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Abstract
A photograph that has visually dominant subjects in
general induces stronger aesthetic interest. Inspired by
this, we have developed a new approach to enhance image
aesthetics through saliency retargeting. Our method alters
low-level image features of the objects in the photograph
such that their computed saliency measurements in the
modified image become consistent with the intended order
of their visual importance. The goal of our approach is to
produce an image that can redirect the viewers’ attention
to the most important objects in the image, and thus
making these objects the main subjects. Since many
modified images can satisfy the same specified order of
visual importance, we trained an aesthetics score
prediction model to pick the one with the best aesthetics.
Results from our user experiments support the
effectiveness of our approach.

1. Introduction and Motivation
A photograph that has visually dominant subjects in
general induces stronger aesthetic interest. In the study of
photography and aesthetics, Wollen [19] revealed that
photographers deliberately avoid uniform sharpness of
focus and illumination as an approach to achieve
higher image aesthetics. This approach is based on the
basis that our eyes are attracted to salient elements that
are acutely sharp, bright or colorful in images. Figure 1
shows examples of how professional photographers
utilize contrast in sharpness, lighting, and color to
bring out the visual dominance of subjects so that the
viewer is directed to where the photographers intended.
However, due to the limited selective focusing
capability of the imaging device, unfavorable lighting,
and the infeasibility to exclude distracting background,
it may be difficult, especially for casual photographers,
to make the main subjects visually salient. This results
in prolonged searching for the subjects in a
photograph, leading to reduced satisfaction of viewing
and thus, poorer aesthetics experience.
In this paper, we propose a new approach to enhance
image aesthetics through saliency retargeting. The key
idea of saliency retargeting is to alter image features of
the objects in the photograph such that their computed
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Figure 1: Visual dominance of the subject can be achieved using
(a) acutely sharp focus, (b) lighting contrast, and (c) color
contrast. Images courtesy of Roie Galitz [21].

saliency measurements in the modified image become
consistent with the user-intended order of their visual
importance. Our method generates many such modified
images that satisfy the specified order of importance,
and uses an improved aesthetics score prediction model
to pick the one with the best aesthetics. The goal is to
produce a maximally-aesthetic version of the input image
that can redirect the viewers’ attention to the most
important objects in the image, and thus making these
objects the main subjects. This is useful for enhancing
photographs that do not have any obvious main
subjects, or for photographs that one wishes to swap
the role of the main subject with some other objects.
Figure 2 shows a simple result from our method (for
accurate viewing of the images in this paper, the reader is
advised to calibrate the display device for the sRGB color
space). Figure 2(a) is the original image, in which the
intended subject (the fish) does not stand out due to the
distracting background, particularly the corals at the
bottom of the image. This observation is supported by
the saliency map in Figure 2(d), where a higher
intensity corresponds to higher saliency measurements.
Figure 2(f) is a segmentation map that is provided to
our algorithm to indicate the boundaries of the objects
and also for specifying the intended order of
importance of these objects, where Object A (fish)
should have higher importance than Object B
(background). With the inputs, our algorithm then
automatically applies non-global changes to three lowlevel image features for each segment in the input
image to produce the result image in Figure 2(c), using
our approach of saliency retargeting. The shift of
saliency to the intended subject is evident in the
resulting saliency map in Figure 2(g). In the resulting
image, the saliency of the background has been
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Figure 2: (a), (d) Original image and its saliency map. (b), (e) Globally-enhanced image and its saliency map. (c), (g) Image enhanced
by saliency retargeting and its saliency map. (f) Object segments, where Objects A and B are in decreasing order of importance.

suppressed, making it less distracting, and the fish has
become more salient, making it the most dominant subject.
Image in Figure 2(b) is globally enhanced using level
operation, saturation increase and unsharp mask. Its
saliency map in Figure 2(e) is almost identical to the
saliency map of the original image. It is generally difficult
to use global image enhancements to alter the relative
saliency among objects. A user study has shown that
84.4% of 32 viewers chose the saliency retargeted image
over the original image as the more aesthetically pleasing
image.
Our method also supports the change of visual
importance of sub-parts of objects. For example, the
features of the face in Figure 3(a) look flat due to
unfavorable lighting. Based on the given order of
importance of the regions marked by the mask in 3(c), our
algorithm retargets the saliency of image 3(a) to produce
image 3(b), making the facial features more dominant.
The primary application of our new approach is to
enable casual photographers and novice photo-editing
users to more easily improve their photographs. Casual
photographers often take photographs that do not have
clear subjects or have the wrong objects being the
subjects. They are generally aware that the
photographs are not good, but they often do not know
what is wrong and do not know how to enhance the
photographs through digital photo editing. However,
they know very well which objects are the intended
subjects in the photographs, and this information is all
that is required by our method to enhance the
photographs. For more advanced users, they can use
this approach for advanced image editing that involves
editing of sub-parts of objects in the image. This may
result in many object segments being chosen and it is
non-trivial for users to find the right combination of
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Figure 3: (a) Original image. (b) Enhanced image based on the
mask in (c) with the order of importance given to the segments.

image modifications of the object segments to achieve
the desired saliency. Our approach becomes even more
useful for batch image enhancements.

2. Related Work
Many existing techniques for automatic image
enhancement, including contrast enhancement [13, 17],
color correction and balancing [3, 11, 14], and edge
sharpening [7, 12], alter only the global features or local
features based on neighborhood information, without
considering the content or subjects of the image. In
addition, these methods are targeted to deal with image
degradations rather than to enhance image aesthetics.
Inspired by the emergence of computational visual
attention models [2, 4, 6] that simulate the human visual
system to identify regions of interests (ROIs) in an image,
Su et al. [16] first proposed the idea of altering saliency of
an image by reducing the background saliency to redirect
attention to the main subject. Their method utilizes texture
power maps to de-emphasize texture variations to
decrease the saliency of distracting regions. This method
preserves key features, but while adding white noise
maintains overall graininess, the resulting images appear
too noisy and do not seem to be more aesthetically
pleasing than their originals.
A few attempts have been made to improve image
aesthetics based on photographic composition rules.
Barnajee [1] pioneered this area of research by developing
an optical-digital framework for in-camera automation of
photographic composition rules. Out-of-focus blur
information in a supplementary image is used to determine
the ROIs of the image and to select the composition rules
(rule of thirds, background blurring, and mitigation of
merger) to re-compose the image. However, this approach
has limited practicality as it only works for simple images
with low depth of field. In another attempt, Kao et al. [8]
used a visual attention model [6] and a composition
scoring system to perform automatic re-composition using
a limited set of composition rules that consists of only
rotational correction and cropping. A more promising
work [9] employs a compound operator of crop-andretarget to change the relative position of salient regions in
the image, thus modifying the composition aesthetics of

For an image to be enhanced using our approach, the
user first has to create a segmentation map to partition the
image into object segments. Fully automatic segmentation
is not appropriate in this case because the input images
may have non-salient main subjects, causing automatic
segmentation to have high failure rates in identifying the
object segments. Thus, we provide an interactive interface
that incorporates GrabCut [15] for user to make trivial
selection to partition the image into object segments. Next,
the user specifies the order of importance for the object
segments, where internally the object segments will be
assigned unique importance values that accord with the
order of importance.
With the above inputs, our method then modifies the
input image to produce an enhanced image that satisfies
the specified order of importance and has increased
aesthetics. Our method consists of two major
components—a saliency retargeting process that modifies
an image and an aesthetics score prediction model that
measures image aesthetics.
The core of the saliency retargeting process is an
optimization algorithm that finds a set of image
modifications to produce an image such that the saliency
measurements of the object segments “match” their target
importance values. In this work, only three low-level
features in each object segment are modified, namely,
luminance, color saturation, and sharpness. The reason for
the choice of these features is that they correspond directly
to the main features used in the widely-used Itti-Koch
saliency model [6], which we use to compute the image
saliency. Figure 4 shows the effects of the image
modifications on the conspicuity maps that collectively
form the saliency map in Figure 2. This example shows
that our saliency retargeting algorithm has successfully
altered the intensity, color contrast and orientation
conspicuity maps through local modifications to the
luminance, color saturation and sharpness respectively for
each object segment, leading to the increase in dominance
of the fish.
To enable aesthetics maximization, we trained an
aesthetics score prediction model to measure image
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the image. A maximally-aesthetic version of the input
image is produced using particle swarm optimization and
the aesthetics of an image is evaluated based on a selected
set of composition rules. While this approach can produce
good results, it works well for images with subjects that
are sufficiently salient but not otherwise. To bring out the
dominance of the subjects, merely changing the relative
position may not be enough to redirect viewers’ attention
to the important subjects. Alteration to low-level features
of the subjects is needed and we believe our saliency
retargeting approach can complement existing recomposition methods to further enhance image aesthetics.
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Figure 4: Effects of the image modifications on the conspicuity
maps. (a)-(d) Original image and its thresholded conspicuity
maps. (e)-(h) Enhanced image produced by our saliency
retargeting algorithm and its thresholded conspicuity maps.

aesthetics. Our aesthetics maximization algorithm first
generates a set of vectors where each contains a different
sequence of importance values that accords with the userspecified order of importance for the object segments.
Each vector of importance values is then passed to our
saliency retargeting algorithm to generate an enhanced
image in which the average saliency values of the object
segments are consistent with the respective importance
values. Finally, our aesthetics score prediction model
computes an aesthetics score for each enhanced image in
this resulting image set and return the maximallyaesthetics version as the result. Figure 5(c) and 5(d) shows
two of the enhanced images produced by our saliency
retargeting algorithm for different vectors of important
values generated based on the user-specified importance
map in Figure 5(b). Both enhanced images have higher
aesthetics score than the original image in Figure 5(a).
Image 5(d), the image with the highest aesthetics score is
returned as the result enhanced image. Algorithmic details
of our approach are described in the following subsections.

3.1. Saliency Retargeting
Given an image I and a set of N object segments with
target importance value Ti for each object segment i, we
aim to enhance the aesthetics of the image by applying
a set of low-level image modifications x to the input
image I to produce an output image with saliency value
Mi that “matches” the target importance value
Ti for each object segment . We formulate the saliency

retargeting process as a constrained optimization
problem as follows:
(1)

|

|

min

where
• object segment i=1 is the most important object
segment while i=N is the least important object
segment,
• x = { vi, si, σi | i = 1, 2, …, N } and |x| = 3N,
• vi is the increase of average luminance in object
segment i,
• si is the increase of average color saturation in
object segment i,
• σi is the increase of sharpness in object segment i
(positive σ represents image sharpening, and
negative σ image blurring), and
• q(.) is a normalization function defined as
∑

.

(2)

Each region saliency
is the average saliency value
within object segment i in the output image. A higher
saliency value corresponds to higher saliency.
To avoid intensity and color saturation reversal, the
image modifications {v1, s1} for the most important object
segment 1 are set to be positive. In addition, the constraint
on the sharpness parameter σi is based on the assumption
that the more important object segment should be sharper
than or as sharp as the less important object. Therefore, the
optimization is subject to the set of inequality constraints
v1 ≥ 0, s1 ≥ 0, and
(3)
σi ≥ σj iff ≤ .
In addition, we define a set of bound constraints to ensure
that the image is not over-modified resulting in image
unnaturalness:
−vB ≤ vi ≤ vB,
3.1.1

−sB ≤ si ≤ sB,

−σB ≤ σi ≤ σB.

(4)

Implementation

We employed Sequential Quadratic Programming
(SQP) [5] to solve our saliency retargeting problem.
Given the optimization problem defined in Eq. (1),
SQP tries to solve the Lagrangian function
,λ

λ ·
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,
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where
is the combined set of inequality and
bound constraints defined in Eq. (3) and (4).
We set the initial values of the optimization parameters
,
, and
to correlate with the difference
between the saliency of the input image and its
corresponding importance value:
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Figure 5: Example enhanced images (aesthetics score is at the
bottom right of each image). (a) Original image. (b)
Segmentation map with order of importance. (c)-(d) Two result
images produced by our saliency retargeting algorithm for
different sets of important values.
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For bounds setting, we have found that vB = 0.15,
sB = 0.08 and σB = 0.2 produce reasonably good and
natural results for most images.
3.1.2

Image Modifications

The set of optimized parameters x = {vi, s i, σi} is used
to modify the input image. The modification is
performed in the HSV color space. To obtain more
natural images, it is important that we consider the
contrast sensitivity of human visual perception [10]
and maintain the contrast within an image segment
when adjusting its luminance. Therefore, we apply
non-linear contrast-preserving changes to the V
channel based on the perception theory that our eyes
perceive higher contrast at the lower range of
luminance compared to the higher range of luminance.
For every pixel in object segment i, the new luminance
value is computed as
6

.

(7)

This formula ensures that the sum of luminance
changes is the same as adding the value
directly to
the V channel of each pixel in the object segment.
Modification to the color saturation is performed by
adding the parameter si directly to the S channel of the
respective object segments. The sharpness effect is applied
to the V channel after the luminance adjustment. The
parameter σi is multiplied by a user-specified parameter γ
such that |γσi | represents the sigma of the unsharp mask
filter for sharpening or the standard deviation of the

Gaussian filter for blurring. This γ parameter allows users
to set the magnitude of the sharpness transformation to
achieve their desired depth of field. In our experiments,
we used γ = 3 for all images.

3.2. Aesthetics Maximization
For aesthetics maximization, we first generate a set of
vectors, each containing a different sequence of
importance values that satisfies the user-specified order of
importance of the object segments. Each vector is then
used by our saliency retargeting algorithm to produce an
enhanced image in which the region saliency values of
the object segments match the importance values in the
vector. Our aesthetics score prediction model will then
compute an aesthetics score for every enhanced image
and the image with the highest score will be selected as
the result image.
We set the initial vector of importance values as a
geometric sequence where
(8)
p N − i,
for object segment i = 1, 2, ..., N. We then iteratively
update this vector of importance values exponentially, i.e.
φ

(9)
to generate the set of vectors containing importance
,
,…,
is passed to the
values. Each vector
saliency retargeting algorithm to generate an enhanced
image. Using the geometric sequence in Eq. (8) to
generate the initial importance values signifies that the
initial relative importance from one object segment to the
next object segment is constant. The vector updating
process in Eq. (9) gradually widens the relative difference
in importance values between the object segments. Values
of p and φ that are too small lead to generation of
redundant enhanced images that are very similar, thus
increasing computational time unnecessarily. On the other
hand, values of p and φ that are too large may potentially
skip important solutions. From our experiments, we have
1.2 to be appropriate.
found the values p = √2 and φ
To further reduce the search space, we limit the
to a maximum value
normalized importance value
of 0.85. We observed that any object segment that carries
an importance value more than 0.85 tends to produce overdominance effect that often leads to reduced aesthetics.
The reason for updating the importance value vector as
described in Eq. (9) is that we want to generate a set of
enhanced images where the main subject becomes
progressively more dominant. Our studies with image
aesthetics have shown that the main subject’s degree of
dominance is one of the most significant features that
affect aesthetics measurements.
,

3.2.1 Aesthetics Score Prediction
Instead of using a scoring system that gives a score
based only on features used in image modifications

[8, 9], we trained a generic aesthetics score prediction
model that is based on a more complete set of
aesthetics features. We believe this approach will
reduce bias and also increase the accuracy of aesthetics
evaluation. In addition, it also allows our method to be
extended to support any image modifications including
re-composition.
We extend Wong and Low’s saliency-enhanced
aesthetics classification approach [18] to develop an
aesthetics score prediction model. In addition to a set
of global image features, their classification model
uses a set of salient features that characterize the
subject and the subject-background relationship. It is
therefore pertinent for our context. Adopting their
automatic subject extraction algorithm, we extract the
main subject(s) from a set of 2682 training images
from the photo.net online photo community database
(http://www.photo.net) for feature computation. We use
a set of 34 features for training our model that consists
of a subset of 29 features from Wong and Low’s
feature set (excluding their 15 wavelet features) and
additional five new features—rule-of-thirds [9], visual
balance [9], average saliency of first subject, average
saliency of second subject, and difference between
average saliency of first subject and background. This
feature set can be categorized into two types—lowlevel features such as contrast, exposure, saturation,
sharpness, and saliency and photographic rules such as
the rule-of-thirds and visual balance. We performed
5th-degree polynomial regression on this feature set to
infer an aesthetics score in the range of 1 to 7 to train
our prediction model. The regression produces a
residual sum-of-squares Rres2 = 0.33 and correlation
coefficient value of 0.58. Despite the correlation is
only moderately high, results from our user evaluation
in Section 5.2 shows that our model is effective for
comparing images before and after the enhancements.

4. Results
We have tested our algorithm on a set of test images
selected from our personal photo collections, from
photo.net, and from the BSDS segmentation benchmark
image set [20]. Based on our own judgment, we
appropriately segmented each test image into 2 to 6 object
segments, and ranked the importance of the object
segments. It typically takes 30 to 90 seconds to segment
an image. For 80% of the test images, our algorithm is
able to converge to solutions that produce retargeted
images with improved aesthetics scores. Interestingly, for
the 20% of the test images that result in retargeted images
that do not have improved aesthetics scores, our human
subject experiment shows that these retargeted images are
not preferred over the originals by human viewers.
Figure 6 and 7 show some of the results produced by
our algorithm. For the example in Figure 6, the average

saliency values of the object segments in the input
images do not correlate with the desired order of
importance. In the result, our algorithm has
successfully altered the input image to achieve the
targeted order of importance. We can observe that the
enhanced image is produced by local modification of
the low-level features in each object segment. The
computed aesthetics score of this test image increases
from 4.59 to 4.94 after the enhancement. More results
are presented in Figure 7.

5. User Evaluation
For an objective evaluation of our approach, we
conducted two human subject experiments. In Experiment
1, we let each test subject view either a set of 16 original
images or a set of 16 images enhanced from the original
images, and track his/her gaze while he/she is looking at
each image. Each image is displayed for 3 seconds. The
test subject does not know which set of images he/she is
looking at. The goal of Experiment 1 is to evaluate the
effectiveness of our method in modifying the actual visual
(a)

(b)

(c)

saliency in the images. In Experiment 2, we let each test
subject compare 40 pairs of images. Each time, two
images are shown side-by-side on the screen, where one is
the original and the other has been enhanced by our
algorithm, and the test subject is required to choose one
that he/she prefers. The screen positions (left or right) of
the original image and its corresponding enhanced one are
chosen at random and so the test subject does not know for
sure which is the enhanced image. The purpose of
Experiment 2 is to study the effectiveness of our method
in enhancing the aesthetics of the images. The images we
used in the user experiments are a subset of the test images
mentioned in Section 4. We recruited 28 subjects for
Experiment 1 and 32 for Experiment 2. The following
subsections describe the results of the experiments.

5.1. Results of Experiment 1
Table 1 shows the correlation between the number of
gaze fixations on each object segment and the desired
importance value of the segment. One can see a
significant increase in the correlation for the enhanced
(d)

(e)

Figure 6: An example result. (a) Object segments and the desired importance order. (b) The input
image. (c) The average saliency of each object segment in the input image. (d) The result image.
(e) The average saliency of each object segment in the result image.
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Figure 7: Example results. For each pair of images, the one on the left is the original and the one on
the right is the enhanced. At the bottom right is the computed aesthetics score for each image.

images. It shows that our algorithm is quite effective in
retargeting the actual saliency in the images. Figure 8
compares the scan paths on two original and their
enhanced images. In both examples, the scan paths on
the original images are diverse and less time is spent
on the main subjects. On the other hand, on the
enhanced images, the viewers’ attention is concentrated
around the main subjects, indicating that the viewers
can more easily identify the main subjects in the
image, which potentially leads to better aesthetics
experience.
Table 1: Correlation between the number of gaze
fixations and the desired importance value.

Original images
Enhanced images

Correlation
coefficient
0.284
0.5464

Figure 8: Scan paths on images. For each pair of images,
the left one is the original and the right one is the result.

p-value
0.0757
0.0003

5.2. Results of Experiment 2
Results from this experiment clearly indicate that test
subjects have a preference for the enhanced images. The
chart in Figure 9(a) shows that for every image pair used
in the experiment, at least 40% of the test subjects chose
the enhanced image. For 87.5% of the image pairs,
majority of the test subjects chose the saliency retargeted
images. If we treat images with 40%–60% preference
votes as noise, where there is no significant preference for
the original or enhanced image, we can conclude that our
algorithm is unlikely to produce images less aesthetically
pleasing than the input images.
Next, we study the relationship between image
aesthetics and the total saliency change. Aesthetics is
represented by the ground truth of the number of
preference votes an enhanced image gets. The total
saliency change is computed by summing the saliency
differences between the same object segments in the
original image and in its corresponding enhanced
image. The chart in Figure 9(b) shows two peaks,
indicating there is high saliency change for two ranges
of enhanced images. The total saliency change peaks at
the enhanced images with the highest preference. The
second peak falls within the range of 50%–59.9%,
which can be considered noise. Studying the images
within this range suggests that high saliency change in
an image may potentially result in unnaturalness in the
result, making it less likeable. In addition, computing
the correlation between the number of preference votes
an enhanced image gets and its total saliency change
for images with more than 60% preference votes gives
a coefficient of 0.42 (with p-value of 0.035). This
suggests there is a significant positive correlation
between image aesthetics and saliency change.
To study the performance of our aesthetics score

prediction model, we evaluate the accuracy of our
model in predicting the relative score between an
original image and its corresponding enhanced images.
For images with more than 60% preference votes, we
find that our algorithm is able to predict an increase in
aesthetics score with 88% accuracy. We notice that
majority of the enhanced images that are given reduced
scores by our aesthetics model fall under the category
of images where consensus among human test subjects
is low. This result is indeed encouraging, considering
the subjectivity in evaluating aesthetics is unavoidable.

6. Limitations and Future Work
We are currently using fixed bounds for the amount of
changes to the three low-level image features. We have

(a)

(b)
Figure 9: Results from Experiment 2.

observed that for some cases, these bounds are too
conservative, and do not allow sufficient change of the
image to satisfy the target saliency. On the other hand, the
bounds appear to be too loose for some cases, and it
results in overly-enhanced images that look unnatural.
Ideally, the image modifications should use image
“naturalness” to limit the amount of changes; however,
accurately evaluating the “naturalness” of images is still
an open problem.
In general, the composition within a photograph is still
one of the most important elements that determine the
aesthetics of the image. Often, photographs are so poorly
composed that no amount of saliency retargeting can make
them more acceptable than before. Vice versa, in cases
where main subjects are not salient, re-composition alone
cannot help to improve the image aesthetics much.
Therefore, saliency retargeting and re-composition
method such as an automatic cropping and image
retargeting tool [9] serves as good complement for each
other. These two image editing approaches could be
integrated to produce a more complete content-aware
image enhancement tool.

7. Contributions and Conclusion
The main contribution of our work is the novel idea
of using saliency retargeting as a means for image
aesthetics enhancement, and a simple practical
algorithm for the approach. The saliency retargeting is
performed by modifying only the low-level image
features that correspond directly to the features used in
the saliency computation. Very importantly, the
relationship between image aesthetics and image
saliency, the goal of saliency retargeting, and the
image features used for the saliency evaluation
together provide a clear guidance to how the image can
be modified to enhance its aesthetics. Results from our
user experiments have supported the effectiveness of
our approach for enhancing image aesthetics.
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