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Robot [Sample images| Segmented |Detected as| Detected Misclassified Accuracy| Execution

node (sent) objects | unknown |as known (%) time(s)
R1 100 157 12 145 3 97.93 13.21
R2 100 149 11 138 1 99.27 12.85
R3 100 162 13 149 4 97.31 13.42
R4 100 155 9 146 3 97.94 12.69
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Network architecture Accuracy (%)

SSDlite_mobilenetV2_coco [6] 89.61

ShuffleNet V2 [7] 91.42

MobileViT-XS [8] 94.08

MobileNet V3 + one-class SVM

[our proposed model] 97.67
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