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The key components of smart manufacturing, a central concept in the era of the 4th Industrial Revolution, consist of digital
twin technology, Al, and computer vision technology. In this study, these technologies were utilized to govern the Poppy
robot, a humanoid robot designed for educational and research purposes. The digital twin creates a virtual environment
capable of real-time simulation, analysis, and control of the robot's motions. The digital twin of the robot was constructed
using Unity, a 3D development program. Motion data was captured while simulating the physical structure and movements
of the virtual robot. This data was then fed into a Tensorflow-based deep neural network to generate a regression model
that predicts motor rotation based on the position of the robot's hand. By integrating this model with a Python-based robot
control program, the robot's movements could be effectively managed. Additionally, the robot was controlled using
Openpose, a computer vision algorithm that predicts characteristic points on a human body. Position data for human joint
points was collected from 2D images, and the motor angle was calculated based on this data. By implementing this
approach on an actual robot, it became possible to enable the robot to replicate human movements.
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Fig. 1 Poppy robot’s wiring diagram overview [9] (Adapted from
Ref. 9 on the basis of OA)
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Fig. 2 Poppy robot’s digital twin modeling in unity (a) Figure of
robot, (b) Parts of poppy robot, (c) Transform of parts of
robot, (d) Real robot figure, and (e) A virtual robot posing
like a real robot

Fig. 3 Acquiring motor angles in poppy robot's digital twin
simulator
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Table 1 Position data of the fingertip per motor’s rotation value

L shoulder x L shoulder y L arm z L elbow y Hand pos x Hand pos y Hand pos z
0 -120 -10 -30 -20 -0.3287 1.8475 3.8166
1 -120 -10 -30 -15 -0.3698 1.7979 3.8995
2 -120 -10 -30 -10 -0.4140 1.7420 3.9766
3 -120 -10 -30 -5 -0.4608 1.6800 4.0473
19799 -65 25 25 -10 -2.3436 -0.5908 3.9708
19800 -65 25 25 -5 -2.3134 -0.6913 3.9658
19801 -65 25 30 -90 -2.2400 -0.8850 3.9328
19802 rows X 7 columns
Accuracy ) Loss
035 Training Loss
LANg 0.30 Validation tLoss
706 | 0.25
g
<™ 0.10
1 |  Vatdaton pceurcy | 008 N _
2 0 50.00 10600 15600 20600 25(‘)0‘0 0 5000 10000 15000 20000 25000
Epoch Epoch

(a) (b)

Fig. 4 Learning results of regression model for robot motion
estimation (a) change in accuracy up to 25,000 epoch, and
(b) change in LOSS (MSE) value up to 25,000 epoch
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regression model as the mouse pointer position changes
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Fig. 6 Data on joint points extracted from photos using openpose
applied to actual robot
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