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This paper describes a method that predicts the
future positions of the opponent robots precisely
using the Extended Kalman Particle Filter. In the
RoboCup Small Size League, the positions of the
teammate and opponent robots and the ball dic-
tate the team’s strategy. The positions are given
by the global vision system, but they have noises.
Moreover, since the actions of the teammate robots
are computed based on the past, current and future
positions of the robots on the field, it is necessary
to get future positions of the opponent robots as
precise as possible. We don’t know the opponent
strategy so that we have to predict the future po-
sitions of opponent robots from the past position
data. So, we propose a following method to predict
the positions of opponent robots. First, we assume
that the acceleration of opponent robot is a Gauss-
Markov process. When we write a state model as
%X = Fx+ Gu and y = Hx + v, the matrices F and
G have a common parameter § which should be
estimated. We estimate it based on the Extended
Kalman Particle Filter. Experimental result shows
that the mean square error (MSE) of the predicted
positions reduced to 55% or less compared with the
MSE of the predicted positions which is used in our

team so far.
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