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(a) Battleship Venice Fish Trees Penguins Tiger Eagle LakeVillage Fishing

(b) Surfer Heavenly Manga Mochizuki Painting1 Uelzecht Waterfall Pencils

Fig. 11: The new dataset of 17 images for our user study, to analyze the applicability of our metric to a different data set.

TABLE 3: Kendall coefficients of six images that are not
tagged as symmetric in the RetargetMe database.

Image name Q Qsym Q′

DKNYgirl 0.643 0.429 0.500
Brick house 0.571 �0 .143 0.071

Butterfly 0.857 0.214 0.214
Car1 0.643 0.214 0.571

Painting2 0.714 0.357 0.286
Surfers 0.643 �0 .214 �0 .286

Mean 0.679 0.143 0.226

Similarly, Table 3 shows the Kendall correlation co-
efficients of six images not tagged as symmetric in
the database, using Q and Q′. This time, again as
expected, Q yields better results than wrongly using
Q′.

5 APPLICATION TO NOVEL DATASETS

To demonstrate the applicability of our objective met-
ric to different image datasets, we select 17 new im-
ages from the RetargetMe database that lack subjective
scores2. Figure 11 shows this new dataset. Each image
has eight retargeted results by the same methods
presented before: CR, MOP, SV, SM, WARP, SC, SCL
and SNS.

Parameters. We compute objective scores using the
proposed measures in Section 3, with parameters
determined as specified in Section 4.1 on the training
set of all 37 original images in RetargetMe. These
parameters are:

8
>>>>>><

>>>>>>:

Q1 = 0.66Qart + 0.17Qstr + 0.17Qaes

Q2 = 0.45Qsal + 0.38Qstr + 0.17Qaes

Q3 = 0.8Qsal + 0.1Qart + 0.1Qaes

Q4 = 0.31Qsal + 0.03Qart + 0.66Qstr

Q = 0.45Qsal + 0.38Qart + 0.1Qstr + 0.07Qaes

(13)

2. There are 80 images in the RetargetMe database. Only 37 of
those (the ones we used in Section 4) have subjective preference
scores; the rest of the images were not used in the RetargetMe
publication and thus do not have subjective scores.

and
Q′ = 0.13Q+ 0.87Qsym (14)

where the (ωarea, ωcolor) for Q2, Q3, Q4 and Q are
(0.5, 0.5), (0.6, 0.4), (0.3, 0.7), and (0.6, 0.4), respec-
tively. The (ωssim, ωhdp) for Q1, Q2, Q4 and Q are
(0.9, 0.1), (0.9, 0.1), (0.8, 0.2) and (0.9, 0.1), respec-
tively.

Participants and experiment description. Sixty-one uni-
versity students with normal color vision (28 female
and 33 male), aged 18 to 33, participated in this user
study. The experiment was run on a desktop computer
with a 23.6-inch monitor at a 1920 × 1080 resolution.
Before taking the test, and similar to the procedure
followed in the RetargetMe paper, all participants
were instructed about what image retargeting is, and
what their role in the test would be. For this, apart
from oral instructions, they were shown an image (not
included in the subsequent test) as well as a series of
retargeted results. The participants only advanced to
the real test once they successfully completed some
easy examples first (not taken into account in the final
analysis).

A pair of images were simultaneously displayed
side-by-side on the screen, with a black background.
The left image was always the original image (from
the 17 used in the test), while the right image was
one of its eight retargeted results. Therefore there
are a total 17 × 8 = 136 image pairs, which were
displayed in random order. We followed a variant of
the ITU-R five-point quality scale [55] and, for each
pair, asked participants to rate the retargeted result
by choosing a score in five intervals: 1-5 (bad), 6-10
(poor), 11-15 (fair), 16-20 (good) and 21-25 (excellent).
All participants completed the rating of the 136 pairs.

Results. The raw scores provided by participants
were first normalized and converted into z-scores
(a.k.a. standard scores or normal scores). Then all
scores were re-scaled to fit in the range [0, 100]. After
outlier removal by the interval method [55], mean
opinion scores (MOSs) were computed for each re-
targeted image. The higher MOS indicates the better
perceived quality. For each retargeted image, an ob-
jective score was also computed (Eqs. 13 and 14).

To measure the performance of our proposed met-
ric, a nonlinear mapping between objective (X) and
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Fig. 12: The fitting curve using a logistic function in SPSS.

TABLE 4: Results using with four different metrics (A, B,
C and D). Our proposed quality measure yields the best
performance and is consistent with respect to subjective
assessment. Please refer to the text for details.

Our Correlation coefficients (Outlier)
measure Metric A Metric B Metric C Metric D

Q1 0.443 0.941 0.444 0.074
Q2 0.577 0.950 0.586 0.066
Q3 0.592 0.951 0.612 0.096
Q4 0.424 0.942 0.406 0.096

(Q,Q′) 0.656 0.963 0.721 0.051

subjective (Y) scores was applied with a logistic func-
tion:

Y
1

a+ b× e−cX

where a = 0.012, b = 1.196 and c = 0.073 which
were optimized in SPSS software. The resulting curve
(shown in Figure 12) fits the data well (R2 = 0.656).

Four metrics were further used for evaluation:
Metric A is the correlation coefficient between ob-
jective/subjective scores after nonlinear regression
analysis. Metric B is the correlation coefficient
between objective/subjective scores after variance-
weighted regression analysis. Metric C is the Spear-
man rank-order correlation coefficient between the
objective/subjective scores. Metric D is the outlier
ratio of the predictions after the nonlinear mapping.
For metrics A, B and C, higher is better; for D, lower
is better. The results are summarized in Table 4:

• Our metric (Q,Q′) yields the best performance
compared to the other measures (Eqs. 13 and 14).

• It also shows good consistency with respect sub-
jective assessments.

5.1 Quality-Driven Image Retargeting
Our objective metric can be used to guide the design
of new image retargeting methods. Previous works
(e.g., [17], [26]) have shown that combining multiple
operators often leads to better results than using a
single operator. For instance, in [17], the bidirectional

Input

Seam carving

Scaling

Cropping

Best output

Our metric 

(Eq. (10))

A few iterations

Fig. 13: A simple multi-operator scheme using our metric
(Eq. (2)).

warping (BDW) measure is used to select an optimal
sequence of several candidate operators. In Section 4.2
we have shown how our metric outperforms BDW,
and thus can be used to design new multi-operator
methods. Here, we present a simple proof-of-concept
combination scheme that uses our metric.

As shown in Figure 13, we choose three simple
retargeting operators: cropping, scaling and seam
carving. Given an original image as input, the re-
targeted image is generated in similar fashion as
previous multi-operator schemes: In each iteration,
the three operators are applied independently and the
best result evaluated by our metric is chosen as the
input for next iteration. Since the metric outperforms
previous ones, good results as usually achieved with
very few iterations. Figure 14 shows an example using
only three iterations and compared against eight other
retargeting methods. Note that our simple scheme
is not optimized in terms of choice of individual
operators, number of iterations or error threshold, and
determination of optimal sequences of operators. A
full treatment of these optimizations and comparison
with [17], [26] is beyond the scope of this paper, but
our example serves as a proof of concept.

6 CONCLUSIONS AND FUTURE WORK

We have presented a simple yet effective objective
quality metric for image retargeting. Five key factors
are considered: preserving salient regions, reducing
artifacts, controlling global structure, satisfying image
aesthetics, and maintaining symmetry. Our experi-
ments show that our method consistently and signifi-
cantly outperforms other objective methods. We have
also shown how it correlates better with users’ sub-
jective preferences by means of a leave-one-out cross
validation test, and an additional user study. This
indicates that our metric can indeed be used as a good
predictor of subjective quality assessment, without the
need to perform cumbersome user studies.

There are two limitations of our method, which we
hope to address in future work. One is the speed
of the evaluation; to evaluate a retargeting operation
from 1024×754 to 768×754 takes around 50 seconds.
While this is still orders of magnitude faster (and
simpler) than running user studies, it rules out online
applications. The second one has to do with the
symmetry detection. Since state-of-the-art symmetry
detection methods [52], [53] have reported success
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Original image                  Ours                 CR                  SC                 SCL               MOP          SV                  SM                  SNS               WARP

Japanese house                 0.251 0.261              0.292              0.259               0.274               0.272              0.275           0.287               0.259

Fig. 14: Example result of our multi-operator iterative scheme using our metric and three iterations. The numbers show
the result of our metric. When compared to eight retargeting methods including multi-operator (MOP) [17], our new
multi-operator scheme has the best result.

rates of less than 70%, we chose to rely on user’s
input to indicate whether an image has symmetric
features. Nevertheless, if a breakthrough symmetry
detection method is proposed in the future, we can
easily incorporate it in our pipeline.

Although our metric offers excellent results, for
some images there may exist some overlap between
some components of our metric. Future work could
analyze the possible influence of this overlap in the
optimal parameter settings, further improving the
metric. In addition, we would like to test our metric
on video retargeting. This could be done on a per-
frame basis by using our metric and adding a term
for temporal consistency, although more sophisticated
methods could be devised that leverage all the in-
formation at once instead. We believe this kind of
automatic predictors of image quality will have an
important rule in a near future, where retargeting
operations along many dimensions (size, color, dis-
parity...) will need to be applied to visual content,
to adapt it to the characteristics and limitations of
the many kinds of existing computational displays
[37]. For instance, an additional disparity-preservation
term could be devised to extend our method to
evaluate stereo retargeting (e.g., [56], [36]). Given our
modular approach, we hope that our proposed metric
can be used as the starting point for these and possibly
other cases, such as light field retargeting [10].

ACKNOWLEDGEMENTS

This work was partially supported by the National
Science Fund of China (61202293, 61521002, 61322206,
U1301253), the Science and Technology Planning
Project of Guangdong Province (2015A020209124,
2014A050503057), the TNList Cross-discipline Foun-
dation, and the Spanish Ministry of Science and Tech-
nology (project LIGHTSLICE). Diego Gutierrez was
additionally funded by a Google Faculty Research
Award.

REFERENCES

[1] A. Shamir and O. Sorkine, ”Visual Media Retargeting,” Course
Notes on ACM SIGGRAPH ASIA 2009, Dec. 16-19, Japan, 2009.

[2] F. Banterle, A. Artusi, E. Eisemann, D. Gutierrez, K.
Myszkowski, T. Aydin, R. Mantiuk and P. Didyk, ”Multidimen-
sional Image Retargeting,” Course Notes on SIGGRAPH Asia
2011, Dec.13-15, Hong Kong, 2011.

[3] S. Castillo, T. Judd and D. Gutierrez, ”Using eye-tracking to
assess different image retargeting methods,” Proc. ACM SIG-
GRAPH Symp. Applied Perception in Graphics and Visualiza-
tion (APGV 11), pp.7-14, 2011.

[4] M. Rubinstein, D. Gutierrez, O. Sorkine and A. Shamir, ”A
comparative study of image retargeting,” ACM Transactions on
Graphics (ACM SIGGRAPH Asia 2010), Vol. 29, No. 6, Article
No.160, 2010.

[5] M. Decombas, F. Dufaux, E. Renan and B. Pesquet-Popescu, ”A
new object based quality metric based on SIFT and SSIM,” IEEE
Intl. Conf. Image Processing (ICIP), pp.1493-1496, 2012.

[6] Y.J. Liu, X. Luo, Y.M. Xuan, W.F. Chen and X. Fu, ”Image
retargeting quality assessment,” Computer Graphics Forum
(Eurographics 2011), Vol.30, No.2, pp. 583-592, 2011.

[7] L. Ma, W. Lin, C. Deng and K.N. Ngan, ”Study of subjective
and objective quality assessment of retargeted images,” IEEE
Intl. Symp. on Circuits and Systems (ISCAS 12), pp.2677-2680,
2012.
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