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Gazed Object Estimation for Obtaining Detailed
Time-usage Data using a Mobile Robot∗

Tomoaki Inoue

Abstract

To improve quality of life (QOL), it is important to record and analyze our
daily life. One of the methods to evaluate and classify the QOL is based on
the time-usage in daily-life activities. Time-usage studies are drawing attention
in the home economics field. There are several problems of current time-usage
studies such as low sampling rate of recording, burden of manual logs, and
incorrect records. In this thesis, we propose a method to estimate the gazed
object using a mobile robot to acquire detailed time-usage measurements. The
gazed objects are closely related to the human activities, for example, eating
or watching TV. So, if the gazed objects are recorded, the time-usage records
are expected to be more precise. In the proposed method, the human and the
surrounding objects are recognized using the camera mounted on the robot, and
the object gazed by the human is estimated based on the face orientation. When
the estimation of the gazed object becomes difficult due to the face orientation,
the estimation accuracy can be improved by changing the viewpoint of the
robot. The experiments show that the accuracy of the gazed object estimation
is improved by changing the viewpoint of the robot based on the face orientation
when it is difficult to perform such estimation from a fixed viewpoint.

Keywords:

Mobile robot Lifelogging Gazed target estimation Changing viewpoint Home
economics
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Table 2.1: Classification of time-usage in home activity
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Fig 2.1: The flowchart of the proposed method
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Fig 3.1: The flowchart of the gazed object estimation
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(a) Person detection

(b) Person position on the robot’s map

Fig 3.4: Person tracking (Front)
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Fig 3.5: Person tracking (Left)
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Fig 3.6: Person tracking (Right)

17



3.4

OpenFace [20] Fig 3.7 OpenFace

Fig 3.8

Perspective-n-Point problem PnP [21]

Fig 3.9 Fig 3.10 Fig 3.11

Fig 3.9(b) Fig 3.10(b) Fig 3.11(b)

18



Fig 3.7: Extraction of face feature

Fig 3.8: 3D face model
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(a) RGB image

(b) Face orientation on the robot’s map

Fig 3.9: Result of face orientation estimation (Front)
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(a) RGB image

(b) Face orientation on the robot’s map

Fig 3.10: Result of face orientation estimation (Left)
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(a) RGB image

(b) Face orientation on the robot’s map

Fig 3.11: Result of face orientation estimation (Right)
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(b) Left (monitor)

(c) Right (bottle)

Fig 3.15: Result of gazed object estimation in each direction
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Fig 3.16: Comparison of estimation results by changing distance between face and
object
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Fig 4.1: Robot failed to estimate the gazed object even when the object is within
the robot’s view

Fig 4.2: Robot failed to estimate the gazed object when the object when it is outside
the robot’s view outside the robot’s view
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Fig 4.3: Classification of gazed object position using face orientation
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(a) Face orientation

(b) Target position of the robot

Fig 4.4: The gazed object is in the view of robot
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Fig 4.5: Classification of gazed object is outside view
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(a) Face orientation

(b) Target position of the robot

Fig 4.6: The target position in the case where the gazed object is the robot
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(a) Face orientaiton

(b) Target position of the robot

Fig 4.7: The target position in the case where the gazed object is behind of the
robot
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(a) Face orientation

(b) Target position of the robot

Fig 4.8: The target position in the case where the gaze object is side of the robot
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RGB-D RGB LRF

RGB-D RGB
3.3

gmapping [24]
LRF
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Fig 5.1: Hardware configuration
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Table 5.1: Specifications of laptop

OS Ubuntu 16.04 LTS (64bit)
CPU Intel Core i7-770HQ (2.80GHz)
Memory 16GB
GPU NVIDIA GeForce GTX 1060/PCle/SSE2

Fig 5.2: Software configuration
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5.2

5.2.1

Fig 5.3 3
Fig 5.3

30 Fig 5.3
Pb -400 400 [mm] 200 [mm]

Fig 5.3: Experimental setup
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5.2.2

Table 5.2
Table

5.2 (Pb=-200 0 200 [mm])
(Pb=-400 400 [mm])

Table 5.2: Result of the gazed object estimation

Estimation rate [%]
Pb[mm] -400 -200 0 200 400

Subject1 17.4 99.1 96.7 98.6 55.9
Subject2 36.1 99.5 97.7 99.5 57.6
Subject3 68.7 99.1 97.0 99.1 54.6
Average 40.5 99.2 97.1 99.1 54.6
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5.3

5.3.1

5.2
Pb=-400 400 [mm]

5.3.2

Fig 5.4 Fig 5.4
t = 0[s]

t = 15[s]
Table 5.3 Table 5.4

(Pb=-400 400 [mm])
Table 5.3 Table 5.4 50 [ ]

85 [ ]
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(a) t=0 [s] (b) t=3 [s]

(c) t=6 [s] (d) t=9 [s]

(e) t=12 [s] (f) t=15 [s]

Fig 5.4: Screenshots of robot moving when the gazed object is in the view of the
robot

46



Table 5.3: Comparison of fixed and changing viewpoint of the robot (Pd = -400[mm])

Estimation rate [%]
before after

Subject1 17.4 89.1
Subject2 53.1 87.4
Subject3 68.7 80.6
Average 40.5 85.9

Table 5.4: Comparison of fixed and changing viewpoint of the robot (Pd = 400[mm])

Estimation rate [%]
before after

Subject1 61.9 84.3
Subject2 49.1 91.2
Subject3 50.4 92.5
Average 54.6 89.2
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5.4.1

4.2.3
Fig 5.5 5.2 5.3

Fig 5.6
(a) (d)

4.2.3
(4.2.4) θth1 θth2 θth3 (5.4.1)

⎧⎪⎨
⎪⎩

θth1 = π
18

θth2 = π
6

θth3 = π
2

(5.4.1)

Fig 5.7
(xc yc)

(xcimg ycimg ) ex ex (5.4.2)

480 640
Fig 5.6 (a) (d) 5

Fig 5.8 (GoPro HERO3)

ex = xc − xcimg (5.4.2)
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Fig 5.5: Experimental setup

Fig 5.6: Experimental layout
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ex

(xcimg , ycimg )
(xc, yc)

Fig 5.7: Error of object center from the image center

Fig 5.8: First-Person-View (FPV) device
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5.4.2

Fig 5.9(b) FPV

Fig 5.10

Table 5.5
Table 5.5

5 ex

Table 5.5(a) (d)

Table
5.5(b) (c)

Fig 4.5
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(a) Face orientation

(b) Captured image using FPV device

Fig 5.9: Capture of gazed object using by FPV device

52



(a) t=0 [s] (b) t=3 [s]

(c) t=6 [s] (d) t=9 [s]

(e) t=12 [s] (f) t=15 [s]

Fig 5.10: Screenshots of robot moving when the gazed object is outside the robot’s
view
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Table 5.5: Result of the gazed object estimation for outside the robot view
(a),(b),(c),(d) are in Fig 5.5

ex [pixel]
Gazed object (a) (b) (c) (d)

Subject1 99 168 212 57
Subject2 49 144 227 49
Subject3 36 87 220 50
Average 62 133 222 51
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