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4
Semi-Markov models

4.1 Introduction

In the previous chapter, we used the hidden Markov model (HMM) and the
conditional random field (CRF) to recognize activities. The experiments showed
that most confusion of activities occurs between activities performed in the same
room. Activities performed in one room typically involve largely the same sen-
sors. This makes it hard to distinguish activities based purely on which sensors
fired. Instead, the analysis of temporal characteristics, such as the duration of an
activity, might provide important evidence for recognition. For example, shaving
and brushing teeth both involve the use of the bathroom door and the faucet. If
no other sensors are used, it is difficult to distinguish these activities based on
the fact that the bathroom door and faucet are used. However, because shaving
typically takes up more time than brushing teeth, the duration of the activity is
likely to be very informative for recognition.

In the first-order Markov models, discussed in the previous chapter, state du-
rations are modeled implicitly by means of self-transitions of states. The prior
distribution of the duration in that case takes the form of a geometric distri-
bution. Geometric distributions have a mode fixed at one timeslice and this
might not always accurately represent the actual distribution of durations for an
activity. For example, showering typically takes several minutes, to shower in
one minute time is generally less likely than taking several minutes. Because
duration modeling in Markov models follows directly from the self-transition
of states, we cannot use a different distribution than the geometric distribution.

1The material in this chapter is largely drawn from [65, 67].
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Using higher-order Markov models allows more flexible parameterization, but
still restricts us to using the geometric distribution. Instead, we propose to use
semi-Markov models in which we are free to choose the duration distribution.

In semi-Markov models, the duration of a state is modeled explicitly by a random
variable. This explicit modeling allows us to use any distribution we wish for
representing the duration of an activity. In this chapter, we compare the gener-
ative hidden semi-Markov model (HSMM) and the discriminative semi-Markov
conditional random field (SMCRF) to their conventional Markov counterparts
(see Table 4.1). We answer the following questions:

• Which distribution should we use for modeling duration? The freedom
of using any distribution for modeling the duration of an activity raises the
question which distribution is most suitable.

• What is the effect of duration modeling in both generative and discrim-
inative models? We compare the performance of Markov models to semi-
Markov models. Is there a difference in performance gain between the
generative and discriminative models?

• How does the feature representation affect the duration modeling? Since
duration modeling can help recognition when sensor data is ambiguous,
it is interesting to see the effect of duration modeling for different feature
representations.

The remainder of this chapter is organized as follows. In Section 4.2, we discuss
related work. Section 4.3 describes the HSMM and its learning and inference
algorithms. Section 4.4 describes SMCRFs and its learning and inference algo-
rithms. In Section 4.5, we highlight the differences between these models and
their conventional counterparts. In Section 4.6, we present the experiments and
results using our real world data sets. Finally, in Section 4.8, we sum up our
conclusions.

Markov Semi-Markov
Generative HMM HSMM
Discriminative CRF SMCRF

Tab. 4.1: Categorization of hidden Markov model (HMM), hidden semi-Markov model
(HSMM), conditional random field (CRF) and semi-Markov conditional random
field (SMCRF).
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4.2 Related Work

The limited possibilities of modeling state durations in the HMM is considered
as a major weakness of the model [130]. HSMMs were introduced to resolve
that weakness and found their first application within speech recognition [85].
Various kinds of HSMMs exist, that mainly differ in the way the observation
model is defined. In this chapter, we restrict ourselves to the most commonly used
HSMM sometimes referred to as the explicit duration HMM. Murphy presented
a unified review of the inference and learning algorithms for the different kinds
of HSMMs by presenting them in the form of a dynamic Bayesian network [111].
The inference algorithm for HSMMs is formulated as an extension to the Viterbi
algorithm for HMMs. Its computational complexity is a factor D more expensive
than the original Viterbi algorithm, where D is the maximum duration considered.
The limited modeling of state durations in HMMs also applies to CRFs and so
SMCRFs were introduced and applied to information extraction tasks [139].

In work by Duong et al., HSMMs were applied to activity recognition [32]. They
compared the performance of the model using various duration distributions
and suggested the use of the Coxian distribution because of its computational
efficiency. Truyen et al. applied a hierarchical version of SMCRFs to activity
recognition [165]. The performance was compared to hierarchical CRF and a
conventional CRF, the hierarchical SMCRF outperformed both. Both of these
works used a small data set recorded in a laboratory setting to evaluate the
model performance. No evaluation of semi-Markov models for activity recog-
nition has been done on real world datasets. Furthermore, the performances of
generative and discriminative semi-Markov models have never been compared
on a single dataset. Such a comparison allows us to evaluate the advantage of
discriminative modeling. By comparing the semi-Markov model performance
with the performance of Markov models, we can determine the effect of accurate
duration modeling in a real world setting.

4.3 Hidden Semi-Markov Model

The HSMM is a generative model that differs from the HMM because next to
modeling the observations and transitions between hidden states, HSMMs model
the duration of hidden states explicitly using a random variable.

In the case of the HMM duration is modeled implicitly by the self-transitions of
states. Given an HMM in a known state, the prior probability that it stays in that
state for l timeslices is

pi(l) = (aii)l−1(1 − aii) (4.1)
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where pi(l) is the discrete probability density function (PDF) of duration l in
state i and aii is the self-transition probability of state i [130]. We see that the
function consists of l − 1 self-transitions (i.e. the model remains in state i) and
one transition to a different state than state i, as expressed by the term 1− aii. This
duration density function takes the form of a geometric distribution with a mode
fixed at one timeslice. The self-transitions are part of the transition distribution
of the HMM and therefore follow directly from the model definition. Duration
modeling is therefore not explicitly defined for the HMM but follows as an
inherent property of the model, therefore, we cannot use a different distribution
to model the duration.

In the rest of this section, we give the model definition of HSMMs and briefly
describe its inference and learning algorithms.

4.3.1 Model definition

To model the duration in an HSMM, we introduce a discrete random variable
dt, which represents the remaining duration of state yt. When the Markov-chain
enters the state, a value of dt is sampled from the duration distribution. Then in
the consecutive timeslices, the value of dt is decreased by one at each timeslice,
and as long as the value is larger than zero the model continues to stay in state
yt. When the value of dt reaches zero a transition to a new state is made and the
duration of the new state is sampled from the duration distribution.

Note, that dt is defined as the remaining duration of a state, therefore the actual
duration when generating a new duration is dt + 1 timeslices. In order to make
this distinction clear, we will use the length of a state l to refer to the actual
duration and the remaining duration dt, to refer to the count-down variable at
time t.

The joint probability of the HSMM is factorized as

p(y1:T, x1:T,d1:T) =

T∏
t=1

p(~xt | yt)p(yt | yt−1, dt−1)p(dt | dt−1, yt)

where we have used p(y1 | y0, d0) = p(y1) and p(d1 | d0, y1) = p(d1 | y1) for the
sake of notational simplicity. The observation model p(~xt | yt) is the same as with
the HMM. Transitions between states are modeled by the factor p(yt | yt−1, dt−1),
defined as:

p(yt = i | yt−1 = j, dt−1) =

δ(i, j) if dt−1 > 0 (remain in same state)
ai j if dt−1 = 0 (transition)

(4.2)

where δ(i, j) is the Kronecker delta function, giving 1 if i = j and 0 otherwise.
The parameter ai j is part of a multinomial distribution. Some model definitions
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of semi-Markov models force the value of aii to zero, effectively disabling self-
transitions [111]. However, in this work, we do not force these values to zero and
do allow self-transitions in the HSMM. The use of self-transitions in semi-Markov
models allows convolutions of duration distributions and makes it possible that
separate instances of activities immediately follow each other.

State durations are modeled by the term p(dt | dt−1, yt), defined as

p(dt | dt−1, yt = k) =

pk(dt + 1) if dt−1 = 0 (generate new duration)
δ(dt, dt−1 − 1) if dt−1 > 0 (count down dt−1)

(4.3)

where pk(dt + 1) is the distribution used for modeling the state duration. In
Section 4.6, we experiment with various distribution functions for modeling the
duration.

4.3.2 Inference

In comparison with HMMs, the state space of HSMMs is larger and therefore
inference requires more time. The Viterbi algorithm, used for inference in HMMs,
iterates over each state at each timeslice and chooses the most likely state from
which that state can be entered. Inference in HSMMs requires the same iterative
procedure, but because the duration of a state is not known beforehand, the
algorithm also needs to iterate over all possible durations at each timeslice. The
complete procedure has a computational complexity of O(TQ2D), where D is the
maximum duration an activity can have, T is the length of the sequence and
Q is the number of states [111]. The value of D can be set differently for each
activity. This can result in a great efficiency gain when different activities have
largely different duration distributions. Sequences with durations larger than D
automatically have a probability of 0. Further details on the Viterbi algorithm
can be found in Appendix A.

4.3.3 Parameter Learning

We learn the model parameters by finding the maximum likelihood parameter
values. Given some training data x1:T,y1:T, we want to find those parameters that
maximize p(x1:T,y1:T | θ). This is equivalent to finding the maximum likelihood
parameter values of each of the factors that make up the joint probability.

Our training data is fully labeled with exact start and end time of each activity, so
that we can optimize the parameters in closed form. The observation probability
p(xn

| y = i) is calculated similarly as with the HMM. Calculating the transition
probability p(yt = i | yt−1 = j, dt−1 = l) requires counting the number of transi-
tions in which the remaining duration dt−1 is 0. In all other cases, the duration
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variable simply counts down. The parameters of the multinomial distribution
are therefore calculated by

ai j =

∑T
t=2 δ(yt, j)δ(yt−1, i)δ(dt−1, 0)∑T

t=2 δ(yt−1, j)δ(dt−1, 0)
(4.4)

where T is equal to the number of timeslices.

The parameter values of the duration distribution depend on which distribution
is used. We compare a number of duration distributions in Section 4.6. The
parameters of these distributions are learned by maximum likelihood estimation.

4.4 Semi-Markov Conditional Random Fields

Just like the HSMM is an HMM in which we model a duration variable, the
SMCRF is a CRF in which duration is modeled explicitly. The conditional prob-
ability is p(y1:T,d1:T | x1:T), defined as

p(y1:T,d1:T | x1:T) =
1

Z(x1:T)

T∏
t=1

exp
K∑

k=1

λk fk(yt, yt−1, ~xt, dt, dt−1).

The feature functions fk(yt, yt−1, ~xt, dt, dt−1) for the SMCRF can be grouped as
observation feature functions, transition feature functions and duration feature
functions. In defining the feature functions we use a multi-dimensional index
to simplify notation, rather than the one-dimensional index used above. The
observation feature function is defined similarly as with CRFs as fvin(xn

t , yt) =
δ(yt, i) · δ(xn

t , v). The transition feature function is defined as fi j(yt, yt−1, dt) =
δ(yt, i) · δ(yt−1, j) · δ(dt, 0). Defining the duration feature function depends on the
type of distribution used for modeling the duration. We use feature functions
of the form gi(yt, dt) = δ(yt, i) · d2

t , g′i (yt, dt) = δ(yt, i) · dt and g′′i (yt, dt) = δ(yt, i) · 1
which gives a contribution proportional to (dt − λ)2, for appropriate values of
λi,λ′i and λ′′i . Notice that each of the duration feature functions is assigned with
its own parameter λi which is independent of the other parameters. The use of
our duration feature functions therefore allows, but does not enforce a Gaussian
distribution; the parameter learning will find the best distribution, which will
only be Gaussian if that is what is present in the data.

4.4.1 Inference

Inference in SMCRFs is done using a Viterbi algorithm similar to that of HSMMs
and has a computational complexity of O(TQ2D) [139]. See Appendix A for
details about the algorithm.
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4.4.2 Parameter Learning

Parameter estimation in SMCRFs is done similarly as with CRFs. The inclusion
of duration simply adds another term in the equations. The parameters θ =
{λ1, . . . , λK} of SMCRF are learned by maximizing the conditional log likelihood
l(θ) = log p(y1:T | x1:T, θ) given by

l(θ) =

T∑
t=1

K∑
k=1

λk fk(yt, yt−1, ~xt, dt, dt−1) − log Z(x1:T) −
K∑

k=1

λ2
k

2σ2

where the final term is a regularization term penalizing large values of λ to
prevent overfitting. The constant σ is set beforehand and determines the strength
of the penalization [153].

The partial derivative of l(θ) with respect to λi, is given by

∂l
∂λi

= −
λi

σ2 +

T∑
t=1

fi(yt, yt−1, ~xt, dt, dt−1)−

T∑
t=1

∑
yt,yt−1,dt,dt−1

p(yt, yt−1, dt, dt−1 | ~xt) fi(yt, yt−1, ~xt, dt, dt−1).

4.5 Model Comparison

In the previous sections, we introduced a generative and a discriminative semi-
Markov model. This section highlights the differences between these models and
between their Markov counterparts. We discuss the effects of inaccurate duration
modeling in both generative and discriminative models and explain the effects
on computational complexity when using discriminative models.

4.5.1 Learning in generative models

In section 3.6.2, we illustrated the difference between generative and discrimina-
tive models by showing the effect of estimating the parameters of two Gaussian
or normal distributions based on incorrect modeling assumptions. We explained
how incorrect modeling assumptions are often used because either the family of
the true underlying distribution is not known, or because the choice of distri-
bution results in fewer parameter values, hence requiring less data to train the
model. Here, we illustrate a similar effect in the case of duration modeling.

We provide an example involving activities A and B, which we wish to classify
using only the duration of the activity. That is, the initial state distribution, the
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observations and the transitions do not provide any information as to which
activity is more likely. The durations of activities A and B are distributed as
truncated normal distributions with unit variance and means µA

n = 3 and µA
n = 7,

respectively (Fig. 4.1a).

When using semi-Markov models, we can simply use the normal distribution
to accurately model the duration distributions. However, in the case of Markov
models (e.g. HMM, CRF) the duration distribution is fixed to the geometric
distribution, therefore resulting in an incorrect modeling assumption.

In the case of the HMM, the parameter values of the geometric distribution are set
to the maximum likelihood estimates. We can calculate these parameter values
by matching the first moment (the mean) of the normal distribution to the first
moment of the geometric distribution. The geometric distribution takes the form
pi(d) = (aii)d−1(1 − aii), where d is the duration of a state and aii the self-transition
probability of that state. The mean of the geometric distribution is calculated as
follows:

µg =

∞∑
d=1

d(aii)d−1(1 − aii) =
1

1 − aii
. (4.5)

Using this formula, we can calculate the parameter values aii for the means
of µA

g = 3 and µB
g = 7. This results in two geometric distributions which are

shown in Figure 4.1b. Because the duration is the only source of information
by which the activities can be classified, we can easily determine the outcome
of the classification. The shaded area in the figure shows where the use of
the geometric distribution results in misclassification. This illustrates how the
modeling of duration with an incorrect PDF can lead to misclassification in the
HMM.

In the case of CRFs, we are directly optimizing the conditional probability dis-
tribution. Since the duration distribution is our only informative source of in-
formation for classification, estimating its parameters values comes down to
minimizing the classification error with respect to the real duration distribution.
This can yield a solution as shown in Figure 4.1c and illustrates that also in
the case of duration modeling, discriminative models are more robust towards
violations of the modeling assumptions.

4.5.2 Computational complexity

An important consequence of using discriminative models is the increase in
computational complexity during learning. In generative models, the parameters
of the distributions used can usually be estimated using a closed form solution.
Discriminative models, on the other hand, typically require numerical methods
because no closed form solution is available. This is especially costly because
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Fig. 4.1: Plots of (a) Gaussian distribution for means 3 (straight line) and 7 (dashed line).
(b) Geometric distribution with a set of parameters learned using maximum like-
lihood estimation, typically used in generative models. The shaded area shows
where the incorrect use of the geometric distribution leads to misclassification.
(c) Geometric distribution with a set of parameters learned using discriminative
models.
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during each iteration of the learning phase, we need to perform inference to
calculate the normalization term.

The use of semi-Markov models introduces an additional computational com-
plexity. Because the durations of activities are not known for a novel sequence of
observations, all possible durations need to be considered at each timestep. This
makes the computational complexity of doing inference in semi-Markov models
a factor D higher than in conventional models, where D is the maximum duration
of an activity. This affects both HSMMs and SMCRFs, but when fully labeled
data is available, the HSMM does not need to perform inference during training,
because a closed form solution for parameter estimation is possible. Since the in-
ference step is performed at each iteration during learning in the SMCRF, finding
the model parameters for this model is very expensive.

In the experiments section, we report the amount of time needed for inference
and learning in each of the models to illustrate these differences.

4.6 Experiments

In this section, we present the experiments and their results for classification
based on duration modeling. We describe the datasets used, the experimental
setup and the goal and results of the experiments. A total of three experiments are
done. The first experiment is aimed at finding the ideal distribution for modeling
the durations of activities. In the second experiment, we compare the recogni-
tion performance of the Markov and semi-Markov models. Finally, in the third
experiment, we investigate the effect of using different feature representations on
the recognition performance.

4.6.1 Datasets used

Due to the high computational complexity of the SMCRF model, we use subsets
of the datasets collected in the three houses. In Chapter 3, we saw that most
recognition confusion occurs between activities taking place in the same room
using the same set of sensors. Therefore, we created subsets of the original
datasets by selecting all the activities and sensors that are performed and present
in one room. We did this for the kitchen and for the bathroom, resulting in six
datasets (two for each house) which are challenging for recognition and a good
testset for evaluating the effect of accurate duration modeling. Tables 4.2 and 4.3
show the list of sensors used for the bathroom and kitchen datasets, respectively.
Tables 4.4 and 4.5 show the activities of these datasets.
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Sensors
BathroomA BathroomB BathroomC
Bathroom door Toilet flush Bathroom door
Toilet door Bathroom door Toilet flush
Bedroom door Bathroom PIR Bathtub PIR

Kitchen PIR Dresser PIR
Sink
Chair

Tab. 4.2: List of sensors used in each of the bathroom datasets. PIR is short for ‘passive
infrared’, the sink and toilet flush use a float sensor, the chair uses a pressure mat
and the remaining sensors use reed switches to measure the open-close state.

Sensors
KitchenA KitchenB KitchenC
Microwave Microwave Microwave
Refrigerator Refrigerator Refrigerator
Freezer Frontdoor Freezer
Cupboard with plates Cupboard with plates Cupboard with plates
Cupboard with cups Cupboard with groceries Cupboard with cups
Cupboard with pans Stove lid Cupboard with pans
Cupboard with groceries Toaster Cupboard with boxes
Dishwasher Cutlary drawer Cutlary drawer

Sink
Kitchen PIR

Tab. 4.3: List of sensors used in each of the kitchen datasets. PIR is short for ‘passive
infrared’, the sink uses a float sensor, the stove lid and drawers use a mercury
sensor and the remaining sensors use reed switches to measure the open-close
state.

BathroomA BathroomB BathroomC
Activity Num. Perc. Activity Num. Perc. Activity Num. Perc.
Brush teeth 16 0.1 Brush teeth 13 0.3 Brush teeth 26 0.4
Showering 23 1.1 Showering 11 1.1 Showering 10 0.2
Toileting 114 1.3 Toileting 27 0.6 Bathing 4 0.8
Other - 97.5 Other - 98.0 Shaving 7 0.3

Other - 98.3

Tab. 4.4: The activities that were annotated in the bathroom datasets. The ‘Num.’ column
shows the number of times the activity occurs in the dataset. ’Perc.’ indicates
the percentage of timeslices that the activity occurs. All unannotated timeslices
were collected in a single ‘Other’ activity. The ‘Num.’ column is not filled out
for the ‘Other’ activity because there is no annotation available for that activity
and it is therefore not clear whether a single sequence of ‘Other’ activity should
be counted as one or as multiple occurrences of that activity.
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KitchenA KitchenB KitchenC
Activity Num. Perc. Activity Num. Perc. Activity Num. Perc.
Breakfast 20 0.4 prep. Breakfast 9 0.8 Breakfast 18 0.7
Dinner 9 1.5 prep. Dinner 6 0.8 Dinner 11 1.9
Snack 12 0.2 Wash Dishes 6 0.3 Snack 9 0.1
Drink 20 0.2 Drink 8 0.1 Drink 10 0.2
Other - 97.7 Eat Breakfast 10 1.3 Other - 97.1

Eat Dinner 5 0.5
Other - 96.2

Tab. 4.5: The activities that were annotated in the kitchen datasets. The ‘Num.’ column
shows the number of times the activity occurs in the dataset. ’Perc.’ indicates
the percentage of timeslices that the activity occurs. All unannotated timeslices
were collected in a single ‘Other’ activity. The ‘Num.’ column is not filled out
for the ‘Other’ activity because there is no annotation available for that activity
and it is therefore not clear whether a single sequence of ‘Other’ activity should
be counted as one or as multiple occurrences of that activity.

4.6.2 Experimental Setup

Data obtained from the sensors is 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. A day of sensor data starts at 8
am and ends at 12 pm. This is done to reduce the computation time, which is
very high in the case of the SMCRF. The hours were chosen as such, because few
activities, besides the ‘other’ activity, take place outside those hours. We cycle
over all the days and report the average performance measure.

In Section 3.7.2, we introduced the precision, recall and F-measure and showed
that they are reliable measures for evaluating the performance of our model. We
do not include the accuracy measure in reporting the results. In the previous
chapter, we showed that the accuracy is not a useful measure for us, because it
weights performances relative to the frequency of an activity.

The maximum duration D used by the semi-Markov models is determined by
taking the maximum duration in the training set and adding 25% to account for
outliers. For the ‘other’ activity the maximum duration was set to 1, therefore
duration modeling for that activity is equivalent to using the geometric distri-
bution as is done with the HMM. The ‘other’ activity can consist of very long
sequences, which would result in a very high value for D. In either case, it is
not likely that the distribution of durations for the ‘other’ activity can be easily
parameterized because it is a collection of various activities.

Significance testing between two cases A and B is done at a confidence interval of
95% using a one-tail student t-test and using matching paired days. This means
that the performance in case A for a particular day of the cross validation is com-
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pared to the performance in case B for that exact same day of the cross validation.
We do this because there are large differences in the activities performed through-
out the various days. It can be said that some days are more challenging in terms
of recognition than others. However, a single day will be equally challenging for
both models. Therefore, to allow a fair comparison, it is important to match the
performance of individual days while calculating the significance.

4.6.3 Experiment 1: Duration Distribution

In this experiment, we wish to determine which family of distributions is best
suited for modeling the duration of activities. We experiment with three uni-
modal distributions, the gamma, Poisson and Gaussian distributions and we
experiment with the multivariate and histogram distributions. In the case of
the histogram distribution, we are free to choose the number of bins for repre-
senting the distribution. We experiment with 3, 5 and 10 bins, the multivariate
distribution is equivalent to a histogram distribution with D bins, where D is the
maximum duration of an activity. The F-measure values for the different datasets
and distributions can be found in Table 4.6.

We see that the Poisson distribution performs worst in three of the six datasets,
while the Gaussian distribution performs best in four of the six datasets. Overall
the differences in performance among the various distributions are small. Using
a histogram approach works well on all datasets except for the house C kitchen
dataset. Depending on the number of bins used in the histogram the results vary,
but no single number of bins consistently gives the best performance.

4.6.4 Experiment 2: Model

In this experiment, we used the ‘changepoint & last’ sensor representation. The
Gaussian distribution is used for modeling duration in the HSMM and the fea-
ture functions described in Section 4.4 are used for the SMCRF. These feature
functions allow the duration to be modeled as a Gaussian distribution. The re-
sults for these experiments using both Markov and semi-Markov models on the
kitchen and bathroom datasets can be found in Table 4.7.

These results show that the HSMM significantly outperforms the HMM in terms
of F-measure on all the datasets, except the bathroom C dataset. In the case of the
bathroom C dataset, the HSMM on average performs better than the HMM, but
this increase is not significant. This is an important result, because it shows that
modeling duration accurately when using generative models in this experimental
setup can result in a significant gain in performance.

The results further show that the SMCRF significantly outperforms the CRF in
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House A Bathroom House A Kitchen
Gamma 78 ± 16 67 ± 24
Gauss 78 ± 16 69 ± 24
Poisson 60 ± 17 62 ± 30
Multivariate 77 ± 17 65 ± 24
Histogram 3 bins 77 ± 17 68 ± 24
Histogram 5 bins 77 ± 16 67 ± 25
Histogram 10 bins 77 ± 16 65 ± 24

House B Bathroom House B Kitchen
Gamma 76 ± 15 51 ± 19
Gauss 76 ± 15 54 ± 19
Poisson 73 ± 13 53 ± 21
Multivariate 79 ± 16 52 ± 20
Histogram 3 bins 75 ± 13 53 ± 20
Histogram 5 bins 76 ± 15 53 ± 19
Histogram 10 bins 77 ± 15 54 ± 19

House C Bathroom House C Kitchen
Gamma 65 ± 24 54 ± 21
Gauss 62 ± 26 56 ± 22
Poisson 59 ± 28 49 ± 16
Multivariate 62 ± 25 46 ± 20
Histogram 3 bins 58 ± 26 48 ± 21
Histogram 5 bins 65 ± 23 46 ± 19
Histogram 10 bins 64 ± 25 46 ± 20

Tab. 4.6: F-measure values for various duration distributions for all the datasets.

terms of F-measure on the bathroom A and kitchen B datasets. In the case
of the kitchen A dataset, the CRF performs on average slightly better than the
SMCRF. While in the case of the bathroom B and bathroom C datasets the SMCRF
performs on average better, but this increase is not significant. These results show
that an accurate duration modeling in this experimental setup can still result in a
significant gain in performance, but does so less consistently as in the generative
case.

When comparing the F-measure performance of the HSMM to that of the SMCRF,
we see that on the kitchen A dataset, the SMCRF on average performs better than
the HSMM, but this increase is not significant. On all five other datasets, the
F-measure performance of the two models is either equal or nearly equal. This
is an interesting result because our previous comparison revealed that accurate
duration modeling in discriminative models does not result in a significant in-
crease in performance as often as it does in generative models. Nonetheless
discriminative semi-Markov models manage to perform at least equally well as
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Bathroom A Kitchen A
Precision Recall F-Measure Precision Recall F-Measure

HMM 50 ± 13 67 ± 15 57 ± 12 56 ± 30 64 ± 33 59 ± 31
HSMM 70 ± 17 85 ± 14 76 ± 15 65 ± 27 75 ± 21 69 ± 24
CRF 73 ± 17 74 ± 14 73 ± 15 80 ± 21 79 ± 20 79 ± 20
SMCRF 75 ± 17 75 ± 14 75 ± 15 77 ± 23 77 ± 19 76 ± 21

Bathroom B Kitchen B
Precision Recall F-Measure Precision Recall F-Measure

HMM 64 ± 18 85 ± 14 72 ± 15 47 ± 23 56 ± 23 50 ± 22
HSMM 67 ± 20 91 ± 13 76 ± 15 47 ± 22 67 ± 20 54 ± 19
CRF 72 ± 16 75 ± 16 73 ± 15 42 ± 24 46 ± 22 44 ± 23
SMCRF 75 ± 17 77 ± 18 76 ± 17 52 ± 33 56 ± 29 54 ± 31

Bathroom C Kitchen C
Precision Recall F-Measure Precision Recall F-Measure

HMM 48 ± 32 57 ± 32 52 ± 32 46 ± 21 49 ± 22 46 ± 19
HSMM 60 ± 27 69 ± 27 64 ± 26 54 ± 23 61 ± 24 56 ± 22
CRF 53 ± 27 62 ± 22 57 ± 25 55 ± 28 57 ± 24 55 ± 25
SMCRF 60 ± 27 65 ± 24 62 ± 26 53 ± 26 57 ± 24 55 ± 25

Tab. 4.7: Experiment 2: Precision, recall and F-measure for hidden Markov model (HMM),
hidden semi-Markov model (HSMM), conditional random field (CRF) and semi-
Markov conditional random field (SMCRF). Experiments were performed on the
kitchen and bathroom datasets. The changepoint and last sensor representation
was used.

generative semi-Markov models.

Finally, we compare the F-measure performance of the CRF to that of the HMM
and find that the CRF significantly outperforms the HMM in terms of F-measure
on the bathroom A and kitchen C datasets. On the kitchen A, bathroom B and
bathroom C datasets the CRF performs on average better than the HMM, but this
increase in not significant. The HMM performs on average better than the CRF
on the kitchen B dataset, but not significantly. One possible explanation for these
results is that the CRF is able to model durations better, due to its ability to deal
with violations of the modeling assumptions.

Table 4.8 shows the computation times for learning and inference in all models
on the bathroom A dataset. We see that learning in discriminative models takes
significantly longer than in generative models. Learning the parameters of the
SMCRF also takes much longer than learning the parameters of the CRF. Finally,
the table shows that inference for semi-Markov models takes longer than for
Markov models.
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Model HMM HSMM CRF SMCRF
Learning Time 0.2 s 0.3 s 190.8 s 9882.2 s
Inference Time 1.1 s 1.9 s 1.3 s 1.8 s

Tab. 4.8: Computation time in seconds for learning and inference on the bathroomA
dataset.

4.6.5 Experiment 3: Feature Representation

This experiment is similar as experiment 2, however, this time the ‘changepoint’
sensor representation is used. The results can be found in Table 4.9.

In terms of F-measure, the HSMM performs on average better than the HMM on
all datasets except for the bathroom A and kitchen A datasets, where they perform
equal. Only in the case of the kitchen C dataset, the increase in performance
is significant. We see that with this sensor representation accurate duration
modeling still helps in generative models, but does not result in such a significant
gain in performance as with the previous experiment. When comparing the F-
measure performance of the HMM and the HSMM of this experiment to the
F-measure performances of the previous experiment, we see that the change in
feature representation has resulted in an increase in performance on all datasets.

The SMCRF does not significantly outperform the CRF on any of the datasets, but
on average performs better than the CRF for all datasets except for the bathroom
A dataset (where it performs equal) and the kitchen C dataset (where it performs
slightly worse). When comparing the results for the CRF and the SMCRF of
this experiment to the F-measure performances of the previous experiment, we
see that most results are either equal or close to equal. The change in feature
representation seems to have less effect on the discriminative models.

4.7 Discussion

Duration distribution

Our first experiment was aimed at answering which distribution is best suited
for modeling the duration of activities. We experimented with three unimodal
distributions, a multivariate distribution and a histogram approach for various
numbers of bins. In case the duration distribution of activities is consistently not
unimodal, the histogram and multivariate distributions would probably have
performed better than the unimodal distributions. However, the results showed
little difference in the performance of the various distributions. The Gaussian
distribution performed best in four of the six datasets and is therefore the distri-
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Bathroom A Kitchen A
Precision Recall F-Measure Precision Recall F-Measure

HMM 80 ± 17 84 ± 14 81 ± 15 66 ± 27 75 ± 20 70 ± 24
HSMM 79 ± 18 83 ± 16 81 ± 16 66 ± 26 76 ± 20 70 ± 23
CRF 72 ± 21 72 ± 18 72 ± 19 78 ± 23 76 ± 21 76 ± 22
SMCRF 73 ± 21 73 ± 18 72 ± 19 79 ± 24 80 ± 19 79 ± 22

Bathroom B Kitchen B
Precision Recall F-Measure Precision Recall F-Measure

HMM 68 ± 11 88 ± 14 76 ± 10 46 ± 22 64 ± 25 52 ± 22
HSMM 70 ± 15 91 ± 14 78 ± 13 50 ± 20 69 ± 22 57 ± 20
CRF 72 ± 16 74 ± 16 73 ± 15 41 ± 24 44 ± 22 43 ± 23
SMCRF 77 ± 15 78 ± 17 77 ± 15 46 ± 33 49 ± 27 47 ± 30

Bathroom C Kitchen C
Precision Recall F-Measure Precision Recall F-Measure

HMM 57 ± 27 73 ± 23 63 ± 25 50 ± 23 59 ± 20 53 ± 20
HSMM 58 ± 27 75 ± 22 64 ± 24 61 ± 27 67 ± 22 62 ± 23
CRF 55 ± 28 60 ± 26 57 ± 27 61 ± 28 58 ± 23 59 ± 24
SMCRF 61 ± 28 64 ± 26 62 ± 27 61 ± 30 58 ± 23 58 ± 25

Tab. 4.9: Experiment 3: Precision, recall and F-measure for hidden Markov model (HMM),
hidden semi-Markov model (HSMM), conditional random field (CRF) and semi-
Markov conditional random field (SMCRF). Experiments were performed on
the kitchen and bathroom datasets. The changepoint sensor representation was
used.

bution that was used in the other experiments. An advantage of the Gaussian
distribution is that it has convenient mathematical properties. In the case of
generative models, the parameters of a Gaussian can be calculated in closed form
and when using discriminative models, we can define a set of feature functions
that allows the duration to be modeled as a Gaussian distribution.

In our current experimental setup, the same distribution was used for all activi-
ties. It is possible that the duration of different activities is distributed differently.
For example, one activity might have a unimodal distribution, while another
might have a bimodal distribution. In future work, we could experiment with
using different distributions for different activities. Another interesting extension
on this work is the inclusion of the Coxian distribution for modeling the duration
of activities. This distribution was used in related work to model the duration
of activities because of its computational efficiency and has been shown to give
a good performance in activity recognition [32].
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Feature Representation

The results of experiment 3 showed that the HMM performs much better when
using the changepoint representation than when using the changepoint & last
representation that was used in experiment 2. This is somewhat surprising be-
cause the same comparison was made in the previous chapter in which the HMM
performs equally well for both feature representations and even performs better
in one case when using the changepoint & last representation. The explanation
lies in the use of subset datasets. In this chapter, we have created several subsets
of the datasets used in the previous chapter. These subsets contain considerably
less sensors than the original dataset. As explained in the previous chapter, the
last representation works best when a large number of sensors is used, so that
there is a high chance that another sensor is triggered once a person starts moving
inside the house. Because all the sensors in our subsets are positioned together
in a single room, the last representation completely loses its effectiveness as soon
as the subject leaves that room. In fact, the last representation pollutes the ob-
servation space because at all times one of the sensors will continue to fire as
‘other’ activities are performed outside the room. Although this is clearly not
what we would like to use for activity recognition, it does make some properties
of duration modeling and of discriminative models clear.

Duration Modeling

From the results of experiment 2, we see that the performance of the HMM
is clearly affected by the inclusion of the last representation. The HSMM on
the other hand is hardly affected by the use of the last representation. We see
that the use of accurate duration modeling in generative models manages to
overcome this bad working feature representation. The inclusion of an accurate
duration model prevents the model from inferring unrealistically long sequences
of activities, even though the sensor data still indicates the relevant sensors are
firing.

Looking at the results of experiment 3, we have seen that duration modeling
still helps the performance in the cases of the B and C datasets. When a feature
representation provides a good indication of which activity takes place, accurate
duration modeling will not result in a significant gain in performance. Only the
cases that we saw in the previous chapter, where activities performed in the same
room are confused with each other, will benefit from the duration modeling. This
explains why we still see an increase in performance for the B and C datasets in
experiment 3.
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Discriminative models

The problem with the last feature representation, described in the previous sub-
section, seems to affect the performance of the HMM, but not the performance
of the CRF. This is because a discriminative model takes into account how well
a particular feature is able to discriminate between classes, while a generative
model does not take this into account. Discriminative models can assign a weight
of 0 to a particular feature, effectively canceling out the contribution of that fea-
ture to the recognition process. Furthermore, discriminative models are able to
deal with violations of the modeling assumptions, which means it can find a set
of parameters that accurately discriminates the data, but are not the maximum
likelihood parameters of the underlying distribution.

In the case of discriminative models, we see that accurate duration modeling can
still help the performance. The inclusion of duration models basically gives the
SMCRF a set of new tools for discriminating the data. As a result, the time to
estimate the model parameters of the SMCRF takes up to fifty times longer than
estimating the parameters of the CRF. Compared to the HSMM, learning the
parameters takes as much as thirty-thousand times longer for the SMCRF. This
is because the parameters of the HSMM can be estimated in closed form, while
we use numerical optimization methods for the SMCRF.

The differences in performance between the SMCRF and the HSMM in experi-
ment 3 does not give a conclusive picture. On the B and C datasets both models
obtain nearly the same performance, while on the A datasets the HSMM performs
better on the kitchen dataset and the SMCRF performs better on the bathroom
dataset.

Future work

Besides the increase in performance resulting from accurate duration modeling,
the use of semi-Markov models also has a number of important consequences
which allow even more accurate modeling options. The explicit modeling of the
duration of states allows more complex observation models. In conventional
Markov models, the observation model is typically defined to depend only on
the state at the timeslice the observation is made. In semi-Markov models, it
is easier to think in terms of segments. An activity that lasts for one or more
timeslices can be considered as a single segment. The observation model can be
defined to depend on such a segment. This means the observation is dependent
on all the states for as long as the activity lasts. Since activities vary in duration
this means the observation model is of variable length and allows the inclusion of
features that cover the entire segment of the activity. For example, it is possible to
define a feature which states that the microwave was used at least once within the
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execution of an activity. Semi-Markov models are therefore sometimes referred
to as variable-length Markov models or segment models [111].

Another possible extension lies in the order of the Markov model. It can be
beneficial to use a higher order Markov model to model transitions over longer
periods of time. For example, in between two activities, it is likely that peo-
ple generally spend some time doing something that we would label as ‘other’
activity. A typical sequence of an evening routine can therefore be, ‘prepare din-
ner’, ‘other’, ‘eat dinner’, ‘other’, ‘brush teeth’, ‘other’, ‘sleeping’. A first order
Markov model would only be able to capture the transition from and to ‘other’ to
the various activities. While there is a very clear structure in this evening routine.
The problem with conventional Markov models is that a higher order Markov
model means we condition on a higher number of timeslices in the sequence.
Since activities are not performed at a constant duration, it is not clear how many
timeslices we should jump back to capture the sequence in the evening routine.
By using semi-Markov models, we can use a single state variable to model an
activity that lasts several timeslices. The state representation therefore becomes
invariant of the duration of an activity. This makes it possible for higher order
semi-Markov models to capture the relevant dependencies in an evening routine
such as described above. The resulting transition model could therefore consider
the probability of p(sleeping | other, brushteeth).

4.8 Conclusions

Semi-Markov models differ from conventional Markov models in that they in-
clude a variable for modeling the duration of a state. This makes it possible to
use any distribution for modeling state duration while in conventional Markov
models we are forced to use the geometric distribution. In this chapter, we pre-
sented a generative semi-Markov model, the HSMM, which is an extension of
the HMM discussed in the previous chapter. And we presented a discrimina-
tive semi-Markov model, the SMCRF, which is an extension of the CRF. We
provided a comparison between generative and discriminative models with re-
spect to duration modeling and illustrated how inaccurate duration modeling
can result in erroneous classification in generative models, but results in error
free classification in discriminative models.

For our experiments, we created six datasets which are subsets of the three real
world datasets used in the previous chapter. This was done to overcome the
computational issues with respect to the parameter estimation in the SMCRF.
Our first experiment was aimed at determining the most suitable probability
distribution for modeling the duration of an activity. We experimented with three
unimodal distributions, a multivariate distribution and a histogram approach
with various numbers of bins. The Gaussian distribution performed best in four
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of the six datasets and is therefore the distribution that was used in the other
experiments.

The other two experiments compared the performance of our generative and
discriminative semi-Markov models to their conventional Markov model coun-
terparts. In one experiment, the ‘changepoint&last’ feature representation was
used and in the other experiment the ‘changepoint’ feature presentation was
used. The last feature representation turned out to be less effective on the six
subset datasets we created, because the subsets contain only a small number of
sensors. This revealed that the HMM is very sensitive to such an ineffective
feature representation, but that accurate duration modeling of the HSMM results
in a significant gain in performance on five of the six datasets. When using the
changepoint representation, a significant gain in performance is only observed
in one of the six datasets. This shows that accurate duration modeling is impor-
tant in generative models when the feature representation is unable to provide
sufficient support for classification.

Discriminative models are less sensitive to the inclusion of ineffective feature
representations, because they are more robust in dealing with violations of the
modeling assumptions. The CRF therefore managed to significantly outperform
the HMM in two of the six datasets when the ineffective feature representation
was included. Accurate duration modeling in discriminative models results
in an average increase in performance, but this increase is not significant. The
HSMM and the SMCRF give similar performance on most datasets, neither model
manages to consistently significantly outperform the other. Learning the model
parameters of a SMCRF takes up to thirty-thousand times longer than estimating
the parameters of the HSMM. This is because the parameters of the HSMM can
be estimated in closed form, while we use numerical optimization methods for
the SMCRF.




