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Abstract. Human-like gaze control is needed for robots to be companions of humans. For human-like gaze control, much research has been
progressing to identify factors that affect human gaze. The conventional
approaches to discover factors that affect human gaze is based on their
hypotheses. They presented gaze control algorithm based on hypotheses
and verified through experiments. However, since the algorithms were
originated from the hypotheses, they were prone to be biased to the hypotheses. This paper derives the factors that affect human gaze based on
observation of real human’s scanpaths, not hypothesis. From the recorded
scanpaths, fixation maps are produced using the Gaussian distribution.
The earth mover’s distance (EMD) is used to measure similarity among
fixation maps, and the fixation map with minimal difference is selected
in each test image. The selected fixation maps are used to derive the
factors that affect human gaze. The derived factors are center, salient
regions, human, depth, objects, scene schema information, and they are
shown with examples.
Keywords: Gaze, attention, eye tracking, scanpaths, fixation map, earth
mover’s distance.
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Introduction

Robots will be partners in near future. As companions of humans, robots
should make natural human robot interaction (HRI). Since gaze represents paying attention, HRI should accompany with human-like gaze control.
For making natural gaze control, factors that affect human gaze are needed
to be discovered. From the visual input, salient regions that are different with
surrounding in color, intensity, and orientation were detected as candidates for
paying attention. [1]. Effect of faces on the gaze was tested and showed that
people gazed faces independent with goals such as a finding objects [2]. Auditory
information was added to salient regions system to enhance the gaze control [3].
These studies tried to make human-like gaze control based on their assumed
factors and showed effectiveness through experiments. Even though their studies
showed good results, they are prone to be biased to their assumed factors.
In this paper, factors that affect human gaze are identified from observation of
human’s scanpaths. From measured scanpaths, fixation maps are generated with
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the Gaussian distribution. The produced fixation maps are compared with each
other by the EMD to find commonly gazed directions in each test image. Among
dD with threshold is used. The fixation maps
various EMD measurements, the EM
are generated from 79 images with 53 subjects, and one fixation map is selected
from each image. The selected fixation maps are analyzed to find factors that
affect human gaze. Results are presented with example images.
The paper is organized as follows. Section II describes fixation maps and
dD. Section III describes the eximage comparison methods including the EM
periments with analysis and concluding remarks on Section IV.

2
2.1

Scanpath Comparison
Fixation Map

To find where people gaze, it is necessary to measure similarity among human
scanpaths. There are two categories for measuring similarity among scanpaths.
The first method is based on string comparison methods. Images are quantized
with cells and different letters are assigned to each cell. When a scanpath is
produced, a sequence of cells is generated according to the scanpath, and it
can be replaced by a string of the assigned letters. As a result, the scanpath
is transformed to the string, and then it can be compared by various string
comparison methods.
The other method is based on map comparison methods. On a two-dimensional
image, an index describing how much human gaze the location is added as the
z-axis to make the three-dimensional image. The generated three-dimensional
images can be compared by map comparison methods. Transforming into a map
has a strong point of visualization. However, it has a shortcoming of loss of
sequential information.
In this paper, scanpaths are compared by producing fixation maps. The fixation map is a three-dimensional record of locations of all fixations being analyzed with the third dimension representing the quantity of property d obtained
from that fixations [4]. For making a fixation map, the z-axis is added to twodimensional images, and all z values are initialized to zero. When scanpaths are
generated, the Gaussian distribution is assigned to each fixation points in the
scanpaths. This process is repeated to all fixations, and it will make the Gaussian mixture model. Finally, the z values are normalized. Note that sequential
information is discarded since orders of human scanpaths is hard to predict in
images [5], [6]. Fig. 1 shows generated fixation maps. The fixation maps in the
third rows are generated from the images in the first row. The second row shows
images which the z values are changed to luminance for the visualization.
2.2

Comparison Method

The EMD is used to measure similarity among fixation maps. The EMD can be
described as the minimal cost that must paid to transform from one histogram
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Fig. 1: Fixation maps.
to other histogram. Given two histograms P and Q, the EMD is defined as [7]:
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where fij is the amount of transported from the i-th bin to the j-th bin and dij
is the ground distance between the i-th bin to the j-th bin. As other version of
dD is used in this paper. The EM
dD is defined as [8], [9]:
the EMD, the EM
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dD can be used as a metric when α ≥ 0.5. Compared to the EMD,
where the EM
dD shows faster and better performance. For better performance, dij in
the EM
both (1) and (2) can be modified as:
dt (a, b) = min(da,b , t).

(3)

By applying (3), connections from P to Q are simplified, and the algorithms
become faster [9].

3
3.1

Experiments
Eye Tracking Experiments

The scanpath measurements were performed on 79 images with 53 people.
Totally, 4, 187 fixation maps were produced. Eyes fixations were recorded with
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Fig. 2: Examples of selected images.

the Tobii T120 eye tracker. It is an integration of an eye tracker with a 17 inch
monitor. The accuracy is about 0.5 ◦ , drift is about 0.1 ◦ and spatial resolution
is about 0.3 ◦ . It can display images up to the size of 1280×1024. In the experiments, the images were tuned to the size of 640×480 and used. The subjects
were 37 male and 16 female, from 17 to 30. They were instructed to look at
the monitor without any comments. The images were shown five seconds with
five seconds breaks sequentially. Due to fatigue of eyes and sampling quality, a
minute break was added in every 10 picture. At the beginning and after the one
minute breaks, five points calibration was performed.
Images were randomly selected from the MIT Judd’s 2009 and 2012 data sets
[10], [11]. The image sets, created as saliency benchmark data sets, contains more
than thousands of free-viewed indoors and outdoors images. The selected images
were adjusted to contain similar number of the images of buildings, animals,
landscapes, sports, night views, person, people and close-shots. Fig. 2 shows
several examples of selected images. The size of images was tuned to 640×480.
dD with
Comparisons among fixation maps were performed with the EM
dD and
threshold. Table 1 shows the comparison results with the minimum EM
d
the standard deviation. Since the EM D represents the cost of the transformation, smaller number means two fixation maps are more similar. The outputs
dD were normalized to have average one in each
of the cost function in the EM
image. After the normalization, the average difference with others in each image
was calculated and compared.
3.2

Analysis

From each image, a fixation map with the largest similarity was selected. The
selected fixation maps were used to derive the factors that affect human gaze.
Center Fixation maps were biased to the center of images. There were two
reasons why the subjects gazed the center of images. First, the subjects started
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dD with threshold
Table 1: Fixations map comparison using EM
Image
number
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27

Min
Image
Min
Image
Min
(Std. Dev.) number (Std. Dev.) number (Std. Dev.)
0.7515(0.2036)
28
0.7759(0.1696)
55
0.7658(0.1987)
0.7958(0.1530)
29
0.7394(0.2518)
56
0.7465(0.2237)
0.7843(0.1568)
30
0.7548(0.2094)
57
0.7652(0.2529)
0.7989(0.1846)
31
0.7839(0.1676)
58
0.7466(0.2355)
0.8166(0.1441)
32
0.7441(0.2590)
59
0.7466(0.2638)
0.7792(0.1690)
33
0.7693(0.1866)
60
0.7501(0.2557)
0.7594(0.2312)
34
0.7638(0.1923)
61
0.7504(0.2820)
0.7452(0.2745)
35
0.7864(0.1519)
62
0.7330(0.2918)
0.7791(0.2261)
36
0.8276(0.1312)
63
0.7689(0.1929)
0.7426(0.2972)
37
0.7570(0.1825)
64
0.7762(0.1861)
0.8033(0.1608)
38
0.7828(0.1785)
65
0.7783(0.1855)
0.7895(0.1733)
39
0.7677(0.2115)
66
0.7560(0.2120)
0.6991(0.3671)
40
0.7879(0.1749)
67
0.7666(0.2490)
0.7287(0.3194)
41
0.8004(0.1451)
68
0.7439(0.2682)
0.8075(0.1415)
42
0.8329(0.1522)
69
0.7512(0.2353)
0.7914(0.1477)
43
0.7720(0.2021)
70
0.7806(0.2017)
0.7541(0.2239)
44
0.7865(0.2060)
71
0.7517(0.2585)
0.8137(0.1702)
45
0.7604(0.1733)
72
0.7669(0.2383)
0.7731(0.1638)
46
0.7581(0.2143)
73
0.7674(0.2167)
0.7825(0.1650)
47
0.7345(0.3068)
74
0.7621(0.2095)
0.7559(0.2083)
48
0.7910(0.2053)
75
0.7523(0.2524)
0.8083(0.1755)
49
0.7832(0.1741)
76
0.7464(0.2797)
0.7513(0.2067)
50
0.7626(0.2031)
77
0.7549(0.3150)
0.7816(0.1824)
51
0.7715(0.2150)
78
0.7243(0.2794)
0.7531(0.3063)
52
0.7524(0.2370)
79
0.7888(0.1590)
0.8243(0.1586)
53
0.7587(0.2301)
0.7865(0.1935)
54
0.7430(0.3414)

their gazes from the center of the images. Because starting at the centers can
distort the result, in some papers, the first fixation was discarded to reduce the
effect of the initial center fixation [11]. In Fig. 3(b), the subjects gazed the center
of images when visual inputs were similar in all directions. Second, photographers
usually placed a target of interest in the center of images [12], [13]. Since the
photographers placed targets of interest in the center in Figs. 3(a) and (d), the
subjects gazed the center of images.
Salient regions The subjects gazed colorful, bright, and outstanding regions.
These regions can be described as salient regions. The saliency at a location is
determined by difference between the location and surrounding including color,
orientation, motion, intensity, etc. and loci of high saliency are good candidate
for gaze direction [14]. In Fig. 3(c), the subjects gazed white regions in the
mountain because the regions were salient from the difference with surrounding
in colors.
Human The subjects gazed humans. In human’s body, a face was the strongest
attraction. Even humans hid their faces, other parts of body such as toes, hands,
legs, fingers were also strong attractions. In addition, objects that form of human
shape, picture of human, or silhouette and shadow implying human were also
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Fig. 3: Fixation maps with the largest similarity.

strong attractions. The subjects gazed two mans in the center in Fig. 3(f) and
gazed the legs in top right side in Fig. 3(d) even they are not salient.
Depth When the subjects gazed images, they did not accept the images as twodimensional spaces. From the images, they constructed three-dimensional space
in their minds even there was no depth information. After constructing threedimensional space, they gazed what was thought to be closure. In Fig. 3(e), the
subjects gazed the white wing in the left top side, and in Fig. 3(g), they gazed
the bowl in the right bottom side.
Objects Since almost all human behaviors are highly related with objects,
objects attract human gazes. Objects could be changed according to images
such as cups, bottles, hat etc. Subjects gazed objects in Figs. 3(a), (d), and (g).
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Scene schema information People can understand environment and know
where attractions are usually placed. For example, objects are placed mainly on
the ground or on the table, not in the sky. In Figs. 3(h) and (i), the subjects
recognized the table and knew that objects were usually placed on the table.
Thus, they gazed upper side of the table where attractions were probably placed
rather than the salient bright windows.
Expectation Expectation from images affected human gazes. When there was
an object which was not adequate to environment, the subjects gazed the object
[15]. For example, a machine tool in a kitchen attracts gazes with curiosity of
why the tool is in the kitchen. Forecasted situation also affected human gazes.
When the subjects gazed a man walking along the bridge in Fig. 3(j), they gazed
the gate in front of the bridge.

4

Conclusion

This paper showed the factors that affect human gaze by analyzing the scanpaths. From measured scanpaths of 53 subjects with 79 images, the Gaussian
distribution was used to make fixation maps. The generated fixation maps were
dD with threshold, and the fixation map with the minimal
compared by the EM
difference was selected from each test image. Analysis of the selected fixation
maps showed the center of images, salient regions, human, depth, objects, scene
schema information and expectation affected human gazes. If these factors are
considered in the design of the gaze control, robot’s gaze would be natural and
similar to human gaze.
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