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ABSTRACT

Covert attention is an mental ability to attend to a stimulus
without shifting ones gaze towards it. The covert attention
mechanism allows small spatial displacement during saccadic
eye-movements, which we believed to be responsible for the
existence of a large number of imperfectly allocated eye fix-
ations in current saliency benchmark datasets. Inspired by
this new finding, we propose to use spatial pooling to inte-
grate cover attention into the current saliency models. We test
our pooling-based boosting strategy for 20 state-of-the-art at-
tention models on two well acknowledged fixation datasets
(YORK-120 & MIT-1003). The experimental results show
that our method can stably improve the performance of over
95% of the tested models in the eye fixation prediction task.

Index Terms— Saliency, covert attention, spatial pooling

1. INTRODUCTION

Building plausible computational models for the attention
mechanism of humans is very important for numerous vi-
sion related applications such as object detection [1], video
compression [2], image rendering [3], multimedia retrieval
[4, 5] and visual quality assessment [6] etc.. For last decades,
attention modeling has become one of the hottest research
fields in computer vision and image processing community.
By using the concept of saliency map [7], attention models
could characterize, for each pixel in a given image, its relative
importance or probability to attract human attention. In other
words, the saliency map can be regarded as an approximation
of the spatial distribution of visual attention and hence can be
used to simulate human saccadic behavior [8].

Figure 1 shows some examples of the saliency maps gen-
erated by various attention models. By examining the local
patterns at the fixation points of natural images and the salien-
cy maps, we notice that the human fixations might not always
be located exactly at the salient spot, yet most of them have
spatial neighbors with high saliency responses (see Figure 1
(c), patches in red boxes). We believe that such phenomenon
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Fig. 1. Fixated patches in saliency maps. a) Examples of
human eye fixations and saliency maps (the abbreviations are
explained in Table 1); b) Fixated patches with center saliency
higher than 0.8 (SGP); c) Fixated patches with center saliency
lower than 0.8 but maximum saliency higher than 0.8 (SGP).
For all human fixations in YORK-120 dataset [9], we found
14.9% saliency patches from the SGP saliency map are of
kind b), and another 41.4% are of kind c). As far as we know,
traditional works only focus on cases of b) and take those in
c) as outliers. Here we argue that the c) patches are perceived
by covert attention, based on which we propose our boosting
strategies to upgrade the state-of-art saliency models.

was caused by the covert attention mechanism of human vi-
sion system which was basically unexplored in previous at-
tention modeling research. To better understand the role of
covert attention and gain insights from it, we systematical-
ly investigated the characteristics of saliency patterns at hu-
man fixation points, and then proposed our boosting strategy,
namely Spatial Mean & Max Pooling, to simulate the effect
of covert attention and serve as a general method to improve
the quality of the model-generated saliency maps.

The remaining contents are organized as follows: Sec 2
presents our motivation and summarizes the related saliency
models used in this work. In Sec 3, we introduce some back-
grounds about covert attention and the details of the boosting
strategy. Sec 4 contains the main experimental results and
discussions. Finally, we conclude this paper in Sec. 5.



2. MOTIVATION AND RELATED WORKS

As shown in Figure 1 c), there was a large number of fixa-
tions that are not properly located in SGP [8] saliency maps.
Figure 2 also indicates that this phenomenon was existed not
only for SGP but also for many other saliency models. Such
phenomena might be explained by the following two reasons:

• Intentional - Human vision system could capture the
visual stimuli near by the view center via covert atten-
tion, so it allows small displacement for each eye move-
ment to save time and energy;

• By Chance - Accidental error of the eye motor system.

Relatively, the first reason is more realistic because the pro-
portion of such improperly allocated fixations is too large for
“chance”. If we could develop a strategy that can undo the ef-
fect of covert attention, we might be able to achieve stable im-
provement for performance of current attention models. This
is the main motivation of this work.

Fig. 2. The “c” type of fixated patches sampled from saliency
maps of 10 attention models. For each model, we also show
the percentage of the “c” patch over all human fixation in the
dataset. The investigation was conducted on YORK-120 [9].

Specifically, we investigate boosting strategy on 20 state-
of-the-art saliency models including ITTI (Itti et al.1998 [7]),
CG (Torralba et al.2006 [10]), GBVS (Harel et al.2006 [11]),
SR (Hou et al.2007 [12]), QPFT (Guo et al.2008 [13]), SUN
(Zhang et al.2008 [14]), ICL (Hou et al.2008 [15]), AIM
(Bruce and Tsotsos 2009 [16]), JUDD (Judd et al.2009 [3]),
FT (Achanta et al.2009 [17]), STSR (Seo et al.[18]), SER
(Wang et al.2010 [19]), SIM (Murray et al.2011 [20]), ELG
(Borji et al.2012[21]), CAS (Goferman et al.2012 [22]), QSA

Table 1. Saliency models used in our boosting test
Model Measure of saliency Speed
ITTI [7] Bio-Inspired Feature Integration 0.553s
CG [10] Contextual Guidance 1.56s
GBVS [11] Graph based Visual Saliency 1.22s
SR [12] Spectral Residual 0.0241s
QPFT [13] Phase only Quaternion Fourier Transform 0.0256s
SUN [14] Saliency using Natural Statistics 1.35s
ICL [15] Incremental Coding Length 0.124s
AIM [16] Information Maximization 4.87s
JUDD [3] Supervised Learning (SVM) ≈14s
FT [17] Frequency Tuning 0.489s
STSR [18] Space Time Self Resemblance 1.43s
SER [19] Site Entropy Rate 21.4s
SIM [20] Non-parametric Scale Integration 4.26s
ELG [21] Local and Global Patch Rarities N/A
CAS [22] Context-Aware Saliency 50.5s
QSA [23] QPFT with Eigenaxes and Eigenangles 0.0289s
SIG [24] Image Signiture 0.163s
SGP [8] Super Gaussian Pursuit 8.01s
HFT [25] Hypercomplex Fourier Transform 0.262s
RARE [26] Multi-scale Feature Rarity 1.21s

(Schauerte et al.2012 [23]), SIG (Hou et al.2012 [24]), SG-
P (Sun et al.2012 [8]), HFT (Li et al.2013 [25]) and RARE
(Riche et al.2013 [26]). Saliency maps of all tested model-
s are generated using their default parameter settings. Some
basic properties of the presented models are shown in Table 1.
More comprehensive introductions and comparisons of these
models can be found in [27].

3. THE BOOSTING STRATEGIES

Covert attention usually takes place within a small local area,
it allows people to select visual information at a cued loca-
tion, without overt eye movements, and to grant such infor-
mation priority in processing [28]. Considering such spatial
constrain, a straight forward way to incorporate covert atten-
tion in current saliency models is spatial pooling. Pooling
strategies was firstly proposed to aggregate statistics of fea-
tures at various locations in a field, it can generate a compact
and, to some extent, transition invariant representation from a
high dimensional feature space.

There were many types of pooling techniques, here we
mainly investigate the Mean & Max Pooling [29] (MeanP &
MaxP) to refine the attention models so that they can cover
the locations that might be implicitly visited by covert atten-
tion. Given S as the original saliency map generated by an
attention model, the boosted maps can be obtained by:

SMaxP(x, y) = max
(m,n)∈Φ

S(m,n),

SMeanP(x, y) =
1

||Φ||
∑

(m,n)∈Φ

S(m,n),
(1)

where Φ is a square spatial neighborhood centered at (x, y).
Visual examples of the boosting results are shown in Figure 3.



Fig. 3. Visual examples of MeanP & MaxP. All saliency maps are resized to [60× 80] and Φ is fixed to be [5× 5].

Although the visual quality of MeanP maps seem to be bet-
ter than MaxP, the quantitative results indicate that MaxP is
relatively more reliable than MeanP in eye fixation predic-
tion task. Note that, the only parameter here is the size of of
Φ, and we found that 1/20 ∼ 1/16 of the global size is a
good choice which could ensure a stable improvement for the
performance of most saliency models in the eye fixation pre-
diction task. To learn more about the effect of this parameter,
please check Figure 4 where we present the boosting results
over different scales (size of Φ) for all the presented models.

4. EXPERIMENT

We evaluate our boosting strategy in classic eye-fixation pre-
diction test, where saliency maps are regarded as binary clas-
sifiers for human fixations and non-fixated points. The ex-
periments are conducted on two image datasets: YORK-120
from Bruce et al.[9] and MIT-1003 from Judd et al.[3].

4.1. Datasets and Evaluation Metrics

YORK-120 was consist of 120 natural images as well as the
binary fixation maps covering 11,999 eye fixations from 20
human subjects. MIT-1003 contains 1003 images (900 for
training and 100 for testing) along with fixations from 15
viewers between the ages of 18 and 35.

We adopt Area Under ROC (AUC) and Kullback-Leibler
divergence (KL) as two major evaluation metrics. As dis-
cussed in [14, 21], the original AUC and KL measure were
largely affected by the “edge effect”, where a simple Gaussian
Blob could achieve the state-of-the-art performance. Thus,
we applied a refined procedure to compute AUC & KL in our
work, which was firstly proposed in [14] and later known as
“Shuffled AUC&KL” [21]. Given an image, we first collect
the positive samples based on its corresponding fixation map.
Then, we pick the fixation map of another image to collec-
t the negative samples. Such image pairs were obtained by
permuting the order of the testing images. We compute the
AUC and KL scores based on the positive and negative sam-
ples collected from all the testing images. After repeating the
above procedure for 100 rounds, we output the average AUC
& KL scores as the final results.

4.2. Results and Discussion

Figure 4 shows the boosting effects of MeanP and MaxP
over different scales in the eye fixation prediction experiment
on YORK-120. MeanP achieved its best AUC&KL perfor-
mance and meanwhile the biggest single-model improvement
rate at [5 × 5]. For MaxP, the best AUC&KL scores ap-
peared at [3 × 3] and the highest single-model improvement
rate were achieved around [5 × 5]. After reaching the peak,
the boosting performance quickly went down as the size of
Φ increased. One possible explanation is that larger neigh-
borhoods might cause over-pooling and propagate saliency to
locations that are out of the actual effective range of covert
attention. The quantitative results also indicate that MeanP
is relatively more reliable than MaxP, but MaxP has a better
chance to generate larger improvement. With MaxP, we can
improve the performance of current state-of-the-art saliency
models by 6.31% ∼ 9.07% for AUC and 133% ∼ 204% for
KL respectively. Figure 5 presents the AUC & KL scores on
YORK-120 & MIT-1003 for all related saliency models and
the proposed boosting strategies. All saliency maps are re-
sized to have a maximum width of 80 and Φ is fixed to be
[3 × 3]. Remarkably, about 72.25% of the models were im-
proved by MaxP and this number increased to 95% by Mean-
P. Results also indicate that even those top-ranked models,
eg.SGP and ELG, can still be improved. All the presented
results demonstrated that our boosting strategies could sta-
bly improve the state-of-the-art attention models and such im-
provements are clearly not guaranteed by chances but by the
effective integration of covert attention mechanism of the hu-
man vision system.

5. CONCLUSION

In this paper, we explored the imperfectly allocated human
eye fixations and investigate the rule of covert attention in
such interesting phenomena. Then we proposed Max &
Mean Pooling to simulate the covert attention mechanism
and serve as a general method to boost the state-of-the-art at-
tention models. Experimental results on well acknowledged
human fixation datasets demonstrate the effectiveness of the
proposed boosting strategies. In the future, we will try to
figure out the upper bound of the boosting effect and give an
exact interval for covert attention of human vision system.
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Fig. 4. The boosting effects of MeanP & MaxP over different scales. For each graph, the horizontal axis denote the size of Φ
in Eq. 1. We use all 20 attention models and all data in YORK-120 [9] to obtain the results.
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Fig. 5. AUC & KL scores on YORK-120 & MIT-1003. All saliency maps are resized to have a maximum width of 80. Φ is
fixed to be [3 × 3]. With MaxP&MeanP, over 95% of the tested scenarios were improved. For most of the cases (53.75%),
MaxP achieved better boosting results than MeanP. In each subfigure, The display order of the models is determined by their
average performance. Even the top-ranked models, such as SGP, ELG and RARE, can be further improved.
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