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Motion Recognition of Workers using Skeleton and LSTM
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ABSTRACT

In the manufacturing environment, research to minimize robot collisions with human beings have

been widespread, but in order to interact with robots, it is important to precisely recognize and predict

human actions. In this research, after enhancing performance by applying group normalization to the

Hourglass model to detect the operator motion, the skeleton was estimated and data were created using

this model. And then, three types of operator's movements were recognized using LSTM. As results

of the experiment, the accuracy was enhanced by 1% using group normalization, and the recognition

accuracy was 99.6%.
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0 — Bottom torso 9 — Neck base

1— Left hip 10 — Center head
2 — Left knee 11 — Right shoulder
3 — Left foot 12 — Right elbow

4 — Right hip 13 — Right hand

5 — Right knee 14 — Left shoulder
6 — Right foot 15 — Left elbow

7 — Center torso 16 — Left hand

8 — Upper torso

Fig. 1. Examples of body keypoints,
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Fig. 2. System overview,
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Fig. 3. Transformation result of conv module (a) with
out group norm and (b) with group norm,
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Fig. 6. Comparison of train and valid performance for MPIl dataset (a) without Group normal model stack 1, (b)
without Group normal model stack 8, (c) with Group normal model stack 1, and (d) with Group normal model

stack 8,
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Fig. 7. Comparison of train and valid performance for LSP dataset (a) without Group normal model stack 1, (b) without
Group normal model stack 8, (c) with Group normal model stack 1, and (d) with Group normal model stack 8,

Table 1. The performance for proposed algorithm by dataset,

With Group normalization Without Group normalization
Stack 1 Stack 8 Stack 1 Stack 8
MPII Dataset 774 81.9 77.3 80.9
LSP Dataset 364 68.2 65.1 69.2
Aok o2 s IF Aarstrt delolzt Aol At g2 AgEE BAAT U AqAE =
e} FH Al JE 5 Bt T8 al o] I Ee S AYEE Byt 283 FFHOE 0.77%] A
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et Agksts el HEEs 1% Edvh
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Table 2, The performance for proposed algorithm by body parts,

Head Shoulder Elbow Wrist Hip Knee Ankle Mean

With Group 96.11 93.50 84.47 79.61 84.92 80.45 7695 85.26
normalization

Without Group 96.32 93.48 83.79 79.29 82.29 79.00 76.62 84.49
normalization
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Table 3. The performance for proposed algorithm,

Confusion Matrix
Moving Grapping Walking
Moving 97 0 3
Grapping 1 99 0
Walking 5 0 95
Classification score
LSTM Mobilenet
Accuracy 99.6 99.8
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