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Game State and Spatio-temporal Action Detection in Soccer
using Graph Neural Networks and 3D Convolutional Networks
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Introduction
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Sequences of images
and tracklets of the players
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Video Understanding (3D CNN)




GNN (Graph Neural Network)
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aggregating the features of the neighbors




Graph Neural Networks
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Graph Neural Networks
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Methodology
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_ _ o #inon-act. | Position &
# classes # inst. Max #inst. | Min #inst. | # act. bbox _
bbox Velocity
Multisports | Aerobic gym. 21 8703 - - 325k 0 X
Multisports Volleyball 12 7645 - - 139k 0 X
Multisports Basketball 18 9099 - - 213k 0 X
Multisports Football 15 12254 - - 225k 0 X
Multisports Total 66 37701 3477 3 902k 0 X
Footovision Football 8 19969 2500 2500 620k 19,9M v

Figure 2: Comparison of the characteristics of the MultiSports and Footovision datasets



Methodology
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After applying TAAD to our clip of T frames

MethOdOIOQ_y with N players, ‘:?':FEt obtain a feature tensor ®yip E

R.-"-.-’.r? ‘x192

- _ 1
, and we note II!?D the visual feature vector
of the player 1 and time t:
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Figure 1. X3D networks progressively a 2D network across

the following axes: Temporal duration -y, frame rate -y, spatial
resolution 7y, width ~,,,, bottleneck width -3, and depth ~4.



« its normalized position (p{"", p\"")) at time t,

* its normalized velocity (v : #) _, 1,_1.’ ”) at time t,

Methodology

its team membership, either 0 or 1, j,rm ) _ pAX (MLP (hff"

f”"})) 3)

Where MLP is a shallow Multi-layer Perceptron
space of lower dimension (D’=64), noted (PX%D and MAX a channel-wise max pooling operation.

* a projection of its visual feature vector fI)X D in a
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<ZF2|> Over-Smoothing Issue
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Figure 1: Accuracy of GCN on Cora w.r.t. # of convolution layers.




Precision-Recall curve
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Evaluation

C: H|o|E 2

Increase in number

Decrease in number

Actions of True Positives of False Positives

Ball-Drive 0,0% 23,0%
Pass -0,5% 13,1%
Cross -7,9% 39,9%
Throw -0,4% 31,0%
Shot 3,9% 23,3%
Header 0,9% 29.0%
Tackle 13.8% 47 8%
Ball-Block 1,3% 36,0%
Overall 0,4% 29,0%
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True label

Evaluation
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Critic
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Critic
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Future work
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