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Robust Real-time Pose Estimation to Dynamic Environments for
Modeling Mirror Neuron System
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ABSTRACT

With the emergence of Brain-Computer Interface (BCD) technology, analyzing mirror neurons has become more feasible.
However, evaluating the accuracy of BCI systems that rely on human thoughts poses challenges due to their qualitative nature.
To harness the potential of BCI, we propose a new approach to measure accuracy based on the characteristics of mirror neurons
in the human brain that are influenced by speech speed, depending on the ultimate goal of movement. In Chapter 2 of this paper,
we introduce mirror neurons and provide an explanation of human posture estimation for mirror neurons. In Chapter 3, we present
a powerful pose estimation method suitable for real-time dynamic environments using the technique of human posture estimation.
Furthermore, we propose a method to analyze the accuracy of BCI using this robotic environment.
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2.2 Human Pose Estimation

15 16 Num Joint Num Joint
17 o 18 o Nose 13 LKnee
2 5 1 Neck 14 LANnkle
] a 2 [Rshoulder | 15 REye
3 6 3 REIbow 16 LEye
4 RWrist 17 REar
& ° 8 oo 7 5 | LShoulder | 18 LEar
6 LElbow 19 LBigToe
T LWrist 20 LSmallToe
10 13 8 MidHip 21 LHeel
B) RHip 22 RBigToe
11 14 10 RKnee 23 RSmallToe
24 11 RAnkle 24 RHeel
23 21 20
22 19 12 LHip 25 | Background

2! 1. Body-259] ZEY QleiA
Fig. 1 Index by Joint of Body-25
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Algorithm 1: Image-Based Action Imitation Model

Algorithm for Mirror Neuron System Modeling

While ImageData based Robot Control Model Processing:
image < Get Nao Robot Image Data
image < Change image Data to RGB
(based on RGB of Open Pose)
OpenPose Body25 Model input variable image
if prob of OpenPose = 0.3 then
position < predicted value of Open Pose
control_A, control_B < Get two corrdinates of part to
control from variable position
# If controll RShoulder then controlA: RShoulder,
# controlB : RElbow
standard_A, standard_B < Get two coordinates of part
to standard from variable position
# To be body-based : standard_A < Neck,
# standard_B < MidHip
control < Use function coordinate_transfer(control_A, control_B)
standard < Use function coordinate_transfer(control_A, control_B)
Use “control-standard” to calculate angle of person and
command-robot

Function coordinate_transsfer(A, B):
R < B-A # to set A as a main point
angle < Change variable R to a polar coordinate system with A
angle < Change to the ref. coordinates of the axis of the robot

return angle
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Control and Reference Coordinates (Red: Control,
Blue: Reference)
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Table 1. Average Accuracy for Real-Time Video

Posture
Joint pose_acc. - : Count " - n
B diff.<=1 diff. <=2 diff. <=5
LShoulder 0.858 52/687 112/687 268/687
RShoulder 0.812 38/687 8/637 181/687
LEIbow 0.872 48/636 136/686 357/686
RElbow 0.8348 197/687 245/687 34/687
All 0.8475 3302047 | 5182141 | 1151/2747
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