Object Detection in Videos with Tubelet Proposal Networks
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ACProposals in Video Object Detection) ( Tubelet Proposal Networks ) (Qualitative Results)

Qualitative results on ImageNet VID validation set
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Method | airplane | antelope | bear | bicycle | bird | bus | car | catle | dog | cat | elephant| fox  glantpanda hamster horse | lion
Static (Fast RCNN) 8210 | 7840 6650 6560 = 6610 | 77.20 5230 | 4910 5710 | 7200  68.10 76.80 71.80 89.70 6510 | 20.10
Moti Predicti Tubelet Encoder Decoder Class RegressMove+Fast RCNN | 77.60 77.80  66.30 65.40 64.90 76.60 51.40 4930 5590 7240 | 68.40 77.50 71.00 9000 = 6420  20.80
otion Frediction Features LSTM LSTM Label En co d er LSTM > | > | > | > | | RegressBox+LSTM 7590 | 7830 | 6600 = 6460 = 6820 = 8130 5380 | 5280 = 60.50 = 7220 | 69.80 78.20 72.40 9010 6640 = 21.20
RegressMove+LSTM 8390 7940 7150 6520 6830 = 79.40 5330 6150  60.80 = 7650  70.50 83.90 76.90 9160 6610  15.80
y 4 RegressMove+ED-LSTM | 8460 = 7810 = 7200 = 67.20 6800  80.10 = 5470 6120 6160 7890  71.60 83.20 78.10 9150 | 6680 | 21.60
I
| | Method  lzard  monkey motorcyl rabbt redpanda sheep | snake | squimel figer | ain | furle  watercrat  whale | zobra | MeanAP |
! Static (Fast RCNN) 6380 = 3470 7410 4570 5580 5410 5720 = 2980 | 8150 | 7200 = 74.40 55.70 4320 89.40 63.00
Classification # : RegressMove+Fast RCNN | 6460 = 3200 = 6910 = 4540 5820 5400 5670 2860 8060 7300 7370 54.30 41.40 88.50 62.30
I Tu belet Featu res RegressBox+LSTM 7430 | 3340 = 7270 | 5130 5550 = 61.30 6880 = 4220 = 8130 7810  76.00 60.90 42.90 87.40 65.30
NN i
" RegressMove+LSTM 7460 = 8470 7710 | 5250 = 71.00 = 6090 = 6370 4060 = 8450 = 7860  77.40 60.20 63.70 89.00 67.80
: RegressMove+ED-LSTM | 74.40 = 3660 = 7630 = 5140 7060 6420 6120 4230 = 84.80 | 7810 | 77.20 61.50 66.90 88.50 68.40
I
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. ( Experimental Settings )

( YouTube-Objects Dataset )

Initialization of tubelet proposal networks

y A , . . A
: o - Mean Absolute | Mean Relative | . Object localization on YouTube-Objects (YTO) dataset
| [ KN NN N AR AN A o Gow Difference Difference
Tubelet | g i | EEEATITT, aero | bird | boat | car | cat | cow | dog | horse | mbike | train | Avg.
CNN ! LEEphpE Pt P A ez RegressMove Random 2 15.50 0.0730 0.7966
! Al Prestetal. (CVPR2012) | 517 | 175 344 347 223 | 179 135 | 267 412 | 25 285
| L e Regressiiove Random 3 28.00 0.1319 0.6972 Joulinetal. (ECCV2014)| 251 | 312 278 385 412 284 | 339 356 231 250 310
A S 7 RegressMove RNN 5 13.87 0.0683 0.8060 oulin etal. = ' : ' : ' : : : L
P Spatial Anchors RegressMove Block 5 12.98 0.0616 0.8244 Kwak et al. (ICCV 2015) | 565 664 | 580 768 399 693 504 563 530 310 557
~—— RegressMove Block 11 15.20 0.0761 0.8017 Kang et al. (CVPR 2016) 94.1 69.7 88.2 793 76.6 186 89.6 89.0 87.3 753 76.8
Tubelet Proposal Network Encoder-decoder LSTM RegressMove Block 20 18.03 0.0874 0.7731 SR #le | SRS | 551 | 868 | M | W3 | WD | 878 | ST | 86 | S2s




