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Visual recognition of excavator keypoints based on synthetic

image datasets
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Abstract: This paper proposes a method for excavator pose recognition using synthetic image datasets for
model training. Initially, virtual models and scenarios are established. Programming is utilized to randomize
the excavator pose, virtual camera position, and scene parameters. Subsequently, keypoint coordinates and
occlusion information are computed to construct synthetic image datasets. Finally, excavator key points
estimation is performed using a monocular camera. Experimental results demonstrate that training with
synthetic image datasets improves model recognition accuracy, with a normalized error of 0.005 6 and a
percentage of correct keypoint of 97.64% . Therefore, this method can meet the practical application needs
of monitoring excavator operation safety and work efficiency. It also avoids issues such as high safety risks,
high time/economic costs, narrow working condition coverage, and low label accuracy associated with
high—quality engineering dataset collection. This contributes to the application and deployment of deep

learning and big data technologies in excavator work state recognition.
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Fig.1 Keypoints recognition of excavator based on synthetic image dataset
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Fig.2 Occlusion of base—points and keypoints
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Fig. 3 Background and environment of synthetic image
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Table 1 PCKs of keypoints identification 0
B4 Point _1 Point_2 Point_3 Point_4 Point_5 Point_6 Point_7 Sy
Dataset #1 99.95 99.05 98.57 82.38 99.99 94.24 99.76 96.28
Dataset #2 99.99 99.99 99.99 83.76 99.99 99.76 99.95 97.64
Tian %t 98.75 95.00 88.57 80.10 — — — 90.61
Mahmood %%/ 96.18 96.94 94.65 92.78 — — — 95.14
F2 2DXERIRANMNEE
Table 2 NEs of keypoints identification

Bl Point_1 Point_2 Point_3 Point_4 Point_5 Point_6 Point_7 S
Dataset #1 0.003 8 0.004 3 0.006 1 0.012 8 0.002 2 0.006 1 0.005 9 0.005 9
Dataset #2 0.003 4 0.004 2 0.006 O 0.0131 0.003 1 0.004 8 0.004 9 0.005 6
Assadzadeh %™ 0.028 7 0.020 8 0.031 1 0.099 2 — — — 0.0450
Wen %14 0.039 9 0.028 2 0.0219 0.029 0 — — — 0.029 8
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4 1 TR BE AN G0 Al e (H R R 28 AP AT FE
Al Z LN, ENEfH o 0.012 8, BRI 1 BF
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Table 3 Point_4's PCK for each stage

5 PCK/%
e T : .
Erat ] HED IR
Dataset #1 59.19 89.63 99.99
Dataset #2 67.22 89.05 95.30

Dataset #1 £& A1 9 51K B2 51 L 33X GiE B 1 AR 3C 4
0 A R S 5 7 iz Atk . R BY, Data-
set #1 1Y K%l 37 368 5k , Dataset #2 [ K15
24 000 5K , Dataset #2 DA S /A Y FEA K ik 31 1 3
R AR L X S Kim ZF Y F s 45 R A
H s A LA PR A O g 2046 i 42 48 AL A 3 5 ]
DIBEALL ¢ B O, 4025 Rl /AL 228 35 B 42
AR A RS T S5 PR A A SR R R R i T
S A5 A B A A 1 X LA S R 5 O AR S i R A
Jrvk e, BARAE A AL AT T A IR ML RN S R i
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M FAEA 5 B B R AR . e, 5
SRR R MG R A R S BUE AR L BE A R T
A B AR Y T AR A, SORT DAHGTH S5 B B 5 FLE
PT A5 85 40 A 1 ke o, B s B AR ) R N R Rz
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