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Abstract. In robotics research is an increasing need for knowledge about
human motions. However humans tend to perceive motion in terms of
discrete motion primitives. Most systems use data-driven motion seg-
mentation to retrieve motion primitives. Besides that the actual inten-
tion and context of the motion is not taken into account. In our work
we propose a procedure for segmenting motions according to their func-
tional goals, which allows a structuring and modeling of functional mo-
tion primitives3. The manual procedure is the first step towards an au-
tomatic functional motion representation. This procedure is useful for
applications such as imitation learning and human motion recognition.
We applied the proposed procedure on several motion sequences and
built a motion recognition system based on manually segmented motion
capture data. We got a motion primitive error rate of 0.9 % for the
marker-based recognition. Consequently the proposed procedure yields
motion primitives that are suitable for human motion recognition.

1 Introduction

In the field of robotics exists an increasing need for knowledge about human
motions, as a humanoid robot has to be empowered with knowledge about mo-
tion sequences [1]. Given the continuous nature of motion, there is an unlimited
number of motion sequences that can be performed. Therefore, it is impossible
to enumerate a complete set of motion primitives. Boundaries of motion prim-
itives are often arbitrarily defined, making it difficult to automate the motion
segmentation process [2]. However, humans tend to perceive motion in terms of
discrete motion primitives [3, 4] and thus motion segmentation is still considered
useful for some applications, including imitation learning [5] and human motion
recognition [6].

Various different approaches can be found in the literature as to what should
be seen as a motion primitive and to how these motion primitives can be modeled

3 This work has been supported by the Deutsche Forschungsgemeinschaft (DFG)
within Collaborative Research Center 588 “Humanoid Robots - Learning and Coop-
erating Multimodal Robots”
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[5]. Various types of motion primitives are used ranging from low-level motions,
e. g. moving the hand forward, up to complex motions such as setting the table.
Currently, most approaches are data driven [8, 9] and exhibit a gap between
kinematic and functional motion representations. In many scenarios it is not
sufficient to know the kinematic or dynamic parameters of a motion, since the
goal of the motion might not be reached although the execution of the motion
is correct. For example, if a robot wants to grasp a glas, it has to make sure
that the glas is properly grasped. It is not sufficient, if the robot only performs a
motion trajectory based on kinematic and dynamic parameters, which does not
result in grasping the glas.

In this paper we start to bridge this gap by looking at the problem from top-
down. We think that a system for decomposing motions into motion primitives
should take the goals of a motion into account. It is not suitable to decompose a
motion in an arbitrary way, since the goals of the motions have to be fulfilled to
perform the motion properly. To the best of our knowledge there is no system for
decomposing arbitrary daily-life motions into motion primitives based on func-
tional information. In our work we propose a system which allows us to retrieve
a motion decomposition into motion primitives based on functional knowledge.
Relatively few papers have so far dealt with higher abstraction levels of human
motions which touch the border of semantics. Some papers try to segment the
data based on object relationships [10, 11]. We do not use these appoaches since
we also want to segment communicative gestures which are not object related.
Another step in the direction of functional motion representation has been done
by Guerra-Filho and Aloimonos [12]. They started to close the semantic gap
between a WordNet and sensorimotor information by grounding a set of primi-
tive words. Similar ideas have been presented by Ivanov et al. [13], whereas they
assume a natural decomposition of motions into low-level primitives and higher-
level semantic information. In our work we propose a systematic approach for
a manual segmentation of motions into motion primitives based on the motion
goals. The manual segmentation is a first step towards an automatic functional
motion segmentation and will act as a baseline for the automatic segmentation.

2 A functional procedure to identify motion primitives

In this section a heuristic procedure is introduced that enables a decomposition
of voluntary motions into motion primitives. Before analyzing the motion se-
quence in detail, the motion context should be considered (e. g. which objects
are in the environment and where are the objects located). The motion context
needs to be defined since this information is necessary to constitute the solution
space. After the solution space is issued, an analysis of the motion sequence
itself has to be carried out. The individual elements of the motion are primi-
tives, which carry a specific function according to the overall goal of the motion
sequence. These primitives therefore are called functional primitives. We distin-
guish between main functional primitives and supporting functional primitives.
Main functional primitives appear at least once during the motion and deter-
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mine the goal of the motion. In contrast, supporting functional primitives are not
directly related to the goal of the motion and functionally dependent on other
functional primitives. Besides this functional relation there is a temporal rela-
tion (Fig. 1). Thereby, preparatory supporting functional primitives improve the
situation for subsequent functional primitives. In contrast, assistant supporting

function primitives improve the execution of concurrent functional primitives.
Finally, transitional supporting functional primitives transform the present mo-
tion situation into a new situation [14]. The two axes of the diagram in Fig. 1
represent the functional and temporal relationships of the motion primitive. For
a more precise representation of the dependencies lines and arrows are used. An
arrow hereby specifies a functional relationship between two motion primitives
while a line specifies only a temporal relationship.
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Fig. 1. Types and relationships of different functional primitives.

There are three possibilities for the decomposition of a motion sequence into
functional primitives. In the case of the inductive functional structuring perceiv-
able motions of the performer are the starting point for the decomposition. These
motions are performed because they fulfill certain functions in the context of the
motion goal and therefore these motions lead to functional primitives. The ori-
gin of the deductive functional structuring are not motions but the motion goal
and the motion context. Thereby the motion goal has to be decomposed into
sub-goals and according actions of the performer have to be defined. Due to
the phenomenon of motor equivalence [15] in biological motor control different
motions can be defined that fulfill the same goal. A third possibility is a com-

bined functional structuring which corresponds to a synthesis of the inductive
and deductive structuring [14]. For each of the identified functional primitives
temporal and positional constraints have to be examined. This has to be done
at the beginning, during and at the end of each functional primitive, e. g. where
the hands of the person must be, at the beginning, during and at the end of each
functional primitive. It also has to be specified, whether the motion primitive
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has to be performed in a certain period of time. Finally, the segmentation of the
motion into different functional primitives can be applied. The procedure does
not guarantee that the decomposition always results in the same motion prim-
itives and the same structure. The procedure is mainly a possibility to retrieve
functionally plausible motion primitives, whereas the plausibility may depend
on the desired application. The decomposition of a motion sequence results in
different possible structures of motion primitives. Also the actual performed mo-
tion might be different for the same motion primitive. In other words the object
positions and the used limb (e. g. left arm versus right arm) have to be taken
into account for the performed motion. If for example an object is already at the
desired position it can happen that no motion has to be performed for a motion
primitive.

3 Application of the procedure

In this section we applied the above introduced procedure to a daily-life motion
in a kitchen, cutting an apple (see Fig. 2). The motion sequence is part of the
scenario of the Collaborative Research Center (CRC) 588 - Humanoid Robots.
The goal of the CRC 588 is the construction of humanoid service robots that
share their activity space with human partners. For the application of our proce-
dure we assume that a person is facing a table. The result of the decomposition
strongly depends on the environmental conditions, e. g. present object. The ob-
jects involved in the task “cutting an apple” are an apple, a knife and a cutting
board. At the beginning and the end of the motion sequence the objects are
placed on the table.

Fig. 2. Complex human motion sequence in a kitchen scenario: cutting an apple.

We used a deductive functional structuring to decompose the motion sequence
into motion primitives. Fig. 3 shows two structures of the task “cutting an apple”.
For simplicity reasons we assume that only one motion primitive is performed at
a time. Multiple motion primitives performed at the same time will be addressed
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in future work. The dotted line represents an arbitrary number of repetitions
of the motion primitive “cut apple”. In our case the motion primitives have
no temporal constraints besides the temporal structure shown in Fig. 3. At the
beginning of the primitive we have no constraints induced by the motion context.
The positional constraints during the motion primitives are: FP4: cut at apple,
other hand at apple. Constraints at the end of motion primitives are: FP1: apple
on top of cutting board, FP2: knife on top of apple, FP3: hand at apple, FP6:
knife at original position, FP7: apple leftover at original position.

4 Evaluation of the procedure

For the evaluation we applied the procedure to five tasks in total: cutting an

apple, pouring water, grating an apple, stiring, mashing. The decomposition re-
sulted in 24 motion primitives including the ones described in Sec. 3. For training
purposes of a recognizer, a subject performed each task 20 times in a single ses-
sion. For data acquisition each motion primitive was always done with the same
hand. We manually segmented the 100 motion sequences based on the retrieved
motion structure and build a motion recognition system. We evaluated, what
recognition performance can be reached when using the extracted motion prim-
itives. We tested the recognition system without using a motion grammar to
guide the recognition process, when using a statistical bigram model and when
using a motion grammar deduced from the motion structure. For the segmen-
tation and the grammar of the task cutting an apple we used the upper motion
structure in Fig. 3.
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Fig. 3. Two functional and temporal structures of a complex human motion sequence
in a kitchen scenario: cutting an apple.

Due to the specific task, we only collected data from the persons upper body.
The motion sequences were simultaneously recorded with a Vicon motion capture
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system and the camera system of a humanoid robot head (see Fig. 2). Only the
marker-based data was used to build a recognition system and to evaluate our
procedure. For the marker based motion capture 10 Vicon cameras were used to
capture the motion of the subject with 20 fps. To capture the human motions 35
reflecting markers were attached to the subjects upper body, head and arms. The
Vicon system output 3-dimensional positions and labels of the markers. Based
on these marker information the related joint angle trajectories were calculated
using a kinematic model [16]. As a result, the kinematic model outputs per time
step one feature vector consisting of the 24 joint angles.

Our human motion recognition system features the one pass IBIS decoder
[17], which is part of the Janus Recognition Toolkit JRTk [18]. We used this
toolkit to recognize human motions based on joint angle velocities. The following
paragraphs describe the components of our system, i. e. the input features, the
model topology, the model initialization, training, and optimization, as well as
the decoding strategy.

Feature vectors: The marker-based recognition system uses a 24-dimen-
sional feature vector as input, consisting of 24 joint angle velocities from the
upper body, which were calculated based on the joint angles resulting from the
kinematic model. The input feature vectors are normalized by mean subtraction
and normalizing the standard deviation to 1.

HMM models: Each motion primitive is statistically modeled with a left-
to-right Hidden Markov Model (HMM). The number of states was optimized in
cross-validation experiments as described below. Each state of the left-to-right
HMM has two equally likely transitions, one to the current state, and one to
the next state. The emission probabilities of the HMM states are modeled by
Gaussian mixtures. The number of Gaussians per mixture was also optimized in
the cross-validation experiments. A motion sequence was modeled as a sequen-
tial concatenation of these motion primitive models. In total, we discriminated
5 types of human motion sequences as mentioned above, consisting of the 24
different motion primitives.

Model initialization: To initialize the HMM models of the motion primi-
tives, we manually segmented the data into the motion primitives. The manually
segmented data were equally divided into one section per state, and a Neural
Gas algorithm was applied to initialize the HMM-state emission probabilities.

Model Training: For HMM model training and development we used 10-
fold cross-validation on the 100 motion sequences. For the experiments we varied
the number of Gaussians between 1 and 64 and the number of states between 1
and 12. HMM training was performed featuring the Viterbi EM algorithm based
on forced alignment on the unsegmented motion sequences.

Decoding: Decoding of the systems was carried out as a time-synchronous
beam search. Large beams were applied to avoid pruning errors. We did three
different types of decodings. First we did not use a motion grammar, whereat
all transitions from one motion primitive to another are equally likely (1/24).
In a second experiment we used a statistical bigram language model, where the
probability of a motion primitive depends on the primitive before. As a third
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experiment we used a motion grammar deduced from the motion structure.
Recognition performance is reported in terms of motion primitive error rate.

Results: When using 9 states for each motion primitive and 4 Gaussians for
each state, we got a motion primitive error rate of 4.2 % without using a motion
grammar. When using a simple automatically generated statistical bigram model
we got an error rate of 2.3 % whereas when using the deduced grammar, we only
got an error rate of 0.9 %. Figure 4 shows that the increase in recognition rate
can be found in every of the five kitchen tasks.
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Fig. 4. Recognition error rates for 5 motion sequences.

5 Conclusion and Future Work

We showed a way how to approach the task of functional motion decomposition.
The proposed procedure is not a step by step instructions manual for segmenting
human motions into motion primitives since there is no general way how to do
that. It is still necessary to approach the segmentation of human motions sys-
tematically to achieve motion primitives, which are essential in the sense that
the goals of the motions are represented in the motion primitives. If these motion
primitives are used for motion generation or motion recognition, by fulfilling the
goals of each motion primitive the achievement of the overall goal of the motion
sequence is guaranteed to be reached. We applied the procedure on our motion
capture data and performed human motion recognition based on the motion
primitives and their temporal and functional structure. We got a motion prim-
itive error rate of 0.9 % for marker-based recognition when using the motion
grammar deduced from the motion structure. This shows, that the proposed
procedure yields promising motion primitives and grammars. Nevertheless, this
approach should be combined with automatic human motion segmentation ap-
proaches to automatically learn new motion primitives. The first step in the
direction of automization will be the automatic deduction of motion grammars
based on the proposed motion structuring. Besides, the effort to build such a
motion structure will be reduced step by step through automization of the re-
trieval of the motion structure. In addition to the automization the possibility
of multiple motion primitives performed at the same time will be addressed.
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