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Introduction

* Objective
— Multiple Objects Tracking (MOT) in 3D using a small-size co-

located audio-visual sensing platform

 Motivations

— Real-world applications e.g. surveillance, driver assistance

— Complementary advantages of multi-modalities

« Deal with the rapid changing environment

« An improved tracking performance
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Challenges

« Traditional problems e.g. reverberation, background noise, occlusion

and body orientation

* Depth estimate in neither audio nor video i.e. co-located setup

e Multi-modality fusion e.g. what, when and how to fuse
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State-of-the-Art (So0A) summary

 Increasing popularity for audio-visual MOT in 3D

e SOA Tracking approaches
— Kalman filter, particle filter framework etc.
— Time-delay, steered response power etc.

— Colour, detection, motion etc.

 Limitations
— MOT in 3D with distributed sensor networks
— MOT on image with small-size sensing platform

— Lack of public datasets
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Proposed method
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Video likelihood

* Discriminative or Generative likelihood
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Video likelihood

 Discriminative or Generative likelihood
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Audio likelihood

* Video-assisted acoustic map
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Experiments

« AV16.3 dataset (public)

— 8-element circular microphone array (20 cm diameter)
— Standard RGB camera

— Ground truth
— sensor calibration information
— target 3D location

« CAV3D dataset (self-collected)

— All above
— Co-located audio-visual sensing platform
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CAV3D dataset

A novel audio-visual dataset for MOT In 3D!

« Calibrated sensors
« Synchronized audio-visual signals
e Ground Truth (GT)

— Image location, 3D location, voice activities

« Three sub-sets (20), durations from 15s to 80s :
— CAV3D-SOT (9), 1 speaker

— CAV3D-SOT2 (6), 2 targets take turns to talk
— CAV3D-MOT (5), 3 concurrent speakers
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CAV3D dataset

A novel audio-visual dataset for MOT In 3D!

« Corner cameras

« Camera’s Field of View
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Tracking result — demol
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Tracking result — demo2
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Results

| Image plane | 3-D
| Kilic2015 [Qian2018 | AO(2-D) | VO [ AV3T  |Zotkin2002] Qian2018] AO(2-D) [ VO [ AV3T
TLR 2954124 25.0+1.2 522+4.7 384+ 17.5 7.0+ 3.6 84.84+5.4 68.7+29 56.5+44 | 47.3+13.5 | 31.8+ 3.5
[C—) £ 60.0+£34.1 38.2+2.3 60.3 6.9 80.2+103.0 16.5 = 8.6 84 4 . 00 £+ .02 52+ .08 76 = .34 30 = .05
“ g’ 24.5+30.5 155+ .4 277+ 1.2 127+ 1.1 122+ .3 AT 402 | 20+ .01 A7+ .01 16+ .01 d6 + .01
~ | TLR 33.0+18.5 23.0+ .9 38.3+39 13.4+ 7.6 4.0+ 1.6 85.24+4.5 62.9+28 436149 201+ 7.1 111+ 3.1
[5 £ R1.7+73.5 53.4+2.6 48.0 + 6.0 36.5 +27.2 208 54 7o+ .07 AT+ .02 37+ .07 31+ .12 A8 + .02
v e’ 23.7+64.5 13.3+.3 25.0L 6 12.0 £ .2 11.7+ .2 A7+ .02 20 = .01 15+ .01 14 = .01 14 = .00
TLR 16.0+10.0 - 5944+ 11.5 371+ 7.1 11.2 + 59 77.T+8.1 - 70.24+9.0 56.6 + 6.2 357+ 6.6
[5 £ 59.3+33.9 - 155.7+60.6 127.9+60.1 24.8+23.7 92+ .23 - 1.03+.27 1.05 + .22 43+ .12
= e’ 17.64+27.4 - 199+ 2.1 122+ 1.3 10.1 £ .6 16 £ .02 - A6 £ .02 14 £+ .02 15 = .01
Tracking results comparison on CAV3D dataset
| Image plane | 3-D
| Kilic2015] Qian2018 [ AO(2-D) | VO [ AV3T | 7Zotkin2002] Qian2018] AO(2-D) | VO [ AV3T
. TLR - 48.24+3.8 48.14+6.0 90+1.9 851+ 26 104 1+ 3.4 2924+37 | 3494+89 | 52.7+5.5 13.34+4.3
o £ 11.8+.2 19.9+1.6 24.1£5.7 82+1.1 7.7+ 13 A5+ .01 25 £ .02 28 +£ .07 41 + .05 16 = .02
v = - 85+.3 T6x.5 53+ .1 53+ 1 12 £+ .01 14 + .01 15+ .01 16 = .01 A1 = .01
- TLR - - 56.6+9.4 15.54+9.0 9.2 + 6.0 377+ 5.6 - 44.9 + 1.2 56.3 + 9.8 15.8 + 8.9
o 5 11.2-E.1 - 38.4+9.2 179188 10.1 - 3.7 314+ .03 - A8 + .12 b2+ 11 21 4+ .07
= g’ - - 7.7+ .9 b1+ 4 49+ .3 14 4+ .01 - A5+ .02 154+ .02 A1 4+.01
Tracking results comparison on AV16.3 dataset
http://cis.eecs.amul.ac.uk/AV3T.html
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Thanks for your listening!
Any questions?

Xinyuan Qian
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