










space) the more flexed the fingers will be. This is due to the
fact that the starting position is with fingers and thumb totally
extended and the transition between grasp types is smooth.
The clusters seem to be elongated in the start-end posture
direction. This makes sense, since the whole movement was
taken into account when clustering the grasp types.

In the grasp taxonomy of [4] the thumb plays a crucial
role in classifying the grasp types. The clusters which were
created here tend to go in accordance with this thumb
classification, but there are some conflicts. The reason for this
could be that the clustering algorithm gives each finger equal
importance, while in [4] the thumb plays a prominent role.
Some grasp types do not employ all fingers, which means
that potentially some fingers are not relevant for the grasp
definition. Currently those fingers are taken into account with
the same importance as fingers in contact with the object.

Fig. 5. Clusters of the human grasps.

V. CONCLUSIONS

The goal of the work presented here, differently from
all the existing grasp taxonomies, was to model the spatial
dimensionality and temporal context of hand actions. Instead
of studying how different objects are grasped, we study how
different grasps are performed. Apart from the important
insights of human hand motion, the developed technique has
also been used to evaluate the state-of-the-art taxonomies. We
have shown how the technique can be used to embed high

dimensional grasping actions in a lower-dimensional space
suitable for modeling, recognition and mapping. Considering
the whole grasping sequence instead of just a single grasp
posture facilitates the spatial and temporal reconstruction of
a grasping action. The method is evaluated on real data.

An immediate application of the extracted latent space
is a non-parametric dynamic model of grasping actions for
tracking and classification [21]. We do not model dynamics
explicitly but include back-constraints that indirectly enforce
temporal continuity in the latent space. This avoids the
unimodal nature of using an auto-regressive dynamic model.
The created GPLVM model potentially allows the generation
of concatenated grasping actions with natural transitions.
Thus, one idea is to apply constraints in the latent space
in a similar way as in [15]. Together with the evaluation in
terms of grasp classification this remains our future work.
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