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Introduction: Player and Ball Tracking Data in Team Sports
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The ball is too tiny relative 
to the wide pitch and often 
occluded by players.The ball seems to be a small white spot, 

so it is confusing with other objects
such as spare balls, penalty/center 
spots, or white shoes.



Framework for Context-Aware Ball Trajectory Inference

Player possession classification (PPC)
Given a set 𝑋!:#$ = {x!:#

% }%∈$ of player trajectories, 
find the player 𝑞' that possesses the ball at each time 𝑡.

Ball trajectory regression (BTR)
Given a set 𝑋!:#$ = {x!:#

% }%∈$	of player trajectories, 
estimate the ball trajectory y!:#.

Predicting the ball trajectory from player trajectories as a cost-efficient alternative to video-based ball tracking



Permutation-Invariant/Equivariant Context Representations
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Detailed Model Architectures

Players’ ball possession probabilities Predicted ball trajectory

Player Possession Classifier Ball Trajectory Regressor



Loss Function
Cross entropy loss for the accuracy of PPC
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MSE loss for the accuracy of BTR
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Reality loss for naturalness of ball trajectories
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where 

𝜃' = arccos
v' B v'-!
v' v'-!

is the course angle of  the trajectory at 𝑡 with the 
direction v' = ,y' − ,y',! of the ball, and

𝑑' = min
%∈$

,y' − x'
%

+

is the distance between the ball and the nearest player.

Total loss function
ℒ	 = ℒMSE + 𝜆RealℒReal + 𝜆CEℒCE

where the coefficients are empirically set to 𝜆Real = 1	
and 𝜆CE = 20	in our study.



Rule-Based Postprocessing

Calculating possession scores

𝑠̂'
% =

,𝑔'
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Rule-based ball touch detection
• If 𝑠̂.

/ = max
%∈ 0$

𝑠̂.
% > 0.5, then 𝑞 touches the ball at 𝜏.

• If 0.2 < 𝑠̂.
/ = max

%∈ 0$
𝑠̂.
% ≤ 0.5 and 𝑠̂.

/	is a local maximum of 

the function max
%∈ 0$

𝑠̂'
% of 𝑡, then 𝑞 touches the ball at 𝜏.

• Otherwise, the ball is moving from one player to another

Postprocessing



Visualization of the Resulting Trajectories

Neural network output
Postprocessed output
Ground truth



Experiments

Evaluation metrics
• Position error (PE): − !

#
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+

• Reality loss (RL): − !
#,+

∑'(!#,! tanh 𝜃' B 𝑑'

• Player-level possession accuracy (PPA):
V𝑡: 1 ≤ 𝑡 ≤ 𝑇, argmax

%∈ 0$
,𝑔'
% = 𝑞' 𝑇

where 𝑞' denotes the true ball possessor at 𝑡.
• Team-level possession accuracy (TPA):

V𝑡: 1 ≤ 𝑡 ≤ 𝑇, argmax
%∈ 0$

,𝑔'
% ∈ 𝑄' 𝑇

where 𝑄' denotes the team that 𝑞' belongs to.

Dataset Experimental Results
• H-: A hierarchical model with player-level ball 

possession as an intermediate target.

• -RL: A model trained with reality loss (i.e., 𝜆Real = 1).

• -PP: A model followed by rule-based postprocessing.



Practical Applications
Ball trajectory imputation

Semi-automated pass annotation

Possession-wise running performance metrics





Contributions

• We propose a framework for inferring the 
ball trajectory from player trajectories in a 
sports match as a cost-efficient alternative 
to video-based ball tracking.

• Our framework suggests a way of encoding 
permutation-invariant/equivariant nature 
of multi-agent sports contexts.

• We introduce a several practical 
applications to be utilized in sports 
analytics industry.

Discussion

Future work

• To make the neural network identify 
whether a player is carrying the ball or it is 
in transition at a given time in order to 
remove the postprocessing step.

• To construct an end-to-end framework that 
first obtains reliable fragments of the ball 
trajectory by optical tracking in a match 
video and then performs trajectory 
imputation leveraging our method.

• To devise other significant and 
interpretable applications related to match 
analysis that utilize the multi-agent 
attention scores in Set Transformer.
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