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Sports Ball Detection & Tracking ( )

* We propose a new SEDT baseline, WASB. Input: a (sports) video cllp Output: a (x,y)-coordinate of a sports ball (if visible) for each frame
* We introduce a new evaluation protocol using 5 SBDT

datasets from different sports (/& O <) §#). 6 SOTA e e e
methods are (re-)implemented for fair comparison. e < = el ] DEE ZASS | B
* Experiments show that WASB substantially outperforms

SBDT SOTAs on all the datasets.

Dataset & Codebase

B SBDT datasets from 5 different sport categories: {# ‘Qq 9—|—G B Comparison on 5 datasets from different sports (distance threshold t = 4[pixel])
- Volleyba” and Basketba” a—-e are newly |ntroduced by us Soccer Tennis Badminton Volleyball Basketball
# param. F11 Acc.T APT FPST Fl Acc. AP  FPS Fl Acc. AP  FPS Fl Acc. AP  FPS Fl Acc. AP FPS
- for Soccer’ \ and Basketball-}{—, new annotations are prowded DeepBall [40, 41] 0.IM || 445 927 263 446 | 474 323 47.0 521|524 386 600 57.1|644 507 492 211 00 129 00 303
— DeepBall-Large LOM || 449 895 340 420 | 467 316 351 477|506 368 595 530|704 575 565 211|572 475 366 309
Train Test BallSeg [80] 127M || 36.1 926 200 648 | 717 575 568 627|799 722 684 750|195 175 85 182|168 205 53 295
. . . . . . TrackNetV2 [75] 113M || 86.6 977 772 660 | 894 814 80.6 553|905 856 836 770|836 738 723 176|788 693 646 280
resolution | FPS | games clips  frames  disp.[pixel] | games clips  frames disp. ResTrackNetV2 12M || 846 974 755 562 |90.3 828 817 59.0 | 89.4 840 822 713|842 747 747 286|779 682 660 382
; 5 : 4 11904 04+ 100 : > 5090 571130 MonoTrack [50] 29M || 852 974 786 580 | 921 859 873 641|909 859 849 755|851 759 721 197|808 713 653 321
SUCC?T [19] 1920 1080 | 2 e D WASB (Ours, Step=3)  1.5M || 883 979 836 557 940 89.0 91.0 582 91.6 87.0 885 704|865 779 799 180|806 713 7.5 30.2
Tennis [32] 1280 x 720 30 7 65 14160 5.34+13.0 3 30 3675 13.610.2 WASB (Ours, Step=1)  1.5M || 882 979 862 23.6 956 91.8 942 352 931 89.0 91.6 343|880 800 832 158|826 734 77.1 223
VU“E}/IJ&“ 280 X 720 N/A 39 3493 143213 44 1 | l 4 16 1337 54817 51 1 15 | | Soccer | | | | Tennis | | | .Eadmintnn. | | .Vﬂlleyball. | | .Eiaskethall_ |
BﬂSkEtbﬂ” 1920 >< 1080 N/A 70 3392 244224 337 + 21 8 l l 432 31 104 339 + 214 100 - : g:igzﬂ_mrge 100 - _ 100 4 100 - -
B 6 SOTA SBDT methods, 2 of which (%) are minorly updated by us [ I R i B B [ R N
- DeepBall (1], DeepBall-Large,” BallSeq 25, TrackNetV2 (3}, ResTrackNetVZ2,” MonoTrack 4 = | == s siep=1 1 : . || : :
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1. High-Resolution Feature Extraction Model
- High-Resolution Modules (HRMs) of small HRNet (5] -
- Stem without strides to feed higher-resolution 3N
features to HRMs < -
- Multi-In Multi-Out (MIMO) design (N = 3) ot R R
Original stem design in HRNet Proposed stem design O S ——— —
2. Position-Aware Model Training 5l e
- Train a model that predicts heatmaps lelalolols oM alalololelsla —
representing ball positions 0/0[1[1]1]0[0] |0]0 omjoss|on| 0|0 E ol g
- Focal-loss 6] with binary ground truth (GT) >4t tit.9 0p= 11 1000 s |\
. . 0/1]1[1[1[1/0] [Ofoss 1|11 /o0 2" | | |
- Qu.allty foca.l I.OSS [71 Wlth reaI'VaIUEd GT 8 8 é 3 (])_ 8 8 8 8 0;3 0;6 0;3 g 8 2 3T[pi161]4 5 2 ST[piIEl]fl 5 2 ST[piXEl]:i 5 2 E‘.T[pixe”:i 5 2 3T[pi181]4 5
during remaining T'epochs u Qualltatlve results (blue ground truth, red precrtlon)
Binary GT Real-valued GT after after e e | e Ap

3. A Bunch of Tricks during Inference T epochs T + T’ epochs

- prediction of each ball position (i.e., (x,y)-coordinate) as a center of heatmap values in a detected blob Y 0 e R e aces 8
- online tracking with local motion model to take long-term temporal consistency into account = S e
- oversampling the same image in different MIMO combinations to produce diverse detection candidates
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