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Introduction

® \We track people in monocular videos.
Rajasegaran et al.

e we lift every people in avideo to 3D. .5k 00,
® We aggregate the states and make predictions.
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Tracking People by Predicting 3D Appearance, Location and Pose
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Detection Experiments and Results
® o o
Method Posetrack MuPoTS AVA
IDs] MOTA?T IDF11T HOTAT | IDs{ MOTAT IDF1t HOTAT | IDs{ IDF11
. Tra Ckl €t Trackformer [29] 1263 33.7 64.0 46.7 43 24.9 62.7 33.2 716 40.9
. . . Tracktor [4] 702 42.4 65.2 38.5 53 51.5 70.9 50.3 289 46.8
““ AlphaPose [¥] 2220 36.9 66.9 37.6 117 37.8 67.6 41.8 939 41.9
’.“ Rt . . . FlowPose [39] 1047 15.4 64.2 38.0 49 21.4 67.1 43.0 452 52.9
o ":;‘A . . "0‘ s, ’0’ T3DP [32] 655 55.8 73.4 50.6 38 62.1 79.1 39.2 240 61.3
”oj." ssociation “ A *, A PHALP 541 589 764 529 | 22 662 814 594 | 227 627
ppearance — . .
o Table 2. Comparison with state-of-the-art tracking methods. We compare our method PHALP with various tracking methods in three
‘ different datasets. Our approach outperforms the other baselines across all datasets and metrics.
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® Appearance Is constant over time

® Exponential moving average to aggregate.
oA, is the distance between prediction and

detection.

® Human motion is linear.
® Place every humanin X, Y and N.

® nearness = 1/scale.
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® Inlier, outlier distribution for appearance, pose,
2D location, and nearness.

Distribution of 3D appearance Distribution of 3D pose Distribution of 2D location Distribution of nearness
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- Pp=:2-, a=3283 = Pp=sto,a=2139|| = w0f— = Pxy = exp(—), a=0.095 y |7’,\i‘— exp(Z), a=0.150
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® Total cost is the negative log likelihood of the

joint distribution.
P(DJ S T’i‘Aaa Apa A.’Bya A’n) X PAPPPXYPN

e Human Mesh and Motion Recovery to predict

human pOSES. Kanazawa et al. CVPR 2019
® Pose distribution is modeled as a Cauchy

distribution.

Pp(D; € Ti|dy, = Ap)

@C(Dj,TZ') — lOg(P(DJ - Tz))

— log('PA) — log('Pp) — lOg(PXY) - log(PN)a
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® Hungarian to solve association.



