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Table 1. Comparision of Result Accuracy

Train dataset
. 61 62 63
& input
NYUdataset &
aa 0.240 0.488 0.635
NYUdataset & 0.309 0.511 0.637
thermal
KNUdataset & 0.520 0.679 0.747
thermal

RGB(bright environment) Thermal GT(Depth)
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& RGB input & Thermal input
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Fig. 2. Comparision of different train dataset &
input inference result (bright/dark enviroment)
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