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Abstract

Acquiring, representing and modeling human skills is one of the key research areas in
teleoperation, programming-by-demonstration and human-machine collaborative settings.
The problems is challenging mainly because of the lack of a general mathematical model to
describe human skills. One of the common approaches is to divide the task thatthe operator
is executing into several subtasks or low-level subsystems in order to provide manageable
modeling.

In this paper we consider the use of a Layered Hidden Markov Model (LHMM) to model
human skills. We evaluate a gesteme classifier that classifies motions into basic action-
primitives, or gestemes. The gesteme classifiers are then used in a LHMM to model a tele-
operated task. The proposed methodology uses three different HMM models at the gesteme
level: one-dimensional HMM, multi-dimensional HMM and multi-dimensional HMM with
Fourier transform. The online and off-line classification performance ofthese three models
is evaluated with respect to the number of gestemes, the influence of the number of training
samples, the effect of noise and the effect of the number of observationsymbols. We also
apply the LHMM to data recorded during the execution of a trajectory tracking task in 2D
and 3D with a mobile manipulator in order to provide qualitative as well as quantitative
results for the proposed approach.

The results indicate that the LHMM is suitable for modeling teleoperative trajectory-
tracking tasks and that the difference in classification performance between one and multi
dimensional HMMs for gesteme classification is small. It can also be seen that the LHMM
is robust with respect to misclassifications in the underlying gesteme classifiers.
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1 Introduction

Learning and recognizing human skills is an important research problem in tele-
operation, programming-by-demonstration (PbD), Human-Machine Collaborative
systems (HMCS) and human-computer interaction [1–12]. One of the strongest mo-
tivations for this work is that, if the intention can be recognized online in real-time,
it is possible to improve the task execution by allowing the system to adapt to the
operator’s need by applying the correct control mode in the transfer step [3,6,7]. It
has been widely recognized that the underlying system used for learning, represent-
ing, modeling and transferring skills have to deal with highly nonlinear relation-
ships between the stimuli and responses (sensor/actuator systems). Learning human
skills has been viewed as the problem of extracting specific skill characteristics
given training data. In robotics community, hidden Markov models (HMMs) have
been a popular method used for interpreting a human operator’s intention during
execution of a teleoperated or human-machine collaborative tasks, [1,3–7]. HMMs
have also been frequently and successfully used for speech recognition, [13]. Other
areas where HMMs have shown good results are that of handwritten character
recognition, [14] and gesture recognition for interpreting sign language, [11].

The problem studied in this paper is operator intention recognition in a teleoperated
or human-machine collaborative system (HMCS). To be able to give the correct
aid to the operator it is necessary for the system to be able tosuccessfully inter-
pret the operator’s intent, online and in real-time. For example, robotics in medical
surgery is receiving significant attention. Medical robotsincrease the performance
with their superior precision but are still not capable of safe decision-making. To
provide smooth and safe control in medical collaborative settings, provided that
the intent of the operator can be recognized, the performance of the system can be
increased by applying the correct type of force scaling and control modes [3]. In
general, given a set of control primitives generated in the learning step, the online
recognition step is responsible of choosing the most likelymental state/intention
given a set of measurements. Hidden Markov models are suitable for modeling ma-
nipulation tasks because they capture the (often sequential) mental model that the
operator uses. In addition,there is a natural correspondence between the states of
the HMM and the subtasks most manipulation tasks can be decomposed of. HMMs
are also suitable for modeling basic motion primitives because of their inherent
sequential nature.

Although HMMs have been used successfully to model both motion primitives and
complete teleoperative tasks, most work presented so far have only dealt with sim-
ple problems where either the number of primitives or tasks was low and they were
very distinct. Our current work aims to extend motion intention recognition using
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HMMs to more complicated tasks in 3D with a larger set of primitives. Although
a straightforward approach may be to model every high-leveltask with a single
complex HMM, we are interested in learning hierarchical representations of tasks
for which the low-level set of skill primitives is common. The particular motivation
for this type of reasoning is our belief that ideas from teleoperative and HMCS are
applicable and therefore very relevant for Programming by Demonstration (PbD)
settings. In a PbD task, models are built by observing a humanthat performs it
and a set of sensory-motor primitives is used to build a high level task. Therefore,
our particular interest is on how to build complex tasks given a set of low-level
primitives. The aim of this work is therefore to investigatewhich parameters de-
termine the success of the HMM approach to motion intention recognition as well
as present the Layered Hidden Markov Model (LHMM) approach we are currently
investigating.

This paper is organized as follows: section 2 describes related work in the area of
task modeling and intention recognition. In section 3 the concept of the layered
hidden Markov model is introduced and some of the challengesare presented and
section 4 describes the experimental setup used to evaluatethe LHMM. Experi-
mental results are presented in section 5 and finally the paper is summarized and
conclusions given in section 6.

2 Related Work

Hidden Markov models have been used to interpret human intention in various
human-machine collaborative settings. Liet al. used virtual fixtures for tracking a
sine curve in two dimensions, [3]. A HMM approach was used to estimate whether
the user was i) doing nothing, ii) following the curve, or iii) not following the
curve. Based on this estimate, the virtual fixture was automatically switched on or
off, enabling the user to avoid local obstacles. Nolinet al. demonstrated different
ways of setting the compliance level, depending on how well the user was following
the fixture, [15]. Three different compliance behaviors were evaluated:toggle, fade
and hold. The results show that thefade behavior, which linearly decreases the
compliance with the distance from the fixture, achieves bestresults (least tracking
error) when using automatic detection of whether the user isfollowing the fixture.
Marayonget al. also investigated the effect of different compliance levels for a
sine tracking task, [16]. In [6], Aarnoet al.adjust the compliance in a similar way.
However, instead of using the distance to the fixture, the probability that the user
is following the fixture is used as a basis for setting the compliance. Yuet al.used
HMMs to classify an operator’s motion intention to three classes, path following,
target alignment and obstacle avoidance, [7]. Each class isassociated with a virtual
fixture that assists the operator.

In our previous work a combination of k-means clustering, SVMs and HMMs was
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used to automatically extract a set of virtual fixtures givensensor traces of an oper-
ator performing a task, segment the task into a number of subtasks, corresponding
to a particular fixture and provide online assistance by applying the correct fixture
during subsequent task executions, [6]. The output of the HMM was used to adjust
the compliance of the virtual fixture so that the fixture was harder when the system
was more certain about the current state. This allowed the system to handle task-
deviations (i.e. none of the subtasks were executed) by lowering the stiffness of
the fixture. However, the subtasks used in [6] were limited tostraight lines. In [1],
Hundtofteet al.used HMMs at thegestemelevel as opposed to the task level. This
means that basic interaction primitives are modeled by a HMMand the task is rep-
resented as a network of such HMMs. In our current work we combine gesteme
classification with task-level modeling by the suggested LHMM approach so to
handle more complicated types of tasks. This is an extensionof the work presented
in [6] where the SVM classifiers are replaced by the more expressive HMM classi-
fiers.

The work presented above has been mostly concerned with modeling motion primi-
tives in teleoperated/HMCS tasks. In our current work we are integrating the gesteme
classification with the higher level task modeling. Hierarchical Hidden Markov
Models (HHMMs) and layered hidden Markov models (LHMMs) have been used
to model various phenomena that exhibit stochastic structures at several different
levels in areas such as speech and text recognition, modeling of group actions in
meetings and extracting context from video, [12, 17–20]. Zhanget al. used a two-
layer HMM to model individual and group actions during meetings in [18]. An I-
HMM was used to model individual actions. The recognized individual actions was
then passed along to the G-HMM that was used to classify groupactions. In [12], a
LHMM was used to recognize different types of activity in an office environment.
In [19] Xie et al.used a HHMM to automatically segment a soccer game into two
classes,pauseandplay in an unsupervised setting.

In this work, we are considering a LHMM approach to user intention recognition
where the sensory information is sampled motion data from a pose measuring sen-
sor. The LHMM is preferable over the HHMM since in the HHMM thestates con-
tain another HMM and thus represents a time sequence of the raw signals. On the
other hand, in the LHMM there are several HMMs running in parallel at any given
level of the hierarchy, where each HMM corresponds to a different “concept”.

3 Theoretical Background

The main idea behind Hidden Markov Models (HMMs) is to integrate a simple and
efficient temporal model and the available statistical modeling tools for stationary
signals into a mathematical framework. An HMM, [21], denoted byλ = (A,B,π), is
defined by three elements over a collection ofN states andM discrete observation
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symbols. The elements are: the state transition probability matrixA that determines
the probability of moving from statei to statej, the observation probability matrix
B that gives the probability of observing a specific observation symbol given that
the system is in statei (i.e P(o|i)) and the initial state probability vectorπ.

3.1 Layered Hidden Markov Models

Hidden Markov models can be used on two levels for modeling human actions. A
HMM can be used to recognize the operator’s motion primitives, or gestemesas
in [1] or to model the mental stages of the operator performing a teleoperation task
as in [22]. A gesteme-level HMM is used to recognize a primitive motion sequence
and a task-level HMM is used to recognize a complete task.

In our approach, a layered hidden Markov model (LHMM) consists of N levels
of HMMs where the HMMs on levelN + 1 corresponds to observation symbols
or probability generators at levelN. Every level i of the LHMM consists ofKi

HMMs running in parallel, Fig. 1. At any given levelL in the LHMM a sequence
of TL observation symbolsoL = {o1,o2, ...,oTL} can be used to classify the input
into one ofKL classes, where each class corresponds to each of theKL HMMs at
level L. This classification can then be used to generate a new observation for the
level L−1 HMMs. At the lowest layer, i.e. levelN, primitive observation symbols
op = {o1,o2, ...,oTp} would be generated directly from observations of the mod-
eled process. For example, in a trajectory tracking task, the primitive observation
symbols would originate from the quantized sensor values. Thus at each layer in
the LHMM, the observations originate from the classification of the previous layer,
except for the lowest layer where the observation symbols originate from measure-
ments of the observed process.

It is not necessary to run all levels at the same level of granularity. For example, it
is possible to use windowing at any level in the structure so that the classification
takes the average of several classifications into consideration before passing the
results up the layers of the LHMM. Instead of simply using thewinning HMM at
level L +1 as an input symbol for the HMM at levelL, it is possible to use it as a
probability generator by passing the complete probabilitydistribution up the layers
of the LHMM. Hence, instead of having a “winner takes all” strategy where the
most probable HMM is selected as an observation symbol, the likelihood L(i) of
observing thei-th HMM can be used in the recursion formula of the levelL HMM
to account for the uncertainty in the classification of the HMMs at levelL + 1.
Thus, if the classification of the HMMs at leveln+1 is uncertain, it is possible to
pay more attention to the a-priori information encoded in the HMM at levelL.

A LHMM could in practice be transformed into a single layeredHMM where all
the different models are concatenated together. Some of theadvantages that may be
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Fig. 1. A layered hidden Markov model.

expected from using the LHMM over a large single layer HMM is that the LHMM
is less likely to suffer from over-fitting since the individual sub-components are
trained independently on smaller amounts of data. A consequence of this is that a
significantly smaller amount of training data is required for the LHMM to achieve
a performance comparable of the HMM. Another advantage is that the layers at
the bottom of the LHMM, which are more sensitive to changes inthe environment
such as the type of sensors, sampling rate etc, can be retrained separately without
altering the higher layers of the LHMM.

Here, a LHMM with two levels is considered. At level 1 a singleHMM is used to
model the task, where each state in the HMM corresponds to a sub-task. At level 2
there is a HMM for each of theK2 possible gestemes that may occur during execu-
tion of the task. The observation sequence for the level 2 HMMs is generated from
the quantized motion direction of the trajectory recorded during task operation. The
index of the HMM with highest likelihood among theK2 HMMs at level 2 is then
taken to be the the observation symbol for the level 1 HMM. Thelevel 1 HMM is
then used to compute the probability of a certain state as a function of time given
the observation sequence produced by the HMMs at level 2. Since each state in the
level 1 HMM corresponds to a mental stage of the teleoperation task this informa-
tion can be used to understand the operator’s intention. Theproposed structure is
outlined in Fig. 2. Here, the winning HMM at level 2, i.e. the one with the highest
likelihood, is chosen and an observation symbol corresponding to this gesteme is
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Fig. 2. A two level layered hidden Markov model, modeling gestemes at level 2and a task
at level 1.

generated for the level 1 HMM. The alternative would be to usethe complete prob-
ability distribution and have the HMMs at level 2 act as a probability estimator for
the level 1 HMM. However, according to [12] using the complete distribution does
not give any apparent advantage over the simpler winner takes all model.

3.2 The gesteme HMM

The goal of the gesteme HMMs is to distinguish between different motion primi-
tives. For example, there can be gesteme HMMs to recognize motion along lines
with different direction or circles with different radii and orientation in space. In
our case, the gestemes can be any arbitrary motion in 2D or 3D.The observations
for the gesteme HMMs are extracted from motion data. The trajectory is recorded,
normalized and differentiated in order to compute the motion directions which are
then mapped to corresponding observation symbols as described later in this sec-
tion.

For the gesteme HMMs we evaluate the following types of models:
One-dimensional HMM (OD): Here, the observation symbols are taken from a
setO = {O1,O2, ...,OK} of K discrete symbols. TheB matrix is used to store the
probability of observing thejth symbol in statei, Bi,j = P(O j |statei). The symbols
are generated by k-means clustering of all the training directions. The number of
cluster centers is 25 in all experiments, if not stated otherwise. This number was
chosen by an offline examination of the data. One observationis that using too
few clusters makes it hard to distinguish between differentmotion directions while
using too many makes the generalization difficult.

Multi dimensional HMM (MD): The MD HMM assumes independence between
the different dimensions of the input data. Thus, there is aB matrix for each dimen-
sion of the input data. This means that for aD dimensional HMM the observation
symbols are alsoD dimensional where each dimensiond contains values from a
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finite enumerated set. Each dimension is split into 10 equally sized bins and the
input directions are projected into these bins generating the observation symbols.

Multi dimensional HMM with FT (MD-FT): MD-FT is similar to the MD except
that instead of mapping the raw motion directions to symbols, each dimension of
the raw input directions are pre-processed by applying the Fourier transform to
small overlapping windows, similar to that reported in [7].In this work a Hamming
window [23] of size 6 was used with 50% overlap.

3.2.1 Restarting the Gesteme Classifiers

In the online approach presented in [3] all models are activein parallel. There are
also two special states added to each HMM, the initial starter state and the resetting
state. When the system is initialized the probability of starting in state 1 is 1 for all
models whereas the probability of starting in any other state is 0.

The probability of a given model is then computed by the standard recursion for-
mula [13], with the exception thatαt(1) is computed according to (1), whereαt,m(i)
is the probability of being in statei at timet given them:th HMM. This means that
the probability that the model is in the initial state (i.e isreset) is the average of the
probabilities that theM models are in their resetting state.

αt(1) =
∑M

m=1αt,m(N)

M
(1)

One potential problem with using the online approach presented in [3] is if one
modelλ1 is very different from the other models it may happen that theobserved
symbols only occur in that model. If that is the case, the probability of any other
model will be zero. If there is an observed symbol that shouldnever occur in any
state ofλ1 and has zero probability of being seen in state 1 in any other model, the
probability of all models will become zero forever. The normal approach to deal
with this issue is to assigning a small (non-zero) value of observing any symbol in
any state, even if no such symbol was visible during training.

We have developed an alternative approach. By monitoring themost probable HMM
it is possible to detect a sharp drop in probability when thatmodel becomes invalid.
Thus by low-pass filtering the derivative of the likelihood of the most probable
model and applying a simple cumulative sum (CUSUM) RLS [24] test it is possi-
ble to get a good estimate of the change-time. The test statistic gt of the CUSUM
test for the inputyt is updated according to (2). Note that the negative sign ofyt

stems from the fact that we expect a negative change.
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Fig. 3. Change time detection based on CUSUM RLS test on averaged model likelihood.

gt+1 = gt −yt −ν− ŷt (2)
gt = 0, andk∗ = t if gt < 0 (3)
gt = 0, ta = t and alarm ifgt > h

ŷt+1 = ŷt ·
T −1

T
+

yt

T
, T = t − t0

The two parameters of the CUSUM test, the driftν and the thresholdh > 0 can be
chosen to balance the robustness and the delay for detectionof the test. The time at
which the test triggers (gt > h) is called the alarm time,ta, and is the time when the
algorithm recognizes a change in the signalyt . The change timek is then estimated
ask∗, given by (3), and consequently the delay for detection is∆d = ta− k∗ (see
Fig. 3).

When the alarm is triggered (gt > h), the HMM estimates are restarted at timek∗,
which marks the point in time where the currently selected model became invalid.
Thus the HMM algorithm must maintain a memory of at least∆d old samples of
the input.

3.3 The Task HMM

The task HMM, or the level 1 HMM in the LHMM structure, encodesthe task
sequencing. Both levels of the LHMM work on the same time granularity and for
each observation generated from the motion data the likelihood of the gesteme
(level 2) HMMs are computed. The gesteme HMMs are enumeratedand the index
of the most likely gesteme HMM is used as an observation for the task level (level
1) HMM. Each of the states in the task level HMM corresponds toa sub-task in
the operator’s mental model and the most likely state can be computed in order to,
for example, aid the operator with the execution of that sub-task. It should be noted
that there need not be a one-to-one mapping between a state inthe task level HMM
and a gesteme HMM. Rather a specific gesteme can correspond to different states
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depending on the previous state (the Markov assumption). Furthermore there may
be several gestemes that can appear in a single state.

As mentioned previously, the states of the task level HMM aresupposed to corre-
spond to the mental states of the operator. As a consequence,it is not possible to use
the Baum-Welch algorithm to train the task level HMM, becauseit will optimize
the HMM parametersλ in order to maximizeP(Q|λ) for the state sequenceQ. The
approach taken in this work is to have the operator manually segment the trajec-
tory into sub-tasks corresponding to the mental model of theoperator. The gesteme
HMMs are trained using the Baum-Welch algorithm. Using the gesteme HMMs to
classify the training data a new observation sequenceo′ is obtained. From the ob-
servation sequenceo′ theB can be computed by counting the occurrences of each
symbol in every state and then normalizing the rows ofB. The task level HMM can
now be trained by a modified version of the Baum-Welch algorithm where theB
matrix is kept constant.

4 Experimental Setup and Data Generation

To better analyze and reproduce the results, we first carry out experiments on syn-
thetic data. The goal is to first evaluate the three gesteme models: one-dimensional,
multi-dimensional and multi-dimensional HMM with Fouriertransform, with re-
spect to the number of gestemes, the influence of the number oftraining samples,
the effect of noise and the effect of the number of observation symbols. We also
perform similar experiments with a robotic manipulator to verify the simulated re-
sults. There, the data is taken from a trajectory-tracking task where the end-effector
of the manipulator is force controlled by a human operator.

A synthetic reference task consists of a sequence of motion primitives randomly
generated from two groups of motion primitives. The first group contains straight
lines of varying directions and lengths and the second groupis made up of circle
segments with varying starting and ending angles as well as orientations and radii.
Fig. 4 shows example trajectories. These trajectory types may seem simple, but they
were chosen because we believe that there exists several relevant tasks in areas such
as medical surgery or automotive assembly that can be decomposed into a sequence
of linear and circular motions.

The simulated trajectories are created in the following way. Given a reference tra-
jectoryTr a target pointp is selected onTr so that the distance top from the current
positionq is larger than some thresholdξ. A direction of motiond is then computed
as the average between the direction towardsp from q and the current direction of
motion. A random errored is then added tod where each element ofed is generated
independently according to

ed(i) = κ ·Γ (4)
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Fig. 4. Example trajectories in 2D (left) and 3D (right). The red dots marks thechange from
one primitive to the next.

whereΓ is generated from a normal distribution(µ = 1,σ = 1) andκ determines
the noise level. The value ofκ was set to 0.2 for all experiments if not otherwise
stated.

Finally, the current positionq is updated by taking a step of sizeδ · (1+2κ ·Γ) in
the direction ofd whereδ determines the step-size, which was set to 0.05 in all
experiments. The value ofκ was set to 0.15 for all experiments if not otherwise
stated. Here, three classes of reference trajectories are used. They are referred to as
line, circle andmixedtrajectories in 2D respectively 3D. The line trajectories are
made up of a sequence of linear segments, the circle trajectories are comprised of
circle segments and the mixed trajectory type consists of a mixture of linear and
circular segments.

5 Experimental Evaluation

For the LHMM to be successful there must be a robust underlying gesteme classi-
fier. Furthermore the LHMM and gesteme classifiers must be able to produce good
results online with only partial observation sequences. Itis also necessary to de-
tect positions at which one gesteme ends and another begins in order to restart the
gesteme classifiers at the correct instance in time - something that is required by
the recursion equations if the HMM is to yield good performance. The experimental
evaluation in this work consists of evaluating the HMM gesteme classifier for the
three HMM types described in Section 4 with respect to the number of gestemes,
the influence of the number of training samples, the effect ofnoise on classification
performance and the online behavior. The experimental evaluation also considers
the LHMM itself as well as the proposed method for restartingthe gesteme classi-
fiers.
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Fig. 5. Left: Typical deterioration of classifier performance as function of the number of
HMMs. Right: The effect of the number of training samples on the HMM classification.

5.1 The Gesteme Classifier

The first experiment evaluated the off-line performance of the HMM gesteme clas-
sifiers with respect to the number of different gestemes. If the gestemes are not
generated at random but chosen from some set of gestemes thatare constructed
to be easy to distinguish between (such as the letters of the alphabet) the perfor-
mance could be expected to be better than that reported here.As it can be seen
in Fig. 5 (left), the recognition performance drops almost linearly from 100% to
about 70% for 25 gestemes. The type of HMM or gesteme type (circles, lines or
mixture) appears to have no statistical significance on the recognition performance.
However, for three dimensional data the classification performance is a bit better
but that can be explained with the fact that the individual gestemes are less likely
to be similar.

It is well known that HMMs can be successfully trained with only a small amount
of training data. Especially if there are few outliers such as in our training data
where the motion is perfect except for the introduced white noise. It can be seen
in Fig. 5 (right) that the recognition rate is quite high evenfor only two training
runs. This is a good feature of the HMM gesteme classifier since in many settings
extensive training is not possible. When the type of noise changes and outliers are
introduced the necessary number of training sequences willincrease some in order
to be able to capture the larger variations that occurs. However, preliminary results
indicate that in practice the necessary number of training sequences is actually quite
low as long as the training sequences are representative forwhat will occur during
execution.

The HMM is able to handle a large amount of noise as long as the noise is con-
sistent during training and classification. To evaluate what amount of noise the
gesteme classifiers can handle, we tested the classificationperformance with sev-
eral synthetic runs generated by varying the value ofκ from 0.05 to 0.55. For the
proposed methods to work in the intended setting it is required to obtain good re-
sults with only a limited amount of training samples. Therefore only five training
samples where used for the experiments in this section, if not otherwise stated. Fur-
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Fig. 6. Classification performance as a function of noise.

thermore, the results presented in this section are the average of 10 independent
trials, if not explicitly stated.

Fig. 6 and 7 shows the classification performance as a function of the noise,κ for
2D and 3D data. We can conclude that a reasonable value for thenoise parameter
κ is less then 0.2−0.25. For the remainder of the experimental results on synthetic
data the value ofκ is therefore set to 0.15 unless explicitly specified. Note that a
value ofκ ∈ [0.3,0.5] is almost as bad as guessing. By examining the individual
runs, it can be seen that the noise sensitivity is highly affected by the similarity of
the gestemes. If the gestemes are similar, the performance decreases almost linearly
with increased noise. If the gestemes contains few common symbols, the classifi-
cation performance remains relatively unaffected until the noise starts to dominate
(i.e is large compared to the nominal motion). One interesting result is that the
OD HMM appears to have better performance with respect to noise sensitivity. We
believe that the reason for this is the low dimensionality and that the k-means clus-
tering of the pre-processing step helps with generalization since the cluster centers
are affected by the actual training data instead of using pre-defined bins.

The next experiment evaluates the effect of the number of gestemes on classifica-
tion when considering noise. For every gesteme there is a corresponding HMM. As
it can be seen in Fig. 8 and 9, the performance drops almost linearly from 100% to
about 60% for 25 gestemes for the medium noise case whereκ = 1.5. It is again in-
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Fig. 7. Classification performance as a function of noise.

teresting to note that the OD HMM appears to have better performance w.r.t noise.
The classification performance for the 3D data is a bit betterbut that can be ex-
plained with the fact that the individual gestemes are less likely to be similar.

The number of observation symbols is not crucial but have to be set reasonably. If
too few symbols are used the HMM can not distinguish between different direc-
tions leading to poor classification. At the same time, usingtoo many symbols will
prevent the HMM from generalizing, leading to poor classification because none of
the models will correspond well with the training sequences. Fig. 10 and 11 show
the classification performance as a function of the number ofobservation symbols.
Remember that the observation symbols are defined differently between the OD
and MD HMMs and values are thus not comparable. For the OD HMM the obser-
vation symbols correspond to the cluster centers obtain from the k-means clustering
of the nominal motion directions of the training data, whereas for the MD HMMs
the observation symbols are taken fromM ·D predefined bins of size 1/M giving
a total ofMD different possible observations, whereM is the number of discrete
observation symbols andD is the dimensionality of the MD HMM.

The above experiments have been conducted off-line considering that the whole
gesteme was available in the recognition stage. In order to be used in the intended
setting, the LHMM and gesteme classifiers must be made to workonline with only
partially observed gestemes. The next experiment evaluated the gesteme classifiers
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Fig. 8. Classification performance as a function of the number of gestemes.

online performance. Figure 12 shows that the gesteme classifiers can produce good
results after observing only a small fraction (10%-20%) of the gesteme. The results
here will depend strongly on the similarity between the firstpart of the gestemes and
the success will thus vary depending on the type of task. Another important aspect
for online classification is the exact time at which the HMM recursion starts. In
this case the times where known due to the fact that the test data was synthetically
generated. If the change time for switching between gestemes are off there is a
large risk to observe very unlikely observation symbols andthus the correct HMM
can be severely penalized in beginning of the classificationand in worst case never
recover.

5.2 The LHMM

Examples of 2D trajectories that contain four gestemes,G= {l1, l2, l3,c1} are shown
in Fig. 13. The “mental model” of the first example task is thatthe gestemes should
be performed in a SLR fashion with thec1 gesteme appearing twice so the task
should go through the five different statesS1, ...,S5 and thus execute the gestemes
in the following order:l1,c1, l2,c1, l3. The gesteme is exactly the same inS2 andS4

so one cannot differentiate between these states by simply monitoring the output
from the four gesteme classifiers.
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Fig. 9. Classification performance as a function of the number of gestemes.

A task level HMM is now trained on the output of the gesteme classifiers. That is,
the trajectory is classified by the gesteme classifiers (online) and the sequence of
winning gestemes are used as input to the task-level HMM which is trained in order
to extract the task-model. Figure 13 (right) shows result ofclassification obtained
by the gesteme classifiers.

It can be seen from Fig. 13 that even tough the gesteme classifiers are sometimes
confusing gestemel1 andc1 the task-level HMM is still capable of determining
the correct state. This is because the miss-classificationsof the gesteme classifiers
are consistent with training data and thus the task-level HMM expects some miss-
classifications. Furthermore the discriminant power of theLHMM is much better
than that of the HMM, i.e. the difference between the most probable and the second
most probable state is in general much larger for the LHMM.

5.3 Experiments with a Robot Manipulator

In order to verify the validity of the proposed approach and to show that the quan-
titative simulated results are relevant, we have performeda number of qualitative
experiments with a robot manipulator. The manipulator usedis a made from a num-
ber of PowerCube elements and passive links and it is mounted on a mobile base
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Fig. 10. Classification as a function of the number of symbols. Note that the number of
symbols have different meaning for OD and MD HMMs.

as shown in Fig. 14.

The manipulator has a JR3 force-torque sensor mounted between the end-effector
and the last link, providing 6 DOF force-torque measurements at the end-effector.
The force-torque sensor provides decoupled data at 8 kHz perchannel, which is
low-pass filtered with the bandwidth 30 Hz (-3 dB) by a DSP. The (filtered) force-
torque data is used to control the position and orientation (pose) of the end-effector
by driving the end-effector with a velocity proportional tothe forces and torques.
Due to the kinematics of the manipulator, large motions (of the joints) are some-
times required to realize small changes in orientation of the end-effector. This can
make control of the manipulator more difficult than for a PUMA-like robot (6 rotary
DOF with the 3 DOF of the wrist intersecting a single point). In all experiments the
mobile platform is stationary and the operator guides the manipulator by applying
forces to the end-effector.

Two trajectory tracking tasks are used in the experiments. The first task consists of
tracking a sequence of lines and circle segments on a planar 2D surface, very similar
to the simulated trajectories used previously. The second task consists of tracking
a trajectory on an object in 3D without touching the object. Two representative
trajectories are shown in Fig. 15.
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Fig. 11. Classification as a function of the number of symbols. Note that the number of
symbols have different meaning for OD and MD HMMs.
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Fig. 12. Online recognition performance of MD HMM with 3D data consisting oflines and
circle segments.

The trajectories are normalized so that samples are 1 cm apart (this is a reduction of
data of about 90%). From the normalized data the sequence of motion directions is
computed and k-means clustering is used to identify 10, for 2D data, or 25, for 3D
data, cluster centers used as the symbols in a one-dimensional HMM. The sequence
of motion directions is then transformed to a sequence of observation symbols. A
total of five trajectories were recorded and three of them were used for training
and the results presented here were evaluated on two trajectories. The reason for
using only 3 trajectories is that one important aspect of theproposed system is to
provided good results even with little training data, whichshould be possible given
the previously presented results.

Figure 16 shows the results of the online classification of the gestemes for the
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Fig. 13. Left: Example trajectories of a task with 5 states and 4 gestemes, and Right: LHMM
Classification - the top plot shows the likelihood of each state and the plot in the middle
shows the normalized likelihood. The bottom plot shows the (online) classification of the
motion by the gesteme classifiers and is the input to the task-level HMM.

Fig. 14. The mobile manipulator used for the experimental validation.

3D trajectory in Fig. 15. The CUSUM test described previouslywas used to reset
the classification. Figure 16 shows the low-passed filtered derivative of the HMM
probability used for the test as-well as the test statistic and the estimated and true
change times. As it can be seen the classification is good eventough there were only
three training trajectories available. One of the reasons for this is that it is the same
person that performs the training and testing sequences. For operator independent
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Fig. 15. Representative trajectories for the two trajectory tracking tasks.
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Fig. 16.Left: State probability given a mental model of a task.Right: Online classification
of robot trajectories. The solid green lines are the manually estimated changetimes, the
dashed red lines are the change times estimated by the CUSUM test and the dottedred
lines are the time the test triggered.

training the number of required training samples is expected to be higher.

We tested the LHMM on the task shown in Fig. 15 (left) with the sequence of
gestemes{l1, l2,c1, l2,c1, l1}. Even tough the high accuracy of the underlying gesteme
classifiers are very high the use of the LHMM is still motivated by two facts. First,
it can encode the sequence of the gestemes and thus tell them apart even tough the
same gesteme appears more than ones. Second the discriminate power is greater so
we can have a more confident classification. We also tested thesame LHMM on
the sequence{l1, l2,c1, l1,c1, l2} which is not seen during training. We see that the
LHMM can still recognize the correct state sequence. However, there is a signif-
icant delay before the evidences (observations) are strongenough warrant a state
change. This can be seen around sample 70 and 90 of Fig. 17 (right).

For the 3D trajectory tracking task we have manually segmented the data into 6
different mental stages. In order to fit the LHMM to this mental model we compute
theB matrix as

bi( j) =
Si, j

∑M
k=1Si,k

(5)
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Fig. 17. Classification of the LHMM for the two dimensional trajectory trackingtask. The
top plot shows the likelihood of each state and the plot in the middle shows the normal-
ized likelihood. The bottom plot shows the (online) classification of the motion bythe
gesteme classifiers and is the input to the task-level HMM.Left: the trained sequence
{l1, l2,c1, l2,c1, l1}. Right: A sequence not seen during training,{l1, l2,c1, l1,c1, l2}.

whereM is the number of possible observation symbols,Si, j is the number of times
the jth observation symbols is observed in statei during training. In order to make
the model more robust with limited training data, we do not allow a zero probabil-
ity in the B matrix. We set all zero elements of theB matrix to a small non-zero
value. The reason for computing theB matrix in this way is that the states of the
mental model may not correspond with the states obtained from the Baum-Welch
algorithm which optimizes the model parameters to (locally) maximizeP(O|λ). It
can be seen from Fig. 16 that even tough the gesteme classifiers are sometimes de-
tecting the wrong gesteme the LHMM can still clearly recognize the correct state.
It can also be seen from the unnormalized likelihood that thetotal probability drops
rapidly when unexpected gestemes are identified. This can beused to assign a mea-
sure of the certainty of the system and can be useful determining how much trust
to put into the classification during, for example, a fixturing of the motion, as was
done in [6].

6 Summary and Conclusions

Task segmentation and modeling is one of the core research areas in the field of
teleoperation, human-machine collaborative and programming-by-demonstration
systems. In this paper, we have investigated which parameters determine the suc-
cess of the HMM approach to motion intention recognition as well as presented
a layered hidden Markov model approach for complex task modeling. The pro-
posed methodology uses three different HMM models at the gesteme level: one-
dimensional HMM, multi-dimensional HMM and multi-dimensional HMM with
Fourier transform. These three models were evaluated with respect to the number
of gestemes, the influence of the number of training samples,the effect of noise
and the effect of the number of observation symbols in both 2Dand 3D tasks.
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Experimental evaluation shows that LHMMs have a good potential for modeling
and real-time recognition of teleoperative, HMCS and PbD tasks. The evaluation
has also shown that both one and multi dimensional HMMs are suitable for mod-
eling gestemes and they are even able to handle gestemes thatare quite similar in
nature as long as the SNR is low. The HMMs are able to suppress relatively large
amounts of noise as long as the noise is white. However, initial results indicate that
the HMMs are more sensitive to other types of noise. One observation was that
the OD HMM shows better performance with respect to noise sensitivity and we
conclude that this is due to the low dimensionality and k-means clustering of the
pre-processing step. The FT-based recognition performs somewhat worse than the
analysis of spatial data. we believe that this is because thesampling rate and the
trajectory are not harmonic.

It is clear from the experimental evaluation that the LHMM has a strong potential to
model complex tasks since it is able to perform well even withmiss-classifications
in the underlying layers. Thus as long as the gesteme classifiers produce consistent
misclassification during training and testing the layered structure of the LHMM is
able to handle this. The LHMM also has a much greater discriminating power than
the standard HMM approach.

Furthermore we have also pointed out three main issues that must be addressed in
order to successfully build a layered HMM for online motion intention recognition.
The first issue is that it is necessary to have a robust gestemeclassifier. Secondly the
gesteme classifier must work online, with only partial observations of the gesteme.
Finally, it is necessary to detect when one gesteme ends in order to restart the
gesteme classifiers. In the future, we will implement a system similar to that in [6]
using a LHMM to solve a larger set of more complicated tasks.
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