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kNN GBT CNN-LSTM
Category | IEfFSL | TESR | EffS | EER | B | EER
Forward 95 0.546 114 0.655 91 0.522
Right 79 0.541 72 0.493 73 0.500
Back 52 0.363 31 0.216 70 0.489
obstacle 137 0.717 123 0.644 139 0.728
protect 64 0.489 49 0.374 74 0.565
chair 57 0.471 45 0.372 35 0.289
syncope 25 0.166 31 0.205 29 0192
left 71 0.455 49 0.314 55 0.352
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