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ABSTRACT
We proposed a novel model to predict human’s visual atten-
tion when free-viewing webpages. Compared with natural
images, webpages are usually full of salient regions such as
logos, text, and faces, while few of them attract human’s
attention in a short sight. Moreover, webpages perform
distinct viewing patterns which are quite different from the
natural images. In this paper, we introduced multi-features
according to our observation on webpages characters and
related eye-tracking data. Further, in order to achieve a flex-
ible adaptation to various types of webpages, we employed a
machine-learning framework based on our proposed features.
Experimental results demonstrate that our model outperforms
other state-of-the-art methods in webpage saliency prediction.

Index Terms— Webpages viewing, Saliency, Support
vector machine, Multi-features

1. INTRODUCTION

Webpages have become a pervasive information platform
with the widely spreading of Internet. According to the
Internet Live Stats Online, there are 0.98 billion of websites
existing on the Internet1. The International Telecommu-
nication Union (ITU) reported that the number of Internet
users has also reached 3.2 billion in 20152. With the great
advantages on information acquisition, social networking and
online commerce, webpages have reshaped peoples life and
marketing campaigns as they never were before. Thus,
the ability to model human’s viewing pattern while surfing
webpages is of great significance.

Webpage designers could benefit from the visual attention
model to improve the page typography and layout. For
example, knowing which parts of those webpages received
the most visual attention, designers could arrange the most
important page elements more reasonably. Besides, end-users
may receive a friendlier interface through this improvement.

1http://www.internetlivestats.com/total-number-of-websites/
2http://www.itu.int/en/ITU-D/Statistics/
*Corresponding authors. E-mail: Suli@ucas.ac.cn, qmhuang@jdl.ac.cn
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Fig. 1: Human eye tracking maps on some webpages.

Visual saliency is an important step toward automatic
understanding of natural images, videos, and webpages, etc
[1, 2]. Itti et al. first implemented a computational model to
detect saliency on natural images by calculating the center-
surrounded differences of colors, intensity, and orientations
[3]. Harel et al. used a Markov chain method based on
Itti features [4]. Subsequently, various of saliency models
have been presented built on different frameworks. Bruce &
John applied information maximization on saliency detection
[5]. Zhang et al. adopt a Bayesian framework using natural
statistics [6]. Hou et al. introduced a framework with sparse
signal mixing [7]. And Garcia’s framework is based on the
relationship between optical variability, visual saliency, and
eye fixations [8].

However, compared with natural images, webpages are
usually full of salient stimuli [9]. As shown in Fig. 1, many
typical parts of webpages might attract human’s attention,
such as text, pictures, logos and faces. In the conventional
attention models, all of these parts have rich information in
terms of color, orientation, and intensity contrast. Therefore,
it is ineffective to find the salient content of webpages just
by employing previous attention models designed for natural
images.

Actually, studies show that humans web-viewing patterns
on webpages shares a difference from that on natural images.
These patterns include top-left bias to scan top-left region
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Fig. 2: The framework of our proposed model to generate saliency maps from webpages.

at the start of web-viewing [10], [11], and the banner-like
advertisements are naturally avoided by webpage users [12,
13, 14]. Josephson & Holmes also find that people usually
follow habitually preferred scan paths over a webpage [15].
These specific characteristics of webpages could also make
the existing attention models of natural images ineffective.

Up to now, only a few reports focused on webpage
saliency. Still & Masciocchi simply referred Itti’s model to
predict the web viewing entry points [9]. Moreover, Shen and
Zhao integrate Itti’s features with face map and positional bias
in a multiple kernel learning way [16]. However, plenty of
stimuli in webpages are still hard to be captured by traditional
bottom-up factors like Itti’s features.

Motivated by these, we elaborate on providing a more
sufficient and effective feature description to measure visual
saliency on webpages. Firstly, we introduced subband fea-
tures [17] calculated in frequency domain, which complet-
ed bottom-up features computed in space domain used by
previous saliency models. Secondly, a MSER method [18]
was used to detect object blobs in webpage, which played
an important role in attracting attention of web users. As
shown in Fig. 2, the framework of our model is based on a
linear SVM to fuse proposed features in an intermediate way.
We implement our experiments on a most recently published
webpage saliency dataset FiWI [16]. Experimental results
demonstrate the effectiveness of our model compared with
state-of-the-art models.

2. PROPOSED SCHEMES

In this section, we mainly discuss a few methods of extracting
potential features from the webpage images. We consider
both bottom-up factor and top-down factor which play im-
portant roles in saliency detection.
Color, orientation and Intensity contrast (COI). These Itti-

Koch features have been recognized as important features in
bottom-up saliency for a long time. As calculated by [3], here
we directly include the three channels corresponding to these
image features.
Subband Features (SF). Previous saliency models on web-
pages mainly focus on extracting bottom-up features in s-
patial domain. Here, we added another bottom-up feature
considered in frequency domain which is drawn from the
scale and orientation subbands of a webpage. This feature
shows the correlation with visual attention and it is proved to
be physiologically plausible by [17]. For the computation,
we implement the local energy of the steerable pyramid
filters as features, which are computed with four orientations
(0◦, 45◦, 90◦, 135◦) in three scales.
Maximally Stable Extremal Regions (MSERs). By looking
into the distributions of human fixation, we observed that
some fixations also fall on object blobs which share a large
contrast in intensity to their backgrounds. In our experiments,
we found that these object blobs could be well represented
by MSERs, which is defined by an extremal property of its
intensity function in the region and on its outer boundary [18].
To calculate the MSERs, we first consider extremal regions
Ri which are defined by

∀p ∈ Ri,∀q ∈ B(Ri)→ Iin(p) ≥ Iin(q). (1)

Where B means the outer boundary of Ri, and the extremal
regions are identified as connected regions within binary
threshold images Igbin, where g is the corresponding gray
value. The calculation of Igbin is:

Igbin =

{
1, Iin ≥ g, g ∈ [min(Iin),max(Iin)]

0, otherwise
(2)

For each extremal regions Ri, we need to find a local
minimum value Ψ to generate MSERs from Ri. The value
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Fig. 3: Humans fixations in different times.

Ψ is defined as

Ψ(Rgi ) = ( |Rg+δi −Qg−δi | )/|Rgi | (3)

where |.| denotes the cardinality, Rgi is a region which is
obtained by thresholding at a gray value g and δ stands the
stability range parameter. When Ψ reaches a local minimum
value, Rgi become the MSERs.
Horizon line (HL). In natural scenes, clear boundary like
horizon line humans naturally thought as a salient object. In
webpages, a horizon line is usually used as a boundary to
separate the navigation bars from the contents which shares
a similar property with skyline. And we found from the eye-
tracking data that some fixation points located in the region
nearby the line. Thus we utilized a horizon line detector [19]
with a gauss filter to extract the horizon line feature.
Texts. We know that texts are important parts in webpage
representation. Studies show that the headline, enlarged
words or highlighted phrases may cause humans attention in
webpage viewing [13]. In this paper, we detect the location
of the texts as the candidate regions of human fixations.
In the high spatial frequency, texts are usually get more
responses in all orientations as they contain edges in each
orientation. Based on this, we can generate a text feature map
by integrating the orientation feature maps (extract from Itti
features) in high spatial frequency.
Position bias (PB). According to the F-shaped pattern de-
scribed in [10], web browsers’ viewing behavior usually starts
from the top-left regions, and then scan the webpage follow
a shape “F”. Fig. 3 is human’s viewing attention at different
times that chosen from FiWI dataset [16]. We can find that,
the first fixation tend to locate in the top-left region, and then
the second and third fixations usually fall on the trajectory
from top-left to center corner. After that, fixations spread
from the center area to other salient parts. Thus we can extract
feature maps which indicate the distance to center and top-left
corner of the webpage image for each pixel.
Face and people (FP). We observe that human fixations are
strongly attracted by faces and people. So we run Viola-Jones

face detector [20] and the Felzenszwalb person detector [21]
to generate the face map and people map in our model.

3. LEARNING A MODEL

The classical Itti-Koch saliency model computes multi-scale
colors, intensity, and orientations feature maps using center-
surround filters and gabor filters, then merge these maps up
into one saliency map after normalization [3]. In our model,
we make a further improvement to these representations by
utilizing multidimensional features and then using SVM to
generate a saliency map.

We extract each feature map on the original webpage
image in size of 1360 × 768. After extraction, we resize the
feature maps size into 340×192 in equal proportion . Finally,
we can generate a feature vector of 22 dimensions in size of
340× 192 for each webpage image.

After feature extraction, we integrate these features with
the SVM. In machine learning, the SVM is a binary clas-
sifier which finds a hyperplane that separates the positive
and negative samples based on the theory of structural risk
minimization. The classifier kernel we used is a linear kernel
as follows:

f(x) = wTx+ b. (4)

For our specific task, we use the linear kernel because
from experiment results we found that it performed as well
as the model with radial basis function kernel and multiple
kernel, it is also faster to compute the weights of features in
an easy understanding way.

In order to train and test our model, we randomly chose
10 positively labeled pixels from the top 20% salient locations
and 10 negatively labeled pixels from the bottom 70% salient
locations in the ground truth. We find that the increasing
number of samples chosen per image above 10 did not
increase saliency performances.

We normalized the features of our training set to have
zero mean and unit variance. And the same normalization
parameters are used to our test data. The misclassification
cost c is set at 1. Because we found that performance was
the same for c = 1 to c = 1, 000 and it decreases when c is
smaller than 1. For the reliability, we ran our test in 50 times,
and the final results are mean value of the metrics.

4. EXPERIMENTAL RESULTS

We measure the consistency between our predicted saliency
map and the eye-tracking data on the recently proposed
FiWI dataset [16]. The FiWI dataset contains 149 webpage
screenshots with eye movement data from 11 observers dur-
ing free-viewing. To train the linear SVM model for eye
fixation prediction, we use a division ratio of 80% to 20% on
training and testing sets on the FiWI dataset. To quantitatively
assess the performance, we calculate the metric scores include
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Fig. 4: Comparison of visual saliency detection between our model and several state-of-the-art models.
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Fig. 5: Performances for SVMs trained on each set of features
individually and combined together.

linear Correlation Coefficient (CC), Normalized Scanpath
Saliency (NSS), and shuffled Area Under Curve (sAUC).
CC measures the linear correlations between the fixation
map and saliency map. The closer CC to 1, the better
the performance of the saliency model is. NSS measures
the average responsing values at fixation locations along the
scanpath in the normalized saliency map. For the sAUC score,
1 means perfect prediction while 0.5 indicates chance level.

In the experiments, we first compared separated features
and their performance in Fig. 5. It could be obviously
seen that MSERs outperforms other features, followed by
the position bias and Itti features (COI). Then we compare
our proposed model with several state-of-the-art saliency
methods, including MKL [16], AWS [8], Signature [7], AIM
[5], SUN [6], GBVS [4], and Itti [3]. For a fair comparison,
all the evaluation scores presented here are the highest score
by varying the smooth parameter of Gaussian filter with
different standard deviation from 0 to 2 degree. From table
1, we can see that our model outperforms other state-of-the-
art saliency detection models in all of the three evaluation
metrics. Finally, we analyzed the average running time for
each model that computes for one webpage image, the CPU

Table 1: Performances on FiWI dataset.

Models sAUC CC NSS Runtimes
Ours 0.7316 0.4412 0.9048 0.8866
MKL[16] 0.7227 0.4291 0.8806 0.7426
AWS[8] 0.6754 0.4103 0.8221 0.8914
Signature[7] 0.5406 0.3429 0.6706 0.0976
AIM[5] 0.6674 0.3450 0.8553 59.6889
SUN[6] 0.6623 0.3798 0.8660 30.3546
GBVS[4] 0.5432 0.3377 0.7006 0.5132
Itti[3] 0.5019 0.2237 0.4162 0.3499

we used is Intel(R) Core(TM) i7-3770 @ 3.40GHz and the
RAM is 32GB.

For a visual comparison, we illustrate the saliency maps
obtained from different saliency algorithms. From Fig. 4, we
can see that the saliency maps obtained from our proposed
algorithm highlight the salient regions more clearly.

5. CONCLUSION

We present a new model for webpage saliency by using a
SVM to integrate features based on bottom-up and top-down
factors. In this model, we investigated different features to
measure visual saliency on webpages. Experimental results
validate the effectiveness of the proposed model which uses
these features as webpage saliency cues.
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