. It is also
difﬁcult to determine the important objects using the low-level
features especially when the input image has the large depth of
ﬁeld. Mansﬁeld et al. [20] propose a scene carving algorithm
using the user-deﬁned mask image to simulate the scene depth
information. Their algorithm requires an input image and a
corresponding depth mask indicated by the user. Their depth
mask gives the relative depth information of each object in the
scene and thereby separates the foreground objects from the
background area in the image. However, different users may
have different opinions and interactions to deﬁne the important
objects and produce the different depth masks by the users.
Therefore, the good or poor seam carving results are obtained
by using the accurate and inaccurate depth masks. Utsugi et al.
[22] ﬁrst attempt to present a content-preserving seam carving
approach by using the disparity map from a pair of stereo
images. Their method preserves the consistency of contents
between the left and right images by fusing the stereo matching
results into their seam carving framework. Recently, Basha
et al. [24] propose a method to resize pairs of stereo images
simultaneously. They compute a disparity map as a depth map
via the stereopsis algorithm from two stereo images, and resize
these two images with an extended seam carving algorithm
to preserve the geometric consistency of the input stereo
images.
In this paper, we propose a novel depth-aware image seam
carving approach using an efﬁcient depth-aware energy optimization. Our approach begins with capturing two images with
the Microsoft Kinect depth sensor [23], [25], [29], [32]. One is
the input RGB color image and the other is its corresponding
depth map. Unlike the existing stereo seam carving [24], their
approach requires a pair of stereo images to estimate the
approximate depth map using the stereo matching algorithm.
The depth information can provide valuable cues for image
seam carving, which has been demonstrated by the scene
consistent seam carving algorithm for a single image with
the user deﬁned depth mask [20]. Our approach belongs to
the type of single image seam carving approaches, and we
use the true depth map by Kinect depth sensor to guide
the seam carving process and deﬁne our depth-aware energy
function. Our approach can be viewed as an improvement on
the state-of-the-art algorithms of single image seam carving,
and can also be used for other applications such as the
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Fig. 1. Workﬂow of the proposed depth-aware image seam carving method.
(a) Input color image. (b) Input depth map. (c) Removed seams. (d) Our result.

resizing of images from the online website for the mobile
devices.
In contrast, to the best of our knowledge, our method is
the ﬁrst work to attempt to use the true depth map captured
by Kinect depth camera for the task of efﬁcient image seam
carving. As a result, the image seam carving algorithm needs
to be adapted to be applicable to the color image and its
corresponding depth map. According to the input color image
and its depth map, our approach is more easier to accurately
detect the important and signiﬁcant regions for calculating the
seam carving energy. Based on the assumption that the important regions are changed as little as possible, we incorporate
the color image and its corresponding depth map to deﬁne
a depth-aware energy function. Our depth-aware energy is
composed of the signiﬁcant energy item and the depth energy
item. In order to further improve the visual effects of the seam
carving results, the just noticeable difference (JND) model is
employed to preserve as much as the visual saliency pixels.
The experimental results demonstrate that the proposed seam
carving approach preserves the important and salient objects
with good visual appearance after image resizing.
II. Our Approach
The conventional seam carving methods [2], [5] generally produce satisfactory resizing results for most images.
However, as Avidan et al. have described in [2], the seam
carving algorithm has some limitations and disadvantages. For
instance, the seam may cross the salient and important objects,
which will cause the unsatisfactory visual artifacts such as the
shape and geometry distortion of important objects. Therefore,
we use the depth cues as the extra signiﬁcant information in
the energy function. Our algorithm requires the input color
image and its corresponding depth map, which is captured by
an additional depth camera such as the Kinect sensor. Fig. 1
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shows the workﬂow of the proposed depth-aware image seam
carving method. Our seam carving method is based on both
the signiﬁcant energy and the depth energy. Our approach
begins with the JND computation and use it to compute the
depth-aware signiﬁcant energy, and then the depth energy is
deﬁned by the captured depth map. In order to reduce the
computational complexity, we use the multiscale graph cut
based energy optimization strategy to accelerate the proposed
algorithm.
A. Our Depth-Aware Energy Function
We develop a new seam carving algorithm by minimizing
a signiﬁcant energy using the depth map and the JND model.
A gray scale depth map is used to represent the exact depth
of the scene in our method. We use one to indicate the
nearest points and zero to indicate the points that are too
far or the points that we are not able to judge the distance
in the captured depth map. The energy of conventional seam
carving [2], [5] only considers the local gradient information
to deﬁne the pixel saliency, and does not consider the global
information of image content. The depth map provides the
relative position of objects in the scene that easily detects
the signiﬁcant objects in the image. Moreover, the distance
between the object and the camera is often associated with
the object’s signiﬁcance, that is to say, we pay more attention
to the near objects in the scene, and so the depth map provides
such valuable cues for efﬁciently measuring the signiﬁcance of
objects.
Therefore, our depth-aware energy is composed of two
items: the JND and depth-based signiﬁcant energy item and the
depth energy item. The signiﬁcant energy deﬁnes the salient
objects according to both the JND model and the depth map,
while the depth energy measures the important objects by the
depth map where the near objects usually have the large energy
values. By considering both the signiﬁcant energy and the
depth energy with adjacent pixels after removing some pixels,
the problem of ﬁnding the unnoticeable seams becomes the
problem of ﬁnding the seams with the smallest energy. Then,
the energy of pixel (i, j) for a vertical seam is relative to
the pixel’s column of the seam. Thus, our energy function
is deﬁned as follows:
E(i, j) = Esig (i, j) + cdep · Edep (i, j)

Fig. 2. Illustration of three possible positions for a vertical seam. According
to the connection conditions, the pixel of the seam is possible among three
positions (arrows in blue): the upper left neighbor, the upper neighbor and
the upper right neighbor (red points).

found that the value of the smoothed depth map is enough to
deﬁne this energy function as follows:
Edep (i, j) = exp(−D(i, j)2 /σ)

(2)

where D(i, j) is the depth value at pixel (i, j) in the depth map,
and σ is used to deﬁne a smooth energy with the Gaussian
weighting function.
B. Depth-Aware Signiﬁcant Energy
We notice that the depth values of a single object in the
depth map either looks similar or changes uniformly, and its
ﬁrst-order gradient value is small in both cases. The area with
a large gradient value in the depth map is likely to be an important edge. The depth map provides a real depth boundary of the
object, which will greatly improve the detection performance
of the saliency map. Therefore, we deﬁne the depth-aware
signiﬁcant energy Esig (i, j) by considering both the input color
image and its corresponding depth map simultaneously as
follows:
Esig (i, j) = Eig (i, j) + Edg (i, j)

(3)

where Eig (i, j) is the signiﬁcant energy by the color image
and Edg (i, j) is the additional depth energy by its depth map.
The additional depth energy of current pixel (i, j) is determined by the seam position on its adjacent pixels. As
shown in Fig. 2, there are three possible positions according
to the connectivity constraints of seams, and then these energy
functions are deﬁned as follows:
Edg (i, j−1) = |D(i, j+1)−D(i, j−1)|+|D(i−1, j)−D(i, j−1)|
Edg (i, j+1) = |D(i, j+1)−D(i, j−1)|+|D(i−1, j)−D(i, j+1)|

(1)

where Esig (i, j) is the JND and depth-aware signiﬁcant energy,
and Edep (i, j) is the depth energy. cdep is the weight coefﬁcient
of the depth energy item, which is set to 0.2 in our experimental results.
The captured depth map gives the exact depth information
of the objects in the scene, and we usually pay more attention
to the near objects than the distant objects in the scene. For
instance, the pixels with small depth values are mainly the
background pixels, and they are more likely to be removed in
the seam carving stage. In order to preserve the near signiﬁcant
objects as many as possible, a large depth energy is added to
the pixels of the near objects while a small depth energy is
added to the pixels of the distant objects in the scene. We have

Edg (i, j) = |D(i, j + 1) − D(i, j − 1)|.

(4)

The human visual system (HVS) is similar to a visual
receptor, which is more sensitive to the area that its variation of
pixel value is larger than certain threshold value. These areas
usually contain most important visual information, which are
often the signiﬁcant information that people are interested in
[15]. JND model plays such a role that deﬁnes the certain
threshold mentioned above. If the differences between the
corresponding pixels in two images are all less than the JND
values, these two images are assumed to be no difference to
human eyes. Therefore, we expect that the important areas
that human visual system perceives should have more energy
values than other areas, which can increase the energy of
important pixels and reduce the energy of unimportant pixels.
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Our JND-based signiﬁcant energy enhances the visual appearance of important areas while attenuates the visual appearance of other areas. If the difference between the value
of one pixel and the average value of its local background
is less than the JND value, this pixel value is set to the
average value. Otherwise, we add or subtract some value for
this pixel to enhance the difference. This method increases
differences between important pixels and their background
ones, and decreases differences between unimportant pixels
and their background ones. Our JND-based signiﬁcant energy
Eig is then deﬁned as follows:
Eig (i, j) = |J(I(i, j + 1)) − J(I(i, j − 1))|
⎧
⎨I(i, j) − JND(i, j), if I(i, j) − IB < −r(i, j)
if |I(i, j) − IB | < r(i, j)
IB ,
J(i, j) =
⎩
I(i, j) + r(i, j),
otherwise
r(i, j) = cjnd · JND(i, j)
(5)
where J(·) is the JND-based image signiﬁcant operator [15].
I(i, j) is the pixel value at (i, j), and IB is the average intensity
value of local background. r(i, j) is the value to be added or
subtracted, and cjnd is a control parameter.
Now we explain how to compute the JND value of an input
image. The existing JND model mainly considers two factors:
luminance adaptation (LA) and contrast masking (CM). The
ﬁrst factor LA simulates the process of HVS according to the
background, which is deﬁned as follows [21]:

Fig. 3. Structure of graph cut based energy optimization. The red point (i, j)
is the current pixel, and the green points are its neighboring pixels. There are
edges that started from the red point and ended in the green points. Three
of them with left arrows have inﬁnite weights. The red line is the cutting
boundary, and pixels on the left side of it are the seam to be removed.

JND(i, j) = LA(i, j) + CM(i, j) − clc · min (LA(i, j), CM(i, j))

LA(i, j) =



17(1 − Ī(i,j)
)+3
127
3
(1
−
Ī(i,
j)
−
127)
+3
128

1 
I(x − 3 + i, y − 3 + j) · B(i, j)
32 i=1 i=1
5

Ī(i, j) =

if Ī(i, j) ≤ 127
otherwise

5

(6)

where clc is a control parameter that equals to 0.3 and B(i, j)
is a weighted low-pass ﬁlter.
The second factor CM indicates the inﬂuence among different pixels, which is composed of two components [21]:
edge masking (EM) and texture masking (TM). Based on
the assumption that the noise of texture structure is usually
larger than the one of edge structure, and thus many texture
structures should be treated as neither edges nor saliency areas.
Therefore, the JND value of these texture areas should be
larger than the one of edge areas. We ﬁrst decompose the
image I into two components (I = U + V ): the structure image
U and the texture image V . We then calculate the EM value
from the structure image and the TM value from the texture
image as follows:
CM(i, j) = EM U (i, j) + TM V (i, j)
EM u (i, j) = CsU · β · We ;

TM u (i, j) = CsV · β · Wt

(7)

where β is a control parameter that is set to 0.117, and Cs is the
largest luminance difference in a 5×5 neighborhood, which is
determined by the maximum value in four different direction
ﬁlters. We set We = 1 and Wt = 3 in our implementation.

Fig. 4. Graph cut based multiscale optimization. (a) Downsample.
(b) Optimal seam (green dots). (c) Upsample. (d) Seam optimization (yellow
dots).

C. Optimal Seam by Graph Cut Based Optimization
We use the graph cut based optimization method to minimize our energy function. The image is ﬁrst represented by
a 2-D graph as shown in Fig. 3. The vertexes in the graph
represent the image pixels and the edge weights are determined
by our energy function. In order to ﬁnd a seam with the
minimal energy, the graph is divided into two subgraphs S
and T , and the sum of the edge weights from S to T is also
minimized. The pixels on the left of the boundary construct
the seam with minimum energy. Our energy function consists
of two items: the signiﬁcant energy and depth energy. The
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TABLE I
Execution Time Statistics with Different Down-Sampling Scales s

Fig. 5. Comparison results between the improved seam carving method [5] and our approach on the Kinect data. (a) Input color image. (b) Input depth map.
(c) Result by [5]. (d) Our result.

signiﬁcant energy is calculated by the difference between
adjacent pixels, which represents the energy after removing
the seams. Our depth energy denotes the importance of current
pixel, and then we add the average depth value between
two adjacent vertexes to the edge weight. In Fig. 3, each
vertex in the graph has eight neighboring vertexes. For the
vertex at position (i, j), there are six edges starting from it.
According to the constraint condition of connectivity, we set
a very large weight to the edges that are connected with
(i − 1, j − 1),(i, j − 1) and (i + 1, j − 1). Other edge weights
are deﬁned as follows:
+LU = |I(i − 1, j) − I(i, j + 1)| + 0.5 · (D(i, j) + D(i − 1, j))
+LR = |I(i, j − 1) − I(i, j + 1)| + 0.5 · (D(i, j) + D(i, j + 1))
−LU = |I(i, j − 1) − I(i + 1, j)| + 0.5 · (D(i, j) + D(i + 1, j))
(8)
where +LU, +LR, −LU are the edge weights from (i, j) to
(i − 1, j), from (i, j) to (i, j + 1), and from (i, j) to (i + 1, j),

respectively. Thus, we use the graph cut based optimization
algorithm to ﬁnd the seam with minimum energy.
D. Multiscale Optimization Acceleration
The aforementioned seam carving algorithm removes one
seam in each iteration, and the computation complexity is
related to the constructed graph size of input image. When
the input image is very large, the vertices and edges of the
constructed graph are too large to be computed efﬁciently.
In order to improve the computational efﬁciency, we use
the multiscale graph cut based optimization algorithm [3]
to accelerate our seam carving algorithm. Fig. 4 gives the
structure of the efﬁcient multiscale optimization approach. Our
approach begins by ﬁnding the optimal seam for minimizing
the energy in the down-sampled image. We then up-sample
the result to the original image size and construct a multiscale
graph structure, which is far small than the original image
in size. Therefore, our multiscale optimization achieves better computational performance, which is further analyzed in
Table I.
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Fig. 6. Comparison between the seam carving methods [2], [5] and our method on the Kinect images. (a) Input color image. (b) Input depth map. (c) Result
by [2]. (d) Result by [5]. (e) Our result.

By building the graph on a down-sampling image, the number of vertexes and edges is reduced signiﬁcantly. Then the
amount of computation is also reduced greatly. We calculate
170 seams from an input image of size 427 × 427 in Table I.
The results and its corresponding running time statistics with
different down-sampling scales are shown in Table I. It can be
clearly seen that the retargeting results have little difference in
visual appearance within a certain range of the down-sampling
scales, while the computational efﬁciency is greatly improved.
However, as shown in Table I, if the down-sampling scale
is too large when it is greater than eight, the computational
time will increase again. This is because when the downsampling scale increases too much, then the size of the low
resolution image becomes too small and the computational
time to calculate the seams also becomes short. However, the
size of the up-sampling graph becomes too large, the time
for ﬁnding the optimal seam also becomes long. If the downsampling scale is too large, the overall computational time
will also increase. Therefore, the down-sampling scale is set
to s = 8 to achieve the optimal computational performance in
all our experiments.
III. Experimental Results
We have implemented our depth-aware image seam carving
algorithm on a PC with Intel Core 2 Quad 2.66 GHZ CPU
and 4 GB RAM. We use the Microsoft Kinect depth camera
to capture the RGB color images and its corresponding depth
maps. However, we can obtain the depth maps through a
variety of different ways. For instance, the depth map can
also be computed from a pair of stereoscopic images with
some stereo matching algorithm [6]. We have tested our
approach with these two types of depth maps, and the results
in this section demonstrate that our method is not only
suitable for true depth maps obtained by the modern depth
cameras, but also applicable for the latter type of estimated
depth maps.
We ﬁrst compare our depth-aware image seam carving
method with the improved seam carving approach in [5], and

the depth maps are captured by the Microsoft Kinect depth
camera. 1 We use the recently released OpenNI 2 to get the
RGB color images and depth data from the Kinect system,
and the size of the captured images is 640 × 480 in our
implementation. Fig. 5 gives the comparison results between
our approach and the improved seam carving method [5] with
the Kinect images captured by ourselves. The image [Fig. 5(a),
top] is resized to 60%, and the image [Fig. 5(a), bottom]
is resized to 70%. From the given results, we have found
that the important objects with large depth values are better
preserved in our results, while the results by [5] [Fig. 5(c)]
have unrealistic distortion of objects for the reason that their
approach does not use the real depth map information to guide
the seam carving process. Both of these two scene images
have the complex backgrounds, and the curtain [Fig. 5(a),
top] inﬂuences the estimation of the salient objects by [5],
which causes the seam cutting across the human face and
body parts. The optimal seams computed by our depth-aware
energy method are mainly from the background pixels, and so
both the human faces and the foreground objects are preserved
well in our results. Similarly, as shown in Fig. 5(a), we are
more interested in the objects of computer screen and the
person in front of the computer than the objects of bookcase
and background behind. Therefore, our approach produces
better visual quality result [Fig. 5(d), bottom] for preserving
the nearby person and the computer screen than the result
[Fig. 5(c), bottom] by [5].
The main contribution of our method is that we utilize the
true depth map to guide the single image seam carving process.
Our approach preserves both the salient regions and the important near objects with large depth values. We further compare
our method with the seam carving approaches in [2] and [5]
on the captured Kinect data in Fig. 6. Since the original seam
carving method [2] employs the image gradients to deﬁne the
energy function, which will introduce the distortion of objects
1 http://www.xbox.com/en-us/kinect
2 http://openni.org
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Fig. 7. Comparison between the seam carving methods [5], [24] and our method on the stereoscopic image pairs. (a) Input color image. (b) Estimated depth
map. (c) Result by [5]. (d) Result by [24]. (e) Our result.

in the result image when the intensity variation of salient
objects is smaller than that of the background region. As
shown in Fig. 6, the important objects have severely distorted
such as the shape of the blue round table, the dark green sofa
and the brown table [Fig. 6(c), arrows in red]. However, the
result by the improved seam carving approach [5] looks a little
better than the results by [2], which still has the distinct shape
distortions in the table and sofa regions [Fig. 6(d), arrows in
red]. In contrast, our result exhibits the best visual quality for
preserving the salient objects without introducing the shape
distortion of the important objects [Fig. 6(e)].
As discussed above, we can obtain an approximate depth
map from a pair of stereo images by the current stereo vision
algorithm [6]. We use the stereo images in [24] for comparing
the image seam carving results between our method and [24].
A disparity map is ﬁrst computed from a pair of stereo images
with the stereo matching approach. Then our method runs on
one of the stereo color images and the calculated disparity map
that is treated as the depth map in our framework. Our seam
carving result is then compared with the result by the stereo
seam carving method in [24]. As shown in Fig. 7, two pairs
of stereo images are both resized to 60% of the original size.
It is clear that our result achieves the better visual quality than
both the results by the stereo seam carving method [24] and
the improved seam carving approach [5]. The leaf of the aloe
in the lower left corner by [24] is severely broken [Fig. 7(d),
top], and the ﬂowerpot is also heavily distorted in the result
by [5] [Fig. 7(c), top]. In contrast, our result preserves the
shapes of these objects much better [Fig. 7(e)], such as
the shapes of ﬂowerpot and snowman. In our method, the
depth map information plays an important role in ﬁnding the
signiﬁcant regions to retain the foreground objects according to
the proposed depth-aware energy. Furthermore, our signiﬁcant
energy helps to preserve the distant salient objects even with
small depth values.

Fig. 8. Enlargement result by our seam carving method on the input image.
(a) Input color image and its captured depth map. (b) Our enlargement result.

Until now, we have given the results on how to reduce
the width of the input image by removing the unimportant
seams. However, our approach can also be used to enlarge
the width of image by adding the seams with our energy
optimization framework. Our image enlarging algorithm is
similar to the single image seaming carving algorithm [5].
This is implemented by ﬁrst ﬁnding the optimal seams for
removal and then duplicating these seams to enlarge the width
of the original image in our depth-aware energy optimization
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Fig. 9. Illustration of seam carving in the vertical direction between [5] and our method on the Kinect images. (a) Input color image. (b) Input depth map.
(c) Result by [5]. (d) Our result.

framework. As shown in Fig. 8, the enlarging result by our
approach achieves the satisfying visual effects. Our result
preserves the scene consistency of the important objects well,
such as the shapes and geometry of the chairs and tables
[Fig. 8 (b)]. In addition, since the seams for removal in vertical
and horizontal directions are symmetric, our seam carving
approach can be applied to resize the height of the image by
removing the optimal seams in the vertical direction. Fig. 9
gives an example to illustrate the seam carving results along
the vertical direction. The input image is resized by changing
the size of height with our optimization method. Our approach
achieves better result than the one by [5] [Fig. 9(c), arrows
in red] for preserving both the near objects with large depth
values and the distant salient objects even with small depth
values [Fig. 9(d)].
IV. Conclusion
We proposed a novel depth-aware single image seam carving approach by utilizing the Kinect depth camera in this
paper. Our seam carving results for images are comparable
to the current state-of-the-art image retargeting algorithms.
By incorporating the RGB color image and its corresponding
depth map, we developed an efﬁcient depth and JND-based energy optimization approach that achieved a better seam carving
performance for preserving the important and salient objects
of image contents. The depth energy item in our optimization
framework helped to preserve the important objects with small
depth values well after seam carving. The multiscale energy
optimization strategy enabled the proposed algorithm to work
fast and efﬁciently with ease. The experimental results demonstrated that the proposed approach produced better retargeting
results than previous seam carving methods on the image data
sets by the Kinect depth camera.
The proposed framework can be extended in several directions. One direction is to further improve the runtime of the
seam carving process. The complexity of the proposed method
lies in solving the multiscale graph cut based energy optimiza-

tion equation, which depends on the adjacency structure and
the number of image pixels. We believe that the running time
can be greatly improved by solving the cache-efﬁcient graph
cut algorithm [28] or adopting the graphics processing unit
(GPU) acceleration implementation [10]. Another interesting
avenue is to further optimize the initial depth map captured by
the Kinect depth camera, which will improve the accuracy of
the ﬁnal depth map by inpainting and smoothing the captured
depth map. Additionally, we hope to extend our framework
for efﬁcient video seam carving by capturing the video depth
information, and further develop a GPU-based video seam
carving approach for real-time applications in future work.
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