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5
Hierarchical models

5.1 Introduction

In the introduction of this thesis we provided a distinction between action prim-
itives, actions and activities. The models presented in the previous chapters
recognize activities by modeling the relation between a sensor pattern and an ac-
tivity. A pattern of sensor readings generally corresponds to an action primitive
and so those models take into account the activities and the action primitives, but
do not explicitly model the actions which make up an activity. Using hierarchical
models allows us to incorporate the actions explicitly in our model and in this
chapter, we test the hypothesis that this results in a more accurate representation
of the internal structure of an activity.

In this chapter we present a two-layer hierarchical model for activity recognition
and apply it to real world data. The top layer state variables of the model
represent the activities that are performed, while the bottom layer state variables
represent the actions. Although it is possible to train such a model using data
which is annotated with labels of both activities and actions, in this chapter, we
train the model using only labels for the activities. There are two advantages to
this approach: 1) Annotating the data becomes significantly less involved when
only the activities have to be annotated, 2) We do not force any structure upon the
model with respect to the actions, but rather let the model find this structure in
the data automatically. The automatic allocation of structure can be considered
as a clustering task. The clusters found in the data do not necessarily have to be
meaningful clusters that correspond to actual actions that are intuitive to humans.
We therefore distinguish between the term ‘action clusters’ to refer to the actions
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found through clustering and ‘actions’ to refer to the actions intuitive to humans.

In this chapter we answer the following questions:

• How many action clusters are needed to model a given set of activities?
We do not use any labeled data to guide the model into determining which
observation corresponds to which action. We can therefore experiment with
various number of action clusters. More action clusters means the model is
more flexible, but also means there are more model parameters that need
to be estimated. Therefore, the ideal model will be a trade-off between this
flexibility and the number of parameters needed.

• Should each activity have its own set of action clusters, or should action
clusters be shared among activities? In designing a hierarchical model
for activity recognition, we can choose to have a separate set of action
clusters for each activity. Alternatively, we can use the same set of action
clusters for representing all the activities, that is, share a single set of action
clusters among all activities. For example, when distinguishing between
the activities ’preparing spaghetti’ and ’preparing a salad’ both activities
might involve an action that we can describe as ’cutting vegetables’. It
is very well possible that cutting vegetables when preparing spaghetti is
slightly different than cutting vegetables when preparing a salad. Using a
separate set of action clusters for each activity would allow us to capture
such differences. On the other hand, representing the action using a shared
set means we have more training data available (i.e. part of the training
data of both ’preparing spaghetti’ and ’preparing a salad’) to estimate the
parameters of that single action cluster.

• How does the performance of hierarchical modeling compare to the per-
formance of Markov and semi-Markov models? The use of a hierarchical
model allows us to more accurately model the internal structure of an ac-
tivity. But does increase in accuracy also result in an increase in model
performance?

The remainder of this chapter is organized as follows. In Section 5.2, related
work of hierarchical models is discussed. Section 5.3 provides the details of our
hierarchical model and its learning and inference algorithms. Section 5.4 presents
the experiments and results and in Section 5.5, we discuss these results. Finally,
in Section 5.6, we will sum up the conclusions.

5.2 Related Work

One of the most popular probabilistic models for real world applications is the
hidden Markov model (HMM). The HMM is closely related to stochastic regular
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grammars, as they are both part of the family of stochastic finite state automata
[16]. Stochastic regular grammars are the least expressive grammar out of all the
formal grammars, according to the Chomsky hierarchy [22]. It is therefore inter-
esting to consider the application of the more expressive stochastic context free
grammar (SCFG) to such real world applications. However, a downside of using
SCFGs is that the computation complexity of the Inside-Outside algorithm, used
for inference in the SCFG, is cubic with respect to the length of the sequence that
is being inferred. Furthermore, SCFGs allow hierarchies of infinite number of
layers, while in many problem domains a hierarchy of a predefined fixed length
is sufficient [82]. Therefore, instead of using SCFGs the use of hierarchical hid-
den Markov model (HHMM) is often more practical since it allows us to model
hierarchies of a fixed number of layers and there exist efficient inference algo-
rithms for it. Fine et al. presented an inference algorithm for the HHMM based
on the Inside-Outside algorithm of the SCFG [36], which takes O(T3QL) time,
where T is the length of the sequence, L is the number of layers in the hierarchy
and Q is the number of states at each level of the hierarchy. Murphy showed
that the HHMM can be represented as a dynamic Bayesian network (DBN) [112],
thereby deriving a much simpler and more efficient inference algorithm, which
takes at most O(TQ2L). This has allowed the application of hierarchical models in
many different domains, such as natural language processing [48], handwriting
recognition [36] and information extraction [140, 146].

With respect to activity recognition, hierarchical models have mainly been ap-
plied to video data. There is work involving simple activities or actions such
as distinguishing between entering and leaving a store [110]. But also work in
which activities of daily living are recognized from video data [33, 91, 118, 123].
Nguyen et al. compare the performance of a learned HHMM, a hand-coded
HHMM and a conventional HMM, the learned HHMM gives the best perfor-
mance [118]. Duong et al. compare the performance of the HHMM and the
hidden semi-Markov model (HSMM). In their work, the HHMM gives very
poor performance in the recognition task which, according to the authors, is
caused by a poorly estimated transition matrix. They do not explain why the
hierarchical model is unable to learn the transition matrix, while the semi-Markov
model is able to learn this matrix accurately [33]. In work by Luhr et al., hierar-
chical models consisting of several layers are hand crafted by closely inspecting
the sequence of actions performed by the subject. Their preliminary results show
that these models perform well in recognizing several cooking related activities
[91]. Oliver et al. combine input from microphones, cameras and keyboard activ-
ity, to recognize several office activities such as having a phone conversation or
giving a presentation. They use a layered hierarchical model in which the output
of one layer serves as input for the next layer. The parameters for the HMM in
each layer are learned independently of the other layers, therefore allowing very
efficient parameter estimation. They compare the performance of their layered
HMM to a conventional HMM and show a significant increase in performance
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[123].

Activity recognition has also been performed using GPS data. Subramanya et al.
jointly model the activity someone is performing and the location the subject is
in. Examples of activities include walking, running and driving a vehicle, while
examples of the locations are indoors and outdoors [151]. In work by Liao et al.,
more specific locations are modeled, such as being at a home, a friend’s house
or being at work. This allows them to accurately recognize activities such as
working, sleeping and visiting [86].

Overall these works show that the potential of hierarchical models for activity
recognition has been noted by other researchers. However, none of these works
involve the recognition of activities from wireless sensor network data. This
chapter contributes in this area by providing experimental results on several real
world datasets, consisting of several weeks of data involving a large number of
activities of daily living.

5.3 Hierarchical Hidden Markov Model

In a conventional HMM, the hidden state consists of a single state variable which
generates an observation at each timeslice. When using a HHMM the hidden
state consists of two (or possibly more) layers, with a state variable at each
layer. Generally, the state variable at one layer generates the state variable at the
layer below. The observations are generated by the bottom layer state variables,
possibly combined with any of the state variables from the other layers.

In this section, we discuss the details of a two-layer hierarchical model for activity
recognition and explain the inference and learning algorithms.

5.3.1 Model definition

We consider a two-layer hierarchical model for activity recognition. The top
layer state variables yt represent the activities and the bottom layer variables zt
represent the action clusters (Fig. 5.1). Each activity consists of a sequence of
action clusters and the temporal ordering of the action clusters in such a sequence
can vary between different executions of an activity. Of particular interest to us
is the last action cluster that is performed at the end of an activity, because this
action cluster signifies the end of the action cluster sequence and announces the
start of a new sequence of action clusters. We therefore introduce a third variable,
the finished state variable ft, which is used as a binary indicator to indicate the
bottom layer has finished its sequence.
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Fig. 5.1: The graphical representation of a two-layer HHMM. Shaded nodes represent
observable variables, while white nodes represent hidden ones. The dashed line
is an optional dependency relation; we can choose to model the observation
probability as p(~xt | yt, zt) or as p(~xt | zt).

We further explain the details of this model by going over all the factors of the
joint probability distribution of hidden states and observations given by:

p(y1:T, z1:T, f1:T, x1:T) =

T∏
t=1

p(~xt | yt, zt)p(yt | yt−1, ft−1)p(zt | zt−1, yt, ft−1)p( ft | zt, yt)

where we have defined p(y1 | y0, f0) = p(y1) and p(z1 | z0, y1, f0) = p(z1 | y1) for the
sake of notational simplicity. The entire model consists of a set of parameters θ =
{π0, π1:Q,A0,A1:Q,B, φ}. The initial state parameters π and transition parameters
A exist for both the top layer and bottom layer states. To distinguish between
these two types of parameters, we include a 0 in the subscript to indicate that a
parameter is of the top layer and an index of 1 to Q for each of the bottom layer
parameters. The distributions of the bottom layer states depend on which top
layer state the model is in and so there is a separate set of bottom layer state
parameters for each possible top layer state, with Q being the number of top
layer states. For example, if the model at one point is in the top state yt = k, then
the transition parameter Ak is used for the bottom layer state transitions. We
now provide a detailed explanation of each of the factors that make up the joint
probability and how they are parameterized.
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At the first timeslice, the initial state distribution of the top layer states is repre-
sented by a multinomial distribution which is parameterized as p(y1 = j) = π0( j).
This top layer state generates a bottom layer state, also represented by a multi-
nomial distribution and parameterized as p(z1 = j | y1 = k) = πk( j).

The factor p(zt = j | zt−1 = i, yt = k, ft−1 = f ) represents the transition probabilities
of the bottom layer state variable. These transitions allow us to incorporate the
probability of a particular temporal order of action clusters with respect to a
given activity. A transition into a new state zt, depends on the previous bottom
layer variable zt−1, the current top layer state variable yt and the finished state
variable ft−1. Two distributions make up this factor, depending on the value of
the finished state variable ft−1. If in the previous timeslice the bottom layer state
sequence ended ( ft−1 = 1), a new sequence of bottom layer states starts at this
timeslice and therefore the top layer state generates a bottom layer state using
the same distribution as we saw at the first timeslice, parameterized by the set
of parameters p(zt = j | zt−1 = i, yt = k, ft−1 = f ) = πk( j). In case the bottom layer
state sequence did not end ( ft−1 = 0), a transition to a new bottom layer state is
made using the transition matrix parameterized as p(zt = j | zt−1 = i, yt = k, ft−1 =
f ) = Ak(i, j). These two cases can be compactly formulated as:

p(zt = j | zt−1 = i, yt = k, ft−1 = f ) =

Ak(i, j) if f = 0
πk( j) if f = 1

(5.1)

Transitions of the top layer state variables are represented by the factor p(yt = j |
yt−1 = i, ft−1 = f ). This factor is similar to the transition distribution of an HMM,
except that it also depends on the finished state variable ft−1. This dependency
is important because we want to restrict the model in transitioning to a different
top layer state as long as the bottom layer state sequence has not finished. When
a bottom layer state sequence did not finish, the top layer state variable continues
into the next timeslice with the same state value (yt = yt−1). Once the bottom layer
state sequence has ended, a transition of the top layer state is made according to
a transition matrix parameterized as p(yt = j | yt−1 = i, ft−1 = f ) = A0(i, j). These
two cases can be compactly formulated as:

p(yt = j | yt−1 = i, ft−1 = f ) =

δ(i, j) if f = 0
A0(i, j) if f = 1

(5.2)

where δ(i, j) is the Kronecker delta function, giving 1 if i = j and 0 otherwise.

The probability of a bottom layer state sequence finishing is represented by the
factor p( ft = f | yt = j, zt = l). This factor depends on both the bottom layer state
zt and the top layer state yt. Even though the variable ft indicates whether zt is a
finishing state, it is important that the distribution is also conditioned on the top
layer state yt. This is because the probability of a particular action cluster being
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the last action cluster for that activity can differ among activities. The factor is
represented using a binomial distribution, parameterized as p( ft = f | yt = j, zt =
l) = φ f ( j, l).

Two possible observation models

In the graphical representation of our hierarchical model, shown in Figure 5.1,
there is a dashed line between the top layer state variables yt and the observation
variables ~xt. This line represents an optional dependency relationship, because
we wish to experiment with two types of observation models. If we do take the
dependence relation into account, our observation model is represented by the
factor p(~xt | yt, zt). In this model, each combination of top and bottom state values
gets its own set of parameters. Alternatively, if we do not include the dependence
relation, our observation model is represented by the factor p(~xt | zt). In this
case, the observation model is independent of the top layer state variable. Note
that in the transition probabilities of the bottom layer state variable described
above, there still exists a dependency on the top layer state, regardless of which
observation model is used. The same holds for the finished state probability
distribution.

Observations are modeled as independent Bernoulli distributions, as was done
in the previous chapters. The two observation models are therefore defined as:

Model 1:

p(~xt | yt, zt) =

N∏
n=1

p(xn | yt, zt) (5.3)

p(xn | yt = j, zt = k) = µxn
jkn(1 − µ jkn)(1−xn) (5.4)

Model 2:

p(~xt | zt) =

N∏
n=1

p(xn | zt) (5.5)

p(xn | zt = k) = µxn
kn(1 − µkn)(1−xn) (5.6)

where N is the number of sensors used for observation. Model 1 requires Q times
more parameters than Model 2, because of the additional dependency on the top
layer states, with Q being the number of top layer state values. The observation
parameters are collectively represented by a variable B = {µ jkn} for Model 1 and
B = {µkn} for Model 2.
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5.3.2 Inference using a flattened implementation

Inference in a HHMM can be done by applying the junction tree algorithm
[75]. However, by representing our HHMM as a HMM, we can simply apply
the Viterbi algorithm and forward-backward algorithm for HMMs [112]. We
can flatten our HHMM to a HMM by creating a HMM state for every possible
combination of states in the HHMM. This means that we create a HMM with a
state space containing all the combinations of yt, zt and ft variables. Since we can
always determine which HMM state value corresponds to which combination of
HHMM state values, we will continue to use the HHMM state values to index
the variables within the flattened implementation.

The parameters of the resulting HMM can be constructed from the parameters of
the HHMM using the following equations. If for a particular variable no value
is specified, then the calculation is independent of the value of that variable. The
initial state distribution π is formed by combining the initial state of both the top
and bottom layer π(y1 = i, z1 = j, f1) = π0(i)πi( j). Observation parameters remain
unchanged. And the transition parameters A depend on whether the bottom
layer state sequence ended in the previous timeslice, giving:

A(yt−1 = i, zt−1 = k, ft−1 = 0, yt = j, zt = l, ft = f ) = δ(i, j)A j(k, l)φ f ( j, l) (5.7)
A(yt−1 = i, zt−1 = k, ft−1 = 1, yt = j, zt = l, ft = f ) = A0(i, j)π j(l)φ f ( j, l) (5.8)

A downside of this flattened implementation is that the combined state space
requires a lot of memory. For a large number of state values and a large number
of layers, this easily consumes too much space to be tractable. Fortunately, since
our HHMM consists of only two layers this approach is still usable.

5.3.3 Parameter learning

Parameters are learned iteratively using the Expectation Maximization (EM) al-
gorithm [8] which can be applied to our flattened model. The E-step consists of
using the forward-backward algorithm to calculate the probability distribution
p(y1:T, z1:T, f1:T | x1:T, θ). From this distribution, we can calculate the expectation
and reestimate the parameters in the M-step. The equations for reestimating the
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parameters are given by:

π0( j) = p(y1) (5.9)

πk( j) =

∑T
t=1 p(yt = k, zt = j, ft−1 = 1)∑T
t=1

∑
yt

p(yt, zt = j, ft−1 = 1)
(5.10)

A0(i, j) =

∑T
t=2 p(yt = j, yt−1 = i, ft−1 = 1)∑T
t=2

∑
yt

p(yt, yt−1 = i, ft−1 = 1)
(5.11)

Ak(i, j) =

∑T
t=2 p(zt = j, zt−1 = i, yt = k, ft−1 = 0)∑T
t=2

∑
zt

p(zt, zt−1 = i, yt = k, ft−1 = 0)
(5.12)

φ f ( j, l) =

∑T
t=1 p( ft = f , yt = j, zt = l)∑T
t=2

∑
ft p( ft, yt = j, zt = l)

(5.13)

(5.14)

Observation Model 1: µ jkn =
∑T

t=1 δ(xn
t ,1)p(yt= j,zt=k)∑T

t=1 p(yt= j,zt=k)

Observation Model 2: µkn =
∑T

t=1 δ(xn
t ,1)p(zt=k)∑T

t=1 p(zt=k)

The procedure of calculating the forward-backward probabilities and reestimat-
ing the parameters is repeated until the parameter values converge.

5.4 Experiments

Our experiments are aimed at determining which number of action clusters are
needed for modeling activities, which observation model gives the best perfor-
mance and how the performance of hierarchical models compares to the perfor-
mance of the HMM and the HSMM. Our first experiment compares the perfor-
mance of the hierarchical model using Observation Model 1 to the performance
of the HMM and the HSMM. The second experiment makes the same compar-
ison, but uses Observation Model 2. In both experiments, results are given for
various number of action clusters. The remainder of this section first presents the
details of our experimental setup, then describes the experiments and the results
and finally discusses the outcomes.

5.4.1 Experimental Setup

We use the same datasets and activities that were used in Chapter 3. A summary
of relevant details for each dataset can be found in Table 5.1. The datasets include
annotation of activities, but do not include annotation of actions. Since we do
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House A House B House C
Activities 10 14 16
Sensors 14 23 21
Days of data 25 days 13 days 18 days

Tab. 5.1: Information about the datasets recorded in three different homes using a wireless
sensor network.

not have any ground truth for the actions and because we are only interested
in using action clusters for modeling purposes, our evaluation is based solely
on the inferred activities. In Section 3.7.2, we introduced the precision, recall
and F-measure and showed they are reliable measures for evaluating the perfor-
mance of our model. The experimental results of Chapters 3 and 4 showed that
the changepoint feature representation consistently gives a good performance,
therefore we use that feature representation for the experiments in this chapter.

Data obtained from the sensors is transformed to the changepoint representation
and discretized in timeslices of length ∆t = 60 seconds. We split our data into
a test and training set using a ‘leave one day out’ approach. In this approach,
one full day of sensor readings is used for testing and the remaining days are
used for training. We cycle over all the days in the dataset, so that each day is
used once for testing. For the HMM and the HSMM, we present the results by
taking the average over all the test days. In the case of the HHMM, we do five
separate runs of the entire experiment and average the results over these five
runs and then average over all the days. This is done because the EM algorithm
requires a random initialization of the parameters. The EM algorithm is run
until convergence, which guarantees a local maximum solution. Because we
only use labeled data for the activities, the EM algorithm performs a clustering
operation on the data with respect to the action clusters and it is likely that there
are many local maxima in the parameter space. The initialization of the initial
parameters for the first iteration of the EM algorithm plays an important role here.
If a parameter value is initialized to a value close to 0, it will take long before
the value converges. We therefore initialize our parameters uniformly and add
normally distributed jitter with a mean of 0 and a variance of 0.01. Because we
calculate our performance measures by taking the average over multiple runs,
we reduce the impact of initialization and therefore obtain a more reliable result.
To get an impression of how the model performs when a good initialization of
the parameters is used, we also report the maximum performance possible. This
result is obtained by selecting the highest performing day from the five runs for
each of the cross validation days.
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5.4.2 Experiment 1: Observation Model 1

In this experiment, we use Observation Model 1 (p(~xt | yt, zt)). We compare
the performance of our HHMM to the performance of the HMM and HSMM.
Furthermore, we experiment with various number of action clusters. The average
F-measure performance over five runs for various number of action clusters is
given in Figure 5.2 for all three houses.

We see that the performance of the HHMM is equal to the HMM when a single
action cluster per activity is used. Using a single action cluster for each activity
is equivalent to using an HMM and therefore results in the same performance.
Generally the best performance for the HHMM is obtained when using two
or three action clusters, the performance decreases as more action clusters are
considered.

Table 5.2 shows the same results, but now the precision, recall and standard
deviations are included. The maximum performance over five runs is also in-
cluded in the table. These results show us that the increase in performance is the
result of an increase in both precision and recall. To determine the significance
of our results we used a one-tail student t-test with matching paired days. The
increase in F-measure performance of the HHMM, taken over an average of five
runs, compared to the F-measure performance of the HMM and the HSMM is
significant for houses A and C, at a confidence interval of 95%. When making
the same comparison using the maximum performance of the HHMM over five
runs, the increase in F-measure performance is significant for all three houses,
at a confidence interval of 95%. Finally, when comparing the performance of
the average performance over five runs to the maximum performance, we see
that the maximum performance generally results in an increase of at least three
percent points.

5.4.3 Experiment 2: Observation model 2

In experiment 2 Observation Model 2 (p(~xt | zt)) is used. The experimental setup
is similar to experiment 1 and the average F-measure performance over five runs
for various number of action clusters is given in Figure 5.3 for all three houses.

We see that in Houses A and B, the HHMM does not manage to perform better
than the HMM or the HSMM. In House C, we see a slight improvement in
performance over the HMM and the HSMM, when 15 action clusters are used,
but this increase in not significant. Overall, the best performance is obtained
when using 10 or 15 action clusters. Using more or less action clusters than that
quickly results in a significant decrease in performance.

Table 5.3 shows the same results, with the precision, recall, standard deviations
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Fig. 5.2: Experiment 1: Plot of the F-measure performance of the hidden Markov model
(HMM), hidden semi-Markov model (HSMM) and hierarchical hidden Markov
model (HHMM) using Observation Model 1. The number of action clusters
signifies the number of state values that are used for the bottom layer state
variable of the HHMM.
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Model Type Num. Actions Precision Recall F-Measure
H

ou
se

A HMM - - 70 ± 16 74 ± 13 72 ± 14
HSMM - - 70 ± 17 75 ± 13 72 ± 15

HHMM Avg. 3 76 ± 13 81 ± 10 79 ± 11
Max. 3 81 ± 13 84 ± 10 82 ± 11

Model Type Num. Actions Precision Recall F-Measure

H
ou

se
B HMM - - 45 ± 17 60 ± 14 50 ± 16

HSMM - - 46 ± 16 61 ± 14 52 ± 15

HHMM Avg. 3 51 ± 9 62 ± 7 56 ± 8
Max. 3 56 ± 12 67 ± 8 60 ± 10

Model Type Num. Actions Precision Recall F-Measure

H
ou

se
C HMM - - 41 ± 8 50 ± 12 45 ± 8

HSMM - - 41 ± 8 50 ± 11 45 ± 8

HHMM Avg. 2 49 ± 16 55 ± 15 52 ± 15
Max. 2 54 ± 16 59 ± 15 55 ± 15

Tab. 5.2: Experiment 1: Precision, recall and F-measure for hidden Markov model (HMM),
hidden semi-Markov model (HSMM) and hierarchical hidden Markov model
(HHMM). Type indicates the type of performance measure that was used, Avg.
stands for the average over five runs and Max. stands for the maximum over
five runs. Num. Actions represents the number of state values that were used
for the bottom state layer variable.

and maximum performance over five runs included. When comparing the per-
formance of the HHMM using the maximum performance over five runs to the
performance of the HMM and the HSMM, we see that the HHMM on average
performs better in the case of houses A and C. However, this increase in perfor-
mance is not significant at a confidence interval of 95%. Finally, when comparing
the performance of the average performance over five runs to the maximum
performance, we see that the maximum performance can result in an increase
ranging from three to six percent points.

5.5 Discussion

Model of Observation

The results from our experiments show that observation model 1 gives signifi-
cantly better performance than Observation Model 2. When using Observation
Model 1 a separate set of action clusters is used for each activity, while with
observation model 2 a single set of action clusters is used for all activities. Our
result is therefore rather counterintuitive because when using a single set of ac-
tion clusters for all activities, the model is able to reuse certain action clusters for
modeling multiple activities.
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Fig. 5.3: Experiment 2: Plot of the F-measure performance of the hidden Markov model
(HMM), hidden semi-Markov model (HSMM) and hierarchical hidden Markov
model (HHMM) using Observation Model 2. The number of action clusters
signifies the number of state values that are used for the bottom layer state
variable of the HHMM.
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Model Type Num. Actions Precision Recall F-Measure
H

ou
se

A HMM - - 70 ± 16 74 ± 13 72 ± 14
HSMM - - 70 ± 17 75 ± 13 72 ± 15

HHMM Avg. 10 67 ± 15 69 ± 12 67 ± 13
Max. 10 73 ± 14 73 ± 12 73 ± 13

Model Type Num. Actions Precision Recall F-Measure

H
ou

se
B HMM - - 45 ± 17 60 ± 14 50 ± 16

HSMM - - 46 ± 16 61 ± 14 52 ± 15

HHMM Avg. 15 42 ± 11 49 ± 8 45 ± 9
Max. 15 46 ± 12 52 ± 8 48 ± 10

Model Type Num. Actions Precision Recall F-Measure

H
ou

se
C HMM - - 41 ± 8 50 ± 12 45 ± 8

HSMM - - 41 ± 8 50 ± 11 45 ± 8

HHMM Avg. 15 43 ± 9 47 ± 9 45 ± 9
Max. 15 48 ± 9 51 ± 10 49 ± 9

Tab. 5.3: Experiment 2: Precision, recall and F-measure for hidden Markov model (HMM)
and hierarchical hidden Markov model (HHMM). Type indicates the type of
performance measure that was used, Avg. stands for the average over five runs
and Max. stands for the maximum over five runs. Num. Actions represents the
number of state values that were used for the bottom state layer variable.

The explanation for this lack of increase in performance lies in the difficulty to
find action clusters and the lack of labels for the actions. Observation Model 1 is
defined to be dependent on both the action clusters and the activities. Because
we have labeled data for the activities, clustering the data into action clusters
is done for each activity separately. On the other hand, Observation Model 2
only depends on the action clusters, for which there is no labeled data available.
Action clusters therefore need to be found in the data of all activities put together.
Even if consistent action clusters can be allocated in the data, there is no guarantee
that this fit is ideal for the classification of activities.

In future work, it would be interesting to see if the inclusion of labels for the
actions would result in a better performance when using Observation Model 2.
Manually labeling the actions and explicitly appointing actions that are shared
among activities could strongly improve the performance. It would not be neces-
sary to label all the timeslices with actions, a partial labeling provided by a human
expert would help to cluster the data in a more sensible manner.

Number of action clusters used

The number of action clusters used for modeling the data has a strong impact
on the performance of the model. When Observation Model 1 is used, the use of
two or three action clusters results in the best performance. While when using
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Observation Model 2, ten or fifteen action clusters gives the best performance.
Using more or less action clusters quickly results in a significant decrease in
performance in both models. In the case of using more action clusters, this
decrease in performance can be explained by the increase in the number of
parameters. Because we have a limited amount of training data available, too
many parameters will result in an inaccurate estimation of these parameters
[30]. Too few action clusters will limit the model in its expressive power, so that
even with accurately estimated parameters it will not be able to model the data
accurately.

The optimal number of action clusters for Observation Model 2 is a lot higher than
the optimal number of action clusters for Observation Model 1. The explanation
for this difference lies in the number of free parameters available for modeling
the action clusters. In Observation Model 2, the total number of observation
parameters that the model uses for each sensor is equal to the number of action
clusters used. On the other hand, when using Observation Model 1, the total
number of observation parameters used for each sensor is equal to the number
of action clusters times the number of activities. This is because the observation
probability in Observation Model 1 is conditioned on both the action clusters
and the activities. A comparison between the two observation models with
respect to the number of action clusters used should therefore consider cases in
which the same number of parameters for each sensor is used. In the case of
house A, there were ten activities available and so when considering the use of
Observation Model 1 with two action clusters, twenty parameters are needed
for each sensor. In the case of Observation Model 2, using ten to fifteen action
clusters gives the best performance and ten to fifteen parameters are needed
per sensor. Observation Model 2 therefore requires less observation parameters
than Observation Model 1 for its best performance. Still, Observation Model 1
manages to perform better than Observation Model 2, even though it requires
more parameters.

Maximum performance

The difference in performance between the average performance over five runs
and the maximum performance tell us that the parameter estimation method of
the HHMM is quite sensitive to initialization. The use of the maximum perfor-
mance measure gives us insight into the maximum capabilities of the HHMM,
but should not be used to present the performance of the HHMM in a real world
setting. The problem is that in a real world setting, we are dealing with a sequence
of observations for which there is no ground truth available. It is therefore not
possible to determine which set of parameters give the best results for the given
observation sequence. We could do multiple runs of the EM algorithm, using dif-
ferent random initializations and select the set of parameters that give the highest
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likelihood on the training data. However, validating the quality of different runs
on training data can result in overfitting and therefore the proper way of doing
this is to use a validation set. A validation set is constructed by excluding part of
the training data from the training procedure and using that data for evaluating
which set of parameters is best suited. Of course the amount of training data used
during optimization influences the quality of the estimated parameters. And us-
ing too little data for the validation set still risks the possibility of overfitting.
Therefore, the balance between the size of the data used for training and the size
of the validation set should be carefully considered. Alternatively, a different
method of initialization might result in an average performance that is closer to
the maximum performance reported in this chapter.

Modeling the internal structure of activities

When using Observation Model 1, the HHMM managed to significantly out-
perform the HMM and the HSMM in two of the three houses. This increase
in performance is mainly due to differences in the observation model and the
modeling of transition probabilities of the bottom layer state variable.

The inclusion of action clusters allows the model to divide activities into separate
stages, based on the actions that are performed. By modeling the transition
probabilities between consecutive action clusters, we are able to calculate the
probability of a particular temporal ordering of action clusters within an activity.
To be able to model the order in which an activity is performed when using a
HMM, we would have to include features that indicate that sensor A fire before
sensor B. With a large number of sensors, the number of transitions grows quickly
and so do the number of parameters that need to be estimated. By using action
clusters as an abstraction of sensor patterns, we can limit the number of possible
transitions and model temporal ordering using less parameters.

Another advantage of modeling the transition probabilities of the bottom layer
state variable is it allows more accurate duration modeling. We have seen in
Chapter 4 how the inclusion of a duration variable allows us to use any distribu-
tion we want for modeling the duration of a state. The HHMM does not include
a duration variable and therefore we are restricted to the geometric distribution,
which follows from the self transition of states. However, our HHMM contains
state transitions on two layers. This means that the probability distribution of
the duration of an activity is not only based on the self transitions of the top layer
state variable, but also on all possible transitions (not only self-transitions) of the
bottom layer state variable. This probability distribution corresponds to a con-
volution of geometric distributions and therefore allows more accurate modeling
than a single geometric distribution.
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5.6 Conclusion

Hierarchical models allow us to model the relationships between action primi-
tives, actions and activities. We presented a two layer hierarchical hidden Markov
model for activity recognition in which one of the layers corresponds to action
clusters and one layer corresponds to the activities. We speak of action clusters
because clusters of actions are automatically found in the data and do not neces-
sarily have to be actions that are intuitive to humans. The use of multiple layers
allowed the choice between two observation models. One model in which a sep-
arate set of action clusters is used for each activity, and another model in which
action clusters are shared among activities. To estimate the model parameters,
we assumed to have annotated data for the activities, but no annotation for the
actions. We are therefore free to choose the number of action clusters to use.

Experiments on three real world datasets revealed that using a separate set of
action clusters for each activity works best. This is because allocating action
clusters for each activity separately results in clusters that are meaningful with
respect to the classification of activities. Using a shared set of action clusters does
not necessarily result in meaningful clusters and therefore using that observation
model gives a significantly lower performance. The performance of that model
might be increased by using labels for the actions provided by a human annotator.

The use of two or three action clusters gives the best performance, when using a
separate set of action clusters for each activity. Too few action clusters does not
provide the model with enough expressive power, while too many action clusters
results in too many parameters for which there is too little data to estimate them
accurately.

Our proposed hierarchical model significantly outperforms the HMM and the
HSMM in two of the three real world datasets, with an increase of 7 percentage
points in F-measure performance for both datasets. This gain in performance
is caused by the ability of the hierarchical model to model the temporal order
of action clusters, and because the use of multiple layers results in a duration
distribution which corresponds to a convolution of geometric distributions.




