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OVERVIEW METHODOLOGY

KEY CONTRIBUTIONS

< A novel jersey number recognition network that utilizes
MAEs coupled with a transformer decoder to capture ro-
bust features from low-resolution blurred tracklets.

%+ A new domain-guided masking strategy, termed d-MAE,
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Overall architecture. Given a tracklet T consisting of N frames, we pass T through the KfID module to extract n < N
keyframes that contain the jersey number. Each keyframe is passed as an input to our d-MAE encoder to extract spatial features
(b) d-MAE (Ours) F. These features are then fed to the temporal transformer decoder to extract temporal features Fiemp. Two classification heads
are utilized to compute the predicted digits of the jersey number ¢; and ¢, respectively.
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LOss FUNCTIONS ABLATION STUDY QUANTITATIVE RESULTS
Siamese Loss: < Comparison with backbones and masking strategies Method SoccerNet Ice Hockey Baseball
£Slamese T h o o .
(D) - Backbone  Pretraining Masking Strategy Test Acc Gerkeetal 3257 61'20 64.47
. e L Vats et al 46.73 83.17 87.61
Multi-head Classification Loss: ResNet-18 _ 58.62 L ot al 17 85 31 15 3879
ResNet-34 - 61.29 Vatsetal ~ 52.91 85.14 89.46
Lelass = Z yi log 4 ResNet-152 - 65.10 Balaji etal  68.53 92.50 93.68
ViT-B Zeroing-Out 75.83
ViT-B Gaussian Blur ~ 76.47 Ours 7731 96.79 )4.70
ViT-B Motion Blur 77.31
QUALITATIVE RESULTS A
% Comparison of our model with and without K{ID CKNOWLEDGEMENT
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Dataset Test Acc Challenge Acc
Pred: 24 Ice Hockey 61.71

T 24 Baseball 88.43
SoccerNet 35.65
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Prediction: 24  Prediction: 24 Prediction: Predicton: 24 Prediction: 24  Prediction: 24 Ice Hockey ()  96.79 135.08
Baseball (7) 94.70 15.73 -

SoccerNet () 77.31141.66 81.92 145.94

- r Pred- 33 < Impact of feature extractors and metrics for Lgamese
{ GT: 33 Qi ap
. ‘ Feature Extractor | />-loss ¢;-loss Cosine Similarity REFERENCES
l- VGG 76.30 76.21 /74.52 [1] Bavesh Balaji, Jerrin Bright, Harish Prakash, Yuhao Chen,
Prediction: 33 Frecln:tmn 33 FIEIE']ELICI'I] Pl'-E:dll:[Iﬂll 33 Prediction: 33  Prediction: 33 ResNet 7645  77.31 74.90 David A. Clausi, and John Zelek. Jersey number recognition
Performance of our model on two different player tracklets from all three datasets. We find our model’s prediction for each InceptionNet /584 75.93 /4.66 using keyframe identification from low-resolution broadcast
image separately and for the entire tracklet (Pred). GT represents the ground-truth value for the entire tracklet. AlexNet /438 74.41 7393 videos. In Proceedings of the bth International Workshop on Mul-

timedia Content Analysis in Sports, MMSports "23, 2023.




