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Objective Quality Assessment for Image Retargeting
Based on Perceptual Geometric Distortion
and Information Loss
Chih-Chung Hsu, Chia-Wen Lin, Senior Member, IEEE, Yuming Fang, and Weisi Lin, Senior Member, IEEE

Abstract—Image retargeting techniques aim to obtain retargeted images with different sizes or aspect ratios for various
display screens. Various content-aware image retargeting algorithms have been proposed recently. However, there is still no
effective objective metric for visual quality assessment of retargeted images. In this paper, we propose a novel full-reference
objective metric for assessing visual quality of a retargeted image
based on perceptual geometric distortion and information loss.
The proposed metric measures the geometric distortion of a
retargeted image based on the local variance of SIFT flow vector
fields of the image. Furthermore, a visual saliency map is derived
to characterize human perception of the geometric distortion.
Besides, the information loss in the retargeted image, which is
estimated based on the saliency map, is also taken into account in
the proposed metric. Subjective tests are conducted to evaluate
the performance of the proposed metric. Our experimental results
show the good consistency between the proposed objective metric
and the subjective rankings.
Index Terms—Geometric distortion, image retargeting, quality
assessment, quality evaluation, SIFT flow.

T

I. INTRODUCTION

HE heterogeneity of end devices has imposed new demands, one of which is that images should be resized
for different display resolutions on various devices. A traditional approach to resizing images for different display screens
is to scale images by uniformly down-sampling. However, this
method may result in poor viewing experience as some salient
objects turn to be too small. Image cropping is another traditional image resizing method by preserving the Regions of Interest (ROIs) for images. The drawback of this method is that
the context information may get lost.
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To overcome the problems with the image scaling and cropping, some advanced content-aware image/video retargeting
algorithms have been proposed recently [1]–[7]. The popular
image retargeting algorithm seam carving was proposed by
Avidan et al. [1]. Guo et al. [2] designed an image retargeting
algorithm based on saliency-based mesh parameterization.
Wang et al. [3] presented an image retargeting algorithm
by combining a saliency map and a gradient map. Wolf et
al. [4] introduced a linear system to design an image retargeting algorithm. Recently, Rubinstein et al. [5] showed that
a multi-operator retargeting algorithm that combines the seam
carving, scaling and cropping operators to resize an image, can
obtain better results than those using only a single operator. In
[6] and [7], temporal information is further taken into account
to ensure the temporal consistency between consecutive frames
of a video in video retargeting.
Due to the rapid growth of image retargeting applications,
visual quality assessment for retargeted images become important. In [8], Rubinstein et al. conducted a user study to compare
the retargeting results from a number of existing image retargeting algorithms and established a benchmark of 37 test images with subjective paired comparisons, namely RetargetMe
dataset [9]. However, this subjective evaluation method is timeconsuming, laborious and expensive. Thus, an objective assessment metric aiming at automatic visual quality assessment of
retargeted images is desirable.
Image quality assessment algorithms are generally divided
into two categories: double-ended and single-ended [10].
Double-ended metrics require the original image as the reference image to assess the visual quality of the distorted
image. It can be further divided into two subclasses: one is the
full-reference (FR) metrics which need the complete reference
image, and the other is the reduced-reference (RR) metrics
which only need part of the reference image. On the contrary,
single-ended metrics need no reference image and thus are
called no-reference (NR) ones.
Traditional visual quality assessment methods usually calculate the similarity between the reference and distorted images
to evaluate the visual quality of the distorted image. These objective metrics include MSE (mean squared error), PSNR (Peak
Signal-to-Noise Ratio) and so on [10], [11]. These traditional
methods are simple and straightforward, but cannot predict the
visual quality accurately as the human being. Existing studies
have shown that the human being’s perception of natural scenes
is much more complicated than the simple statistics used in the
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Fig. 1. Typical distortions due to image retargeting: (a) the original image; (b)-(e) retargeted images with various spatial geometric distortion and information loss.

traditional visual quality assessment methods [10]. To better
evaluate the visual quality of a distorted images, quite a few perception-based metrics have been proposed, such as the structure
similarity (SSIM) metric based on the human visual sensitivity
to image structures [11], [12].
Recently, some studies have shown that the eye-tracking data
can be used for image retargeting quality assessment [13], [14].
Castillo et al. claimed that the artifacts of retargeted images may
not be noticed in the areas outside the regions of interest and the
eye-tracking data can be used to improve the prediction capabilities of the image distance metrics [13]. Chamaret et al. proposed a metric to assess the visual quality of a retargeted video
based on the following four factors: the ability to keep the visually interesting areas (from eye-tracking data), the temporal coherence of the cropping window, the temporal coherence of its
size and the capability to be close to an optimal zoom factor [14].
In [15], Liu et al. proposed an objective metric for quality assessment of image retargeting algorithms based on the global
geometric structures and local pixel correspondence. In [16], the
authors conducted a large-scale subjective study to assess the
visual qualities of retargeted images and built a publicly available dataset containing 171 retargeted images obtained from
57 source images associated with their mean opinion scores
(MOS) [17]. Based on the subjective MOS values, the authors
further proposed to fuse five objective metrics suggested in [8],
including the earth mover’s distance (EMD) [18], the bidirectional similarity [19], Edge histogram [20], and SIFT-flow [21]
using a monotonic logistic function. However, the performance
of the fused metric is still not satisfactory as reported in [16].
The method proposed in [22] creates an SSIM [12] quality map
that indicates at each spatial location of the reference image how
the structural information is preserved in the retargeted image.
A saliency map is generated as a spatially varying weighting
factor of the SSIM map to estimate the visual quality of a retargeted image.
Most of the conventional quality assessment metrics require
that the sizes of reference image and distorted image should be
the same. However, the retargeted images usually have different
sizes with the original image due to non-homogeneous resizing.
Various metrics used in [8] can be used to assess the quality between two corresponding images with different sizes. However,
these metrics are not designed for assessing quality of content-

aware image retargeting that resizes an image in a non-uniform
way. Furthermore, as illustrated in Fig. 1, image retargeting usually leads to two kinds of distortions: geometric deformation and
information loss. For example, Fig. 1(b)–Fig. 1(d) show some
typical types of spatial geometric distortions including distorted
lines/edges [see Fig. 1(b) and Fig. 1(c)] and the distorted shapes
of a retargeted object [see Fig. 1(d)] due to non-uniform resizing. Besides, Fig. 1(e) shows the significantly reduced size
(i.e., information loss) and aspect ratio change of the salience
object (the lady). It is, however, difficult to fully quantify such
kinds of geometric distortions and information loss using existing visual quality metrics [10]–[12], [16], [18]–[22]. Therefore, the objective quality assessment metric for image retargeting calls for new, careful investigations to capture such kinds
of distortions.
In this paper, we propose a novel FR objective quality metric
to assess the visual quality of a retargeted image. Our goal is
to measure human perception of image retargeting impairments
using a practical objective metric. While modeling the human
perception to retargeting distortions is still a very difficult and
challenging problem, we approach the problem in a practical
way: converting perceptual impairments in image retargeting
into measurable features. We find that geometric distortion and
information loss are the two major types of distortions that affect the perceptual visual quality of a retargeted image the most.
Based on the finding, our method measures the amounts of perceptual geometric distortion and information loss in a retargeted image based on dense correspondence estimation (e.g.,
SIFT flow in [21]), and further utilizes a visual saliency map
to quantify human perception of the geometric distortion and
information loss. The contribution of the proposed method is
three-fold: (i) we propose a novel perceptual geometric distortion metric based on the local variance of the SIFT-flow vector
filed between the original image and its retargeted version; (ii)
we propose a novel metric to quantify the information loss of
a retargeted image which, to the best of our knowledge, was
never addressed before; and (iii) we propose a method to fuse
the above two metrics to derive the final quality metric for image
retargeting.
Compared with the preliminary conference version of this
paper [30], the paper has been significantly extended in the following aspects: (i) In this paper, we proposes a new adaptive
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Fig. 2. Block diagram of the proposed quality assessment method. The upper part shows the key modules for evaluating perceptual geometric distortion (PGD),
and the lower part shows the key modules for saliency loss ratio estimation.

fusion scheme to automatically determine the weights between
the two metrics: perceptual quality distortion and salient information loss, which effectively improves the performance of the
proposed metric. (ii) This paper provides in-depth analyses and
interpretations about the experimental results to offer good insights about the proposed method to make it a useful tool for
quality assessment and algorithm development in image retargeting applications. (iii) We have added the complexity analysis
of the proposed method.
The rest of this paper is organized as follows. Section II gives
an overview of the proposed method. In Section III and IV, we
describe the details of the proposed two metrics. Section V describes how to combine the two proposed metrics to obtain the
final quality metric. Section VI presents the experimental results. The final section concludes the paper.
II. OVERVIEW OF THE PROPOSED QUALITY METRIC
Advanced content-aware image retargeting schemes perform
non-uniform scaling in nature such that, under a size budget, visually important content is preserved as much as possible, while
non-important content can be trimmed more. Such non-uniform
scaling, however, often leads to severe local geometric distortions, such as distorted lines, shapes or textures, which can be
visually very annoying. Therefore, to assess the visual quality of
a retargeted image objectively, human perception on both types
of distortions, information loss and geometrical distortion, need
to be well characterized by an objective quality metric. Traditional quality metrics such as MSE, PSNR, and SSIM, however,
cannot do a good job in assessing the visual quality of a retargeted image because they cannot well capture the geometrical
distortion as well as measure the information loss. As reported
in [8], the current quality metrics cannot achieve consistent results with subjective evaluation.
The proposed method aims to systematically address the
above problem by taking into account simultaneously perceptual geometric distortion and information loss so as to make the
accuracy of objective quality assessment close to that of subjective evaluation. Fig. 2 shows the block diagram of the proposed

method. First, to measure the perceptual geometric distortion
(PGD), a pixel-wise dense correspondence map between the
original image and its retargeted version is established such
that the change on a shape or a structure caused by image
retargeting can be identified via measuring the local variance of
the correspondence vectors. We adopt the SIFT flow estimation
scheme proposed in [21], which is kind of generalized optical
flow estimation, to establish the correspondence map between
the original and retargeted images. Then, a visual saliency
map (VSM) is derived based on the model proposed in [25]
to determine the weights of patch-wise geometric distortions
based on the visual importance of these patches. Furthermore, a
local confidence map (LCM) based on the matching residue of
SIFT flow vector filed is generated to control the PGD weight
of each patch.
The second metric, information loss, represents the ratio of
the salient content discarded by the retargeting process. Our
method measures the information loss caused by retargeting by
estimating the saliency loss ratio (SLR), which is the ratio of the
amount of saliency value lost in retargeting to the total saliency
value of the original image. To this end, the saliency map of the
original image is warped to the size of retargeted image based
on the pixel correspondences provided by the SIFT flow map,
as depicted in the lower part of Fig. 2. The pixel-wise saliency
values in the warped (retargeted) saliency map are summed up
to obtain the preserved saliency value. As a result, the SLR can
be obtained accordingly. In the following section, the method
for measuring perceptual geometric distortion and information
loss shall be elaborated.
III. PERCEPTUAL GEOMETRIC DISTORTION ANALYSIS
To estimate the perceptual geometric distortion, our method
needs to generate two maps: the dense correspondence map and
the saliency map. As mentioned above, we adopt SIFT flow [21]
to establish the dense correspondence map between two images
even if they are slightly dissimilar to each other, since SIFT
flow can effectively overcome the matching problem caused by
content change in retargeting. Let and respectively denote

380

IEEE JOURNAL OF SELECTED TOPICS IN SIGNAL PROCESSING, VOL. 8, NO. 3, JUNE 2014

Fig. 3. Illustration of the relationship between geometric distortion and SIFT flow map: (a) the original image; (b) the retargeted image; (c) two patch-level
variance maps of SIFT flow vectors; (d) the estimated SIFT flow map between (a) and (b); (e) the filtered SIFT flow map; and (f) the local variance map of the
filtered SIFT Local variance map of (e).

the original image and the retargeted image, the SIFT flow map
between
and
is obtained by minimizing the following
objective function [21]:

(1)
denotes the SIFT flow vector of pixel , and
where
respectively denote the threshold values for selecting only those
differences of pixels and differences of flow magnitudes smaller
than the two thresholds to be included in the computation,
and are the weights for the second and third terms, and
represent the horizontal and vertical components of a SIFT flow
vector, and denotes the coordinate of the neighbor set of .
To evaluate the distortion of a retargeted image, our metric
generates three maps: geometric distortion map (GDM), visual
saliency map (VSM), and local confidence map (LCM). As illustrated in Fig. 3, our method first estimates the SIFT flow
map between the original image and its retargeted version. The
SIFT flow map is then partitioned into overlapping patches of
size 10 10, where two horizontally (vertically) neighboring
patches are overlapped with each other by 2 pixels in width
(height). For each patch in the SIFT flow map, the GDM, VSM,
and LCM are calculated and combined to obtain the quality
metric PGD. The higher the PGD is, the poorer the quality of
the retargeted image becomes.
Geometric Distortion Map (GDM). The aim of the proposed
GDM is to measure the local geometric distortion in a retargeted
image, such as a twisted line or a distorted shape of an object.
Such local geometric distortion usually leads to local variations
in the estimated correspondence vectors between the original and
retargeted images. Since SIFT flow offers promising estimates of
correspondences between two images, the geometric distortion

can be measured by computing the variance of SIFT flow vectors
in a local patch. Assume the original image
is resized from
to
. Let
and
denote the horizontal and vertical components of SIFT flow vector of patch ,
the GDM can be obtained by computing

(2)
where
and
respectively represent
the ratios of the width and height of the retargeted image
to
that of the original image , where
,
, and
denotes the variance function. In (2), when an image is downscaled more in one dimension, the variance in that dimension
will be weighted more.
Fig. 3(a) and Fig. 3(b) illustrate two patches with different
levels of geometric distortion and their corresponding patchlevel variance tables of SIFT flow vectors. We can observe that
the geometric distortion of
is significantly severer than that
of . Besides, Fig. 3(c) shows the patch-level variance of SIFT
flow vectors in
is much larger than that in
, indicating
that the local variance of SIFT flow image can well capture the
geometric distortion.
Although SIFT flow can provide fairly good estimates of
dense correspondences with discriminating features between
two images, it may still result in quite a few mismatches for those
correspondences with weak gradient features. These mismatches
mostly appear in the estimated SIFT flow map as isolated noises,
as illustrated in Fig. 3(d), which will reduce the accuracy of
geometric distortion estimation. To remove such speckle noise in
the SIFT flow map prior to patch-based local variance analysis,
we adopt the anisotropic diffusion filter proposed in [22] which
iteratively calculates the output image as follows:

(3)
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Fig. 4. An example of the LCM, VSM, and GDM maps.

where
represents the gradient of SIFT flow map,
and
stand for the smoothness and sharpness functions, respectively, is either 4 or 8 for 4- or 8-connected neighbors, and
denotes the neighboring pixels of pixel .
Since anisotropic diffusion filter is used to detect significant
defects like large isolated speckle noise and suppress ingnorable
defect. Besides removing small isolated noises (say, less than
2 2) to improve the reliability of the SIFT flow map, thanks
to the sharpness function used, the anisotropic diffusion filter
can also highlight the regions with large local variance in the
SIFT flow map, making it easier to extract these region. Fig. 3(e)
illustrates the filtered version of Fig. 3(d), showing that much
noise has been removed and high-variance regions have been
enhanced.
Local Confidence Map (LCM). Note that SIFT flow estimation is not always accurate, which can degrade the accuracy of the propose geometric distortion metric. To address this
problem, we propose to use LCM to measure the pixel-wise confidence level of a patch in GDM based on the residue image
, where
denotes the original image and
the reconstructed image de-warped from the retargeted image
using the estimated SIFT flow map. By de-warping the retargeted image back to the original image, we can evaluate the
SIFT-flow based prediction residue
to obtain the LCM of patch
as follows:

(4)
where
denotes the patch size,
denotes the SIFT flow
vector of pixel ,
is the corresponding pixel location
after the SIFT flow-based compensation,
is the
de-warped image based on , and is a small positive value to
avoid the divided-by-zero error. It is clear that if a correspondence between two images is perfectly matched, the residue will
be small. As a result, a large value in
indicates a mismatch
in SIFT flow, meaning that the geometric distortion estimated

based on such a mismatch vector is unreliable. We can therefore use the residue image to measure the confidence level of
geometric distortion estimation.
Visual Sensitivity Map (VSM). After deriving the GDM
map that captures the local geometric distortion of individual
patches, to better characterize the human visual perception of
the geometric distortion, the distortion values of patches need to
be properly weighted based on the visual importance of patches.
To this end, we use the VSM to determine the weight value
of a patch in the GDM. There exist several visual sensitivity/
saliency models which can be used to derive the VSM, such as
the Just-Noticeable-Difference (JND) model proposed in [24]
and the frequency domain-based visual attention model in [25].
We choose to use the visual saliency model in [25] to calculate
the saliency map
of the original image. The VSM of patch
can then be estimated as follows:
(5)
denotes the patch size.
where
Finally, the perceptual geometric distortion of a retargeted
image can be obtained by combining the GDM, LCM, and VSM
indices as follow:
(6)
represents the number of the patches in the SIFT flow
where
map. Note, before the combination, these three patch-level indices are all normalized into the range of [0,1] based on the minimal and maximal index values among the patches in an image.
Fig. 4 illustrates the GDM, LCM, and VSM of the five
retargeted versions of a test image. In this example, the
SHIFT-map [26] and Multi-operator [5] schemes lead to relatively higher local variance on the left boundary of their GDM
maps due to inaccurate SIFT flow estimation in the smooth
background (the sky) and textured background (the sea and

382

IEEE JOURNAL OF SELECTED TOPICS IN SIGNAL PROCESSING, VOL. 8, NO. 3, JUNE 2014

Fig. 5. Comparison of two retargeted images (400 336) in terms of their perceptual geometric distortion and information loss rate: (a) Original image (300
336) and the retargeted images using (b) Multi-operator (
,
), (c) Shift-map (
,
, (d) Uniform scaling
,
), (e) Seam carving (
,
).
(

Fig. 6. Flow diagram of the proposed information loss estimation scheme. (a) The original image and (b) the retargeted image are first used to estimate the SIFT
flow map. Then, (c) the saliency map of the original image is warped to obtain (d) the saliency map of the retargeted image. Consequently, the performance metric,
saliency loss ratio (SLR), is obtained by calculating the ratio between the trimmed amount of saliency in the retargeted image and that of the original image.

seashore). However, there is no visually significant distortions
in the two retargeted images obtained by SHIFT-map and
Multi-operator. The LCM can successfully suppress such kind
of false detection of distortion due to SIFT flow mismatches.
Besides, the VSM gives salient regions higher weights to
emphasize these regions.
IV. INFORMATION LOSS ESTIMATION
In addition to geometric distortion, the other major distortion
caused by image retargeting is information loss. It is therefore
desirable to develop another metric to measure the information loss due to retargeting for accurately assessing the visual
quality of a retargeted image. For example, as shown in Fig. 5,
the PGD values of the two retargeted images in Fig. 5(c) and
Fig. 5(e) are 0.44 and 0.33, respectively, meaning that Fig. 5(c)
obtained by shift-map has larger geometric distortion due to the
missing parts of the peacock. However, apparently shift-map
preserves significantly more salient information compared to
seam carving. Besides, the PGD values of Fig. 5(b) and Fig. 5(d)
are close to each other (0.14 and 0.15), whereas their SLR values
are 0.16 and 0.24. Fig. 5(b) looks visually much better then
Fig. 5(d) as Fig. 5(b) preserves more information in the salient
object. Therefore, while assessing the quality of a retargeted
image, the information loss due to retargeting should also be
taken into account.
To measure the information loss caused by image retargeting, we propose to use the saliency loss ratio (SLR) that is

the ratio between the sums of saliency values of the images
after and before retargeting. Ideally, if we have the saliency
maps of the original image and its retargeted version, the information loss can be easily measured by comparing these two
maps. Since we already have the saliency map of the original image when estimating the VSM by (5), we only need
the saliency map of the retargeted image. However, directly
estimating the saliency map of the retargeted image from the
retargeted image itself may not achieve good accuracy because
the content of the retargeted image has been significantly reduced, implying the relative importance of pixels may be
changed significantly. Instead, as shown in Fig. 6, we propose
to derive the preserved saliency map of the retargeted image
by warping the saliency map of the original image based on
the SIFT flow map between the original and retargeted images that has been obtained by (1) in estimating the geometric
distortion. Consequently, the SLR metric can be obtained by
calculating the ratio between the trimmed amount of saliency
in the retargeted image and that of the original image as elaborated below.
Let
and
denote the saliency maps of the original and
retargeted images, respectively. We adopt the SIFT flow map
estimated by (1) previously to warp the saliency map of the
original image to the retargeted image to estimate the retargeted
saliency map as follows:
(7)
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may lead to a noisy saliency map, small salient regions should
not be considered while counting
. In our experiments, only
those salient regions having a size of larger than 200 pixels are
counted into
.
VI. EXPERIMENTAL RESULTS

Fig. 7. (a), (d) Input images, (b), (e) the detected saliency maps, and (c), (f)
The results of the connected-component labeling on (b), (e), respectively.

where
represents the warped pixel-wise saliency map
based on the SIFT flow vector
of pixel . As a result,
the size of
is the same as that of the retargeted image. Note,
may have a few holes which can be filled using interpolation or inpainting.
Consequently, the SLR can be estimated as follows:
(8)
where the value of

falls in the range of [0,1].

V. FUSION OF PGD AND SLR
Finally, the retargeting quality index
tracting the normalized overall distortion

is defined as subfrom unity:
(9)

is a weighted sum of the proposed PGD and SLR
where
indices, which falls in the range of [0,1], and is used to control
the weights for SLR and PGD indices.
To determine the value of , we use a heuristic approach.
Note, human perception is sensitive to the information loss (i.e.,
the SLR metric), when there is a strongly dominating salient
object(s). For example, Fig. 7 illustrates two saliency maps detected for two different images: Fig. 7(d) that contains a dominating salient object and Fig. 7(a) that has no dominating salient
object, showing that a saliency map may contain several isolated salient regions if there is no dominating salience object in
the input image. A saliency map containing too many isolated
salient regions usually implies that the image has no dominating
salient objects or it is not reliable. In this case, the SLR metric
will be less important and its weight should be discounted. To
achieve adaptive weighting of PGD and SLR, we first perform
connected component labeling on the detected saliency map and
then count the number of connected salient regions, as shown
in Fig. 7(c) and Fig. 7(f), for example. As a result, we use the
number of connected salient regions in the detected saliency
map to control the weight in (9) as follows:
if
otherwise

In our experiments, we evaluate the accuracy of the proposed
objective quality metric on the datasets provided in the RetargetMe dataset [9], and another dataset with 35 images selected
from [1], [5], [17], in terms of the consistency of the proposed
metric with the subjective evaluation results for the datasets.
Note that the subjective evaluation results of the RetargetMe
dataset are taken from [9], and the subjective tests for the second
dataset were performed by ourselves. All the datasets, codes,
saliency maps, and subjective rankings used in this paper can
be found in our project page [29].
Generally, human beings’ eyes are sensitive to salient regions
of images. Content-aware image retargeting algorithms tend to
preserve important regions and trim visually unimportant regions when resizing an image. Since the perceived quality of
a retargeted image is mainly determined by the geometric distortion and information loss, the original images are presented
to the subjects as the reference images in the experiment. For
the RetargetMe dataset we compared all the eight retargeting
schemes used in [9], whereas for the second dataset, since we
did not have all the implementations of the eight schemes, we
chose five of them to perform the evaluations: Multi-Operator
[5], Seam Carving [1], Warping [2], Shift-Maps [26], and Uniform Scaling. The retargeting algorithms change the resolution
of the source images in one dimension (either in width or in
height) only. In this experiment, we focus on the reduction in
image sizes by a reasonable resizing scale (say, 25%) to generate the retargeted images.
Subjective paired comparisons are used as ground-truths to
evaluate the accuracy of the objective quality metrics. To obtain
the subjective paired comparison data, the subjects 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, the retargeted images obtained from different retargeting algorithms are ranked in pairs subjectively and objectively. The objective ranking is performed using four metrics: the proposed metric, the metric proposed in [15], SIFT
flow [21], and EMD [18]. The correlation between the subjective paired rankings and the objective paired rankings based on
a quality metric is used to measure the consistency between the
subjective and objective results, indicating the ability of each
metric in quantifying the human perception on the visual quality
of a retargeted image. Similar to that proposed in [8], we use
the Kendall distance [27] to measure the correlation between
the subjective rankings and the objective rankings by a quality
metric as follows:
(11)

(10)

is the total number of connected salient regions in
where
a saliency map, and is a normalization factor, where
empirically. Considering the inaccuracy of the saliency detector

and
where is the total number of pairs for comparison,
respectively represent the numbers of concordant pairs and discordant pairs between the subjective ranking and the objective
ranking. Notice that
in case of perfect agreement between
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Fig. 8. Three example images from the RetargetMe dataset [9]. The types of the images (a), (b), and (c) are “lines/edges and geometric”, “face/people and foreground”, and “geometric structure and texture”.

RANK CORRELATION

TABLE I
OBJECTIVE AND SUBJECTIVE MEASURES FOR THE RETARGETME DATASET [9]. (a) Complete rank correlation
( is unlimited); (b) Rank correlation with respect to the three highest rank results
OF

the ranking and objective rankings, and
is case of perfect disagreement. In the case that
, the subjective and
objective rankings are considered independent.
A. Performance Evaluation on the RetargetMe Dataset [9]
We first evaluate the accuracy of the proposed metric on the
RetargetMe dataset containing 37 images with subjective paired
comparison results [8], [9]. The resized images obtained by
eight retargeting schemes were subjectively evaluated by 38
subjects in a paired comparison manner. That is, a subject compared two retargeted images of an image obtained by two different methods and voted for the better quality one. Note that
the 37 images in the dataset are classified into the following attributes: lines/edges (25), faces/people (15), texture (6), foreground objects (18), geometric structures (16), and symmetry
(6), where the numbers in the parenthesis indicate the number

of test images in individual classes. One image may be associated with multiple attributes, as illustrated in the three examples
in Fig. 8.
The proposed metric is compared with the other three metrics,
including SIFT flow, EMD, and the metric proposed in [15]. Because both our proposed metric and the metric proposed in [15]
require the saliency maps of test images to evaluate the retargeting performance, we implemented two image saliency detection methods proposed in [28] and [25] to generate the saliency
maps of individual test images. Table I compares the rank correlation values, measured by the Kendall distance defined in
(11), between the compared metrics and the subjective ranking
for individual attribute classes, and the mean and standard deviation of the rank correlation, and the -value and linear correlation-coefficient (LCC). In Table I, we follow the experiment setting suggested in [8] to test the complete ranking correlation (the
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Fig. 9. Extreme cases in the RetargetMe dataset. (a)–(c): the three images with
the most consistent subject paired comparison results from different subjects;
(d)–(f): the image with the most diverse subjective paired rankings.

rankings for all the five methods for each test image are used in
the calculation of correlation values) and the top 3 ranking correlation (only the rankings for the three top ranked retargeting
methods for each test image are used in the calculation of correlation values) for the performance comparison. Since the top
3 ranking results in much more reliable results (i.e., the subjective rankings are more confident and consistent), the correlation values between the subjective and objective rankings are
higher than that in the complete ranking results. We do not put
the -value and the LCC value in Table I(b) because LCC and
-value with top-3 ranking only do not provide meaningful statistical value. All the results show that the proposed PGD+SLR
metric significantly outperforms the other metrics. In the complete ranking comparison, our metric achieves more than 64.5%
improvement over the other metrics, while in the top 3 ranking
comparison, our metric achieves more than 62.5% improvement. Note, the rank correlation value for the texture-class images is the lowest because the SIFT flow estimation for an image
with lots of textures may obtain partially unreliable SIFT flow
map due to mismatches in texture regions.
Note, the RetargetMe dataset in [8], [9] contains quite a few
images for which the visual qualities of their retargeted images
are not easy to judge subjectively because these images have no
obvious salient content or their retargeted versions do not have
significant geometric distortions. Therefore, these test images
do not provide good discriminating power when used in evaluating the accuracy of objective quality metrics by rank correlation. For example, Fig. 9 illustrates some extreme examples in
RetargetMe: the three test image with the most consistent subjective paired rankings [see Fig. 9(a)–Fig. 9(c)] and the three
with the most diverse rankings [see Fig. 9(d)–Fig. 9(f)]. Because the test images in Fig. 9(a)–Fig. 9(c) all contain dominant
salient objects, the geometric distortions and information losses
in its retargeted images can be easily identified, making the subjective paired rankings from different subjects rather consistent.
On the contrary, most of the retargeted images of the test images
shown in Fig. 9(d)–Fig. 9(f) have similar visual qualities subjectively, leading to rather diverse paired comparison results. For
example, as shown in Fig. 10, all the retargeted images of the
image shown in Fig. 9(d) obtained by different methods seem to
have similar visual quality subjectively. As a result, the subjects
might give an unconfident and unreliable ranking of two compared images, thereby reducing the rank correlation between the

Fig. 10. (a) The test image with the most inconsistent subjective paired rankings in the RetargetMe dataset [also see Fig. 9(d)] and (b)–(f) its retargeted versions using five different retargeting methods. The visual qualities of the retargeted images in (b)–(f) look similar subjectively, thereby leading to diverse
subjective paired rankings.

Fig. 11. Comparison of rank correlation values between the subjective and
objective paired rankings using three objective quality metrics for the Top
(
, 10, 15, and 37) images with the most consistent subjective paired
comparison results in the RetargetMe dataset.

subjective evaluations and the objective metrics. Fig. 11 compares the rank correlation values between the subjective and objective paired rankings using three objective quality metrics for
the Top (
, 10, 15, and 37) images with the most consistent subjective paired comparison results in the RetargetMe
dataset. It shows that removing those test images with unreliable
subjective rankings from RetargetMe would effectively increase
the rank correlation between the subjective and objective test results and can increase the discrminating power of the dataset for
evaluating the actual accuracy of objective quality metrics
B. Evaluation on the Second Dataset With More Consistent
Subjective Rankings
To build a dataset with better discriminating power in performance evaluation of quality metrics for image retargeting, as
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Fig. 12. The proposed additional image dataset containing 35 test images selected from [1], [5], and [17], based on the consistency of their subjective paired
comparison results.

Fig. 13. Individual rank correlation values between the proposed PGD, SLR, and PGD+SLR metrics and the subjective test results for the 35 test images in the
second dataset.

illustrated in Fig. 12, we collect 35 images from the test images
provided in [1], [5], and [17]. The second dataset fully covers
the dataset in [17] and therefore [17] can be regarded as a subset
of the second dataset. We evaluate the subjective visual quality
on five selected image retargeting algorithms used in [8], therefore the number of comparison pairs for all the 35 images is
350. We invite 30 subjects to do the subjective test and each
subject votes for 140 image pairs and thus each image pair is
voted by 12 subjects (times). The subjects include 30 males and
5 females, who were 25 years old on average. The test device
includes a full-HD 24-inch LCD display with color temperature
6500 K. Before the test, each subject was shown with some example images to learn about the typical types of retargeting artifacts. Similar to the subjective test procedure described in [8],
the original image (on the top of the screen) and two retargeted
images (unlabeled and placed in a random order on the bottom)
obtained by two different retargeting schemes are shown to a
subject. The subject is asked to vote for the retargeted image
with relatively better visual quality according to the reference
image.
Fig. 13 shows the rank correlation values for individual test
images using the proposed PGD, SLR and the PGD+SLR metrics based on this dataset. Since five retargeting schemes are
compared for this dataset, there are totally 10 paired comparisons for each test image. The results show that the proposed
PGD+SLR metric achieves 0.8 or more rank correlation with
the subjective results for 20 out of 35 test images. Moreover, the
combined PGD+SLR metric achieves (for 22 images) and even
outperforms (for 8 images) the best rank correlation of using

the PGD metric and the SLR metric solely for 30 out of the 35
test images (86%), indicating that, compared to PGD and SLR
metrics, the combined PGD+SLR metric can better match the
human perception of visual quality most of the time.
Table II shows the average rank correlation measured by the
Kendall distance and the standard deviation of correlation
over 35 test images. The results show that correlation value between the rankings using the proposed PGD+SLR metric and
the subjective rankings is 0.69, corresponding to an average precision of 84.5% and an average error rate of 15.5%, which is a
very promising result. Compared to the other metrics where the
second best is EMD with a rank correlation value of 0.36 (corresponding to an average precision rate of 68% and an average
error rate of 32%), the proposed metric is significantly more
consistent with the subjective results, showing that the proposed
metric outperforms the others in terms of the ability in characterizing the human perception of visual quality. In addition, the
standard deviation of correlation of the proposed metric is also
close to the lowest, meaning that its performance is rather stable.
Fig. 14 compares the performances of the adaptive fusion
scheme in (9) and (10) and fixed weighting scheme, where the
blue lines indicate the rank correlation values with varying
from 0 to 1 with a step-size of 0.1. The result shows that the proposed adaptive fusion scheme outperforms the fixed weighting
scheme with various weighting values because different images
may need different weighting values as discussed in Section IV.
Note, an additional advantage of the proposed metric is that
it can localize the geometric distortions on a retargeted image
since the proposed PGD metric is based on the local variance of

HSU et al.: OBJECTIVE QUALITY ASSESSMENT FOR IMAGE RETARGETING

387

TABLE II
RANK CORRELATION OF OBJECTIVE AND SUBJECTIVE MEASURES FOR THE ADDITIONAL DATASET

Fig. 14. Rank correlation value versus the weight value
weights between SLR and PGD.

for controlling the

SIFT flow vector field. As indicated in red in Fig. 15, the multioperator algorithm presents relatively fewer geometric distortion in the retargeted image compared to the others. In contrast,
the seam carving and warping schemes leads to severer geometric distortion on the salient objects. Therefore, our proposed
metric not only evaluates the amount of geometric distortion in
a retargeted image, but also provides a tool to localize the geometric distortion, which is useful in analyzing the characteristics
of a retargeting scheme for further improvement.
C. Computational Complexity
Our method takes about 115 seconds for assessing an image
(retargeted from 768
512 to 576
512) on a quad-core
(Intel i7) personal computer with 16 GB RAM using Matlab
without any code optimization. In our method, the SIFT
flow estimation, saliency map estimation, and rest operations
consume about 85%, 12%, 3% of the computation, respectively. The complexity of the most dominating operation
SIFT flow estimation for an
image for one iteration
is
[21]. The other operations are of
complexity. Note, the SIFT flow estimation can be replaced
with the fast dense correspondence matching scheme proposed
in [31] which was reported to be much faster than SIFT flow
while achieving comparable accuracy, or with the method
proposed in [32].

Fig. 15. (a) The original image, and the visualized perceptual distortion maps
obtained from (b) multi-operator method, (c) seam carving, (d) Shift-map, and
, 0.42, 0.8,
(e) warping method. Their overall quality indices are
and 0.65, respectively.

D. Limitations
Our method also has its limitations. First, the accuracy of the
SIFT flow map has significant impact on the accuracies of the
PGD and SLR metrics. For some images with lots of repeated
texture patterns or very smooth areas, the SIFT flow estimation
may not work well for some parts of the images as it may find incorrect correspondences in these parts. Usually, the inaccuracy
of SIFT flow for smooth areas does not have much impact on
the accuracy of the proposed metric since the geometric distortion and information loss are visually less significant in smooth
areas. But for textured regions, the inaccuracy does matter. For
the 10 highly textured images in the two datasets consisting of
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72 test images, the rank correlation values are all below the average. Besides, unreliable saliency maps will reduce the accuracies of PGD (due to unreliable VSM) and SLR metrics.
VII. CONCLUSIONS
In this paper, we proposed a novel objective metric for visual quality assessment of retargeted images; the proposed approach is among the initial attempts in this much meaningful and
less-investigated area of research in visual quality evaluation as
most of the existing methodologies in perceptual visual quality
metrics cannot successfully apply in this context because of the
non-uniform content changes in retargeted images. The main
contribution of the proposed metric lies in that the perceptual
geometric distortion and information loss are taken into account
simultaneously, thereby better characterizing the human perception on the visual quality of a retargeted image compared with
existing metrics.
We have proposed a FR method for measuring the geometric
distortion of a retargeted image based on the local variation
in the SIFT flow image estimated from the original and retargeted images. Note that a FR method in retargeting cases are
different from one in general visual quality evaluation developed so far, since the reference image available here is with a
different size and significant content change compared with the
image(s) being evaluated. Furthermore, a visual saliency map is
derived to characterize human perception of the geometric distortion. Based on the estimated SIFT flow image and saliency
map, we have also proposed a method for measuring the information loss due to image retargeting. Our experiments show
that the superior performance of the proposed metric in terms
of the consistency with subjective evaluation results, compared
with the relevant existing metrics. The experimental results have
confirmed a performance leap from the relevant state-of-the-art
techniques in the area.
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