
Gaze Control Factors for Natural Human Robot
Interaction from Scanpath Comparisons

Bum-Soo Yoo and Jong-Hwan Kim

Department of Electrical Engineering, KAIST, 291 DaeHak-ro,
Yuseong-gu, Daejeon, Republic of Korea

{bsyoo,johkim}@rit.kaist.ac.kr

Abstract. Human-like gaze control of robots is essential for natural hu-
man robot interaction (HRI), and thus it is necessary to identify the gaze
control factors that affect human gaze. In this paper, the gaze control
factors are derived inductively from the observation of human scanpaths.
Human scanpaths are measured from movie clips and are transformed
into vector-based representation that contains spatio-temporal informa-
tion. The transformed scanpaths are compared to find the most common
scanpath. The selected scanpath is analyzed to identify the gaze control
factors. The derived factors are anticipation, knowledge, and attractions
in a static image such as salient regions, humans, objects, and center of
visual inputs.

Keywords: Eye tracking, gaze, scanpaths, similarity measure, vector-
based similarity measure.

1 Introduction

Gaze plays an important role in human-to-human interaction, as it represents
paying attention [1]. With adequate mutual gaze, people feel comfortable and
tend to maintain interactions with others.

To be companions of humans, robots need to make human-like gaze con-
trol that will improve interactions between humans and robots [2]. To make
human-like gaze control, considerable research has been conducted on identi-
fying what affect human gaze. Researchers introduced several factors based on
their hypotheses and demonstrated it with experiments [3], [4]. However, these
experiments are susceptible to be biased in testing hypotheses. Even though
gaze control factors were derived based on the observation of humans scanpaths
in free-viewing of images, the factors derived from the static images need to be
verified because unlike the real environment, there was no spatio-temporal infor-
mation [5]. Thus, in this paper, human scanpaths from free-viewing of movie clips
are observed and are analyzed. Since visual inputs are continuously changed in
movie clips, there exists spatio-temporal information, which allows us to derive
gaze control factors in an environment similar to the real environment. Scan-
paths are recorded from 53 subjects with 31 movie clips, and they are compared
to each other from five aspects: shape, length, direction, position and duration.
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Based on the comparisons, a scanpath with the largest similarity is selected and
analyzed to identify the gaze control factors.

The paper is organized as follows. Section II describes a vector-based scan-
path comparison method. Section III describes comparisons among human scan-
paths from free-viewing of movie clips and explains the gaze control factors.
Lastly, we conclude with important remarks in Section IV.

2 Similarity Measurement

It is necessary to quantitatively measure similarity among human scanpaths to
find the most common scanpath in each movie clips. In the previous research, the
earth mover’s distance (EMD) was used to compare scanpaths from free-viewing
of images [5]. The EMD has a strong point in representing spatial deviation.
However, it has a weakness in losing sequential information that is important
when a scanpath is measured from free-viewing of movie clips where visual inputs
are changing continuously as time passes by.

A vector-based comparison method is introduced to compare scanpaths [6]. It
represents a scanpath with a combination of fixations and saccadic movements,
and compares a scanpath with others from the five viewpoints: shape, length,
direction, position, and duration. A strong point of this method is containing
spatio-temporal information. However, it cannot represent smooth pursuing, and
it needs an assumption that gaze consists of fixations and saccadic movements.

2.1 Simplification

A scanpath, represented by a combination of fixations and saccadic movements,
contains noise from measurements. It is necessary to filter noise while maintain-
ing its properties. Noises are filtered with two steps simplification. First, gaze
direction may vibrate in a small area, and the vibration makes several small
saccadic movements in a small area with different directions. They can be con-
sidered as one direction. Thus, a group of consecutive vectors {u1, u2, . . . , um},

m > 1, are merged to one vector if ||
n∑

i=1

ui|| < Tamp for all n ≤ m. In this paper,

Tamp is assigned as 50.0 pixels. Second, gaze direction may move continuously
to the same direction, and it makes several consecutive saccadic movements hav-
ing similar directions. They can be considered as one large saccadic movement.
Thus, a group of consecutive vectors {u1, u2, . . . , um}, m > 1, are merged to one
vector if max |6 un− 6 uavr| < 6 T for all n ≤ m, where 6 uavr is the average angle
from u1 to un. In this paper, 6 T is assigned as 30.0 ◦. Fig. 1 shows examples of
a scanpath simplification.

After the simplification, a simplified scanpath U = {u1, u2, . . . , um}, should
be temporally aligned with other simplified scanpath V = {v1, v2, . . . , vn} based
on their shapes. From the two scanpaths, a comparison matrix M is produced,
which is defined as follows:

M(k, l) =
uk· vl
|uk||vl|

(1)
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Fig. 1: Scanpaths simplification. (a) The scanpaths are measured from free-
viewing of movie clips. (b) Scanpaths are simplified with magnitude. (c) Scan-
paths are simplified with angles.

where k < m and l < n. The comparison matrix is transformed into a graph,
and the Dijkstra algorithm is used to find a shortest path from (1, 1) to (m,n).
According to the shortest path, two vectors are temporally aligned. Fig. 2 shows
examples of the Dijkstra algorithm with the comparison matrix.

With the aligned scanpaths, A = {a1, a2, . . . , ar} and B = {b1, b2, . . . , br},
each vector is compared to each other from the five view points as in the follow-
ing.

– Shape of the vector:
( r∑

i=1

|ai − bi|
Ldiag

)
/r
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Fig. 2: The Dijkstra algorithm is applied to the comparison matrix. The shortest
path is marked with dot-lines. u1 is aligned with {v1, v2}, u2 is aligned with
{v3, v4}, and u3 is aligned with v5 temporally.
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Table 1: Aligned vectors in scanpaths.

– Length of the vector:
( r∑

i=1

|ai| − |bi|
max{ai, bi}

)
/r

– Direction of the vector:
( r∑

i=1

cos−1 ai·bi
|ai||bi|

180

)
/r

– Position of fixation:
( r+1∑

i=1

|FP (ai)− FP (bi)|
Ldiag

)
/(r + 1)

– Duration of fixation:
( r+1∑

i=1

|FD(ai)− FD(bi)|
max{FD(ai), FD(bi)}

)
/(r + 1)

Note that Ldiag represents the diagonal length of input space, FP (ai) represents
a position of fixation before the saccadic movement ai, and FD(ai) represents a
duration of fixation before the saccadic movement ai.

3 Experiments

3.1 Eye Tracking Experiments

The scanpath were measured with the Tobii T120 eye tracker from 53 subjects,
37 male subjects and 16 female subjects from 17 to 30. They were instructed to
look at the monitor without any comments. They had five seconds break after
each movie clip, and one minute break after every 8 movie clips. Due to fatigue of
eyes and sampling quality, longer breaks were allowed to subjects if they wanted.

Test movie clips were selected from UCF sports data sets and the hollywood2
data sets [7], [8]. Though both data sets were introduced for human action recog-
nition, they contained various scenes for measuring eyes movement. Thirty-one
movie clips were randomly selected except black-and-white movie clips, and their
lengths were from 3.17 sec to 29.27 sec. Fig. 3 shows screen shots from selected
movie clips.



Gaze Control Factors for Natural Human Robot Interaction 5

Fig. 3: Screen shots from the selected movie clips.

Table 2: Results of the scanpaths comparisons
No. Movie Min (Std. Dev.) No. Movie Min (Std. Dev.) No. Movie Min (Std. Dev.)

1 0.2333(0.0214) 12 0.2435(0.0160) 23 0.2149(0.0312)

2 0.2279(0.0230) 13 0.2472(0.0187) 24 0.2265(0.0267)

3 0.2317(0.0220) 14 0.2357(0.0229) 25 0.2078(0.0212)

4 0.2518(0.1027) 15 0.2302(0.0185) 26 0.2466(0.0233)

5 0.2218(0.0245) 16 0.2500(0.0175) 27 0.2043(0.0299)

6 0.2129(0.0221) 17 0.2292(0.0234) 28 0.2017(0.0229)

7 0.2246(0.0225) 18 0.2249(0.0222) 29 0.2313(0.0180)

8 0.1542(0.0361) 19 0.2139(0.0237) 30 0.2787(0.0222)

9 0.2075(0.0240) 20 0.2461(0.0203) 31 0.1890(0.0277)

10 0.2296(0.0309) 21 0.2143(0.0278)

11 0.2039(0.0361) 22 0.2345(0.0232)

Table 2 shows the result of the scanpaths comparisons. The smaller value
represents the larger similarity. The scanpath with the largest similarity showed
0.2237 in average, the minimum was 0.1542, and the maximum was 0.2787. Note
that a scanpath of the 17-th subject from the 4-th movie clip was excluded
because it consisted of one fixation point without any saccadic movement.

3.2 Analysis

In each movie clip, the scanpath with the largest similarity was selected and
observed to derive the gaze control factors.

Anticipation From the visual inputs, subjects could recognize situations, and
they could anticipate what would happen next. Then subjects will gaze at points
according to their anticipation. Fig. 4 shows an example of gaze control with
anticipation, where red dots represent fixation points with magnitude and a
larger circle represents a longer duration. In Fig. 4(a), a man is shooting a
basketball. Subjects gazed at the basketball stand even before the ball reached
at the basketball stand, as shown in Fig. 4(b), because they could understand the
situation and anticipate that the basketball was heading toward the basketball
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(a) (b) (c)

Fig. 4: (a) Subjects gazed at a man throwing a basketball. (b) Subjects gazed at
the basketball stand before the ball reached. (c) Subjects continued to gazed at
the basketball stand to identify whether the shoot is successful or not.

(a) (b) (c)

Fig. 5: (a) Subjects gazed at the man playing golf. (b) Subjects tried to find a
golf ball at the ground in front of the man. (c) Subject gazed at the man again.

stand. In Fig. 4(c), subjects gazed at the basketball stand continuously to identify
whether the shoot was successful or not.

Knowledge Human behaviors are highly related with objects, and according to
humans behaviors, a specific object is required. After subjects recognized human
behaviors, they tried to find objects related to the human behaviors based on
their knowledge. Fig. 5 shows an example of gaze control with knowledge. A man
swung a golf club in Fig. 5(a). Subjects recognized his behavior and found the
golf club easily, and then they tried to find a golf ball in Fig. 5(b). They gazed
at the ground in front of him to find a golf ball, not in the sky based on their
knowledge. In Fig. 5(c), subjects gazed at the person again.

Since subjects knew where a golf ball is usually placed, they gazed at the
ground in front of him, not the sky or beside him. This is an example of gaze
control based on scene schema knowledge. There are four kinds of scene knowl-
edge in human gaze control system: short-term episodic scene knowledge, long-
term episodic scene knowledge, scene schema knowledge, and task knowledge
[9]. Table 3 shows the meaning of each scene knowledge with an example. In the
experiment, not only scene schema knowledge, but also other kind of knowledge
was observed. Fig. 6 shows a gaze control occurred by the short-term episodic
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Table 3: Four kinds of scene knowledge in human visual system
Name Explanation Example

Short-term episodic Specific knowledge about a particular I just put a key
scene knowledge scene at a particular time on the table

Long-term episodic Specific knowledge about a particular The TV is besides
scene knowledge scene that is stable over time the drawer

Scene schema Generic knowledge about a particular Cars are on ground,
knowledge category of scene generally on a road, not sky

Task knowledge
Generic knowledge about a particular Before changing lanes,

scene at a particular time check the side-view mirror

(a) (b) (c) (d)

Fig. 6: Examples of the short-term episodic scene knowledge. (a) The man used a
phone. (b) The man put the phone at the lower left corner. (c) and (d) Subjects
knew where the phone was placed and gazed at the lower left corner before the
woman used the phone based on the short-term episodic scene knowledge.

scene knowledge. In Fig. 6(a), a man used a phone. He put the phone at the lower
left corner of the visual input as shown in Fig. 6(b). When a woman moved to
the left side as shown in Fig. 6(c), subjects gazed at the lower left corner be-
cause they knew where the phone was based on their short-term episodic scene
knowledge. She took the phone in Fig. 6(d).

Attractions in static images Targets that attract human gaze in images also
attracted human gaze in movie clips such as salient regions, object, humans,
center of image and so on [5]. Subjects gazed at humans continuously because
humans are inherently attracted human gaze. In case of objects, objects that
were related with human behaviors attracted human gaze. Sometimes mean-
ingless objects became meaningful objects when they were related with human
behaviors.

Salient regions were not apparent in movie clips compared to static images.
Since movie clips had a limited time for expressions, they usually had focused
targets, and subjects tended to gaze at focused targets. When visual inputs were
fixed without any movements, subjects sometimes gazed at salient regions.

The centers of visual inputs in movie clips attracted human gaze stronger
than in images. In images, subjects had a time to gaze at boundaries of visual
inputs because they were not changed. However, in the movies, subjects had
less time to gaze at boundaries of visual inputs because they were continuously
changed. Also, focused targets were usually placed at the center of visual inputs
to express them effectively.
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4 Conclusion

This paper identified the gaze control factors by the observation of human
scanpaths from free-viewing of the movie clips. The observed scanpaths were
represented by the vector-based representation containing spatio-temporal in-
formation, and they were temporally aligned through the dijkstra algorithm.
The aligned scanpaths were compared from the five viewpoints of shape, length,
direction, position, and duration to find the most common scanpath. Based on
the comparisons, anticipation, knowledge, and attractions in static images were
identified as the gaze control factors. These factors could be useful if they were
included in a design of robots’ gaze control algorithm.
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