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Object Tracking in RGB-D Sequences Using a
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Abstract; To improve the precision of object tracking in videos, this work presented an RGB-D tracking
method using a spatial-temporal context ( STC) model. By introducing depth data, STC can clearly
distinguish target from background in the context, and perform effective fusion of the depth weights and
color weights. At the same time, based on the depth information and the target momentum, the proposed
method is capable of adjusting scale and handling occlusions. As a result, the proposed tracker is able to
produce precise prediction of target locations even when the target object is under severe occlusion.
Comprehensive evaluations on challenging datasets demonstrate that the proposed tracker gives favorable
performance over several state-of-the-art counterparts. Consequently, the proposed method in this work is
capable of achieving more precise and reliable object tracking in videos.
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Fig.1 Flowchart of spatio-temporal context model
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Table 1 Quantitative results of target tracking for different sequences
SR CLE
izl N ilisES . .
SIC cr CSK Bk SIC cr CSK A%
bear_change occlusion ,cross shade scale 0.081 0.255 0.257 0.375 127.550 69.759 114. 483 35.099
bear_front occlusion , cross shade scale 0. 121 0. 135 0. 146 0.470 164.986  116.268 126. 006 23,548
occlusion , cross shade |
cafe_ocel 0.036 0.036 0.071 0.389 304.206  340.815 274.330  144.049
background clutter
cc_ocel occlusion , cross shade scale 0.075 0. 081 0.075 0. 625 235.884  180.785 168. 368 28.372
) occlusion ,shade scale
cf_difficult 0. 140 0.198 0.182 0. 405 145.611  107.347 144. 951 19. 448
background clutter , deformation
of no_occ background clutter 0. 606 0.788 0. 561 0. 906 9.949 18.799 75. 830 12. 860
occlusion ,cross shade
cf_occ2 background clutter scale | 0. 156 0.222 0.200 0.244 194.230  232.306 173.732  210.015
deformation
occlusion , cross shade |
cf_occ3 0.348 0. 696 0.348 0.706 148.736 19.237 162. 308 15. 675

background clutter
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gR1
, SR CLE
W AR s1C cr €K &Kk SIC CT €K AT
face_occ2 occlusion ,scale 0. 196 0. 111 0.791 0. 883 232.479 111.269 18.786 14.351
face_occ5 occlusion 0.494 0. 500 0. 945 0. 888 69.514 63. 826 4.483 1.574
occlusion ,cross shade
new_ex_occl 0.020 0. 069 0. 196 0.793 320.627  319.694  359.357 29. 620

background clutter , deformation

occlusion ,cross shade |
new_ex_occ3 0.245 0.245 0. 265 0.750 259.989 252.557  249.746 18.326

background clutter
occlusion , cross shade

new_ex_occd 0. 490 0.529 0.510 0.627 94. 990 98. 683 85.338 16. 565

background clutter scale

occlusion ,cross shade
new_ex_occS_long background clutter scale | 0. 151 0. 188 0. 198 0.482 209. 094 122. 691 159. 786 36. 231

deformation

occlusion , cross shade |
new_ex_occ6 0.458 0.438 0.479 0.125 163. 385 170.387  150.225  132.720
background clutter

occlusion , cross shade
new_ex_occ7. 1 0. 121 0.431 0. 448 0. 655 201. 023 172.448  151.611 20. 409

background clutter scale
occlusion ,cross shade

studentcenter2. 1 0.229 0.265 0.035 0.378 169.677  257.876  296.190 78.217
background clutter scale

occlusion , cross shade |

two_people_L. 1 . 0.027 0.207 0.230 0.619  313.145  186.969  160.501 20. 406
background clutter ,deformation

two_people_L. 2 occlusion 0.334 0.051 0.202 1.000 70.977  205.839  102.485 1. 146

two_people_1. 3 occlusion 0.693 0.059 0.114 0.209 26,246  178.224  242.460 19.422
occlusion , cross shade

walking_occl ) 0. 662 0.338 0.353 0.985 81.739  209.548  210.859 7.140
deformation

zeup_move_l scale 0.830 0.827 0.824 0.851 7.662 13.207 13.662  31.916
T 0.296 0.303 0.338 0. 607 161.441  156.979  156.613  41.960
g 28169  19.481  226.614  13.184
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Fig.3 Qualitatitve results of target tracking for three sequences in Princeton dataset
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