404 https://doi.org/10.7746/jkros.2020.15.4.404

Journal of Korea Robotics Society (2020) 15(4):404-412
ISSN: 1975-6291 / eISSN: 2287-3961

Hlol2 FRRE Aol 7Fsd Q-3 71w WA 2L PR

Cooperative Robot for Table Balancing Using Q-learning

Ao QL. Rn gt
Yewon Kim', Bo-Yeong Kang '

Abstract: Typically everyday human life tasks involve at least two people moving objects such as
tables and beds, and the balancing of such object changes based on one person’s action. However,
many studies in previous work performed their tasks solely on robots without factoring human
cooperation. Therefore, in this paper, we propose cooperative robot for table balancing using
Q-learning that enables cooperative work between human and robot. The human’s action is recognized
in order to balance the table by the proposed robot whose camera takes the image of the table’s state,
and it performs the table-balancing action according to the recognized human action without high
performance equipment. The classification of human action uses a deep learning technology,
specifically AlexNet, and has an accuracy of 96.9% over 10-fold cross-validation. The experiment of
Q-learning was carried out over 2,000 episodes with 200 trials. The overall results of the proposed
Q-learning show that the Q function stably converged at this number of episodes. This stable
convergence determined Q-learning policies for the robot actions. Video of the robotic cooperation
with human over the table balancing task using the proposed Q-Learning can be found at

http://ibot.knu.ac.kr/videocooperation.html.
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[Fig. 1] Proposed Q-learning based table balancing workflow
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[Fig. 3] 5 human action states from table image by NAO’s camera

supup 0 Sdowndown
- _0.2
0.2 a . 0
0 QO Aypup . Edowndown upup _Adowndown a,
up +0'2 +0'2 QAgown
ek B RS S0 vg . +0.1] [-0.1
0. a Ay . 7
a a, down »
down P /0.& \0. 1 down aup
ag 0 =
a
0 Agowndown 04,0
S— aupup 5
“ Sdown

[Fig. 4] Proposed Q-learning model of the table balancing task
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[Table 1] Confusion matrix

Actual
Predict True False
True TP (True Positive) FP (False Positive)
False FN (False Negative) | TN (True Negative)

[Table 2] 10-fold cross validation of data set

Type of data set Average accuracy Best accuracy
Train 94.7% 96.9%
Test 93.9% 95%
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