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Training Method Using Real Images and Simulation Data
for Activity Recognition of Excavators
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In this study, we proposed a training method using real images and simulation data
for activity recognition of excavators. In the proposed method, the activity recognition of
excavators is divided into a position detection model, a skeleton detection model, and an
activity recognition model. The first two models are trained from real image data, while the
activity recognition model is trained from simulation data. We confirmed that the proposed
method can achieve the same or better accuracy than the conventional method that uses real
video data, even though the proposed method does not use any real video data in the training
process. We also obtained suggestions on how to efficiently collect data from simulations.
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Fig. 1: Excavating cycle
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Fig. 2: Overview of the proposed method
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Fig. 3: Data acquisition
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Fig. 5: Data augmentation
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Table 1: Number of data
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Condition 1 | Condition 2 | Condition 3 | Condition 4 | Condition 5 | Condition 6 | Condition 7
M rain 800 160 80 40 800 800 800
My 80 16 8 4 80 80 80
Nyiew 5 25 50 100 1 10 15
Ntrain 4000 4000 4000 4000 800 8000 12000
Nyar 400 400 400 400 80 800 1200
! 0.85
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Fig. 6: Accuracy comparison
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