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Abstract
Developing visual saliency models has been a very popular research ﬁeld over the
past decade. Many diﬀerent models have been developed and successfully applied
in other studies including computer vision, robotic, human cognition understanding, etc..
In recent years, learning-based approaches using actual human gaze data have
been proven to be an eﬃcient way to acquire accurate visual saliency models and
attracted much interest. However, since visual saliency models are optimized in a
supervised manner in these learning-based methods, the learned model is heavily
inﬂuenced by the training data.
To explore the inﬂuence brought by training data, we ﬁrst developed a new
eye tracking dataset that recorded the eye ﬁxations of young adults and elderlies
watching images and video clips that contain various of scenes. Then we quantitatively investigated inﬂuence of individual diﬀerence, dataset characteristics, and
personal distribution to a learning-based saliency model using statistical hypothesis test methods. Finally, we made a summary and discussed the importance of
choosing appropriate experiment settings and the future works.
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Chapter 1
Introduction
1.1

Background

It is astonishing to know that every second, our eyes send a data stream to the
brain at the rate of 875, 0000 bits/s [1] through the optic nerve. Actually, most
of the information that represents high spatial resolution view in the data stream
is provided by the most sensitive part of eyes, which is the small region on the
retina called fovea, which corresponds to the central visual ﬁeld. Increasingly
peripheral locations are sampled at increasingly coarser spatial resolution, with a
complex-logarithmic fall-oﬀ with eccentricity [2]. If photoreceptors density were
the same everywhere else as fovea, the optic nerve would comprise on the order
of one billion nerve ﬁbers, which is approximately 1000 times as many as ﬁbers in
human visual system [3].
It could be seen that there is a mechanism in human visual system signiﬁcantly
cuts the uninterested information oﬀ to reduce the workload of brain, because the
brain could not process huge amount of information sent by the optic nerves and
this mechanism is called visual attention.
Studying human visual attention not only answers part of the question that
how human evolves but also gives suggestions on advertisement and caution sign
designing and even gives inspiration to computer vision scientist to reduce the
computational complex in their researches.
However, analyzing visual attention implicate the knowledge of psychology,
psychobiology, biology, neurophysiology and many other ﬁelds, which makes it
not a trivial task. In recent 20 year, visual saliency model has been developed to
model human’s visual attention.

1
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1.2

2

Visual saliency models

In 1980, Feature-Integration Theory [4] was proposed by Anne Treisman and Garry
Gelade:
“Features are registered early, automatically, and in parallel across
the visual ﬁeld, while objects are identiﬁed separately and only at a
later stage, which requires focused attention. We assume that the
visual scene is initially coded along a number of separable dimensions,
such as color, orientation, spatial frequency, brightness, direction of
movement.”
This theory explained which features are important in forming visual attention
and how visual attention comes into being.
Based on Feature-Integration Theory, Koch and Ullman [5] proposed a method
to combine those features that draw visual attention and introduced the concept of
saliency map, which is a topographic map that marks out conspicuous locations of
a scene. Figure 1.1 shows an example of saliency map and actual human ﬁxation.
Figure 1.1(a) is the input image, and Figure 1.1(b) plots the ﬁxation locations
on the input image, while Figure 1.1(c) is the saliency map of the input image,
where conspicuous locations are represent in white areas, and the brightness is
proportional to the salient probability.
Itti and Koch [6] proposed the world’s ﬁrst complete implement of computational visual saliency model by combining low level features. After that, many
visual saliency models using diﬀerent approaches with various assumptions of visual attention were developed and applied in a variety of ﬁelds.
The resolution of camera is increasing rapidly in recent year, on the other
hand, the computational complexity in image processing increases proportional
to the resolution. Visual saliency models have been proved to be a cognitiondriven, straightforward solution to this issue. It could eﬃciently reduce the search
scope within a scene, which saves processing time and resources. Thus visual
saliency models are widely used in computer vision [7], which includes image
segmentation [8, 9], image thumbnailing [10, 11, 12], object detection [13, 14, 15,
16, 17] and recognition [18, 19, 20, 21, 22, 23, 24], visual tracking [25, 26], image
and video compression [27, 28], etc.
Because visual attention bridges the gap between low level visual information
and high-level cognition process, it is also useful in robotic, such as human-robot
interaction [29], visual search [30], active vision [31].
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(a) Input image	

(b) Fixation map	
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(c) Saliency map	

Figure 1.1: Example of saliency map, column (a) is the input images [32].

1.3

Purpose and approach

Generally speaking, approaches to develop visual attention models could be divided into two types. One is computational model, in which priori assumptions
about feature selection and combination are needed. However, such conventional
models often require a clear understanding of the biological visual systems in order
to design the parameters, e.g., the type of visual features, shape and size of ﬁlters
and normalization schemes. Since the mechanism of attention selection is not yet
well understood, designing such models in a biologically convincing way would be
a challenging task.
The other one is machine learning approach that learns models from actual human gaze data without priori design. This approach is extremely data-dependent,
although it has been proven to be an eﬃcient way to acquire accurate visual
saliency models. Thus, an investigation on the relationship between training data
and learned model is indispensable, which means the training results could be very
diﬀerent when trained with two dataset that recorded in diﬀerent setting, while
there is no standard data collection protocol in dataset development. The purpose
of this research is trying to investigate what elements are signiﬁcantly aﬀecting
the training result and how they make a diﬀerence in a statistical manner, though
which we would discuss the importance of choosing a proper parameter setting
when developing a learning-based saliency model.

1.4

Thesis outline

In this chapter, we brieﬂy introduce the background and history of visual attention
model development. We show a sample of saliency map, make a list of applications
of visual saliency models and state our research purpose.
In Chapter 2, we give more details on the foundation of the saliency model
and two well-known computational models.
In Chapter 3, we introduce some related works, which include some popular
eye tracking dataset and 5 recent popular learning-based visual saliency models.
In Chapter 4, we do a survey on some neurophysiology and psychology re-
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searches that relate to human visual attention and deﬁne the factors we are to
examine in the research. Then we describe the data collection protocol of our
dataset and experiment settings.
In Chapter 5, we examine the potential inﬂuence brought by individual difference, viewing tasking diﬀerence, stimuli diﬀerence, and age diﬀerence in four
independent experiments and list the results of experiments.
In Chapter 6, we discuss our ﬁndings, make a summary of the experiment and
give a future direction of this work.

Chapter 2
Preliminaries of Visual Saliency
Models
In the chapter, preliminaries of visual saliency models would be introduced. First
of all, we bring up feature integration theory, the basis of many visual saliency
models, which discusses which features are important and how they combine to
direct human visual attention. Then we make a summary on general steps on
developing computational visual saliency models and introduce two computational
visual saliency models.

2.1

Feature Integration Theory

Feature integration theory is one of the most inﬂuential psychology theory modeling human visual attention discussing which features are important in forming
attention and when attention is formed.
According to this theory, the perception processing could be divided into two
serial stages. The ﬁrst stage is called preattentive stage. In this stage, when given
a stimuli, a person will focus on distinguishing features such as color, orientation,
spatial frequency, brightness, direction of movement, which happens automatically
and unconsciously and the idea of object will not form in this stage.
After such information is processed in the brain, perception processing stage
moves to focused attention stage, where separated features of an object are combined to obtain the information of the whole object. While the theory assumes
that focal attention is required to ﬁnish the feature integration.
Treisman et al. also indicated that human became aware of unitary objects in
two diﬀerent ways. One is through focal attention and the other one is through
top-down processing. It is believed that these two ways usually work together to
form our attention, although experiments could be designed to demonstrate that
they are almost independent of the other. As a result of that, visual saliency
5
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models could also be classiﬁed into two corresponding approaches – bottom-up
and top-down approaches.

2.2

Computational visual saliency model

Broadly, a computational visual saliency model goes through the following steps:
1. Extracting visual features
2. Generating single channel saliency map from feature maps
3. Integrating multiple saliency maps into one ﬁnal saliency map
In step 1, feature channels are determined and extracted into feature maps.
Low-level features that are commonly used include color, intensity, orientation,
ﬂicker and motion. On the other hand, high-level features usually contain face and
text. For a certain feature, diﬀerent image processing techniques are accessible to
extract it, which might bring aﬀects to the ﬁnal result.
In step 2, feature maps that extracted from an image or a scene are converted
to saliency maps with some biologically plausible ﬁlters such as Gabor and Difference of Gaussian ﬁlters. Apart from that, other ﬁlters like Hidden Markov
Model [33], Bayesian network [34], discriminant central-surround hypothesis [35],
entropy minimization [36], and they are proved to have higher performance than
Gabor or Diﬀerence of Gaussian ﬁlters. This processing could be seen as the
preattentive stage in feature integration theory.
In the ﬁnal step, saliency maps generated in step 2 are combined into one
master saliency map, corresponding to focused attention stage. There have been
many priori researches [37, 38] in psychology in support of linear summation, which
is simple with moderate performance. Based on the linear combination, Itti and
Koch [39] provided some strategies for normalizing the feature maps according to
map distribution.

2.2.1

Itti-Koch visual saliency model

Itti et al.’s [6] work (see Figure 2.1) is a classic cognitive model to generate
saliency map, in which three feature channels (color, intensity, and orientation)
are used as it is suggested in feature integration theory.
In this model, when given an input image, it is ﬁrstly subsampled into a Gaussian pyramid and each pyramid level σ is decomposed into channels for Red (R),
Green (G), Blue (B), Yellow (Y ), Intensity (I ), and local orientation (Oθ ). For
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Figure 2.1: Work ﬂow of model of Itti et al. [6]

each channel, center-surround “feature maps” fl for diﬀerent features l are constructed and normalized. Then in each channel, maps are summed across scale
and normalized again.

fl = N

( 4 c+4
∑ ∑

)
fl,c,s

, ∀l ∈ LI ∪ LC ∪ LO
(2.1)

c=2 s=c+3

LI = {I}, LC = {RG, BY }, LO = {0◦ , 45◦ , 90◦ , 135◦ }
where c and s means pyramid level for center and surrounding respectively.
Then these feature maps are linearly summed and normalized once more to
compile the “conspicuity maps”.
(
C I = fI , C C = N

∑

)
fl

(
, CO = N

l∈LC

∑

)
fl

(2.2)

l∈LO

Finally, conspicuity maps are linearly combined to generate the saliency map.
For the result of this model please refer to Figure 2.2

S=

1
3

∑
k∈{I,C,O}

Ck

(2.3)
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Feature extraction	

Color	

Intensity	

Orientation	
Linear combination	

Figure 2.2: Saliency map created by the model of Itti et al. [6] The model used low level visual features such as
luminance contrast, color contrast, orientation to predict interesting regions

This model is simple but with moderate performance, although it has the
limitation that object is salient only if it represents with at least one predeﬁned
feature. While such problem may probably not avoid in feature oriented visual
saliency model.
Additionally, Itti et al. [40] extend this model to spatio-temporal one by including the addition of ﬂicker feature that detects temporal change (e.g., onset
and oﬀset of lights), of a motion feature that detects objects moving in speciﬁc directions. Flicker is computed from the absolute diﬀerence between the luminance
of the current frame and that of the previous frame and motion is computed
from spatially-shifted diﬀerences between Gabor pyramids from the current and
previous frames.

2.2.2

Graph-based visual saliency model

On 2007, Harel et al.propose a new bottom-up visual saliency model. It diﬀers
from Itti and Koch’s basic visual saliency model in generating conspicuous map
by drawing equivalence between graph and Markov chain.
The basic idea of this model is computing activation map (corresponding to
conspicuous map in Itti and Koch’s model [6]) such that a location is unusual in
its neighborhood will correspond to high value of activation.
At ﬁrst, Harel deﬁnes the dissimilarity of given feature map between location
(i,j) and (p,q) as (denoted by M(i,j), M(p,q))

d((i, j)∥(p, q)) ≜ log

M (i, j)
M (p, q)

(2.4)
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node	
(p,q)	
w	
node	

(i,j)	
(a) Consider image as graph

state	
(p,q)	
p	
Transition probabilities

state	

(i,j)	

(b) Consider image as Markov chain
Figure 2.3: Equivalence between graph and Markov chain

Take the pixels on image as nodes. By connecting node (i,j) with all the other
nodes, a fully connected directed graph GA can be obtained. The directed edge
from node (i,j) and node (p,q) will be assigned a weight
w((i, j), (p, q)) ≜ d((i, j)∥(p, q)) · F (i − p, j − q)

(2.5)

where
(
F (a, b) ≜ exp

a2 + b2
−
2σ 2

)
(2.6)

After that, a Markov chain is deﬁned on GA by normalizing the weights of the
outbound edges of each node to 1, and drawing an equivalence between node &
state, edge weight & state transition probabilities. (See Figure 2.3)
Then, the equilibrium distribution of this chain, reﬂecting the fraction of time
a random walker would spend at each node/state if he were to walk forever, would
naturally accumulate mass at nodes that have high dissimilarity with their surrounding nodes, which stands for the conspicuousness. By employing Markov
chain to calculate the conspicuousness, the accuracy of this method improves
greatly compared to the standard algorithm, where center-surround diﬀerence is
used.

Chapter 3
Related Works
In this chapter, ﬁrstly we summarize the general steps of learning a visual saliency
model and introduce ﬁve implementations of learning-based visual saliency model
with detailed algorithm. Then we introduce public eye tracking dataset available
on the Internet with their data collection settings.

3.1

Learning-based visual saliency model

As it is discussed in the section 2.2 that computational visual saliency model
not only needs to select proper features for the model, but also requires precisely
designing the shape and size of biologically plausible ﬁlters, and the normalization
and integration of the feature map. While there are still a lot of unknowns waiting
to explore on human visual attention system, it is too ambiguous to put all the
trust on biological plausibility.
As an alternative to such conventional approaches, a data-driven learning approach of modeling visual attention has become popular. n the learning-based
approach, human ﬁxation data on natural images are used to learn a saliency
model that can replicate the distribution of ﬁxations accurately.
General implementation of learning-based visual saliency model is:
1. Collecting eye ﬁxation data (optional).
2. Generating single channel saliency map from feature maps.
3. Labeling positive and negative learning sample.
4. Training visual saliency model with a learning algorithm.
Step 1 is collecting eye ﬁxation data by showing stimulus to test subject under
a certain data collecting protocol, however it is an optional step because there
10
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are some eye tracking dataset released in the Internet. Respectively, it could be
one of the most critical and challenging step in developing a learning-based visual
saliency model because:
1. No standardized data collecting procedure: There is no guideline on the
selection of stimulus, the resolution of the recording devices, the test subject attribute (age, gender, occupation, etc.) for creating ﬁxation data set.
Thus, all datasets are ad hoc and they could not always meet some speciﬁc
requirement.
2. High labor intensive: Obtaining ground true for study costs time and eﬀort.
A dataset needs both stimulus and gaze data. For image stimulus, although
it is easy to acquire from the giant image database such as Sun database [41],
LableMe [42], ImageNet [43], recording the data when people looking is
another story. Eye tracking devices must calibrate for every test subject and
people get tired with one hour if they keep focusing on the stimuli, which
limits the scale of ﬁxation data set.
Learning-based visual saliency models become diﬀerent from computational
models after feature maps are created. Instead of applying linear summation or
other preset integration, the weight of each feature is obtained through supervised
learning with labeled samples. The followings are some examples of learning-based
visual saliency models.

3.1.1

Nonparametric learning approach

As an early implementation, Kienzle et al. [44] developed a nonparametric visual
saliency model. The feature of the model is that no feature maps are involved.
In this model, positive and negative samples are select as square patch cut out
from the ﬁxated location and background of images, accordingly. Pixel values in
the patch is are stored in a feature vector xi together with a label yi ∈ {1; −1}.
However it is not straightforward to choose an appropriate patch size and resolution. By making compromise between computational tractability and generality,
the resolution of the patch is set to 13 × 13 and its size varies between d = 0.47◦
and d = 27◦ visual angle. Therefore, the feature vector xi has 169 dimensions.
The saliency map is formulated as f (x) : R169 → R using a support vector
machine (SVM):
∥x − xi ∥
f (x) = Σm
)
(3.1)
i=1 αi yi exp(−
2σ 2
A experiment results suggest it has comparable performance with the conventional model of Itti and Koch[6] even with no cognitive feature, but it requires
large amount of training samples due to the high dimensional feature vector.
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Classic classiﬁcation approaches

1. Judd et al.
Judd et al. [45] presented a model that applies a linear support vector machine
to train a saliency model with predeﬁned low, mid and high-level image features.
There is a wide range of low level features applied in this model, which include
local energy of the steerable pyramid ﬁlters, contract of color, intensity and orientation, channel of red, blue and green, probability of each color, and features
used in saliency models described by Oliva et al. [46] and Rosenholtz [47]. For
mid-level feature, Judd used a horizon line detector form mid-level gist features.
Viola Jones face detector [16] and the Felzenszwalb person detector are served as
high-level features.
In the training phase, training sample are chosen from the top 20% salient
locations and bottom 70% salient locations as positive sample and negative sample
in the ratio of 1 : 1 and they are trained in liblinear support vector machine.
2. Constrained linear regression approach (Zhao and Koch)
In contrary of using many features, Zhao and Koch [48] proposed a model
using constrained linear regression with linear integration assumption as prior.
The model has a simple structure and it is extremely easy to implement.
Zhao chose a bottom-up driven saliency model developed by Cerf [49] as the
base features, which is a development based on Itti and Koch’s work [6] by adding
a face feature. Thus, the feature maps of Cerf et al.’s model are constructed over
two color channels, one intensity channel, four orientation channels and a face
channel.
Feature weight vectors are generated by overlaying image locations to the feature maps. That is, for example, for an image location x, its feature vector is
v(x) = [C(x), I(x), O(x), F (x)]T , where C, I, O, F are feature map of color, intensity, orientation and face of the image, respectively.
Training samples, on the other hand, are determined by convolving ground
truth with an isotropic Gaussian Kernel.
Finally, the optimal weights of each feature are learned through linear least
square regression with constraints, with V as the stack vector of feature vectors
v(xi ), w = [wc , wi , wo , wf ] as the optimal weight of each feature and Mf ix as
vectorized ﬁxation map.
arg min ∥V × w − Mf ix ∥2 ,

(3.2)

w≥0

(3.3)

w

subject to,
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Figure 3.1: Feature map construction of Zhao et al.’s model

By solving the equation, optimal feature weight could be obtain. In this paper,
Zhao et al.also tested the performance of the model using four public dataset.
AdaBoost approach (Zhao and Koch) To address the problem that features need to be selected at the ﬁrst place. Zhao and Koch [50] proposed an
AdaBoost based learning model, which is able to accomplish feature selection,
thresholding , weight assignment and nonlinear integration automatically.
The choice of feature map is the same as the model Zhao proposed in 2011 [48].
It includes 4 feature channels: color, intensity, orientation and face. Upon the former three features, they are extracted in Gaussian Pyramids in diﬀerent scales,
and center-surround diﬀerence maps are constructed across pyramid scales to capture the diﬀerence. Face feature is extracted by Viola and Jones face detector [16].
(Figure 3.1)
Then many weak classiﬁer are trained with features and ﬁxations through
iteration and combined to be a strong classiﬁer (Figure 3.2(a)). For a new image,
the feature vector is calculated and put into the strong classiﬁer to obtain the
saliency map(Figure 3.2(b)). Since all weak classiﬁers are trained for a single
feature, AdaBoost selects features from the feature pool so that the best separation
of positive sample and negative sample can be achieve. In this manner, AdaBoost
can select the proper features and determined the threshold and optimal weight
automatically.
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(b)	

Figure 3.2: Training and testing process of Zhao et al.’s model

3.1.3

Biologically plausible learning approach

Unlike other learning-based models, Kubota et al.’s model [51] takes into account
non-uniformity of sensitivity within a ﬁeld of view by using diﬀerent weights depending on the distance from a current ﬁxation position. By learning the weights
in a supervised manner, the model can predict the next ﬁxation position more
accurately. Hence, it reﬂects eye movement statistics more strongly than conventional models.
Figure 3.3 illustrates the basic concept of Kubota et al.’s model. Given input
images, feature maps are generated ﬁrst. Low-level features, including color, intensity and orientation are extracted using the graph-based visual saliency model [33].
A face feature is given as a Gaussian distribution around the center of a face detected by a face detector.
The visual ﬁeld is then divided into c concentric regions around the current
ﬁxation position. The size of concentric regions are adjusted in such a way that
each region contains the same number of ﬁxation points. Nine low level features
are used in the model: color, intensity, orientation in 3 scale levels, i.e., 1/4, 1/8,
1/16 of the original image size, as well as a high level feature of face.
The output saliency map is computed by integrating these 60 (= 10 features
×6 regions) maps with individual weights, and these feature weights are learned
using ground-truth saccade data from the training dataset. For each saccade s, a
feature matrix (stacked feature maps) Fs and a target map ts with a sharp peak
around the next ﬁxation location are obtained. A 60-dimensional weight vector
w is then calculated by solving a nonnegative least squares problem:

min
w

∑

∥Fs w − ts ∥2 , where ∀w ∈ w, w > 0.

(3.4)

s

In their experiment, they found that performance is positively correlated to the
how many regions were divided and They showed that performance improvement
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Figure 3.3: Flowchart of Kubota et al.’s model

became negligible after c = 6 (Figure A.1) but the computational complexity grew
greatly.

3.2

Public eye tracking dataset

Since dataset is essential to a saliency model and decisive to the training result.
We would go through some major datasets and show that they have very diﬀerent
settings in this section.
An ﬁxation dataset usually includes visual stimulus (typically images) showing
to subjects in the order of hundreds and eye ﬁxation data recorded by eye tracking devices. Dataset parameters could be the amount of stimuli, number of test
subject, viewing task and viewing angle.
Bruce dataset [52] contains 120 images viewed by 20 subjects. Images in this
dataset consist of a variety of indoor and outdoor scenes, some with very salient
items, others with no particular regions of interest. Images were presented in
random order for 4 seconds each with a gray mask between each pair of images
appearing for 2 seconds. Subjects were 0.75 meters away from the display, and no
speciﬁc introduction was given when viewing the images.
The NUSEF dataset [53] includes gaze data from 75 subjects viewing 758
images containing faces, nudes, objects, human activities, everyday indoor and
outdoor scenes, and some unpleasant concepts. Rather than showing the full
image to all participants, a subset was presented and average number of viewer
per image is 25.3. Test subjects were instructed to view freely 30 inch (76.2 cm)
away from the monitor.
The MIT dataset [45] contains 1003 natural images from Flickr and LabelMe
viewed by 15 test subjects and which outnumbers other datasets in terms of the
number of images. Although subjects were instructed to view freely, a memory
test was used to keep them from being absentminded. It is worth noticing that
two of the viewers were researchers on the project.
Cerf et al. [49] used images containing faces, text, and complex man-made
objects to create a dataset through 4 experiments with tasks of free viewing and
search. However, the number of images and the number of subjects are not consistent in diﬀerent experiments. The distance between the screen and the subject
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Attribute
Dataset
Bruce et al.
NUSEF
MIT
FIFA
LeMeur et al.
DOVES
Kubota et al.
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Stimuli number

Subject Number

Stimuli length

Gaze reset

120
400
1003
180
27
101
400

20
75
15
8
40
29
15

4s
5s
3s
2s
15s
5s
4s

no
yes
no
yes
no
yes
yes

Table 3.1: Comparison of public ﬁxation datasets. (Part 1)

Attribute
Dataset
Bruce et al.
NUSEF
MIT
FIFA
LeMeur et al.
DOVES
Kubota et al.

Viewing task

Viewing angle

Free view
Free view
Memory test
Multiple
Free view
Memory test
Rating

32◦ × 24◦
26◦ × 19◦
36◦ × 27◦
28◦ × 21◦
Unknown
17◦ × 13◦
57◦ × 34◦

Remark
Each image viewed by 25 subjects (average)
Free viewing and search task
Grayscale image

Table 3.2: Comparison of public ﬁxation datasets. (Part 2)

was 80 cm
Although the dataset created by LeMeur et al. [11] had 40 test subjects freely
view images with strongly salient objects, only 46 images degraded from 10 nature
images using diﬀerent techniques were used.
DOVES dataset [54] included 101 images manually selected from a calibrated
greyscale natural image database [55]. Eye movement data from 29 subjects were
collected with a task of simple memory test.
Kubota et al. [51] created a dataset with wide view angle (57◦ ×34◦ ) in order to
incorporate the visual ﬁeld characteristics into visual saliency model. 400 nature
images from Flickr were shown to 15 subjects in random order. To ensure that
subjects were concentrate on the stimuli, they were asked to rate the viewed image
before moving to the next one.
To make it more clear, Table 3.1 and Table 3.2 compare the settings of the
datasets mentioned above.

Chapter 4
Problem Settings
4.1

Inﬂuential factor in visual saliency model

We have mentioned about our research purpose in section 1.3 that we intend
to discover the relationship between the training data and the training result of
learning-based visual saliency model. Therefore, it is necessary to consider what
factors have inﬂuence on the training result with high probability.
1. Individual diﬀerence
Training datasets are collected from multiple test subjects and most prior researches do not take the consideration of individual diﬀerence when using these
datasets. However, it is natural and instinctive to believe the existence of individual diﬀerence because people have diﬀerent personal experience, gender and age,
which might reﬂect in the habit of viewing a picture. Thus, considering individual
diﬀerence in learning-based visual saliency model has a potential to improve its
performance by, e.g., clustering people into a few major types and develop adoptive models for each type of people. The analysis on individual diﬀerence on visual
attention is also helpful in the research of human biology systems. By studying
the diﬀerence of viewing habit among infant, adult and the aged, for example, it
will become possible to learn the growth and aging process of human brain and
visual system.
2. Stimuli type
Apart from between-person diﬀerence, prior researches showed that the attention was stimuli-dependent and task-dependent. In Parkhurst et al.’s work [56],
the ability to guide attention of three modeled stimulus features (color, intensity
and orientation) was examined and found to vary with image type. In Parkhurst et
al.’s experiment, four paid participants were instructed to view four kinds of images freely, which included fractals, nature landscapes, buildings and city scenes
and home interiors (Figure 4.1). Later, saliency map of these images were generated through a computational model [6] and the average salience of the images
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Figure 4.1: Examples of image dataset in Parkhurst et al.’s experiment

(a) The mean salience at the ﬁrst ﬁxation loca- (b) The mean ratio of chance-adjusted salience for
tion is shown as an open circle for each participant a single feature channel relative to the chancewithin each database. The mean salience expected adjusted salience for all channels
by chance for each database is shown as a closed circle with error-bars indicating plus/minus one standard error of the mean.
Figure 4.2: Results Parkhurst et al.’s experiment

were calculate by extracting the salience value at the ﬁxations. By comparing the
mean salience at the ﬁrst ﬁxation location (Figure 4.2(a)) and the contribution of
each feature (Figure 4.2(b)), it could be seen that guide ability of diﬀerent feature
is stimuli-dependent.
3. Viewing task type
Human visual attention could be varied when diﬀerent visual task is undertaken. Laar et al. [57] presented a neural networks can learn to focus its attention
on important features depending on several visual search tasks, indicating even
within a same type of visual task, minor changes (target selecting in the case of
visual search) can cause a diﬀerent attention ﬂow change.
Also Peters et al. [58] incorporated task-dependent inﬂuences into a computational visual attention model. They divided the visual tasks into three type:
passive viewing, active viewing and interactive viewing. Passive viewing is typical
free viewing task; active viewing usually includes visual search, scene comprehension, reading and rating. Interactive viewing indicates a task in which the par-
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ticipant’s reaction serves as feedback to the revealing stimuli, e.g., playing video
games, driving and web browsing. Stimuli used in this research were contemporary three-dimensional video games, and the test subject’s task was playing the
video game. The result showed that it was eﬃcient to improve the performance
of the visual saliency model by considering the inﬂuence of visual task.
4. Visual ability drop due to aging
Human body function abilities decline as age grows. For human eyes, the useful
ﬁeld of view becomes narrow and dynamic visual acuity drops [59, 60, 61, 62, 63,
64, 65].
Ball et al. [59] designed an experiment to test the useful ﬁeld of view of three
subject group. Average age of young, middle-age and older group were 25, 45 and
69. The schematic diagram of the test stimulus is shown in Figure 4.3, a frowning
face is shown in the ﬁxation box and a peripheral target 10◦ from ﬁxation is
presented among 47 box distractors. Subjects viewed 28.5 cm away from a large
monitor thus the visual angle was 60◦ × 60◦ . Subjects needed to answer three
types of questions corresponding to three diﬀerent task. Based on the answers to
the questions that whether the peripheral target is present or not, whether the
peripheral target is a smile or a frown face, whether the peripheral target is the
same as the one in the ﬁxation box, the error rate of each group was calculated.
Figure 4.4 shows two results from the experiment. Figure 4.4(a) presents eﬀect
of center task diﬃculty on peripheral localization performance as a function of age
and eccentricity. The increase in error rates with increasing eccentricity for all age
and center task combinations indicates a restriction of the useful ﬁeld of vision. It
is noticeable the diﬀerence between young and middle-age groups is marginally signiﬁcant (the probability of p-value < 0.05 in Turkeys test is approximately 50%),
while the diﬀerence between middle-age and older group is signiﬁcant (Tested with
Turkeys test at signiﬁcant level 0.05).
The eﬀect of distractor condition on peripheral localization as a function of
age and eccentricity is shown in Figure 4.4(b). Young group and middle-age group
diﬀer only under the condition that distractor is presented. The older observers
make signiﬁcantly more errors than do the middle-aged and young observers in all
distractor and eccentricity combinations (Tested with Turkeys test at signiﬁcant
level 0.05).
In addition to the size of useful ﬁeld of vision, the dynamic visual acuity
becomes worse when people grow old. Bennett et al. [62] investigated the eﬀects
of aging on motion detection and direction identiﬁcation.
Stimuli used in their experiment were random dot cinematograms showing 300
black dots over a white background; black and white corresponded to luminance
of approximately 5 and 95 cd/m2 , respectively. Every dot’s direction was chosen
randomly from a uniform distribution of directions. There were two kinds of
cinematograms, designated Signal and Noise, which randomly appeared to the
test subjects in the experiment.
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Figure 4.3: Schematic represent at the UFOV (Useful ﬁeld of vision) task.

(a) Radial localization error rates for diﬀerent center task demands
as a function of age and eccentricity.

(b) Radial localization error rates for three diﬀerent distractor conditions as functions of age and eccentricity.
Figure 4.4: Results of Ball et al.’s experiment
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(b) Moving direction judgment error rate

Figure 4.5: Results of Bennett et al.’s experiment

In Signal cinematograms, the directions of dots moved between frames were
drawn from a uniform distribution spanning 250◦ around some mean direction.
The signal cinematograms appears to young observers as a global ﬂow in a direction corresponding to the mean of the underlying distribution. In Noise cinematograms, the directions in which dots moved between frames were drawn from
a uniform distribution spanning 360◦ , producing a percept of incoherent, random
motions.
39 healthy subjects aged from 23 to 81 were paid to participate in their experiment. Subjects had two task in the experiment: pointing out the direction
in which in which the cinematogram’s elements appeared to ﬂow, and giving a
conﬁdence rating regarding whether the cinematogram is a signal one or a noise
one.
From Figure 4.5, it can be read that the oldest group of observer had less
sensitivity on motion and the error rate of their direction judgment was higher
than younger observers.

4.2

Dataset

Through the discussion in the previous section, we narrowed the scope of inﬂuential
factors of visual attention and decided to investigate the following inﬂuence on a
visual saliency model.
1. Individual diﬀerence of the test subjects
2. Stimuli type
3. Viewing task
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4. drops in visual ability cause by aging
It is obvious that none of the available public eye tracking datasets we have
discussed in section 3.2 satisfy all our research purposes simultaneously. As a
result of that, we decided to create a qualiﬁed dataset that includes:
1. Dynamic and static stimuli,
2. Stimuli include multiple contextual levels,
3. Stimuli viewed under diﬀerent viewing task,
4. Young and old observers.
For the ease of understanding, we describe image and video dataset design
scheme in separate manner.
1. Image dataset design scheme
We built a dataset with images of three levels of contextual complexity. The low
level group contains abstract images without speciﬁc meaning, and we synthesized
color fractal images to construct this group. The mid level and high level groups
both consist of natural images, however the mid level group only contains indoor
and outdoor still-life images without highly contextual meaning. The high level
group contains a wider range of natural images such as sports scenes, human
activities and paintings. Fixation data for each of the three groups were collected
from the same set of participants under two diﬀerent instructions. While no
instruction was given under the free viewing condition, participants were asked
to rate their preference of the images under the preference rating condition. In
this way, we can quantitatively analyze diﬀerences between 6 training sets (3
contextual levels ×2 tasks) using the same set of test subjects. To the best of
our knowledge, ours is the ﬁrst and largest dataset that contains fully controlled
variations of both stimulus types and viewing tasks. The image dataset will be
made available on-line for further studies.
2. Video dataset design scheme
Our video dataset only include mid and high level contents and such video
clips can be classiﬁed as nature scenes. Mid level videos contains nature and
city views with moving objects like cars, cloud, water, animals etc., still objects
with camera motion, and so on. High level videos are those with speciﬁc human
activities, such as sports, playing games, writing shot from ﬁrst-person and thirdperson perspective. No speciﬁc instruction was given to the participants during
their viewing.
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Low contextual images:	

Mid contextual images:	

High contextual images:	

Figure 4.6: Some examples of our image dataset, 3 rows from top to bottom are examples of low, mid and high
context level images

4.3
4.3.1

Data Collection Protocol
Image Dataset

In this section, we describe details of the data collection protocol for image dataset.
We ﬁrst prepared 870 full HD images in total, i.e., 290 images for each of the contextual levels. The number of images was decided by taking the balance between
time cost of experiment and convergence of saliency model weight vector, as our
preliminary experiment showed that the data collecting speed was approximately
280 images per hour and the weight vectors were converged when trained with over
200 images. Images in the low level group images are generated using a fractal
image generator. Public domain images collected from pixabay 1 , Google image
search 2 and SUN database [41] are used to construct the mid level and high level
groups. Fig. 4.6 shows some examples of images in each group.
Eye movements were recorded using Tobii TX300 eye tracker at a sampling rate
of 120Hz upon 9-point gaze calibration. Eye movements faster than 18◦ per second
are considered a saccadic movement. Test subjects were 12 novice volunteers who
were not told the purpose of the experiment and they are aged from 22 - 30 years
old (µ = 24.33, σ = 2.19). Images were presented on a 23-inch LCD display with
a resolution of 1920 × 1080 at the distance of approximately 60 cm. Each image
was presented for 4 seconds and followed by a black mask image with a white cross
at the center for 1 second. During experiments, a chin rest was used to ﬁx the
subjects’ head position.
Eight hundred and seventy images were divided into free viewing and preference
rating sets so that each contextual level group contains 145 images for each task.
First, for the free viewing task set, 435 images from 3 groups were mixed and
displayed in a randomized order, and test subjects were instructed to view the
images freely. The recording session was divided into three parts, i.e., test subjects
1
2

http://pixabay.com/
http://images.google.com/
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Figure 4.7: Screenshots of our video dataset, containing nature landscapes, city scenes, plants, animals, human
activity, etc..

took a rest after viewing 145 images. Then for the preference rating task set, test
subjects were instructed to give seven-grade ratings of their preferences by pressing
a keypad after each image is displayed. Unlike the free viewing task, each of the
3 groups was displayed separately, and the display order was randomized within
each category.
Additionally, in order to compare the training results of young and aged for
static scene, we paid for 12 participants to view the mid and high level images
and give preference ratings under the exactly same settings with others.

4.3.2

Video Dataset

The amount of video clips is 434. They are uncut footage videos collected from
videezy 3 and xstockvideo 4 . Videos from videezy are completely free to use
and those from xstockvideo under regular license are free to use for educational
purpose. Figure 4.7 shows some examples of the video clips. Originally clips are
at least 5-second long with least resolution of 960 × 540 and above 24 frames
per second. We extracted the ﬁrst 5 second contents from the original video,
downsampled them to have the same frame rate of 24 and scaled them to full HD
resolution (1920 × 1080). All clips were re-encoded in XviD and packaged in AVI
format.
Eye movements were recorded using Tobii TX 300 eye tracker at a sampling
rate of 120Hz upon 5-point gaze calibration. The threshold judging qualiﬁed
eye movement is 18◦ per second. Eye movements faster than the threshold are
considered a saccadic movement. 2 groups of test subjects were involved in our
data collection. One group was consist of 12 novice volunteers aged from 23 - 43
years old (µ = 28.6, σ = 6.27), as young group. We hired 12 novice test subjects
aged from 65 - 77 years old (µ = 68.3, σ = 3.75) as elderly group. All elderlies in
our experiment were in good health status. The uncorrected visual acuity of the
elderlies were above 0.5.
3
4

http://www.videezy.com/
http://www.xstockvideo.com/
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Videos were presented on a 23-inch LCD display with a resolution of 1920×1080
at the distance of approximately 60 cm in a random order. After each video was
presented, a black mask image with a white cross at the center was shown and
test subjects had to press any key on a keyboard to proceed to next video. During
experiments, a chin rest was used to ﬁx the subjects’ head position.

4.4

Experiment Settings and Methodologies

We can now discuss the experiment settings and methodologies based on the survey
of potentially inﬂuential factors to the learning-based visual saliency model and
the newly developed dataset.
We designed three experiments and testings and examined the data with Kubota et al.’s visual saliency model [51] in our research. The parameters to generate
saliency model (feature type, region division, stimuli number, test subject) were
diﬀerent in each experiment.
The ﬁrst one is to examine the existence of individual diﬀerence, on which has
no preceding studies, while it is worthy verifying because it is crucial for researcher
to choose test subjects. As when the diﬀerence exceeds a certain level, the increase
in training data will possibly cause the performance decrease of the trained model.
We examined the existence of individual diﬀerence by doing a performance
comparison between personal and generic models which were calculated using
data collected by Kubota et al. [51]. A personal model is a model generated with
this person’s ﬁxation data, while the corresponding generic model to the personal
model, on the contrary, is a model learned from all test subjects’ except but this
person’s one. Wilcoxon Signed-rank test and one-way multivariate analysis of variance over the feature vectors (MANOVA) were performed within this experiment.
In the second experiment, we compared saliency models generated from the
image dataset we created with controlled variables to analyze how stimuli type
and viewing task type aﬀected learning-based saliency model. Speciﬁcally, we
compared models trained with the low, mid and high context image groups in
the same viewing task and models trained with the data from free viewing and
preference rating tasks in a same contextual level. The consistency of these models
were examined by Paired Hotelling’s T-square test.
Lastly, we inspected the eﬀects of aging on learning-based visual saliency
model. Scientiﬁc research on neurophysiology and psychology leads to a conclusion that performance degradation of visual ability of human being comes along
with senescence. We compared the diﬀerence between static image and dynamic
models for young and aged group by Paired Hotelling’s T-square test.

Chapter 5
Experiments
5.1

Inﬂuence by Individual Diﬀerence

Models trained in this section were trained with data collected by Kubota et
al. [51]. Region division number was set to 6 to model the peripheral view because
of the wide viewing angle (57◦ × 34◦ ).

5.1.1

Eﬀect of top-down feature in learning-based saliency

Before examining individual diﬀerences, we show additional experimental results
on the eﬀect of top-down feature used in Kubota et al.’s model. While human
visual ﬁeld characteristics can be correlated with bottom-up features such as color,
intensity and orientation, its relationship with top-down features such as face is
not obvious. Hence, incorporating face factor can even aﬀect the learning results
and it is not clear if their model can correctly reﬂect visual ﬁeld characteristics.
In this section, we statistically examine if there exists an eﬀect of using topdown feature in learning. More speciﬁcally, we compare models trained under
following two conditions concerning face factor:
1. All training samples are used, and all features are included.
2. All training samples are used, but face factor is not considered.
3. Samples in the images that include detectable faces are not used, and face
factor is not considered
While the ﬁrst condition corresponds to the original setting of Kubota et al.,
face feature is simply excluded from their model in the second condition. In the
third condition, images that include human faces are further excluded from the
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dataset. Examples of the learned feature weights under the three conditions are
shown in Fig. A.2.
There are three ﬁgures for each subject. They are models trained under condition (1), (2) and (3) respectively and lined up in the order from left to right. The
last grid shows a mean weight of the all subjects.
It can be seen that model cond.1 and model cond.2 are almost the same with
each other and it suggests adding top-down feature does not aﬀect the training
results. In consideration of the fact that the amount of training samples is diﬀerent
that 146 out of 400 images are not used, it does not change a lot in the weights
although some weights show dissimilarity in model cond.3.
To be more precise, we compared the Normalized Scanpath Saliency (NSS) [66]
score over models in condition (1) and (2) to examine whether the performance
are the same with each other.
The idea of NSS measure is to evaluate the pixel value on the saliency map
along a subject’s scanpath. To calculate NSS score, the ﬁrst thing to do is normalize the model-predicted saliency map into a saliency map with a zero mean and
unit standard deviation. Then the scanpath is overlaid on the normalized saliency
map and the pixel values of saliency map on these ﬁxation location are summed
and averaged to get the NSS score.
We denoted the model trained under condition (i) for subject n by cond.i Mn ,
where n = 1, 2, · · · , 15, We performed a two tailed Wilcoxon Signed-rank test [67]
over the paired-data of cond.1 NSSn and cond.1 NSSn , where n = 1, 2, · · · , 15. The
null hypothesis is that cond.1 NSSn − cond.2 NSSn comes from a distribution with zero
median.
The p-value of hypothesis test is p = 0.720 ≫ 0.01 which means we cannot
reject the null hypothesis. Hence training with or without the face factor does
not aﬀect the weights of the rest 3 kinds of bottom-up feature and it is safe to
compare the contribution in individual diﬀerence of the bottom-up features and
face.

5.1.2

Performance comparison between personal and generic
model

The ﬁrst experiment about individual diﬀerence is comparing the score across
personal and generic model. In this way, we ﬁrst tried to examine if personal
models perform better than a generic model.
In this experiment, we divided the dataset into 100-image test set and 300image training set. Training set is used for developing saliency models and the
test set is for calculating NSS scores.
We denote the personal model for subject n by P Mn ,

where n = 1, · · · , 15,
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Training set !
All fixation data
excluding
subject n’s	

Training set !
Subject n’s
fixation data	

Training process	
Generic model
trained without
subject n’s data	

Personal model for
subject n	

Test with subject n’s test set	
p

G

NSSn

NSSn

Paired-test	
Figure 5.1: Data construction of personal and generic model

and this is a model trained with the ﬁxation data of subject n. Respectively,
we denote the generic model without using training data from subject n by G Mn
and this model is trained with the data from rest of the test subjects. There are
10 ∗ 6 = 60 (10 features channels in 6 regions, 3 color channels, intensity channels,
orientation channels and 1 face channel in each region) feature weights in one
model.
The NSS score of P Mn and G Mn , P NSSn and G NSSn , which are tested with
subject n’s ﬁxation data should be diﬀerent if the individual diﬀerence exists.
In our experiment, P Mn is trained with all positive and negative samples in the
training set, while G Mn is trained with 20% randomly selected samples from the
training set. We perform a Wilcoxon Signed-rank test [67] over the paired-data of
P
NSSn and G NSSn , where n = 1, · · · , 15 (Fig. 5.1).
In our test, the null hypothesis is that P NSSn −G NSSn comes from a distribution
with zero median at the 1% signiﬁcance level. As we assume that personal model
has better performance than generic model, the alternate hypothesis states that
P
NSSn − G NSSn come from a distribution with median greater than 0. The p-value
of right-tailed hypothesis test is p ≪ 0.01 signiﬁcance level.

5.1.3

Diﬀerence between personal models

While it is veriﬁed that personal models can perform better than generic models,
more direct comparison of learned feature weights should be made to see individual
diﬀerence. In this section, we carry out a one-way multivariate analysis of variance
over the feature vectors (MANOVA) [68] to test the null hypothesis that the means
of each personal model are the same n-dimensional multivariate vector at 5%
signiﬁcance level.
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Table 5.1: Result of multivariate analysis of variance

Type of feature
All
Color
Intensity
Orientation
Face

Observations Groups Dimension
10
15
60
10
15
18
10
15
18
10
15
18
10
15
6

d
2
0
0
1
0

In this experiment, all images in the dataset were taken as training samples,
in other words, there was no division of training set and test set. To obtain the
feature vectors, we divided the dataset into 10 subsets as training sets, which
made every subset have 40 images. Then, for every test subject, 10 personal
models would be trained with the data of 10 training sets as 10 observations. We
denote the personal model for subject n trained with subset m by
P

Mn,m

where n = 1, · · · , 15 and m = 1, · · · , 10

The test results are listed in Table. 5.1. The ﬁrst column stands for the type
of feature vector that is put into the test. Second and third columns show how
many diﬀerent groups and how many observations per group are involved in the
MANOVA test. The fourth column is the dimension of feature vector. The last
column is an estimate of the dimension of the space containing the group means.
There is no evidence to reject the null hypothesis if d = 0. If d = 1, the null
hypothesis can be rejected at the 5% signiﬁcance level though the hypothesis that
the mean lies on the same line.
When the test object is full feature vector of the models, we can reject the
null hypothesis at 5% signiﬁcance level although we cannot reject the hypothesis
that the multivariate means may lie on the same plane in 60-dimensional space.
This is another evidence indicating the existence of individual diﬀerence that the
actual weight distribution has some sort of variation.
However, the diﬀerence seems to disappear when a single type of feature vectors
is put into test. In the second row of Table 5.1, e.g., d = 0 suggests that there are
no diﬀerence in the distribution of color vector from test subject to test subject, so
are distribution of intensity and face feature. Only the orientation feature shows
the diﬀerence at 5% signiﬁcance level.
We further applied a hierarchical clustering based on the result of MANOVA
and visualize the clustering results as dendrogram in Fig. 5.2. We could see that
color (Fig. 5.2(a)), intensity (Fig. 5.2(b)) and orientation (Fig. 5.2(c)) share a
similar topology and subjects cannot be well grouped by any of them, although
the d value of orientation is 1 and others are 0. On the other hand, subjects seem
to be well grouped by face (Fig. 5.2(d)) while the d value of face is 0.
When all features are considered, the topology of grouping becomes diﬀerent
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Figure 5.2: Hierarchical clustering using UPGMA (Unweighted Pair Group Method with Arithmetic Mean) based
on diﬀerent features

from any of the above (Fig. 5.2(e)). Therefore, the individual diﬀerence is considered to be the result of the accumulation of the minor diﬀerences rather than
caused by a single speciﬁc feature.

5.2

Inﬂuence by Viewing Task and Stimulus Types

In this section, the models were trained with the newly collected image dataset
with a relatively narrow viewing angle (45◦ × 29◦ )
Figure 5.3 shows the mean weight vectors trained with diﬀerent stimulus types
and viewing tasks. The legend in these ﬁgures indicates the name and scale level
of the feature, in which C = Color, I = Intensity, O = Orientation and F = Face.
For instance, C1 stands for color feature with scale level 1. The higher the scale
level is, the less detail is considered. R1 to R3 in the horizontal axis means region
1 to region 3, respectively, representing from fovea view to peripheral view.
Based on these training results, we statistically examined the inﬂuence of stimulus and viewing task types on a learning-based visual saliency model. More
speciﬁcally, we compared the weight vectors under the following two conditions:
1. Comparison between models trained with the low, mid and high context
image groups in the same viewing task.
2. Comparison between models trained with the data from free viewing and
preference rating tasks in a same contextual level.
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Figure 5.3: Mean weight vectors trained with diﬀerent stimulus types and viewing tasks.

Given two sets of weight vectors from comparison pairs W1 = {w11 , · · · , w1n }
and W2 = {w21 , · · · , w2n } (n = 12 in our case), we compared the weight vectors
through the paired Hotelling’s T 2 test [69]. Since the full dimension of the weight
vector d = 30 is much higher than the number of observations n = 12, we compared
each feature type independently. Accordingly, the dimension of the weight vector
reduces as d = 9 for the color, intensity and orientation features, and d = 3 for
the face feature.
Let Np = (µ, Σ) denote p-variate normal distribution with mean vector µ and
covariance matrix Σ. Thus we have n observations in X1 : x11 , · · · , x1n ∼ Np =
(µ1 , Σ1 ) and X2 : x21 , · · · , x2n ∼ Np = (µ2 , Σ2 ), where n = 12. Null hypothesis
H0 is
µ1 = µ2 .

(5.1)

yi = x1i − x2i ,

(5.2)

Then we denote

So that yi ∼ Np = (µy , Σy ) where µy = µ1 − µ2 . Null hypothesis H0 becomes
µy = 0.
Sample mean vector for yi is

(5.3)
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Low vs. Mid
> 0.50
0.41
0.30

Low vs. High
0.09
0.02
0.04

Mid vs. High
0.43
> 0.50
> 0.50

Table 5.2: Diﬀerences brought by stimulus diﬀerence in free viewing.

Color
Intensity
Orientation

Low vs. Mid
0.11
0.45
0.15

Low vs. High
> 0.50
0.02
0.28

Mid vs. High
> 0.50
> 0.50
0.01

Table 5.3: Diﬀerences brought by stimulus diﬀerence in preference rating.

1∑
yi
n i=1
n

ȳ =

(5.4)

,

So that we can calculate sample covariance matrix
1 ∑
Sy =
(yi − ȳ)(yi − ȳ)′
n − 1 i=1
n

,

(5.5)

and Paired Hotelling’s T 2 test statistic is given by
T 2 = nȳ ′ Sy −1 ȳ

,

(5.6)

With Paired Hotelling’s T-square test statistic T 2 , we have

F =

n−p 2
T ∼ Fp,n−p ,
p(n − 1)

(5.7)

where Fp,n−p is the F-distribution with parameters p and n − p. We can reject
H0 at level α if F > Fp,n−p,α , where Fp,n−p,α is the F-value with p and n−p degrees
of freedom, evaluated at level α. In our case, the signiﬁcance level is set to be
0.05.
As with most saliency models, output saliency maps are always normalized to
the ﬁxed range in Kubota et al.’s model, and the global scale of the feature weight
vector does not aﬀect the output map. Hence, the weight vector is normalized
as w = w/|w| before testing. Since low and mid contextual level images do not
contain human faces, weights for the face feature always become 0 in these cases.
Therefore, we normalized the full 30-dimensional vector only when comparing task
diﬀerences with the high context group. In other cases including comparisons between low/mid and high context groups, 27-dimensional subvectors corresponding
color, intensity and orientation features are normalized.
Tables 5.2, 5.3 and 5.4 show the p-values with the null hypothesis that two
mean weight vectors are equal. p-values smaller than 0.05 are denoted in bold
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Low level
< 0.01
0.02
> 0.50
Uncompared

Mid level
> 0.50
> 0.50
> 0.50
Uncompared

High level
0.21
0.46
0.01
> 0.50

Table 5.4: Diﬀerences brought by viewing task diﬀerence (Free viewing and Preference rating) in diﬀerent contextual levels.

Intensity, Orientation	

Free viewing	

Low
context	

Color, Intensity	

Preference rating	

Low
context	

Mid
context	

High
context	

Orientation	
Mid
context	

Orientation	

High
context	

Intensity	
Figure 5.4: Diﬀerences in weight vectors between training sets. The double-arrow linking a comparison pair
means that at least one of the feature weights is statistically diﬀerent between the two groups at 0.05 signiﬁcance
level.

font. While the p-values are generally large, there are some comparison pairs with
p-values lower than the 0.05 signiﬁcance level, i.e., signiﬁcantly diﬀerent feature
weights.
The second column of Table 5.2 and 5.3 indicate that the feature weights
learned using low and high level images are signiﬁcantly diﬀerent in both tasks.
From the comparisons under the free viewing task (Table 5.2), it can be seen
that each feature weight vector becomes gradually diﬀerent in accordance with
the contextual level, and the diﬀerence becomes signiﬁcant between low and high
level groups.
Interestingly, signiﬁcant diﬀerence between feature weights learned using different tasks can only be seen in low and high level groups (the ﬁrst and third
column of Table 5.4). While the color and intensity feature weights became different for the low level group, the high level group shows signiﬁcantly diﬀerent
orientation feature weights. This indicates that the choice of the task does inﬂuence the learned saliency model, and the eﬀect is somewhat stimulus-dependent.
An overview of the diﬀerences is shown in Figure 5.4. It can be clearly seen
that, among natural scene images (mid and high context groups), only the high
context group viewed in preference rating task shows statistically signiﬁcant difference from other groups.
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Inﬂuence by aging

We trained models using data of young adults and elderlies viewing nature static
and dynamic scenes. Number of region division in both cases was three. Features
used in models for static and dynamic scene were diﬀerent. For models of static
image, color, intensity, orientation and face were used. As for the models for
video, face feature was not counted, but ﬂicker and motion feature for dynamic
scene were considered. As we assumed that elderly came with a smaller useful
ﬁeld of view, the threshold of region division was determined by the data of young
group. First saccade was used to generate the static model, and ﬁrst ﬁve saccades
were used for dynamic model.
Figure 5.5 shows the mean weight vectors trained by image dataset (Figure 5.5(a), 5.5(b)) and video dataset (Figure 5.5(c), 5.5(d)) of young and older
observers. The legend in the ﬁgure stands for feature name and scale level of it.
Similarly to Figure 5.3, C = Color, I = Intensity, O = Orientation and a newly
added features M = Motion. It is worth noting that F in the static scene model
stands for “Face”, but it means “Flicker” in the dynamic scene model. Face feature
only includes one scale level thus there is no number after “F”. On the other hand,
feature of ﬂicker has three scales in the dynamic model. Scale level i represents
1
the feature map is created at the size of 2i+1
of the original input image. R1 to
R3 in the horizontal axis entails region 1 to region 3, from inner region to outer
region of the visual ﬁeld.
Based on the training results, we statistically tested the diﬀerence of feature
weight vectors of young and older observers in following conditions:
1. Comparing overall diﬀerence of a single feature.
2. Comparing diﬀerence of a single feature in each region.
The test implementation was similar to that mentioned in section 5.2. For the
ease of understanding, we denote young adult group as group 1 and elderly group
as group 2. Given two sets of weight vectors from group 1, W1 = {w11 , · · · , w1n }
and group 2, W2 = {w21 , · · · , w2n }, we compared the weight vectors through
the paired Hotelling’s T 2 test [69]. Since the full dimension of the weight vector
(d = 30 for static model and d = 45 for dynamic model) is much higher than the
number of observations n = 12, we compared each feature type independently.
Accordingly, the dimension of the weight vector reduces as d = 9 for the color,
intensity, orientation, ﬂicker and motion features, and d = 3 for the face feature.
The weight vector is normalized as w = w/|w| before testing.
Here we repeated the deﬁnitions in section 5.2, let Np = (µ, Σ) denote p-variate
normal distribution with mean vector µ and covariance matrix Σ. Thus we have n
observations in X1 : x11 , · · · , x1n ∼ Np = (µ1 , Σ1 ) and X2 : x21 , · · · , x2n ∼ Np =
(µ2 , Σ2 ), where n = 12. Null hypothesis H0 is
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µ1 = µ2 .

(5.8)

yi = x1i − x2i ,

(5.9)

Then we denote

So that yi ∼ Np = (µy , Σy ) where µy = µ1 − µ2 . Null hypothesis H0 becomes
(5.10)

µy = 0.
Sample mean vector for yi is
1∑
ȳ =
yi
n i=1
n

(5.11)

,

The diﬀerence in this test is that we used a shrinkage estimator of covariance
matrix. The widely used standard covariance for two variables that
n
1 ∑
cov(X, Y ) =
(xi − x)(yi − y),
n − 1 i=1

is ill-suited for inferring large-scale covariance matrices from sparse data. We
applied the shrinkage covariance estimator proposed by Schäfer and Strimmer [70],
which is a statistically eﬃcient and computationally fast alternative to that of
Ledoit-Wolf shrinkage estimator [71], such that the covariance matrix can have
guaranteed minimum mean squared error, be well-conditioned, and be always
positive deﬁnite even for small sample sizes.
Consequently, the covariance matrix Sy in the test is:
{
sij
s∗ij =
∗√
rij
sii sjj

if i = j
if i =
̸ j

(5.12)

and
{
1
∗
=
rij
rij min(1, max(0, 1 − λ̂∗ ))

if i = j
if i =
̸ j

(5.13)

with
∑
λ̂∗ =

∑

i̸=j

Vd
ar(rij )
2
i̸=j rij

(5.14)
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Color

Intensity

Orientation

Face

0.281
NaN

0.067
NaN

0.22
0.082

0.97

Flicker

Motion

0.358

0.115

Table 5.5: Diﬀerences brought by aging in static and dynamic visual saliency model.

Then Paired Hotelling’s T 2 test statistic is given by
T 2 = nȳ ′ Sy −1 ȳ

,

(5.15)

With Paired Hotelling’s T-square test statistic T 2 , we have

F =

n−p 2
T ∼ Fp,n−p ,
p(n − 1)

(5.16)

where Fp,n−p is the F-distribution with parameters p and n − p. We reject H0
at level α if F > Fp,n−p,α , where Fp,n−p,α is the F-value with p and n − p degrees
of freedom, evaluated at level α = 0.05. Table 5.5 shows the p-value with the null
hypothesis that two mean weight vectors are equal. NaN in the table means the
covariance matrix Sy is not reversible thus it is not able to calculate the T 2 test
statistic for that test, and the backslash indicates the corresponding test has not
been carried out. Interestingly, no p-values is smaller than 0.05, which indicates
that the two groups of subjects, young adults and elderlies, have no diﬀerence in
viewing images and videos.
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Figure 5.5: Diﬀerences brought by age diﬀerence.

Chapter 6
Summary
In this thesis, we presented a quantitative investigation on how individual difference and dataset characteristics aﬀect learning-based a visual saliency model.
We created a new image dataset that consists of low, mid, high contextual level
images and ﬁxation data collected during two diﬀerent tasks, free viewing and
preference rating, and a new video dataset that contains ﬁxation data of young
adults and elderlies. By taking Kubota et al.’s model as an example, we examined
the inﬂuence of
1. Individual diﬀerence
2. Stimuli types and viewing tasks
3. Aging
by comparing learned feature weight vectors statistically.
We investigated the individual diﬀerence by two statistical experiments. We
have shown that the NSS score of personal model is statistically higher than the
NSS score of generic model. Under the premise, personal adaptive saliency model
is possible to train to improve the accuracy of prediction.
We also attempted to explore where and how the diﬀerence between personal
models arises in section 5.1.3, however we found there is no clear distinction between the test subjects until all features are used. There are two possible reasons
to explain this phenomenon:
1. Diﬀerent features are not perfectly independent from each other. Suppose
there is an image contains a vertical white line over black background, orientation in the picture is represented by the intensity contrast.
2. Every single feature can be taken as a weak classiﬁers and the individual difference (strong classiﬁer) is a linear combination of multiple weak classiﬁers,
which is similar to the idea of AdaBoost.
38
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Even if personal adaptive saliency models can perform better than generic
models, it is not practical to learn tailored models for each user. Hence, in future
work, it is required to explore how such individual diﬀerence can be modeled
eﬃciently without personal training.
We were aware of that learned weight vectors become diﬀerent according to the
level of contextual complexity, and they become signiﬁcantly diﬀerent between low
and high contextual groups. We also found that the inﬂuence brought by the task
diﬀerence is heavily stimuli-dependent, i.e., diﬀerent tendencies were observed
for each contextual group. This indicates that the relationship between visual
saliency and task/stimuli is complex, and it is not a trivial task to investigate how
we can build generic and/or task-speciﬁc models of visual saliency in a supervised
manner. Although the mechanism behind visual attention has not been fully
understood yet, our dataset and analysis can provide valuable information to
establish a systematic and generic method for learning-based modeling of visual
saliency.
Lastly, we found no signiﬁcant diﬀerence in the training results of young adults
and elderlies in our setting, either in the static or the dynamic scene, which is a
little disappointing but not surprising because there were reports [62] showing that
the age-related changes were apparent only in the oldest subjects that they tested
(70–81 years of age). Another reason that only minor diﬀerence exists between
two groups of subjects can be the narrow viewing angle (45◦ × 29◦ ) in the data
collecting environment such that the participants was not viewing the stimulus
with full visual ﬁeld. Although prior researches suggested that the dynamic visual
acuity of elderly is worse than young adults, the forming of attention might not
need the acuity. That is, knowing there is something somewhere is enough to
direct the visual attention, while acuity means knowing what is exactly there.
It is an important future direction to investigate if elderly visual attention
model is diﬀerent from that of young adults under extremer condition. Such as,
recruiting older subjects, using a larger display device to show the stimuli, including stimuli that contain more fast motions. In addition, it might give interesting
outcomes if we repeat our experiments on infants whose visual system is not fully
developed.
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Figure A.1: Relation between performance and region division
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(j) Subject 10

(k) Subject 11
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(p) Mean of the feature of 15 subjects
Figure A.2: Bottom-up feature weights learned with and without face factor in saliency model
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