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Abstract— An ideal thumbnail generator should effectively
condense unimportant regions and keep the important content
undeformed, completed, and at a proper scale, i.e., accuracy,
completeness, and sufficiency. Each retargeting method has its
own advantage for resizing arbitrary images. However, they
often ignore the completeness and sufficiency for information
presentation in thumbnails. In this paper, we formulate thumbnail generation as an image content condensation problem and
propose a unified grid optimization framework to fuse multiple
operators. From the view of accuracy, completeness, and sufficiency for information presentation, we exploit complementary
relationships among three condensation operators and fuse them
into a unified grid-based convex programming problem, which
could be solved simultaneously and efficiently through numerical
optimization. Besides warping energy to preserve the geometric
structure of important objects, we put forward two grid-based
energy terms to keep the completeness of important objects and
retain them at a proper size. Finally, an adaptive procedure is
proposed to dynamically adjust the contribution of loss functions
for achieving optimal content condensation. Both qualitative
and quantitative comparison results demonstrate that the proposed method achieves an excellent tradeoff among accuracy,
completeness, and sufficiency of information preservation. The
experimental results show that our approach is obviously
superior to the state-of-the-art techniques.
Index Terms— Image browsing,
retargeting, thumbnail generation.
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I. I NTRODUCTION

W

ITH THE development of multimedia and Internet
techniques, massively increasing visual data, such as
image and video, play an important role in modern computer
application. How to present and browse image data efficiently
becomes an important issue. Thumbnail, as a small-size generalization of a source image, has been used broadly across
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Fig. 1. Image thumbnails generated by different retargeting approaches.
Left to right: scaling, seam carving [1], grid warping [2], and the proposed
approach. Our approach obtains more satisfactory visual effects.

various digital display platforms, from PC, personal digital
assistant (PDA), and cell phone to digital album. Most of
the existing image tools generate thumbnails through scaling
the source image uniformly. However, this intuitive strategy
inevitably causes notable distortion and shrinkage on the
image content. That is, the generated thumbnails appear to be
the severe degeneration of information quality. The above issue
affects the user experience in image browsing on diversified
mobile terminals.
As a crowded research topic, content-aware image retargeting is originally designed for changing the aspect ratio of an
image to accommodate various display devices. This technique
focuses on preserving visual information of important content,
while resizing the image arbitrarily. Due to a similar aim,
image retargeting is considered as a choice for thumbnail generation. Although many retargeting approaches perform well
for resizing images to a comparable size, they lack experiments
and discussions for the cases when thumbnails need to be of
a tiny size or an extremely small size. The combination of
retargeting and downscaling is another solution. Retargeting
the input image with 800 × 600 to 600 × 600 is easy to
keep the geometric structure of image content and reduce
deformation for important objects. Downscaling the image
from 600 × 600 to 120 × 120 has no deformation for image
content and could obtain good results for images with big
objects. However, when the important objects are very small,
the downscaling results will make the objects indistinguishable. Therefore, once the target size is very small, especially
for 120 × 120 or even smaller, existing approaches can hardly
guarantee that the important content within the thumbnail is
clearly or big enough to be viewed. The requirement of tiny
size may magnify the inherent defect of the resizing methods.
Some examples are shown in Fig. 1, from which it is easy to
identify the damage to the geometric structure when applying
seam carving [1] or the significant shrinkage on important
content when using grid warping [2].

1051-8215 © 2015 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

2080

IEEE TRANSACTIONS ON CIRCUITS AND SYSTEMS FOR VIDEO TECHNOLOGY, VOL. 26, NO. 11, NOVEMBER 2016

As a special case of retargeting, geometric deformation and
information completeness are important to maximize the user’s
browsing experience for thumbnails. At the same time, it is
critical to keep important objects at a proper scale for limited
space within thumbnails, thereby becoming distinguishable
from others by a human observer. Based on the above discussions, we consider that an ideal thumbnail generator should
effectively condense those unimportant regions and achieve
a tradeoff among accuracy, completeness, and sufficiency for
presenting information in thumbnails. Accuracy is to minimize geometric distortions. Completeness is to minimize the
information loss of important content. Sufficiency is used to
sufficiently indicate the use of the limited space of thumbnail to convey important information, i.e., restrain important
foreground at a proper scale. To develop an ideal thumbnail
generator, a reasonable combination of multiple operators provides possibilities to integrate the advantages and compensate
for the defect of each operator, and is further considered
as a feasible solution to ensure the quality. However, for
hybrid approaches [3]–[5], they did not jointly consider the
accuracy, completeness, and sufficiency together. For example,
bidirectional warping (BDW) [3] and bidirectional similarity
function [4] mainly focused on the accuracy, while the esthetic
measure [5] evaluated the esthetics of the image.
In this paper, an adaptive content condensation approach is
proposed to fuse three condensation operators, i.e., warping,
cropping, and scaling, into a unified grid optimization framework. Different operators influence each other and are simultaneously optimized to generate thumbnails. First, warping
distributes deformation across an image nonhomogeneously,
which rearranges the salient objects compactly as well as
preserves the geometric structure of objects smoothly. This
property actually helps the cropping window to include important information, while to avoid the loss of completeness.
Second, cropping selectively removes the relatively unimportant margin of images. Consequently, more space in thumbnail
is reserved to absorb the distortion resulted from warping and
makes it possible to display the important content more completely. Moreover, scaling is added for restraining important
foreground at a proper size, which aims at making sufficient
use of the limited space of thumbnail to express important
information. Besides the effective complementation, the proposed approach achieves a fusion scheme through encoding
three operators as energy terms of a convex optimization
problem, which can resort to numerical algorithm efficiently.
Finally, an adaptive-effect-improving procedure analyzes the
condensation quality of currently generated thumbnail and
accordingly adjusts the contributions of different components.
By this way, the proposed solution factually guides the
optimization procedure to yield thumbnails of high quality
and make the proposed solution have strong flexibility for
processing diversified images.
The main contributions are summarized as follows.
1) We propose a unified grid optimization framework to fuse multiple operators for thumbnail
generation.
2) To assure the completeness and sufficiency of information presentation, we construct two grid-based energy

terms to encode the energy loss by cropping and
scaling.
3) An adaptive optimization procedure is proposed to
improve the condensation quality by the analysis of
completeness and sufficiency.
II. R ELATED W ORK
In recent years, image retargeting has become a crowded
research topic in computer vision. A variety of approaches
have been published. A general review in [6] compares
the different methods and further categorizes them as discrete approaches and continuous methods. The former alters
the size of image through discarding/preserving the most
unimportant/important pixels in a discrete manner, such as
cropping-based algorithms [7]–[10] and seam-carving-based
approaches [1], [11]–[13]. The latter maps source images to
the target size by constructing continuous functions, such as
warping-based approaches [2], [14]–[19]. However, in practice, it has been found that any single retargeting strategy can
hardly achieve satisfactory result for thumbnail generation.
For discrete approaches, the geometry structure of resulted
thumbnails is usually badly damaged. For continuous ones,
the content of image often suffers from a notable shrinkage
and therefore becomes undistinguishable.
Cropping-based approaches [7]–[10] are to search for a
window of target aspect ratio that covers the most important
content and take this window as the output, while discarding
the content outside the window completely. When it is applied
to thumbnails with a very small size of target, the result can
include only part of the important content. This often destroys
the completeness of the objects and causes direct and vast loss
of information.
Seam carving [1] is to search for an optimal seam, which
is actually a continuous chain of the pixels from each row
or column with the least importance, and resizes images
by reducing or adding seams iteratively. Several notable
works have been proposed for improving the original seam
carving [11]–[13]. When it is applied to thumbnail generation,
the quite difference between the size of source and target
implies that too many pixel chains need to be calculated
and removed, which brings expensive computation cost and
significant damage to the geometric structure of content.
Warping-based approaches attempt to transform images
continuously. More or less, distortion is decentralized to unimportant regions, while the geometry is well retrained for important regions. There are one-directional image warping [14] and
omnidirectional image warping [15], [16]. In [2], a dynamic
grid partition strategy is proposed to preserve the important
region precisely. In [20], an axis aligned deformation grid is
used to reduce the amount of variables involved in optimization. Compared with other methods, warping-based methods
could preserve the geometric structure of image content more
smoothly. However, warping also permits the unimportant
region to exist more or less in the output image. As a result,
there is usually not enough space to absorb the distortion
in warping. Therefore, scale shrinkage of important objects
appears consequently. In the extreme case of thumbnail, the
objects become too small to be distinguished.

WANG et al.: ADAPTIVE CONTENT CONDENSATION BASED ON GRID OPTIMIZATION FOR THUMBNAIL IMAGE GENERATION

Motivated by the desire of overcoming limitations of using
one single strategy, Li et al. [2], Rubinstein et al. [3], and
Dong et al. [4] have developed hybrid approaches. A multioperator strategy [3] was proposed, where seam carving was
combined with cropping and scaling. This approach improved
the retargeting quality through maintaining the spatial structure
of the whole image. In [4], seam carving and scaling were
used in combination to preserve the important region and
global visual effects, and a bidirectional evaluation criterion
is proposed. In [5], a compound operator of cropping and
warping was defined to improve the esthetic composition
of image. Besides, some other studies [21]–[23] used the
coarser patches instead of pixels to preserve the coherence
between the origin image and the target image. The shift-map
methods [24], [25] were to optimize the cropping and blending
of the important image regions to construct the target image.
In [24], a satisfactory result was achieved at the cost of
significant change on the image structure. Since the nonuniform saliency map usually influenced the performance of
imaging obviously, in [25], an importance filter was employed
for constructing a structure-consistent importance map in order
to improve the shift map. In [26], a content-adaptive image
downscaling approach was presented to adapt the shape of its
downsampling kernel, which could be used to generate sharp
and detailed thumbnails. Hu et al. [27] introduced a structureconsistent importance map by filtering image saliency under
the guidance of image gradients, and a shape parameter
and a Laplacian smoothing constraint were added to keep
the aspect ratio and geometry structures. Wang et al. [28]
proposed a shape matching approach to protect the shapes
of the salient curves from deformation and attain temporal
consistency in videos by keeping the relative position of the
corresponding curves in consecutive frames. Although these
approaches perform well for resizing images to a comparable
size, insufficient attention has been explicitly paid to tiny
thumbnails, which are widely used in image browsing [29].
As a special case of retargeting, geometric deformation and
information completeness are important to maximizing the
user’s browsing experience for thumbnails. At the same time,
keeping the important objects at a proper scale is critical to
limited space of thumbnails, to become distinguishable from
others by a human observer. Without the explicit consideration
about the small-size target, these recent studies do not jointly
consider the above three aspects and are not appropriate for
the thumbnail problems.
To evaluate the quality of retargeted images quantitatively,
in [6], some objective distance metrics, such as color layout
descriptor, BDW, and edge histogram, are used in assessing the
visual quality of retargeted images, though their correlations
with subjective evaluations are not always consistent. In [30],
both global geometric structures and local pixel correspondence are established to evaluate the visual quality of the
retargeted image. In [31], it was shown that visual fixation
maps obtained from eye tracking experiments could improve
the visual quality assessment performance of objective metrics.
Ma et al. [32] conducted a large-scale subjective study to
assess the visual qualities of retargeted images and built a
publicly available data set. Based on perceptual geometric
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distortion and information loss, Hsu et al. [33] measured
the geometric distortion of a retargeted image based on the
local variance of scale-invariant feature transform (SIFT) flow
vector fields of the image, and measured the information
loss based on the saliency map. The perceptual geometric
distortion and information loss corresponds to the accuracy
and completeness of information representation in thumbnail
generation, but ignores the sufficiency that keeps the important
objects at a proper scale.
Recently, some researchers have noted the difficulties of
employing the existing retargeting techniques for thumbnail
generation. In [29], a particularly considered hybrid approach
was proposed for addressing this problem, where seam carving
and warping were used in combination. They first employed
cyclic seam carving (CSC) to adapt images to thumbnail size.
Subsequently, the result of seam carving guided the thumbnail
generation via a thin-plate spline (TPS), which actually formed
a continuous mapping from the source to the target. Although
this method achieves smoothness in thumbnail and makes
sufficient use of the limited space, the two-stage combination
leads to heavy time cost to meet the practical needs. A combination of warping, cropping, and scaling components for
thumbnail generation was presented in [34], which needed
manually setting the weights. While in our solution, we
achieve content condensation and structure preservation via
adaptively fusing three retargeting operators together, which
complements each other and effectively improve the visual
effect.
III. OVERVIEW
Fig. 2 shows the workflow of thumbnail generation, which
mainly consists of three functional modules, i.e., preprocessing
module, optimization module, and quality-improving module.
The preprocessing module is responsible for the importance
analysis across the whole image, i.e., it determines which
regions are informative. On one hand, we calculate the
attention map and detect face to produce the importance map.
On the other hand, we adopt a uniform grid to partition the
whole image and use the grid cells to present the structure of
different regions. And a cropping window of thumbnail size
is introduced as the red box shown in Fig. 2. The second
module mainly includes a process of content condensation
with convex programming. Three condensation operators,
warping, cropping, and scaling, are encoded as energy cost
terms, respectively, and a linear combination of these energy
cost terms eventually forms a convex objective function. The
solution of the objective function results in new coordinates
of grid vertices, and consequently an intermediate thumbnail
is rendered through mapping original image into a new grid
structure. The last module is to further improve the quality of
thumbnail by assessing the condensation quality of the intermediate thumbnail resulting from the optimization module.
IV. C ONTENT C ONDENSATION BASED ON
G RID O PTIMIZATION
As previously described, to implement an effective and
efficient solution, we achieve image content condensation with
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Fig. 2. Instance work flow of the proposed approach for thumbnail image generation, which mainly consists of a preprocessing module, an optimization
module, and a quality-improving module. The preprocessing module is responsible for the importance analysis. The second module fuses three condensation
components—warping, cropping, and scaling—to generate thumbnails. The last module is to further improve the quality of thumbnail.

a grid-based convex optimization framework. The input image
is partitioned into m×n grid cells uniformly, and the set of grid
cells is denoted by Q = {q11, q12 , . . . , qmn }. The vertex coordinate set of qi j is denoted by Vi j = {v i1j , v i2j , v i3j , v i4j } ⊆ R 2 .
By encoding three condensation operators as warping, cropping, and scaling into three energy terms, the thumbnail
generation is formulated to find a set of deformed grid cells Q̃
with optimized vertex positions, which minimize the following
objective function:
D( Q̃) = DW ( Q̃) + λDC ( Q̃) + μD S ( Q̃)

A. Warping
We employ grid-based warping to preserve the spatially
important content from obvious shape distortion, which is
able to retain the geometric structure smoothly. When it is
implemented, a simplified version of similarity transformation
is adopted to evaluate the shape distortion energy in resizing,
which can be formulated as follows:
4
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where DW indicates warping and evaluates the shape distortion
of content in thumbnail. DC indicates cropping and decides
how to discard the unimportant regions. D S indicates scaling
and is employed for displaying content at a proper size.
λ and μ are the weights of corresponding energy terms.

bq̃ =

It is straightforward to obtain the least square solution
[sc tx , t y ]qT = (AqT Aq )−1 AqT bq̃ and the shape distortion
energy Dw (q) = (Aq (AqT Aq )−1 AqT − I )bq̃ 22 . The reason
for ignoring rotation is that the resized images are required to
have rectangular appearance. And this simplification helps to
formulate the scaling energy cost reasonably in the following
section. More details of similarity transformation can be found
in [16]. Finally, the shape distortion energy is

(4)

m,n


Ii j Dw (qi j ).

(5)

i, j

Up to now, the target has converted to solve a quadratic
programming (QP) problem, which can be handled efficiently.
We quantify the importance of grid cells as I , which is
normalized to [0.2, 2] for two reasons. One is to avoid
undue deformation. The other is to prevent from generating
some overlapped grids during the optimization process. Some
boundary constraints can make the deformed images have
specified size; however, in this solution, we just restrict the
deformed image to have rectangle appearance. Minimizing
DW would preserve the shape of important content, while
distributing distortion to the unimportant ones, which makes
it possible to rearrange the important objects more compactly
and accurately by preserving the original structure information
in thumbnail.
B. Cropping
As discussed before, the results of single warping usually
subject to the small size of target hardly meet the requirement
of thumbnail. Therefore, we incorporate a cropping energy
term, which provides the system more space for completely
presenting the important content in the results through cropping some regions out selectively. The cropping term should
satisfy the following two requirements: 1) the most important
information of image should be preserved preferentially and
2) this term should be naturally integrated into the grid
deformation framework, while not influencing the smooth
geometric structure achieved by warping.
To achieve this, we first define a spatial rectangle of
target size as the cropping window. The deformed grid cells,
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is incorporated, the global solution of the unified framework
still exists and can be solved through numerical optimization.
C. Scaling

Fig. 3.

Cropping function Dcx .

which are located outside the window, are deemed as cropped
and would not appear in thumbnail. Then, we encode the
information loss caused by cropping as a piecewise function
DC ( Q̃) =

m,n



y

Dcx (qi j ) + Dc (qi j )



(6)

i, j

and
Dcx (q)

(−1) · (x q · (WT −x q ))· Iq
=
1
[(−δ) · (x q · (WT −x q )) δ + δ − 1]· Iq
y
Dc (q)

=


(−1) · (yq · (HT − yq )) · Iq
1
δ

[(−δ) · (yq · (HT − yq )) + δ − 1]· Iq

if x q ∈
/ [0, WT ]
if x q ∈ [0, WT ]
(7)
if yq ∈
/ [0, HT ]
if yq ∈ [0, HT ]
(8)

where WT and HT are the width and height of the thumbnail,
respectively. [x q , yq ]T represents the centroid coordinate of q,
which can be calculated in terms of Vq easily. And δ is
a positive parameter correlated with the size of target. For
120 × 120 thumbnail, it works well as δ = 15.
As shown in Fig. 3, the first term of the piecewise function
ensures that the function fetches a lower value when the
grid cell lies inside the cropping window than outside, which
would help the most important content to be preserved in the
cropping window preferentially. The second term of (7) and (8)
guarantees Dc not to appear significant differences when the
grid vertices move inside the cropping window. That is, the
resulted coordinates of grid cell within the cropping window
are still determined by the warping chiefly.
As discussed in the last section, DW is quadratic and
the global solution can be resolved. Fig. 3 shows that the
original form of Dc is quadratic as well. When it becomes
the piecewise version, both pieces are still convex. It is easy
to prove that the boundary points make no effect on the
convexity of the entire Dc , and the first derivative of function
is continuous. As for results, although the cropping cost energy

Through removing the relatively unimportant margin,
cropping frees up more space for the system to present the
important content. At the same time, the warping procedure
distributes deformation across an image nonhomogeneously,
which rearranges the salient objects compactly and preserves
the geometric structure of objects smoothly. The warping
procedure applies a scale parameter sc from a similarity
transformation to measure the distortion energy DW . However,
DW considers only the deformation of the geometric structure,
but not the energy loss due to scale changes. In other words,
sc in (3) helps to consider the issue of distortion, but cannot
be used to indicate the effect of scale change. When the scale
of a grid is decreased significantly, while the aspect ratio is
unchanged, the distortion energy DW is 0. This is because
there is no geometric deformation. Therefore, minimizing DW
cannot effectively guarantee the foreground objects at a proper
size. To address this problem, we further add scaling energy
to measure the energy loss caused by scale changes.
As discussed before, the similarity transformation of each
grid cell is uniquely determined by three parameters as
[sc , tx , t y ]qT , which factually results from the affine projection
in computer vision. sc is positive and indicates the scaling of
transformation. When sc equals 1, the grid cell is considered
deformed without scale change. According to this, we make
scaling take effect as a constraint, which can be formulated in
terms of sc . We define Uq = [u 1 , u 2 , u 3 ]T = (AqT Aq )−1 AqT ,
while sc can be calculated as sc = u 1 · bq̃ . For thumbnail
generation, the grid cells generally undergo shrinkage and the
corresponding sc is supposed to range from 0 to 1. As a result,
the scale energy can be formulated as
D S ( Q̃) =

m,n


[ld · (sc − 1)]2 · Iqi j

i, j

=

m,n


[ld · (u 1 · bq̃i j − 1)]2 · Iqi j

(9)

i, j

where ld is the length of diagonal of the original grid cell
and guarantees that D S is comparable with DW and DC in
magnitude. D S is also formulated as a quadratic function, and
minimizing D S would make the content retain the same scale
as in origin. In this solution, this term helps the important
content be at a proper size and displayed in thumbnails
sufficiently.
D. Energy Minimization
As for the above analysis, DW and D S are quadratic and
DC is a partly quadratic convex function. Although the latter
makes it impossible to solve (1) via a sparse linear system,
minimization of it further can be achieved by numerical
algorithm under some linear constraints. Since quadratic property of the objective function is strong, a conjugate-gradientbased method is employed. Minimizing (1) becomes a convex
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Fig. 4.
Illustration of the thumbnail generating process, which incorporates three operators gradually. The leftmost: the source image.
The dashed-line box: the resulting thumbnails yielded with different operators and the corresponding grid structure.

programming problem. Once a local solution is resolved, the
global solution is yielded. And we initialize the optimization
by placing the vertices of grids inside the cropping window
uniformly, where the linear constraints are all satisfied.
Fig. 4 shows the thumbnails yielded by content condensation with different operators. When only the grid-based
warping is employed, the improvement compared with direct
scaling is limited. Although warping tries best to preserve
the accuracy of the geometric structure of the important
content, the dogs appears to be so small that the viewers
can hardly discriminate it from uniform scaling. In the cases
of incorporating cropping into warping, through the cropping
window, the unimportant margin is discarded liberally. More
space of thumbnail is freed up to focus on displaying the
important content. We note that the cropping helps to improve
the visual effect as well as to preserve the most salient object
(dogs) preferentially. However, since the scale difference is not
counted into the shape distortion energy, all the deformed grid
cells (both inside and outside the cropping window) usually
suffer huge shrinkage, where the cropping window still fails
to yield a distinguishable output. Finally, scaling takes part
in to retain the important objects at a proper size, which
substantially encourages further discarding and distortion to
unimportant regions. As a result, a tradeoff among accuracy,
completeness, and sufficiency for presenting information is
finally achieved. According to the experiments, in (1), λ can
be between 0.01 and 0.08 when fixing μ = 0.25, and it works
well when λ = 0.025 in most cases. In order to demonstrate
the advantages of our approach comprehensively, Fig. 4 helps
to figure out how warping, cropping, and scaling take effect
step by step, and more examples are given in Fig. 5 to display
the effects of three retargeting components on the deformation
of grids.
V. A DAPTIVE W EIGHT A DJUSTMENT FOR
Q UALITY I MPROVEMENT
For the objective function in (1), each energy term responds
to one single operator, which has the capacity to guarantee
the quality of information in a certain aspect for information
presentation. DW responds to the warping operator. Minimizing DW makes the important content have the shape close
to the original in order to present information accurately.
DC responds to the cropping operator. Minimizing DC

Fig. 5. Examples of thumbnails and deformed grids. From the deformation
of grids, we can see the effects of three retargeting components on the outputs.

reserves as much important content as possible for the resulting thumbnail, which secures the completeness of information
presentation. D S responds to scaling operator. Minimizing D S
leads the important content to the original size, which helps
to make full use of the limited space of thumbnail and
achieve the sufficiency of information presentation. However,
the linear combination of these energy terms is still an artificial
formulation and not to be fully equivalent to the information
loss of thumbnail although the objective function is convenient
to be resolved. As a result, the thumbnail generated by
one-time optimization cannot be considered as the optimal
tradeoff among accuracy, completeness, and sufficiency. In a
word, the proposed framework has the capacity to improve
the quality of information contained in thumbnail, and yet the
result of one-time optimization does not mean the optimal
quality output.
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To further improve the condensation quality of thumbnail,
in this section, an adaptive manner is introduced to guide
the optimization procedure adaptively. We propose two simple
and intuitive indicators to evaluate the quality of intermediate
thumbnails produced in the optimization process. According
to these indicators, the objective function would be readjusted,
which actually leads the optimization procedure to produce a
better quality thumbnail. Although this manner might not be
able to result in an optimal quality of thumbnail, a suboptimal
result can be achieved. We realize the adaptive adjustment of
objective function through modifying the weights of responding energy terms, and the resulting thumbnails show a significant quality improvement compared with the ones produced
by one-time optimization.
Since the deformation of important content is most unbearable in thumbnail browsing, for (1), the weight of DW is taken
as a reference and fixed to 1, which is much greater than
the initial values of λ and μ. This implies that the energy
loss caused by shape deformation has been fully taken into
account, i.e., the accuracy of information preservation has
a higher priority. In the following, we focus on adjusting
the contribution of cropping and scaling terms to improve
completeness and sufficiency for information presentation.

A. Completeness Improvement
As shown in Fig. 2, when the optimization procedure
produces an intermediate thumbnail, one intuitive indicator is
to measure the completeness of information preservation. This
indicator determines whether λ need to be modified or not via
comparing with the preset threshold

q̃ ∈ Q̃ w Ii j
 ij
≥ Thcplt
(10)
qi j ∈Q Ii j
where Q̃ w represents the set of deformed grid cells within the
cropping window. Q is the set of all grid cells. Thcplt is set
to 0.7, which is based on the observation that most objects are
completed in the resulted thumbnails.
If (10) is satisfied, the resulted thumbnail is considered to
meet the completeness criteria. If not, it means that the information preserved in thumbnail is not complete enough, and is
necessary to increase λ for incorporating more information in
thumbnails. The updated objective function is
D  = D + λinc DC

(11)

where λinc is the increment of λ. We denote the optimal
solution of D and D  as z ∗ and z ∗ , respectively, which are
vectors consisting of the coordinates of all the deformed grid
vertexes and factually represent the intermediate thumbnail.
Thus, the change in the visual effect of thumbnail could be
approximated by the Euclidean distance between the optima
before and after objective function update. ∇ represents the
gradient operator. Then λinc is determined in the following
two ways dynamically, which makes minimizing D  result in
a clearly improved quality of thumbnails.
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1) Fixed-Length Manner: If z ∗ lies within the interior of the
feasible region, ∇ D|z ∗ is null in theory. According to (11),
∇ D  |z ∗ has the same direction as ∇ DC |z ∗ . As discussed in
the last section, our objective function has a strong quadratic
property, and there is a certain linear relationship on converge
rate for solving the QP problem by the steepest decent method,
which can be used to obtain λinc . We bring in a point in
solution domain as follows:
∇ DC | z ∗
(12)
z 1 = z ∗ − L step
∇ DC |z∗ 
and make it the minimum point of D  in the negative gradient
direction of z ∗
∇ D|z 1 · ∇ D|z ∗
∇ D  |z 1 · ∇ D|z ∗ = 0 ⇒ λinc = −
. (13)
∇ DC |z 1 · ∇ D|z ∗
L step is a fixed step length, which is proportional to the
distance between z ∗ and z ∗ . According to (12) and (13),
through L step , we can obtain λinc , which would make minimizing D  result in a clear change in thumbnail appearance.
The detailed derivation is given in Appendix A.
2) Fixed-Angle Manner: If z ∗ lies on the boundaries of
feasible domain, the current gradient of the objective function
generally does not equal to 0. There is no analytical or
approximate analytical way to control the distance between
the current and new solutions. In this case, we adopt an
intuitive manner to solve this problem. When λinc ranges from
0 to +∞, the direction of the gradient of the objective function
at z ∗ equivalently changes from the direction of ∇ D|z ∗ to that
of ∇ DC |z ∗ . And the changes in angle of the gradient of the
objective function can be used to educe λinc
∇ D  |z ∗ · ∇ D|z ∗ = cos Astep · ∇ D  |z ∗  · ∇ D|z ∗ 

(14)

⇓
(∇ D|z ∗ · ∇ D|z ∗ + λinc ∇ DC |z ∗ · ∇ D|z ∗ )2
∇ D|z ∗ ·∇ D|z ∗ +2λinc ∇ D|z ∗ ·∇ DC |z ∗ +λ2inc ∇ DC |z ∗ ·∇ DC |z ∗
= cos2 Astep ∇ D|z ∗ · ∇ D|z ∗

(15)

where Astep is a fixed step angle and λinc can be obtained
through solving the quadratic function. Since λinc is required
to be positive, the larger solution of (15) is assigned to λinc .
The detailed derivation is given in Appendix B.
Once the objective function is updated, taking the current
solution as the initial point, the procedure returns to the
optimization module and reproduces the thumbnails until the
completeness criterion is satisfied.
B. Sufficiency Improvement
The second indicator is yielded as the measure of the sufficiency of information presentation, which is obtained through
calculating the percentage of space occupied by important
objects and determines whether μ needs to be modified

q̃i j ∈ Q̃ w S(q̃i j ) · Ii j
≥ Thsfct
(16)
T Height × T Width
where S(·) calculates the area of grid cell. T Height and
T Width are the height and width of the input image, respectively. Thsfct is threshold and set to 0.5. In fact, (16) estimates
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Fig. 6. Illustration of quality improvement. By modifying the weights of different condensation operators, the visual effect of the resulting thumbnail
is improved significantly. The leftmost: the source image and saliency map. The dashed-line box: the thumbnails produced with different weights and the
corresponding grid structure.

Fig. 7. Some instances of quality improvement. The first row: the thumbnails produced without quality improvement, where λ and μ are set as 0.01 and 0.25,
respectively. The second row: the thumbnails produced by iterative operator selection with dynamic programming based on BDW measure.
The third row: the thumbnails produced with adaptive quality improvement by checking completeness and then sufficiency. The fourth row: the thumbnails
produced with adaptive quality improvement by checking sufficiency and then completeness.

whether the space of thumbnail is used sufficiently. If not,
it is necessary to increase μ for upsizing the size of important
objects. Since the corresponding energy term D S is quadratic,
the increment of μ is determined based on the same manner
as the computation of λinc .
In practice, for a 500D vector space or so, a step length of
100 and a step angle of 30◦ result in 1000 Euclidean distances
between the solutions before and after objective function
update on average, which leads to a stable and clear improvement on visual effect of thumbnails. Fig. 6 shows a process
of quality improvement, which intuitively demonstrates the
influence that the change of weight has made on the visual
effect of output thumbnail. And more instances of quality
improvement are given in Fig. 7 (the first row is produced
by one-time optimization and the third row is produced by
adaptive quality improvement), which shows the role of this
module. During the process of quality improvement, we first
check the completeness and then the sufficiency. We also
change the order of completeness and sufficiency and give the
retargeting results in the fourth row in Fig. 7 for comparison.
We find that the results are almost the same and the exchange
of completeness and sufficiency has little influence on the final
results with the same number of iterations.
An iterative operator selection strategy is proposed in [3],
which iteratively applies a sequence of resizing operations
dynamically selected from several candidate resizing operators
including scaling, cropping, and seam carving. A BDW metric

is used to determine the optimal image resizing operator
sequence for image resizing. For comparison, in this paper, we
implement the iterative operator selection with dynamic programming to find an optimal path in a resizing space (warping,
cropping, and scaling) based on BDW evaluation. Given two
images S and T , let Si and Ti denote row i in images S and T ,
respectively. The BDW distance is calculated as
DBDW (S, T ) =

1 
1 
DTW(Si , Ti )+
DTW(Ti , Si )
Ns
Nt
i

i

(17)
where DTW is a variant of dynamic time warping [3]. Similar
to [3], we consider the resizing space as a conceptual multidimensional space combining several retargeting operators.
The search for an optimal solution in the resizing space can
be solved by dynamic programming.
Some results are shown in the second row of Fig. 7,
where we can find the important objects usually small since
warping operators are chosen more frequently than cropping
and scaling operators. Different from BDW [3] to measure the
retargeting results and adjust the sequence of operators, we
adopt an adaptive manner to adjust the optimizing process by
measuring the completeness and sufficiency for information
presentation. We preserve the geometric structure of objects
smoothly and restrain important foreground at a proper size
for making sufficient use of the limited space of thumbnail
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to express the important information. Moreover, we jointly
optimize the three energy functions instead of one by one in
the iterative operator selection. From the third row of Fig. 7,
we can observe that our adaptive quality improvement leads
to better perceptual preference.
VI. E XPERIMENTAL R ESULTS
To evaluate the performance of our approach fairly,
we used 390 images for generating thumbnails of 120 × 120.
There are 80 images from RetargetMe [6], 210 collected from
PASCAL VOC2008 [35], and 100 from ImageNet [36]. This
data set contains images with diverse content distribution,
such as single object, multiple objects, scattered objects, and
centralized objects. Before generating thumbnails, we first
resize the source image to the width 500 with a fixed aspect
ratio. The size of the final thumbnail is 120 × 120. For
we adopt a uniform grid to partition the whole image, the
proposed method achieves better visual effect but consumes
more time when employing a finer grid partition. According
to practice, a grid cell of 20 × 20 size strikes a good balance
between thumbnail quality and computational complexity in
most cases.
To determine the importance of each pixel, various saliency
measurements have been used for image retargeting, such as
gradient magnitudes, face detector, and neighborhood discontinuity. In this paper, the importance map is computed through
combining the saliency map [37], [38] and face detection [39].
The regional-contrast-based saliency [37] is to simultaneously
evaluate global contrast differences and spatial coherence,
which is fast and easy to compute. In addition, we apply the
face detection approach [39] to generate a face map. Then
the overall importance map is obtained by averaging saliency
map and face map. Each grid’s importance is computed by
averaging the pixel-wise importance values.
To provide a comprehensive evaluation, our method is
compared with popular state-of-the-art approaches in both
qualitative and quantitative fashion, including improved
seam carving (ISC) [12] for discrete method, shapepreserving warping (SPW) [16] for continuous method,
multioperator (MULTI) [3] and scale and object aware retargeting with a thin-plate spline (SOARtp ) [40] for hybrid
methods. Moreover, Sun and Ling [40] combines the scale
and object aware saliency with the cropping method in [9].
Because our solution also adopts the cropping operator, this
cropping-based thumbnail-generating solution (SOARcr ) [40]
is incorporated into our qualitative comparisons for comprehensive understanding. In addition, the speeds of different
methods are presented for further demonstrating the efficiency
and feasibility of our method. All the experiments are completed on a computer with an Intel Pentium 2.33-GHz dual
core and a 4-GB memory.
A. Speed
Table I gives the average time cost of different methods.
On one side, the seam-based methods show a poor performance in comparison: the single seam carving procedure consumes about 0.5 s on average. MULTI [3] takes about 1.7 s for
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TABLE I
S PEEDS OF VARIOUS M ETHODS FOR A DOPTING 500 × 400 S OURCE
I MAGES TO 120 × 120 T HUMBNAILS

the process of iterative operator selection. For SOARtp [40],
which employs seam carving as a component of two-stage
combination, the total time even exceeds 1 s. In fact, the
performances of seam-based methods are especially dependent
on the size of source: when the size reaches 700 × 500, the
computational time quickly reaches more than 2.5 s, which is
generally deemed to be inappropriate for any online applications. On the other side, as the grid-based approaches, although
both SPW [16] and our method employ grids of the size
of 20 × 20 and consequently have the same number of
variables in optimization, SPW [16] works more efficiently
than ours. This is because the objective function of SPW [16]
is quadratic and can be converted to solve a sparse linear
system. Our solution, where DC is not quadratic but just
convex, has to resort to numerical optimization. The speed of
our approach is comparable with that of seam carving. This is
because, first, the proposed quality improvement module leads
to 4–5 iterative optimizations on average. Second, according to the configuration, the first step of ISC [12] and
SOARtp [40] is to produce thumbnails of an immediate size
of 200 × 200, which are then uniformly resized to the target
size of 120 × 120, and in this manner contributes to save time
as well. Fortunately, the computational cost of our method is
still acceptable. Our method outperforms seam-based methods
obviously and can achieve a satisfactory tradeoff between
effectiveness and efficiency.
B. Qualitative Results
Some intuitional comparisons are shown in Fig. 8, including
various types of images. Compared with other methods, our
method preserves the shape of important objects smoothly
and avoids the inordinate distortion and shrinkage simultaneously. In other words, our method delivers important visual
information as accurate, complete, and sufficient as possible
to the viewers. Some approaches like ISC [12] damage the
geometric structure of image significantly and SPW [16]
shrinks the important foreground too much to distinguish.
While MULTI [3] and SOARcr [40] and SOARtp [40] cannot effectively deal with multiple foregrounds with scattered
importance maps.
For SPW [16], the output images are generally smooth and
natural. This is due to the explicit modeling of content shape
and the manner of continuous mapping, which help thumbnails
achieve fine preservation to the geometric structure of image.
And yet, the important foregrounds have to face an uncontrollable shrinkage at the same time. Especially for the images
containing single foreground with a centralized importance
map (foreground takes up little room), as shown in Fig. 8,
the foreground becomes so small in resulting thumbnails that
viewers can hardly discriminate them from direct scaling. This
shrinkage can be attributed to lack of consideration on the
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Comparison results of different approaches for images with single/multiple foreground and centralized/scattered importance map.

scale of content and permitting unimportant region to appear
in the output. ISC [12] produces the thumbnails by removing
the least important pixel chain iteratively, which gets rid of
the unimportant region in the output and helps the foreground
maintain an understandable size from another angle. As shown
in Fig. 8, when image contains single foreground with a
centralized importance map, this approach can achieve good

effect. However, this approach achieves preservation to shape
of content in an implicit manner, i.e., by arbitrarily discarding
unimportant pixels. When there are too much pixels needed to
be abandoned, the geometric structure of the output is usually
damaged severely. As shown in Fig. 8, unacceptable distortions
occur in almost all the cases of the scattered importance map
(foreground takes up lots of room relatively).
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Fig. 9.
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Example results on the RetargetMe data set. All results except ours and SOARcr are from [6].

For MULTI [3], the object usually has a proper scale
for single foreground with a centralized importance map,
which attributes to the iterative operator selection strategy. But
for the images with multiple foregrounds with the scattered
importance map, the completeness and geometric structure are
often damaged, since the BDW measure cannot effectively
response the completeness and sufficiency for information
presentation. SOARcr [40], as a cropping approach, is to search
for the cropping window covering the most important content
as the output and has no ability to make further adjustment to
the content within the cropping window. When the importance
map is relatively scattered, the resulting thumbnails often
cannot display the foregrounds completely. SOARtp [40],
making use of discrete seam carving to guide continuous
mapping, yields compatible results with ours in some cases,
which prevents the foreground from significant shrinkage
and achieves the smooth global visual effect simultaneously.
Nevertheless, unnatural distortions still happen occasionally
in the cases of both centralized and scattered importance
maps. The reason can be explained as that continuous TPS
is insufficient for completely repairing the geometric structure
damaged by discrete CSC.
Generally speaking, the continuity of warping is not only
the key of visual smoothness, but also permits the unimportant region to occupy more or less room in thumbnail.
The too much space occupied by unimportant content impels
the foreground to undergo an inevitable shrinkage, which
causes the degeneration of distinguishableness definitely.
On the contrary, the discrete methods reserve as much space as
possible for displaying important content, while the geometric
structure cannot be saved effectively. SOARtp [40], as a
two-stage solution, combines the advantages of discrete
approaches and continuous approaches. In essence, our solution is based on the similar consideration. Instead of carving,
our solution employs cropping to discard the irrelevant image
margin selectively, which reduces the impact of unimportant
regions on displaying the important content. At the same time,
the warping process could rearrange the foreground objects

more compactly, and the scaling process could maintain them
at a proper size, which helps the important content to be
displayed in thumbnails completely and sufficiently. Most
importantly, through modifying the weights of energy terms
dynamically, our solution has stronger flexibility for processing images with diverse content, and the qualitative results of
comparison have demonstrated this point effectively.
Since thumbnail is a special case of retargeting, we run the
proposed approach on a benchmark data set, RetargetMe [6],
to compare with many state-of-the-art retargeting methods.
For a fair comparison, our method is tuned to output in
the scales used by those methods, which is about 75% of
the original image sizes. Some example results are shown
in Fig. 9, from which we find that the scale of important
objects looks more appropriate and some background
information is effectively condensed. The reason is that we
jointly optimize the warping, cropping, and scaling functions
together. Due to the small scale change, the weights of
cropping and scaling are relatively smaller than those of the
generating thumbnails. In this way, the image structure has
less deformation and looks more natural.
C. Quantitative Results
We perform two user studies to evaluate our approach with
MULTI [3], ISC [12], SPW [16], and SOARtp [40].
User Study A: In order to reflect the effectiveness and
efficiency of thumbnail browsing objectively, we conducted a
user study with the same setting as in [29]. For each user, the
task requires him/her to browse and select a target described
verbally from a set of image thumbnails randomly placed
in a page. In each test page, we ask the user to choose
one particular image, say airplane, from various types
of images: bike, train, bird, and so on. There exists only one
correct thumbnail in each page to avoid ambiguity.
Similar to [29], we use 210 images from the
PASCAL VOC 2008 database [35]. These images are divided
into 14 classes and each class has 15 images. The classes
are airplane, bicycle, bird, boat, bus, car, cat, cow, dining
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TABLE II

TABLE III

S TATISTICS OF U SER S TUDY ON T HUMBNAIL B ROWSING

R ESULTS OF O BJECTIVE E VALUATION FOR D IFFERENT A PPROACHES

Statistics of the user study for paired comparison.

table, dog, horse, motorbike, sheep, and train. Each user is
requested to browse in total 210 pages. In each page, the
subject will see a word describing the class of the target
and 10 × 10 image thumbnails aligned in 10 × 10 grid.
Only one thumbnail that matches the description will be
put randomly in one of the 100 positions. Other 99 filler
images are chosen randomly from the rest classes. There are
altogether 72 college students participating in this user study,
50 of which come from the natural science realm, while
others come from social science realm. For each thumbnail
on the screen, the time a user spends to find the result and
the selection are recorded for evaluation. The final statistics
of all the feedback are shown in Table II, from which we
can observe that the proposed approach outperforms others
in accuracy for thumbnail browsing. In addition, the less
average time cost of the proposed approach reflects the higher
efficiency in the context of thumbnail browsing.
User Study B: Another user study is designed to evaluate
different approaches with paired comparison [6]. We randomly
select 30 images from RetargetMe [6], and the 72 users are
shown two retargeted images (in a random order) at a time,
side by side, and are asked to simply choose the one they
prefer. For each image, given four retargeting approaches,
there are six possible combinations of paired comparisons, and
thus the total number of paired comparisons for all 30 source
images is 180. The users vote for the retargeted image with a
relatively better visual quality by clicking the mouse. We do
not provide a time constraint for the decision time. Fig. 10
shows that the statistics of each method has been chosen
as favorite retargeting results. Based on the statistics, our
method outperforms MULTI [3], ISC [12], SPW [16], and
SOARtp [40] since we jointly consider the accuracy, completeness, and sufficiency together. Especially for the multiple
foregrounds with a scattered important map as shown in Fig. 8,
the superiority of our approach is more obvious for other
approaches and it damages the geometric structure of image
significantly or shrinks the important foreground too much to
distinguish. For our solution, through modifying the weights of
energy terms dynamically, our approach has stronger flexibility
for processing images with diversified content. In detail,
cropping is employed to discard the irrelevant image margin
selectively, which reduces the impact of unimportant regions
on displaying the important content. While warping rearranges

the foreground objects more compactly, the scaling process
could maintain them at a proper size.
Objective Evaluation: We use BDW [3], global to local metric (GLM) [30], and SFmetric [33] as quantitative measures for
evaluating the experimental results with all 390 images. BDW
[3] is used a variant of DTW to measure the similarity. GLM
[30] combined global geometric structures and local pixel
correspondence to evaluate the visual quality. SFmetric [33]
measured the geometric distortion based on the local variance
of SIFT flow and measured the information loss based on the
saliency map.
Table III gives the average results of objective evaluation.
For BDW measure, we can see that all the four approaches
achieve similar values for it is difficult to find correspondence
due to big scale change or local deformation. For GLM measures, ISC [12] achieves higher score than our approach since
the resulted thumbnails of ISC have larger foreground objects,
which result in more pixel correspondences with the source
image. But we can observe from Fig. 8 that when there are too
much pixels needed to be abandoned, the geometric structure
of thumbnails is usually damaged severely due to local and
discrete strategy of removing pixel chains in ISC [12]. For
SFmetric measure, our approach achieves best results than
others. The reason is that SFmetric calculates the geometric
distortion based on SIFT flow and calculates the information
loss based on the saliency map. These two energy losses
correspond to the accuracy and completeness in our approach
although the ways of modeling are different. As observed in
Table III, our approach outperforms all the other approaches
in the average results of the three measures.
VII. C ONCLUSION
In this paper, we present an adaptive content condensation approach for thumbnail image generation. By exploiting
the complementarity among three condensation operators, we
fuse them into a grid-based convex programming framework.
Besides, three measures are proposed to evaluate the condensation quality of thumbnails. These indicators factually guide
the optimization procedure in a data-driven manner to a highquality thumbnail generation. As result, our system shows a
stronger flexibility for handling with diversified images and
is able to deliver as much visual information as possible
to viewers within a very limited size of thumbnail, which
achieves an excellent tradeoff among accuracy, completeness,
and sufficiency for information presentation.
A PPENDIX A
D ETAILED D ERIVATION OF (13)
If z ∗ lies within the interior of the feasible region, ∇ D|z ∗
is null in theory. According to (11), ∇ D  |z ∗ has the same
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direction as ∇ DC |z ∗ . Then
∇ D  |z 1 · ∇ D|z ∗ = 0
(∇ D|z 1 + λinc ∇ DC |z 1 ) · ∇ D|z ∗ = 0
and we can obtain λinc as
λinc ∇ DC |z 1 · ∇ D|z ∗ = −∇ D|z 1 · ∇ D|z ∗
∇ D|z 1 · ∇ D|z ∗
λinc = −
.
∇ DC |z 1 · ∇ D|z ∗
A PPENDIX B
D ETAILED D ERIVATION OF (15)
If z ∗ lies on the boundaries of feasible domain, the direction
of the gradient of the objective function at z ∗ equivalently
changes from the direction of ∇ D|z ∗ to that of ∇ DC |z ∗ . Then
∇ D  |z ∗ · ∇ D|z ∗ = cos Astep · ∇ D  |z ∗  · ∇ D|z ∗ 
[(∇ D|z ∗ + λinc ∇ DC |z ∗ ) · ∇ D|z ∗ ]2
= cos2 Astep ∇ D  |z ∗ 2 · ∇ D|z ∗ 2
(∇ D|z ∗ · ∇ D|z ∗ + λinc ∇ DC |z ∗ · ∇ D|z ∗ )2
= cos2 Astep · (∇ D|z ∗ · ∇ D|z ∗ )(∇ D|z ∗
+ λinc ∇ DC |z ∗ ) · (∇ D|z ∗ + λinc ∇ DC |z ∗ )
and we have
(∇ D|z ∗ · ∇ D|z ∗ + λinc ∇ DC |z ∗ · ∇ D|z ∗ )2
(∇ D|z ∗ + λinc ∇ DC |z ∗ ) · (∇ D|z ∗ + λinc ∇ DC |z ∗ )
= cos2 Astep · (∇ D|z ∗ · ∇ D|z ∗ )
(∇ D|z ∗ · ∇ D|z ∗ + λinc ∇ DC |z ∗ · ∇ D|z ∗ )2
(∇ D|z ∗ ·∇ D|z ∗ +2λinc ∇ D|z ∗ ·∇ DC |z ∗ +λinc 2 ∇ DC |z ∗ ·∇ DC |z ∗)
= cos2 Astep · (∇ D|z ∗ · ∇ D|z ∗ ).
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