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a b s t r a c t
In the real world, people often have a habit tending to pay more attention to some things usually noteworthy, while ignore others. This phenomenon is associated with the top-down attention. Modeling this
kind of attention has recently raised many interests in computer vision due to a wide range of practical
applications. Majority of the existing models are based on eye-tracking or object detection. However,
these methods may not apply to practical situations, because the eye movement data cannot be always
recorded or there may be inscrutable objects to be handled in large-scale data sets. This paper proposes a
Tag-Saliency model based on hierarchical image over-segmentation and auto-tagging, which can efﬁciently extract semantic information from large scale visual media data. Experimental results on a very
challenging data set show that, the proposed Tag-Saliency model has the ability to locate the truly salient
regions in a greater probability than other competitors.
Ó 2013 Elsevier Inc. All rights reserved.

1. Introduction
Visual attention is an important mechanism of the human visual system. It helps access the enormous amount of complex visual information from the world effectively through rapidly
selecting the most prominent or highly relevant subjects. In computer vision, this mechanism is modeled as saliency detection,
which can provide the computational identiﬁcation of scene regions that are more attractive to human observers than their surroundings. Based on the detected results, a higher and more
complex processing can focus only on the salient regions when
there is large-scale visual media data to be handled.
It is believed that visual attention is driven by two independent
factors: (1) a bottom-up component, which is a task-independent
component purely based on the low-level information, and (2) a
top-down component, which is based on high-level information
and guides attention through the volitionally controlled mechanisms. In recent years, many bottom-up saliency detection methods have been designed because they can provide a lot of useful
information without prior knowledge about the scene. This kind
of methods has already achieved a laudable performance in practical multimedia applications. For example, they have been successfully used for object detection and recognition [1,2], image quality
assessment [3,4], video summarization [5], image/video compression and resizing [6,7], adaptive content delivery [8], and image
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segmentation [9,10]. In the meantime, in contrast to the focused
interest in modeling the bottom-up guided attention, few studies
have attempted to explore top-down factors.
Evidence from visual cognition researches indicates that the
low-level factors dominate the early visual stage. But late on, it is
mainly the high-level factors that direct eye gazing and changing
[11,12]. For instance, when looking at images in the ﬁrst row of
Fig. 1, people are usually attracted by some speciﬁc regions standing out from the rest of the scene with respect to color, intensity, or
orientation during the ﬁrst few hundreds of milliseconds. Then
immediately they are able to allocate attention spotlight to the
cars, texts, pedestrians, or other objects with special concepts or
meanings, while are easy to ignore the things usually treated as
background. Thus, top-down factors should also be taken into account separately in visual saliency detection, and it is reasonable
to believe that efﬁcient and effective utilization of high-level information can help improve current saliency detection performance.
Most studies on top-down attention are still at the descriptive
and qualitative level. Few completely implemented computational
models are available, and most of them are based on eye tracker or
a series of speciﬁc object detectors. However, in practical situations, there may be no eye movement data or too many objects
to be handled in large-scale data sets. These methods therefore will
be greatly limited by the harsh conditions of use and the high computational complexities.
In fact, there are many other techniques in computer vision besides eye-tracking and object detection, which can help automatic
extraction of high-level information. Inspired by the works of
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Fig. 1. Saliency detection. From top to bottom, each row respectively represents the original images, the ground truths, the saliency maps calculated by IT [13], RC [14], and
the proposed model.

image auto-tagging [15–17] and tag completion [18], which can
predict for images the relevant keywords from a vocabulary, this
paper proposes a Tag-Saliency model capable of tackling high-level
information and convenient to use. The proposed model takes
advantage of the following two aspects:
First, the image auto-tagging technique is introduced into saliency detection task. Compared with the previous top-down saliency methods, the proposed method can extract high-level
semantic information from large scale visual media data through
only one uniﬁed image tagging model. This image tagging model
can be obtained from the suitable training sets, without the need
for a large number of speciﬁc object detectors.
Second, a hierarchical over-segmentation and global contrast
based paradigm is proposed, which can integrate the high-level
and low-level information for effective saliency estimation. In this
paradigm, each image will be pyramid decomposed into a sequence of hierarchical regions, where regions at one segmentation
level may be partitioned into several more ﬁner spatial subregions
at the next level. Based on the hierarchical over-segmented regions, both low-level and high-level information are extracted for
global contrast analyzing. The main advantage of hierarchical
over-segmentation is the ability to provide multiple information
for regional tagging, which can yield the excellent tagging accuracy. The global contrast analysis is employed here. This is mainly
because the experimental experiences which indicate that global
contrast based models are often connected with outstanding performances in practice [14,19,20].
The rest of this paper is organized as follows. Section 2 reviews
some relevant mainstream works. Section 3 details the proposed
model. Section 4 presents the extensive experiments to verify the
effectiveness of the proposed model. Section 5 gives a quantitative
discussion to analyze all the factors that inﬂuence the performance
of our model, and the conclusion follows in Section 6.

2. Related work
Classical bottom-up saliency detection methods choose to utilize low-level information to calculate contrasts of image regions
with respect to their surroundings. According to the range of comparative reference regions they used, these methods can be
roughly classiﬁed into local contrast based and global contrast
based.
Local contrast based methods determine saliency of each image
region by calculating the low-level contrast between the examined
region and its local neighborhoods. Many early studies are related
with the biologically inspired visual model introduced by Koch and
Ullman [21]. The ground-breaking implementation of this model is
the work of Itti et al. [13]. They employ a Difference of Gaussian
(DoG) approach to extract multi-scale low-level information from
images, and utilize this information to deﬁne saliency by calculating center-surround differences. Later on, in the work of Walther
et al. [22], the method of [13] is modiﬁed with a hierarchical recognition system to recognize salient objects. Similarly, Han et al.
[9] modify the method of [13] with Markov Random Field (MRF)
based region growing to produce salient regions.
Besides the aforementioned approaches, there are many other
methods which are not clearly related with a biologically inspired
visual model, but strongly related with pure local contrast analysis.
For instance, Gao et al. [23] detect saliency by estimating the Kullback–Leibler (KL) divergence of a series of DoG and Gabor ﬁlter responses to calculate the local contrast between the examined
location and its surrounding local region. Harel et al. [24] design
a graph based method. They ﬁrstly form activation maps by combining some excellent feature maps, and then use graph algorithms
and a measure of contrast to achieve conspicuous parts. Hou and
Zhang [25] introduce a model in frequency domain, which deﬁnes
saliency of a location based on the difference between the
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Testing Images

Training Set

log-spectrum feature and its surrounding local average. Achanta
et al. [26] calculate saliency by computing center-surround contrast of the average feature vectors between the inner and outer
subregions of a sliding square window. Zhang et al. [27] utilize a
Bayesian framework to evaluate saliency as the Shannon self-information of pointwise visual features. Seo and Milanfar [28] measure
saliency by using Local Steering Kernels (LSK) to build a ‘‘selfresemblance’’ map, which actually captures the local gradient
contrasts.
Recently, global contrast based methods have attracted many
interests and announced promising results. These methods take
into account the global statistics over the whole image. For example, Zhai and Shah [29] propose to utilize the global motion contrast by calculating the keypoint correspondences and geometric
transformations between consecutive images, as well as the pixel-level global color contrast in each individual image. Shao et al.
[30–32] deem that the salient regions have the globally unpredictable characteristics, and construct their saliency model based on
Shannon entropy analysis and scale auto-selection. Achanta et al.
[33] highlight salient regions by computing the global contrast between each original color and the average color of the entire ﬁltered image. Goferman et al. [34] measure saliency based on
patch-level global contrast, which takes into account the k most
similar patches of each examined patch in the whole image. Bruce
and Tsotsos [35] detect saliency by calculating a probability density function to ﬁnd the maximum information component over
the complete scene. Cheng et al. [14] propose a region-level saliency extraction method, which is based on analyzing the color
contrasts over all the over-segmented image region. Wang et al.
[36] detect saliency by extracting the anomaly region relative to
a large web image dictionary through k-nearest-neighbor (kNN)
retrieval. Liu et al. [19] deﬁne a global feature of color spatial distribution in their works to extract prominent colors, which can be
further enhanced by the local center-surround histogram and multi-scale contrast through Conditional Random Field (CRF) learning.
Li et al. [37] introduce a Co-Saliency model, which can detect the
common foreground object from image pairs. They ﬁrstly employ
a linear combination of the saliency maps from some traditional
saliency detection methods (e.g., [13,33,25]) to generate single-image saliency maps. Then, a co-multilayer graph is constructed
based on the over-segmented region to estimate multi-image saliency through the global similarity computation. Wang et al. [38]
incorporate near-infrared cues into contrast analyzing. More recently, Perazzi et al. [20] introduce a refreshing work. They reconsider some previous excellent global contrast based models
Hierarchically
Segmented Regions

[14,19], and use a series of Gaussian ﬁlters to integrate them in
an uniﬁed way. Lang et al. [39] detect salient positions by seeking
the consistently sparse elements from the entire image.
The aforementioned bottom-up models utilize only the low-level information, such as color, intensity, orientation, texture, depth,
shadow, and motion. Thus, success of such approaches will be limited to free-viewing and early visual dominated tasks [13,35].
When compared with the actual performance of human in the daily lives, there exists a large gap due to neglecting the role of topdown factors [40].
As for the top-down attention components, there are many evidences which indicate that objects, such as humans, faces, cars and
texts, are better eye ﬁxation predictors than low-level information
[41–43]. However, only a few completely implemented computational models have been proposed to utilize such high-level information [44–46]. Most of these methods are based on eye
movement tracking or object detection. For instance, Navalpakkam
and Itti [47] introduce the conceptual guidelines to model the task
driven visual attention. Peters and Itti [44] use gist to predict view
ﬁxation, and learn their prediction model from instances where
people are looked in scenes with different gists under particular
tasks. Judd et al. [45] indicate that high-level information such as
humans, faces, and texts will attract more gazes, because these
cues can convey more information in a scene than other low-level
cues. All these existing top-down saliency detection methods have
a common disadvantage that the practicability and applicability
will be greatly limited by the harsh conditions of use, as well as
the high computational complexity.
3. Proposed Tag-Saliency model
This section speciﬁes a general Tag-Saliency model, which aims
at estimating the probability (i.e., between 0 and 1) of each oversegmented region being salient, according to the global contrast
of both low-level and high-level information in the scene. An overview of this model is presented in Fig. 2. In this model, the saliency
value S(ri) assigned to a region ri, is determined by two independent components:

Sðr i Þ ¼ Uðr i Þ  exp½r2v  Vðr i Þ;

ð1Þ

where the ﬁrst component U(ri) denotes the global contrast of lowlevel information calculated between ri and other regions from the
same segmentation level. The second part V(ri) denotes the global
contrast of high-level semantic information extracted by an image
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Fig. 2. Summary of the Tag-Saliency model, which utilizes both the low-level and high-level information to estimate saliency.
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auto-tagging technique [15]. It should be noted that, as the second
component is experimentally observed with much larger range of
values than the ﬁrst, in this formulation, an exponential function
is employed to normalize V(ri) with a parameter rv, where rv controls the decay of the exponential, and is experimentally ﬁxed to 0.5
in all our experiments. In the ﬁnal step, the produced saliency map
will be linear projected to the range [0, 1].
3.1. Hierarchical over-segmentation
For the image pre-processing, an excellent over-segmentation
method [48] is employed to hierarchically segment the image into
regions. The selected segmentation method is reported with highly
efﬁciency, and can capture the perceptually important regions. An
initial over-segmentation is performed by partitioning an image
into multiple regions, and the hierarchical segmentation is implemented by repeatedly partitioning regions at one segmentation level into several more ﬁner spatial subregions at the next level. The
ﬁnal saliency map is integrated at the target segmentation level
(l = 1) that contains about 15 regions.

In practice, there is an intuition that some regions in a realworld image with distinctive color or visual complexity are more
likely to attract the interests from observers at their ﬁrst glance.
Therefore in this subsection, the global contrasts of regions are
analyzed directly based on these two visual cues.
Visual Complexity Contrast. For the visual complexity, there is
a popular measurement derived from information theory—entropy, which is associated with the uncertainty in information
[30,28], and has been used as a simple and effective quantitative
indicator [49]. Based on this measurement, the contrast of visual
complexity De(ri, rj) between region ri and rj of the examined segmentation level can be simply deﬁned as

ð2Þ

where H(ri) represents the entropy of image region ri, which is estimated by

Hðr i Þ ¼

nc;i
X

f ðcp;i Þ  log2 f ðcp;i Þ;

ð3Þ

p¼1

where cp,i is the pth color of region ri, nc,i is the number of colors
contained in ri, and f(cp,i) is the probability of cp,i in this region.
Color Contrast. Color is usually considered as one of the most
important cues in computer vision. Generally, the distributions of
colors in image regions are independent of each other with different variances, and are truly not normal most of the time. In this
case, the independent t-test is the appropriate choice to analyze
the difference between two sets of data. Accordingly, the Student
t-value is employed to provide an accurate measure for the color
difference between two regions, rather than directly calculating
the Euclidean distances of colors in all the positions [14]. More speciﬁcally, the color contrast between region ri and rj is deﬁned as
2

Dc ðri ; r j Þ ¼ klc;i  lc;j k 

r2c;i
ni

þ

r2c;j
nj

!12
;

ð4Þ

where uc,i and uc,j represent the average color of region ri and rj
respectively, r2c;i and r2c;j are the variances, and ni and nj are the total
numbers of pixels in the corresponding regions.
Global Contrast Integration. After individually introducing the
measurements for the differences between regions based on two
visual cues, it is necessary to integrate them in an uniﬁed way. In
this paper, the ﬁnal measurement of contrast is deﬁned as

ð5Þ

For the similar reason as deﬁning Eq. (1) that De(ri, rj) are found to be
associated with a larger variation than Dc(ri, rj), an exponential function is also employed here to normalize De(ri, rj) with a parameter
re. re is designed as the scaling
factor for the exponential, and is
pﬃﬃﬃ
experimentally ﬁxed to 1= 6 in all our experiments.
When the measurement of the contrast between two local regions is deﬁned, the global contrast of a region to the entire scene
can be determined by measuring its contrast to all other regions in
the whole image. Furthermore, as recommended in [14,20], a spatial weighting term is introduced to incorporate spatial information into the deﬁnition of global contrast. This term can increase
the effects of regions closer to the examined region. Speciﬁcally,
for any region ri, the spatially weighted global contrast is deﬁned
as

Uðr i Þ ¼

X
wij  Dr ðr i ; r j Þ  /j ;

ð6Þ

j–i

wij ¼

3.2. Low-level information based global contrast

De ðr i ; r j Þ ¼ ½Hðri Þ  Hðrj Þ2 ;

Dr ðr i ; r j Þ ¼ Dc ðr i ; rj Þ  exp½r2e  De ðr i ; rj Þ:

43

1
 exp½r2s  Ds ðr i ; r j Þ:
Zi

ð7Þ

Here /j = nj is used to emphasize contributions of larger regions.
Ds(ri, rj) is the spatial distance between ri and rj. rs is employed to
control the strength of spatial weighting wij. Larger values of rs will
reduce the effect of wij, so that the farther regions can contribute
more affections to the global contrast of ri. r2s is set to 0.4 in all
P
our experiments. Zi is the normalization factor ensuing j–i wij ¼ 1.
3.3. High-level information based global contrast
The most essential difference between the Tag-Saliency model
and the existing works is the treatment for high-level information.
In most of the previous works, high-level information is extracted
by a series of established object detectors. Obviously, when there
are generally hundreds of objects contained in the testing image
set, the previous methods cannot effectively make use of the
high-level information. Compared with these methods, the proposed Tag-Saliency model can fully utilize the semantic information contained in images and simultaneously process hundreds of
images through the induction of image auto-tagging technique
[15].
In the proposed model, the procedure of high-level information
extraction is composed of ﬁve steps: (1) Describe each segmented
region through color and texture descriptor. (2) Compute the
Euclidean distance matrix. (3) Use the obtained region distance
matrix to construct neighborhood matrix based on Simrank [50]
calculation, which is a link-based similarity measure proposed in
data ming works. The neighborhood range k is set to 200 according
to [15]. (4) Automatically tag each over-segmented region through
the prediction model obtained from training image set. (5) Obtain
the semantic information of regions in the target segmentation level. This processing is implemented by predicting tag information
for all regions in all segmentation levels ﬁrstly, and then adding the
tag information of the lower level regions to the target segmentation level regions. For the high-level information extraction, the
closest to our method are the works of [51,49]. In [51] the objects
are represented by the ‘‘Visual language’’ modeled visual words,
and in [49] the objects in the images are segmented and tagged
by users. Differently, in this paper the semantic representation relies on natural words rather than visual words, and is conducted
automatically.
When the tagging information of regions is available, the probability of a region being a component of foreground can be determined by referring to a keyword indicator. More speciﬁcally, the
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Fig. 3. Example images with the ground truth tags from the ESP-Game data set.

probability T(ri) of a region ri being a component of foreground is
deﬁned as:

Tðri Þ ¼

Fgðri Þ  Bgðr i Þ
;
Neuðr i Þ

ð8Þ
4.2. Evaluation measure

where Fg(ri) denotes the maximum tagging value among the keywords that are always related with foreground (e.g., man, face, cat
and ﬂower), Bg(ri) denotes the maximum tagging value among the
keywords that are always related with background (e.g., grass, lake,
and sky), and Neu(ri) denotes the maximum tagging value among
the keywords that are neutral (i.e., ambiguous to be foreground or
background, such as blue, play, and music).
Once T(ri) has been obtained, there is a direct way to deﬁne the
relation between this style of high-level information and saliency
through global contrast analysis, that is

Vðr i Þ ¼

X
½Tðr i Þ  Tðrj Þ2 ;

labeled by the participants is treated as the ultimate ground truth
salient region. In the employed subset, 2000 images are used for
training, and the rest 500 images are used as testing set.

ð9Þ

j–i

where rj is a over-segmented region of the same segmentation level
with ri. As V(ri) is depended on the semantic-level information
rather than the direct visual perception, there is no spatial weighting term introduced to incorporate spatial information into the definition of this kind of global contrast.
4. Results
4.1. Image data set
In order to evaluate the performance of the proposed Tag-Saliency model, a very challenging public data set ESP-Game [52] is
employed. This data set has been widely used in image auto-tagging and the keyword based image retrieval works. Each of the collected image is associated with an average of 5 keywords to
describe the essential semantic information of the scene. All the labeled keywords are generated from an online ESP game. In this
game, two participants cannot communicate in the game and will
gain points if they use the same words to describe the image. There
are a total of 268 unique words used in this data set. Some example
images are presented in Fig. 3. Note that the ESP-Game is not constructed for saliency detection, therefore there are no ground truth
saliency masks. In our experiments, a subset of 2500 images randomly sampled from the 60,000 images is employed, and 20 participants are invited to label the saliency masks. For each image, the
common area covered by more than half of the salient regions

In all the experiments for quantitative analysis, the performance of the proposed method is evaluated by measuring its precision and recall rate. Precision measures the rate of correctly
assigned salient regions to the whole detected region, while recall
measures the percentage of positive detected salient regions in
relation to the ground truth.
High recall can normally be achieved at the expense of the
reduction in precision, and vice versa. Therefore, it is necessary to
evaluate these two measures together. In this paper, a statistical
precision-recall curve is employed to capture the trade-off between
the accuracy and sensitivity. This cave can be sketched by varying
the threshold used to generate the binary saliency maps. Here the
employed thresholds are 21 ﬁxed value, i.e., [0:0.05:1]  255. In
addition to precision-recall curve, a weighted harmonic mean measure of precision and recall—F-measure [53], is also taken to provide
a single index. To be speciﬁc, given the image with pixels X = {xi}
and binary ground truth G = {gi}, for any detected binary saliency
mask L = {li}, these three indexes are deﬁned as:

X
precision ¼
g i li
i

recall ¼

X
g i li

,

i

Fb ¼

,

X
li ;

ð10Þ

i

X
gi ;

ð11Þ

i

precision  recall
;
ð1  bÞ  recall þ b  precision

ð12Þ

where b is set to 0.5 according to [53].
4.3. Performance
The results of the proposed method are compared with 14
state-of-the-art saliency detection methods. They are respectively
the information maximization saliency (AIM [35]), adaptive whitening saliency (AWS [54,55]), context-aware saliency (CA [34]),
frequency-tuned saliency (FT [33]), histogram based saliency
(HC [14]), non-parametric low-level saliency (IM [56]), visual
attention measurement (IT [13]), spatiotemporal saliency (LC [29]),
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Fig. 4. Quantitative comparison between the Tag-Saliency (TS) model and state-of-the-art. (a) and (b) The precision-recall curves. (c) and (d) The averaged precision, recall,
and F-measure bars.

multi-spectral saliency (MS [38]), region-based saliency (RC [14]),
saliency segmentation (SEG [57]), self-resemblance saliency (SeR
[28]), spectral residual saliency (SR [25]), and natural statistics saliency (SUN [27]).
Following [33,14], the methods selected here are based on 4
principles: prevalence (AIM, IT, and SR have been cited over 200
times), recency (AWS, CA, HC, IM, MS, RC, and SEG are proposed
during the last two years), variety (FT, HC, LC, RC are global contrast based; SeR and SUN are local contrast based; IT and AWS
are biologically inspired), and relevance (FT, RC). The codes for LC
and SR are from Cheng et al. [14].1 The implementation for IT is
from a publicly available SaliencyToolbox2 recommended in Itti’s
project webpage.3 For other 11 selected methods, the codes are directly downloaded from the corresponding authors’ homepages.
Fig. 4 illustrates the results. The precision-recall curves in
Fig. 4(a) and (b) show that the proposed method clearly dominates
AWS, AIM, FT, HC, IM, IT, LC, MS, and SR. These curves are sufﬁcient
enough to prove that the proposed method can locate salient regions with much more accuracy than these 9 competitors. Besides,
the proposed method also outperforms CA, RC, SeR, SEG, and SUN
most of the time, except with the disadvantage of lower precision
rates at extremely high recall rates. However, in practice, the unilateral emphasis on the extremely high recall rate cannot lead to

1
2
3

http://cg.cs.tsinghua.edu.cn/people/  cmm/.
http://www.saliencytoolbox.net/.
http://ilab.usc.edu/toolkit/downloads.shtml.

satisfying results. A moderation between the emphasis of precision
and recall rate must be more appropriate [53]. In order to provide
more discriminative clues for CA, RC, SeR, SEG, and SUN, the
F-measure should be taken into account. As shown in Fig. 4(c) and
(d), the proposed method dominates others in F-measure indicator.
Several visual comparison are also presented in Fig. 5 for qualitative evaluation. Notice that only the saliency maps of the top 7
of the 14 aforementioned methods are presented here, i.e., AWS,
CA, IM, RC, SeR, SEG, and SUN. As can be seen in Fig. 5, the competitive 7 methods tend to highlight more non-salient locations, or
produce morphological changed or internally incongruous salient
regions in the maps, while the proposed method is prone to generate much more accurate and consistent results.
5. Discussion
As discussed in the previous Section 4, there is a signiﬁcant
advancement when employing the proposed measurement of global contrast based on both low-level and high-level information.
But there are still some uncertainties worthy of further consideration. What kind of information considered in the proposed method plays an essential role in the signiﬁcant advancement? What
are the key factors that affect the high-level information extraction? This section will address these uncertainties, and give the
quantitatively comparative analysis.
In order to further validate the effectiveness of the utilization of both low-level and high-level information, the complete
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Fig. 5. Visual comparison of saliency maps. From top to bottom, each row respectively represents the original images, the ground truth masks, and the saliency maps
calculated by AWS [54,55], CA [34], IM [56], RC [14], SeR [28], SEG [57], SUN [27], and the saliency maps calculated by the Tag-Saliency model.

Tag-Saliency model (TS) is compared with two restricted visions,
i.e., based only on low-level (TS-L) or high-level (TS-H) information
extraction. Fig. 6 demonstrates the results for all the 500 testing
images. As can be seen from the corresponding precision-recall
curves in Fig. 6(a), it is manifest that the complete Tag-Saliency
model dominates the restricted vision TS-L. These curves indicate
that, utilizing high-level information can help the Tag-Saliency
model to locate salient regions more accurate than using only
the low-level information. Besides, the TS outperforms TS-H most
of the time. However, as can be seen in Fig. 6(a), when the tasks
place more emphasis on achieving high recall rates, the precision-recall curves cannot provide discriminative clues for these
two methods. In this case, as mentioned in Section 4.3, the

F-measure should be also taken to provide more comparative
information. As shown in Fig. 6(b), in F-measure indicator, the
complete Tag-Saliency model clearly dominates others. Therefore,
it is reasonable to believe that both the low-level and high-level
information can play a signiﬁcant role in saliency detection.
As for the aspect of high-level information extraction, there are
two major factors to be discussed: (1) the number of hierarchical
over-segmentation levels L, and (2) the neighborhood range k of regions used for tag prediction. There is an expectation that a greater
number of segmentation level and neighborhood range will produce a better performance. However, it is necessary to make a
trade-off between accuracy and computational complexity in order
to derive the best strategy for practical saliency detection. The
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Fig. 6. Quantitative comparison between the complete Tag-Saliency model (TS) and two restricted visions (TS-L and TS-H). (a) The precision-recall curves. (b) The averaged
precision, recall, and F-measure bars.

0.65

0.55

0.55

0.5

0.5

0.45

0.45

0.4
0.35

0.4
0.35

0.3

0.3

0.25

0.25

0.2

0.2

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

0.1

0.3

0.4

0.5

0.6

Recall

(a)

(b)

0.7

0.8

0.6

Precision
Recall
F−measure

0.5

0.9

1

Precision
Recall
F−measure

0.5
0.4

Mean

0.4

Mean

0.2

Recall

0.6

0.3

0.3

0.2

0.2

0.1

0.1

0

k=10
k=50
k=100
k=200
k=500

0.6

Precision

Precision

0.65

L=2
L=3
L=4
L=5

0.6

L=2

L=3

L=4

L=5

0

k=10

(c)

k=50

k=100

k=200

k=500

(d)

Fig. 7. Comparison of different settings of L and k. (a) and (b) The precision-recall curves. (c) and (d) The averaged precision, recall, and F-measure bars.

quantitative comparisons for different settings of the segmentation
level are demonstrated in Fig. 7(a) and (c). It is manifest that setting L = 3 can already obtain a satisfactory result.
Then the comparison results under different settings of the
neighborhood range k are presented in Fig. 7(b) and (d). As can
be seen, the worst performances appear in the case that k is set
to 10, and the performance will continue to improve until the value

reaches 200. After that, higher k cannot visibly improve the performance, while the computational cost will be more intensive.
6. Conclusion
There is an intuition that the allocation of attention in natural
scene viewing will be inﬂuenced by individuals’ habits, i.e., people

48

G. Zhu et al. / Computer Vision and Image Understanding 118 (2014) 40–49

always tend to pay more attention to some things, that are usually
noteworthy in our daily life, and ignore others. Several visual cognition researches [11,12,47,41,43] can provide the theoretical basis
for this intuition. However, detecting saliency in such a situation
has not yet been well addressed in computer vision literatures.
Traditional top-down saliency detection models utilize high-level
information based on eye tracking or object detection techniques.
But in practical situations, there may be no eye movement data
available or too many objects to be handled in a large-scale data
set. Therefore, these methods will be greatly limited by the harsh
conditions of use and high conceptual complexities.
In this paper, a new Tag-Saliency model is designed speciﬁcally
for the top-down attention prediction. This model can efﬁciently
extract high-level semantic information from large scale visual
media data by introducing the image auto-tagging technique, and
can integrate the high-level and low-level information to measure
the global contrasts of the hierarchical over-segmented regions.
Experimental results on a very challenging data set show that,
the proposed Tag-Saliency model has the ability to locate the truly
salient regions in a greater probability than other competitors. A
quantitative discussion is also presented in this paper, which indicates that the use of both kinds of information in the proposed
model has played a signiﬁcant role in the advancement of this
model.
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