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11x11 convi(stride 4) + ReLU
3x3 max pooling(stride 2)
5x5 conv2(stride 1) + ReLU
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Algorithm 1 Stowing motion select

E(score) singiearm: Expected score of single-arm stowing
E(score)quatarm: Expected score of dual-arm stowing
threshold: Threshold for E(score) comparison
if E(score)duatarm — E(score)singicarm > threshold then
Execute Dual-arm Stowing Motion
else if E(score)singtearm < 5 then
Execute Dual-arm Stowing Motion
else
Execute Single-arm Stowing Motion
end if
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#% 1: Stowing Task Dataset Statistics

Stowing Success | Drop | Protrusion | Damage | Total
Motion

Single- 74 48 28 1 151
arm

Dual- 121 11 21 2 153
arm
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7% 2: Evaluation of our method

Stowing System || Ave. Score | Ave. Time (s) |
Single-arm Stowing System 6.0 52
Dual-arm Stowing System 8.8 67
Our Method 8.8 59
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