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Toward Statistical Modeling of Saccadic
Eye-Movement and Visual Saliency

Xiaoshuai Sun, Hongxun Yao,Member IEEE, Rongrong Ji,Senior Member IEEE, and Xian-Ming Liu

Abstract—In this paper, we present a uni�ed statistical frame-
work for modeling both saccadic eye movements and visual
saliency. By analyzing the statistical properties of human eye
�xations on natural images, we found that human attention
is sparsely distributed and usually deployed to locations with
abundant structural information. This observations inspired us
to model saccadic behavior and visual saliency based on super-
Gaussian component (SGC) analysis. Our model sequentially
obtains SGC using projection pursuit, and generates eye move-
ments by selecting the location with maximum SGC response.
Besides human saccadic behavior simulation, we also demon-
strated our superior effectiveness and robustness over state-of-
the-arts by carrying out dense experiments on synthetic patterns
and human eye �xation benchmarks. Multiple key issues in
saliency modeling research, such as individual differences, the
effects of scale and blur, are explored in this paper. Based on
extensive qualitative and quantitative experimental results, we
show promising potentials of statistical approaches for human
behavior research.

Index Terms—Saccadic eye-movement, visual attention,
saliency, super Gaussian component analysis.

I. I NTRODUCTION

A TTENTION guided saccadic eye-moment is one of the
most important mechanisms in biological vision system,

based on which the viewer is able to actively explore the envi-
ronment with high resolution fovea sensors. BeneÞting from
such unique behavior, human beings, as well as most primates,
are able to efÞciently process the information from complex
environments. For the last four decades, extensive research
works have been done by means of theoretical reasoning and
computational modeling, trying to uncover the principles that
underlie the deployment of gaze. Compared with theoretic
hypotheses, computational models of visual attention and
saccadic eye-movement not only help us better understand
the mechanism of human cognitive behavior but also provide
us powerful tools to solve various vision related problems
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Fig. 1. What are we looking for when viewing a scene? Our studies suggest
that the answer to this question could be revealed via statistical analysis of
human eye Þxations. One possible answer named super Gaussian component
is investigated in this paper.

such as video compression [1], scene understanding [2], object
detection and recognition [3]etc..

In our previous work [4] (Fig. 1), we constructed a generic
statistical framework for both saccadic behavior simulation
and visual saliency analysis. Differently with traditional works
that drew inspirations from the existing neurobiological knowl-
edge or mathematical theories, we directly make assumptions
based on the statistical analysis of the ground truth human
eye-Þxations. By means of statistical analysis, we try to Þnd
out Òwhat components in visual images draw ÞxationsÓ which
is similar but more reachable compared with the traditional
question of Òwhat properties draw attentionÓ. The analysis
was conducted on eye Þxation data captured from human
observers using eye tracking devices during task independent
free viewing of natural images. In such bottom-up scenario,
we have found an interesting phenomenon, which was further
proved, through dense experiments, as a general principle that
stimuli with a super Gaussian distribution is more likely to
gather human gaze. Based on this Þnding, human saccadic
behavior was modeled as a function of active information
pursuit targeting at the statistical components with desired
properties such as super Gaussianity. We show an illustration
of our statistical model in Fig. 2. In this framework, visual data
is represented as an ensemble of small image patches. Kurtosis
maximization is adopted to search for the Super Gaussian
Component (SGC). A response map is then obtained by
Þltering the original image with the found SGC. Based on the
response map, we adopt a well known principle named winner-
takes-all (WTA [5]) to select and locate the simulated Þxation
point. Gram-Schmidt orthogonal method is applied at the
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components and the data segments located by ground truth eye
fixations. Following this intuition, we gathered two ensembles
of color image patches, one was constructed by sampling
patches from eye fixations and the other from random loca-
tions. Examples of these two patch ensembles are presented in
Fig. 3(b). It clearly shows that Fixation patch contains much
more structural information compared with Random patches.
Taking the fixation density as an approximation for ground
truth saliency, we give a further comparison, in Fig. 3(c) and
(d), on the probability density distribution between normal-
ized saliency and pixel values. From intuitive and statistical
observation, we found two interesting characteristics of visual
saliency:

• Saliency is very sparse, which means the saliency of most
locations is zero and only a small portion of the image
has obvious high saliency value;

• High saliency value tends to be located surrounding the
regions with abundant structural information.

According to feature integration theory [30], saliency is
obtained by integration of multiple feature channels. Thus, fea-
tures used for saliency detection should share similar statistical
characteristics with saliency. From a statistical point of view,
the above characteristics of saliency share great similarity
with super-Gaussianity, which is synonymous with “sparse”
and “structurized” in statistics. Considering the above issues,
we proposed the primary assumption that Super Gaussian
Components (SGC) of the scene are exactly what we are
looking for during the viewing process.

IV. THE MODEL

In this section, we present two major components of our
model in details including sequential gaze selection and visual
saliency estimation. The sequential aspects and the statistical
assumption we made in Section II are both considered in
our model. Different with previous bottom-up methods, the
proposed model is developed based upon a statistical prior
directly concluded from the analysis of human eye fixation
data and it works without any training procedure which is
also distinguished from traditional supervised methods.

A. Sequential Gaze Selection

There is one statistical technique named projection pur-
suit that shares a similar sequential selection behavior with
saccadic eye-movement. Projection Pursuit was initially pro-
posed to identify potentially meaningful data structures in
high-dimensional data sets by searching for statistically
“interesting” low-dimensional projections [31]. As a simple
yet powerful tool, projection pursuit is widely used for
high-dimensional data visualization and statistical component
analysis, eg. ICA [32]. A linear projection from Rd to Rk is
any linear map W (mostly k × d matrix of rank k):

Dp = WD, D ∈ Rd , Dp ∈ Rk, (1)

where D is a d-dimensional random variable with distribution
P , and Dp is a k-dimensional random variable with distribu-
tion PW . Each column of Dp can be regarded as an unique

feature (component) channel. Based on above definition,
Projection Pursuit searches for a projection W maximizing
(or minimizing) a certain objective function G(PW ).

In previous works, Projection Pursuit were mostly used
for searching interesting projections in which the data are
separated into distinct, meaningful clusters. In the case of
saccadic modeling, we adopt projection pursuit to search for
the SGCs, which are further used for gaze localization and
saliency estimation. From a signal processing point of view,
this scheme can also be regarded as unsupervised function
that dynamically separates the image data into a salient
gaze-favored part and non-salient unattractive part. Technique
details are described in IV-A1 and IV-A2.

1) Super Gaussian Component Analysis: Given an image I ,
we first turn it into a patch-based representation X by scanning
I with a sliding window from top-left to bottom-right. X is
stored as a M × N matrix, where each row vector corresponds
to a reshaped RGB image patch (N is the number of patches,
M the patch size). PCA based decorrelation and whitening
are applied to X as a preliminary process, resulting in a new
matrix Z, which will simplify the subsequent calculations [32].

Single SGC pursuit - In statistics, the super-Gaussianity of
a random variable is usually measured by the kurtosis function
which is defined as:

kurt(y) = E{y4} − 3(E{y2})2, (2)

where y is the given random variable, E{.} is the expectation
function. If y is a gaussian random variable, kurt(y) will be 0.
If kurtosis is positive, the variable is called super-Gaussian
which is also an alternative definition of sparsity. For whitened
variable y, its standard deviation E{y2} = 1. So the kurtosis
function can be further simplified as E{y4} − 3. To maximize
the kurtosis, ie. maximizing super-Gaussianity, we can start
from a random selected projection w, and iteratively change
its direction using fixed-point iteration method based on the
available samples denoted as Z. Now we give a formal
objective function G p for single SGC pursuit:

G p(w) = kurt(wTZ). (3)

The gradient of G p has the following form:

∂G p

∂w
= 4[E{(wTZ)3ZT} − 3wT‖wT‖2]. (4)

During optimization, the iteration reaches convergence when
the gradient vector and the projection vector have the same
direction. Let Eq. 4 be equal to w, we have:

wT ∝ [E{(wTZ)3ZT} − 3wT‖wT‖2]. (5)

Eq. 5 leads to a fixed-point iteration algorithm:

w ← E{Z(ZTw)3},
w = w/‖w‖. (6)

Based on Eq. 6, we can get a projection vector which max-
imizes the super-Gaussianity of the projected data. There are
two conditions that will make the iteration stop:1. ‖�w‖ < ε,
where �w is the difference of w after one iteration and ε is a
convergence threshold; 2. Optimization didn’t converge within
a limited number of iterations.
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Fig. 4. Eye-movements generated by our model. For each image we show
the scanpath with five saccades and the corresponding focused regions.

Fig. 5. Comparisons of fixation density maps between the proposed model
and human observers. Top: input images; middle: fixation density maps
generated by our model using 75 fixations per image; bottom: fixation density
maps of human eye fixations. The spatial distribution of our model-generated
fixations are very similar with those of humans.

Multiple SGC pursuit - Based on the single component
pursuit method, multiple SGC pursuit can be implemented by
applying the same optimization method under the constrain
that the new SGC should be orthogonal to the previous ones.
The orthogonal constrain prevents the optimization process
from converging on the same defections of the previous pursuit
process. Practically, we use Gram-Schmidt orthogonal method
for orthogonalization. Given a set of predefined projections:
w1, w2, . . . , wp , we ensure the orthogonal constrain by adding
the following orthogonalization procedure:

wp+1 ← wp+1 −
p∑

j=1

(wT
p+1w j )w j . (7)

The normalization w = w/‖w‖ in Eq. 6 can be repositioned at
the end of each iteration. Based on Eq. 6 and Eq. 7, multi-SGC
pursuit can be performed in a one-by-one manner.

2) WTA Based Gaze Localization: For each super Gaussian
component, we generate a response map by treating the
component as a linear filter:

RMi = wT
i Z (8)

where RMi ( j) denotes the response value of j th patch for the
i th SGC. Similar with [2], we select the location with largest
response value as the gaze point following the WTA principle.
Fig. 4 and Fig. 6 shows the visualized gaze selection process
on natural images, along with the focused local-regions. Sta-
tistical similarity of gaze selection behavior between human
observers and the proposed model could be observed from
the fixation density maps in Fig. 5. Note that, the orthogonal
constrain forces the model not to attend to a SGC that has
already been perceived. This could bring potential problems
because there might be multiple locations that give strong
responses to a single SGC, while our current scheme could

Algorithm 1 Gaze Selection and Saliency Estimation

only attend to the strongest one and leave the others out
of focus. A quick solution to this weak point is to adopt
spatial-level IOR within each SGC response map, which could
spot multiple high response locations and also eliminate the
potential conflict between multiple winners.

B. Visual Saliency Estimation

We measure visual saliency by the self-information of the
super Gaussian components of the image. As the SC com-
ponents are acquired sequentially in our model, the saliency
map is estimated also in a dynamical manner. The more SG
components are involved, the more details will appear in the
saliency map. Given k response maps: RM1, RM2, . . . , RMk ,
the bottom-up saliency of j th patch is defined as:

S( j) = − log
k∏

i=1

pi(RMi ( j)) = −
k∑

i=1

log pi(RMi ( j)), (9)

where pi (.) is the probability density function of the i -th
SG component, which can be estimated using all the image
patches obtained from the input image. For simplicity,
we estimate pi (.) by histogram method which makes the
result also an approximation of feature rarity. The detailed
implementation for both gaze selection and saliency estimation
is presented in Alg. 1 with default parameter settings.

C. Multi-Scale Processing

By changing the size of the sliding window, we can obtain
multiple saliency maps focusing on different salient patterns
at various scales. Thus a multi-scale saliency map can be
obtained by fusing the saliency responses from all single-scale
saliency maps: Sm( j) =

∑
i∈φ Si ( j), where φ = {1, 3, 5, 7}

and Si denotes the saliency map computed using image
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Fig. 6. Super Gaussian component analysis and gaze selection on natural images. In each group of results, we present the original image, the response maps
of the top ten super-Gaussian components, the locationsof gaze (red boxes), and the highlighted Þxated-regions.

Fig. 7. Examples of our single / multi-scale saliency estimation. The scale
distribution map adopts four colors to show the scale index with the maximum
saliency value at a given location. The presented results demonstrate that our
method are able to identify salient contents at different scales.

patches sampled by an [i × i ] sliding window. Examples
of both single and multi-scale saliency estimation results
are presented in Fig. 7. To ensure the evaluation efÞciency,
the inputs are resized to have a max side length of no more
than 80 pixel and it takes about 9s for the model to generate a
multi-scale saliency map (Intel Core i5 3.1GHz, 12GB RAM).
Quantitative experimental results indicate that our multi-scale
fusion scheme can achieve signiÞcant improvements over
the best single-scale strategy (i = 5) which has already
outperformed most of the state-of-the-arts.

V. EXPERIMENTS

In this section, we evaluate our model from two major
aspects: 1) Qualitative experiments including the responses to
psychological patterns, saliency-preserving image retargeting
and robustness against visual distortions; 2) Quantitative eval-
uation of the performance in predicting human eye-Þxations
and detecting proto-object.

A. Response to Psychological Patterns

Responses to psychological patterns adopted in atten-
tion related experiments can indicate the biological plau-
sibility of the tested models. This experiment was exten-
sively studied in previous works of Bruceet al. [33] and
Guo et al. [34], so we mainly compared our results with
their models. For each image, we present the saliency maps
generated by the three models and use red circles to indi-
cate the locations of the maximum value in each saliency
map. As shown in Fig. 8, all three models generate reason-
able responses for normal salient patterns including density,
orientation, color, curve, insertion and inverse-intersection.
The Differences emerge in patterns with conjunctive features.
In Fig. 8(b), we show three images with salient singletons,
where the Þrst one is deÞned by color, the second by orien-
tation and third by both color and orientation. In this case,
our model successfully discovered the most salient patterns
under the conjunction of both color and orientation features,
while the other two models are obviously more sensitive to
orientation features.
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Fig. 9. Our model is robust to various distortionsincluding Contrast & Brightnesschange, Salt & Gaussian noise and extremely Low Resolution[30× 40].

Fig. 10. Examples of Saliency-Preserving Image Retargeting. In each group,we present the original input, the resized images by seam carving [35],
our method and other competitive saliency models. 30% of the seams are removed from the inputs.

which is also reliable and commonly used in computer vision
community [13], [39], [40].

The original AUC&KL evaluation is largely affected by
the Òedge effectÓ due to center bias caused by the central
composition of interesting objects. Zhanget al. [36] pointed
out that a simple gaussian blob Þtted to the eye Þxa-
tions has aAUC score of 0.80 which exceeds most of
the reported models on BruceÕs data set [11]. To eliminate
the interference caused by the Òedge effectÓ, we follow the
proposal of Zhanget al. [36], and use a reÞned evaluation
procedure to compute theAUC score. SpeciÞcally, we Þrst
compute the true positives from the saliency maps based
on the human eye Þxation points. In order to calculate
false positives, we use the human Þxation points from
other images by permuting the order of images. This per-
mutation of images is repeated for 100 times. Each time,
we compute theAUC and KL score by regarding the
eye Þxations from original image as the positive samples
and the Þxations from permutated images as the negative
samples. The KL-Divergence between the distribution of two
sample sets is computed using 16-bin histograms.

According to the collection scope of Þxation samples, the
evaluation metrics can be further divided into two levels:
Set-Level and Image-Level. The Set-Level metrics collect
Þxation samples from the entire database. It shows the
generic performance of tested models over datasets; The
Image-Level metrics compute the AUC and KL scores using
samples from a single image, which allows us to check
the speciÞc performance of models over individual images.

In summary, we have 4 evaluation metrics including Set-Level
AUC (SL-AUC), Set-Level KL (SL-KL ), Image-Level AUC
(IL-AUC ) and Image-Level KL (IL-KL ).

1) Experiment on Static Natural Images:Fixation
dataset from Bruce and Tsotsos [11] (YORK-120) contains
11,999 eye Þxations captured from 20 human subjects free
viewing 120 natural images for 4 seconds each. To reduce
the inßuence caused by the subjectsÕ personalized factors, we
create two sub-dataset (YORK-120-SUB-1 & 2) by Þltering
out spatially isolated saccades using the Þxation density maps
which are also included in the dataset package. Each Þxation
density map is normalized to [0, 1]. YORK-120-SUB-1 is
consist of 8,190 Þxations with density value greater than
0.2 and YORK-120-SUB-2 contains 4,339 Þxations with
density value greater than 0.5. The MIT-1003 [28] dataset
contains 1,003 images from Flickr and LabelMe covering
779 landscape scenes and 228 portrait photos. To ensure fair
comparisons to those supervised approaches, we randomly
picked 100 images, as suggested in [28], for each round of
the evaluation. Again, to reduce the interferences caused by
interpersonal differences, we only keep the Þrst 6 saccades
per subject to construct the testing dataset resulting in a total
of 19,812 Þxations.

We compared our model against 19 state-of-the-
art approaches includingITTI (Itti et al. [2]), ICL
(Hou et al. [12]), SER (Wang et al. [13]), AIM
(Bruce and Tsotsos [33]),SR (Hou et al. [37]), QPFT
(Guo et al. [34]), SUN (Zhang et al. [36]), SIM
(Murray et al. [39]), JUDD (Judd et al. [28]), CGS
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TABLE I

EYE FIXATION PREDICTION RESULTS I (D1 ∼ D3 DENOTE YORK-120-ALL, YORK-120-SUB-1 AND YORK-120-SUB-2)

TABLE II

EYE FIXATION PREDICTION RESULTS II (D4 ∼ D6 DENOTE MIT-1003-ROUND-1, MIT-1003-ROUND-2, AND MIT-1003-ROUND-3)

(Torralba et al. [41]), ELG (Borji et al. [20]), FT
(Achanta et al. [42]), GBVS (Harel et al. [43]), HFT
(Li et al. [44]), CAS (Goferman et al. [45]), QSA
(Schauerte et al. [46]), RARE (Riche et al. [19]), SIG
(Hou et al. [18]), and STSR (Seo et al. [40]). Saliency
maps of all tested methods are generated using their default
parameter settings. The full results are presented in Table I and
Table II, where D1 ∼ D6 denote YORK-120-ALL, YORK-
120-SUB-1, YORK-120-SUB-2, MIT-1003-ROUND-1,
MIT-1003-ROUND-2, and MIT-1003-ROUND-3 respectively.
Our method outperforms most of the state-of-the-art models
in all 4 evaluation metrics. Fig. 11 compares SL-AUC and

SL-KL scores of the tested models more intuitively. We show
more visual comparisons in Fig. 12.

2) Experiment on Dynamic Videos: Video processing is
slightly different from static image processing: 1. videos
are processed into spatio-temporal patches [3 × 3 × 3 × 3]
(Height×Width×Color×Frame) which are also reshaped into
1-D vectors during the Super-Gaussian Component Analysis
stage; 2. to compare the saliency of the same visual content
over time, we use Eq. 10 to normalize the saliency maps.

S(x) = δ(ηS(x)/S̄), δ(x) =
{

1 If x > 1
x else

(10)
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Fig. 11. SL-AUC & SL-KL results on YORK120 [11] and MIT 1003 [28].
The tested models are ranked according to their average performance
under the corresponding evaluation metric.Our Single-Scale implementation
(Ours-SS) outperformed most of the state-of-the-arts, while the Multi-Scale
scheme (Ours-MS) achieved the overall best performance against all the tested
models.

whereS̄ is the mean value ofS, � = 0.3 is a scale parameter
and Þxed in the following experiment. Eye tracking data from
Itti et al. [15] are recorded from 8 human subjects aged at
23-32 with normal vision. 50 video clips consisting various
categories of dynamic scenes, including outdoor scenes, tele-
vision broadcast and video games, are used for constructing
the data set. 7 video clips of Berkeley outdoor scene consisting
of 568 saccade points are used for evaluation. All results
were produced using the attachedevaluation scripts provided
by [15]. As shown in Fig. 13, theKL score produced by our
model is 0.692± 0.053 which is better than 0.530± 0.045
for IttiÕs saliency [2] and 0.589 ± 0.045 for surprise [15].
The AUC score of our model is 0.803± 0.009 which also
outperforms the other two models (0.775± 0.011 for IttiÕs
saliency, 0.776± 0.010 for surprise). We also compared our
model with two static models,RARE [19] and SIM [39],
which have been proved to be strong competitors in the image

test. Although not specially designed for video signals,RARE
also achieved remarkable results in the dynamic scene.

E. Proto-Object Detection

A candidate that has been detected but not yet identiÞed
as an object is deÞned as aproto-object[47]. In this exper-
iment, we test the modelÕs ability of detecting proto-objects
in unconstrained natural scenes. The image data set, human
label masks and evaluation codes used for this experiment
are provided by Houet al. [37]. Hit Rate (HR) and False
Alarm Rate (FAR) are used for evaluating the saliency maps.
Higher HR and lower FAR imply better detection performance.
Quantitative comparisons between different saliency models
are shown in Table III. We give two groups of results, one with
Þxed HR and the other with Þxed FAR. Our model provides
an overall better performance compared to Houet al. [37],
Seoet al. [40], Murray et al. [39] and Torralbaet al. [41].
Fig. 14 shows more visual examples of our detection results.

VI. D ISCUSSIONS

A. Evaluation Scheme

Traditional evaluation schemes on human eye-Þxation
benchmarks use all the Þxation samples in the dataset for
evaluation. As discussed in [28], for some images, all viewers
Þxate on the same locations, while in other images viewersÕ
Þxations are dispersed all over the image. In our experiments,
we characterize such inter-viewer consistency by separating
the original dataset into several subsets with different level
of Þxation consistency (Sec. V-D1). As shown in Fig. 11,
the results on YORK-120 dataset indicate that some models,
eg.QSA [46], STSR [40] and ours, are more powerful in dis-
tinguishing Òcommonly attendedÓ salient regions from natural
backgrounds. With this new evaluation scheme, we might be
able to discover more insightful facts that could hardly be
unraveled under the traditional schemes.

B. Model Effectiveness

What kind of cases does the model Þt well? To answer
this question, we conduct image level analysis based on the
IL-AUC measure. In Fig. 15, we present the hot maps that
show theIL-AUC scores for each image and each permu-
tation during the evaluation on YORK-120 dataset. Given
a hot map, each row presents the results of all permuta-
tions for a single image, each column shows the results
of all images within a single permutation. By comparing
the results from 8 competitive models, we could observe
obvious similarity between the models in their image-wise
performance. At the bottom, we show the well-handled and
badly-handled images forRARE [19], SIM [39], QSA [46]
and our model. The common good and bad cases also indicate
the above-mentioned similarity among those models. From
the Þxation density maps presented in our case, we could
see that the proposed SGC approach works better in images
with limited salient objects and worse in cases with complex
mixture of many objects. Such results might have two causes:
1) Using kurtosis as a measure of super-Gaussianity makes our
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