










Figure 6: Part of the map of our office space (appr.
18x22m). The coloured lines show which pathes are ob-
served. The observer can overlook most of the area. The
green points represent the sample set from which the
HMM in Figure 8(a) is learnt.

Figure 7: The motion model after 25 observed trajecto-
ries. The states of the HMM are shown as red covariance
ellipses with a rectangle denoting the mean. The state
transitions are shown as red edges, the green arrows in-
dicate the models direction.
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Figure 8: a) An obstacle (yellow rectangle) was inserted
into the environment, blocking a path. As objects have
to choose different trajectories now, the model adapts
accordingly. The yellow arrows denote the models di-
rection where new paths were added. The green arrows
indicate the models directions where it was learnt before
the obstacle was introduced. b) Close up view on part
of the model. The transition probabilities are indicated
by the width of the edges.
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rection of motion of the objects that were tracked. Note
that the obstacle marked with an “A” is just a low bench
which did not obstruct the robots vision.

In the experiment people walked past the robot and
turned left, following the green arrow. In Figure 9(a)
the object was not immediately detected, resulting in a
slightly shorter initial model. In subsequent observations
the tracker picked up objects earlier and thus new states
were added to the model (see Figure 9(a)).
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Figure 9: a) The observer (red triangle) overlooks most
of the shown area. Objects pass the robots position fol-
lowing the green arrow. The red ellipses and edges show
the initial model of motion patterns. b) Due to new
information new states are added.

To verify the simulation results shown in Figure 5 we
let objects deviate from the learnt path, thus forcing
the algorithm to extend the model as seen in Figure 10.
Hence, it can be seen that the results from the simulation
experiment are also valid for real world experiments.
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Figure 10: a and b) Objects deviate from the learnt
model forcing the algorithm to learn a new path.

6 Conclusions

In this publication we presented a novel approach to
learning models of motion patterns. A sampling algo-
rithm is proposed which allows for online learning and
updating a Hidden Markov Model. It was shown that

motion patterns in larger areas can be learnt and new
paths can be easily added to the model.

Such a model can be used for various tasks, such as
path planning, moving object tracking and many more,
which we are currently embarking on. Furthermore, in
the near future we expect to scale such a model to 3D
space without having to substantially increase the com-
putational effort and memory demand.
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