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6
Transfer Learning

6.1 Introduction

In the previous chapters, we have discussed various models for activity recogni-
tion. These models, and most other state of the art activity recognition models,
are supervised models that require annotated datasets to learn the model para-
meters [32, 71, 86, 165]. This annotation has to be provided by a human observer
who either actively annotates the activities as the dataset is recorded, or passively
annotates them by inspecting a video recording of the subject performing the ac-
tivities. Both active and passive annotation are time consuming operations and
are therefore considered very expensive.

The application we have in mind for applying activity recognition systems is
the health monitoring of elderly in their own homes. Therefore, it is expected
that in the near future such systems will be installed in many different homes.
However, due to differences in both the layout of houses and the behavior of
their inhabitants, an activity recognition model trained for one home cannot be
directly used in another home. Instead, we will have to record and annotate a
separate dataset for each home we wish to install an activity recognition system
in. Since annotating a dataset is such an expensive operation, this is far from
ideal.

We hypothesize that despite the differences among houses, there are also similar-
ities among houses with respect to the execution of activities. If this hypothesis
is valid, annotated datasets can provide us with generic information about how

1The material in this chapter is largely drawn from [64, 66].
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people perform activities. In this chapter, we present learning methods that use
existing annotated datasets of different houses to estimate the model parameters
for a new house. We consider each house that we perform activity recognition
in as a separate classification task. Using datasets from various classification
tasks to learn the model parameters for a different but related classification task
is known as transfer learning [5, 15, 162]. We will answer the following questions
with respect to transfer learning for models of activity recognition:

• Is transfer learning for models of activity recognition possible? We hy-
pothesize that there are similarities among houses with respect to the ex-
ecution of activities. Are these similarities really present, and are they
numerous enough to provide a useful contribution to the estimation of
model parameters?

• How can we deal with differences in the layout of houses? There is a
sensor network in each house that we perform activity recognition in. Due
to differences in the layout of houses, there might be differences between
sensor networks. For example, a different number of sensors might be used,
or sensors might sense different properties. The sensor data is represented
in a feature space, where in our approach one sensor typically corresponds
to one dimension in the feature space. Differences in sensor networks
therefore result in feature spaces with different dimensionality and features
with different semantic interpretations. To be able to perform transfer
learning, we need to somehow overcome these differences.

• How do we deal with differences in behavior of inhabitants? Differences
in the behavior of inhabitants can be subtle (e.g. one person prefers sugar
in their coffee, while another prefers their coffee black) or can mean that
an activity is performed in a very different way (e.g. one person uses
instant coffee, while another uses a coffee machine). We could ignore such
differences and create a generic activity recognition model that we use for
all houses. Or we could take the differences into account and create a
specific model for each house we perform activity recognition in. How can
we perform transfer learning such that we end up with a specific model
for each house? How does the recognition performance of such a specific
model compare to a generic model?

• Does the inclusion of unlabeled data help the recognition performance?
Obtaining sensor data that is annotated with labels of activities is expen-
sive. However, collecting large amounts of sensor data that we simply do
not annotate is inexpensive. Such unlabeled data contains specific infor-
mation about sensor patterns that typically occur in the house we wish to
perform activity recognition in. Even though the data does not include la-
bels of activities, including such data during training might result in better
estimated model parameters.
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The rest of this chapter is organized as follows. Section 6.2 describes related work
of both activity recognition and transfer learning. Section 6.3 provides a brief
summary of the hidden Markov model (HMM), the model used for recognizing
the activities. In Section 6.4, we describe transfer learning in detail. Section 6.5
presents the experiments and results and in section 6.6, we discuss these results.
Finally, in Section 6.7 we sum up our conclusions.

6.2 Related Work

When using transfer learning, we typically have a classification task for which
we wish to estimate the model parameters, and we have several classification
tasks for which we have datasets that can be used to obtain information from.
The tasks that provide us with information are called source tasks, and the task
for which we are estimating the model parameters is called the target task. In a
typical transfer learning setup, we generally have annotated datasets available
for the source tasks, while for the target task, we either have no datasets, a dataset
consisting of unlabeled data or a dataset containing very little annotation.

Early work on transfer learning primarily focused on multi-task learning in which
several classification tasks were learned jointly, yielding a better performance
than learning each classification tasks separately [5, 15, 162]. For example, the
goal in newsgroup classification tasks, is to classify which newsgroup a particular
document belongs [26, 132]. Consider that our target task is classifying whether
a document comes from a newsgroup about space or about hardware. When
including training data of several source tasks of other newsgroups such as
religion, baseball and motorcycles the performance of the target task improves
significantly [132]. This is because the other newsgroups provide information
about the co-occurrence of words. A word such as ‘moon’ might often occur
together with the word ‘rocket’. If the word ‘rocket’ did not occur in the space
newsgroup dataset of the target task, but the word ‘moon’ did, the classifier can
still learn that ‘rocket’ is descriptive for the space newsgroup, because it occurs
often together with ‘moon’ in the datasets of the source tasks.

The optimal way to perform transfer learning is still an active topic of research.
One approach that seems to work well with probabilistic models is to learn a
prior distribution over the model parameters from the source task datasets and
use that prior to learn the model parameters of the target task [83, 132]. The
prior provides an initial estimate of the model parameters of the target task
and the influence of the prior decreases in case more training data of the target
task is obtained. Therefore, the use of a prior provides a natural mechanism to
balance the effect of the prior distribution and the available amount of training
data for the target task while learning the model parameters. This approach has
been successfully applied to independent and identically distributed (i.i.d.) data,



104 Transfer Learning

where a discriminative model was used for collaborative filtering [83] and binary
text classification [132]. Datapoints in an i.i.d. datasets are all independent of
each other and so there are no temporal dependencies among the datapoints.
Activity recognition, however, presents us with two important challenges: First,
our measurements are part of a time series, and are therefore not i.i.d. Second,
we can easily obtain large amounts of unlabeled data from a house and would
like to use that data for our parameter estimation. This rules out the use of
discriminative models, because it is not possible to estimate the parameters of
a discriminative model using unlabeled data. The methods we propose in this
chapter apply transfer learning to time series, using a generative model to allow
the use of both labeled and unlabeled data during learning.

6.3 Model for Activity Recognition

In this section, we refine our notation to account for the use of unlabeled data
and we go over the details on our model for activity recognition.

The data obtained from the sensors is discretized into T timeslices of length
∆t. A single feature value is denoted as xi

t, indicating the value of feature i at
timeslice t, with xi

t ∈ {0, 1}. Feature values can either represent the raw values
obtained directly from the sensor, or can be transformed according to a fixed
function. In a house with N installed sensors, we define a binary observation
vector ~xt = (x1

t , x
2
t , . . . , x

N
t )T. A variable representing the activity at timeslice t

is denoted with yt ∈ {1, . . . ,Q} for Q possible activities. This variable is used
for inferring a sequence of activities by a model of activity recognition. The
annotation provided by a dataset is defined as a variable lt ∈ {0, . . . ,Q} denoting
the value of the label for an activity. A label value of 0 indicates that no annotation
is available for that particular timeslice. The combination of a sequence of features
and a sequence of labels forms a dataset for activity recognition and is denoted
asD = {x1:T, l1:T}.

To infer a sequence of activities y1:T from a sequence of features x1:T, we use the
HMM that was introduced in Chapter 3. We provide a brief summary of the
details of the HMM here. The joint probability distribution factorizes as:

p(y1:T, x1:T) = p(y1)
T∏

t=1

p(~xt | yt)
T∏

t=2

p(yt | yt−1). (6.1)

The different factors represent: the initial state distribution p(y1) is represented
as a multinomial distribution parameterized by π; the observation distribution
p(~xt | yt) is a combination of independent Bernoulli distributions, parameterized
by B =

{
µin

}
; the transition distribution p(yt | yt−1) is represented as a collection
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of multinomial distributions, parameterized by A = {ai}. The entire model is
therefore parameterized by a set of three parameters θ = {π,A,B}.

6.4 Transfer Learning for Activity Recognition

In transfer learning for activity recognition, we assume we have R source houses
and a single target house. We denote variables related to the target house with a
superscript (0) and variables related to a source house with a superscript of the
index of the source house. We assume there is a fully annotated datasetD(i) with
i ∈ 1 : R for each of the source houses. The dataset D(0) of the target house can
contain a mix of unlabeled and labeled timeslices. We assume each house can
have a different number of sensors N(i) with i ∈ 0 : R, but for all houses the same
number of activities Q are considered. This means the features of each dataset
can be of different dimensionality, but the same labeling is used in each dataset.

Transfer learning comes down to estimating the model parameters θ(0) of the
HMM for the target house. We want to include the source house datasets in
our parameter estimation method and therefore have to deal with two issues.
First, how do we deal with the different dimensionality of the features of all the
datasets. Second, how can we estimate the model parameters of the target house
using both the source and target datasets.

6.4.1 Mapping using Meta Features

The differences in dimensionality of the features prevents us from combining
the datasets from the houses. To solve this, we need to introduce some kind of
mapping such that each sensor feature space with dimensionality N(i) is mapped
to a common feature space of dimensionality M. We use meta features [83] for this
mapping, which are features that describe the properties of the actual features.
Each sensor feature is described by one or more meta features, for example, a
sensor on the microwave might have one meta feature describing the sensor is
located in the kitchen, and another that the sensor is attached to a heating device.

In our approach, we define a set of M meta features and manually create a
mapping vector g(i)

n to be a row vector of binary indicators, indicating which meta
features correspond to sensor n of house i (Table 6.1). Together these vectors form
a N ×M mapping matrix G(i) =

{
g(i)

n

}
which consists of the vertical concatenation

of the meta feature row vectors. Defining a set of meta features requires insight
on the effect the feature space will have on classification and therefore needs to be
done by a pattern recognition expert. Once the meta features have been defined,
assigning a set of meta features to sensors requires only common sense and is a
trivial task that can be performed by an end user.
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House Sensors Bathroom Entrance

Kitchen Heating

Kitchen Storage

Toilet Entrance

House A
Stove 0 1 0 0
Bathroom door 1 0 0 0
Toilet door 0 0 0 1

House B Microwave 0 1 0 0
Bathroom door 1 0 0 1

Tab. 6.1: Example of sensors (rows) being represented by meta features (columns) for two
houses. The row of binary values corresponds to the mapping vector for that
particular sensor. In this example the house A bathroom and toilet are located in
separate rooms and therefore both have a separate entrance, in house B they are
located in the same room and therefore have a single entrance.

6.4.2 Estimating the model parameters

With the mapping to the meta feature space, we can solve the issues with the
differences in dimensionality among the feature spaces of the datasets. This
allows us to combine the datasets to estimate the model parameters θ(0) for the
target house. In this section, we present two approaches for doing this, the
first approach results in a generic model applicable to all houses and the second
approach results in a model specific to the target house.

Generic model approach: A single model for all houses

In this approach, no distinction is made between source and target datasets. The
approach consists of two steps, first the meta feature mapping is applied to the
sensor feature matrices of all houses, so that the sensor data of all houses is
represented in feature matrices of equal dimensionality. We then estimate the
maximum likelihood parameters of the target house by applying the Expectation
Maximization (EM) algorithm [8] to the datasets of all the houses (Fig. 6.1).

Step 1: Mapping to meta-feature space To perform the mapping we define a
function h(G, ~xt) which takes as input the mapping matrix G and an observation
vector ~xt and outputs a vector of binary indicators indicating whether for a
particular meta feature at least one sensor that corresponds to that meta feature
fired at timeslice t.



6.4 Transfer Learning for Activity Recognition 107

0

Fig. 6.1: Graphical representation of the transfer learning framework resulting in a generic
model. Data from the source and target houses is mapped to the meta feature
space and one set of parameters θ is learned using maximum likelihood.

Step 2: Estimating the Maximum Likelihood parameters The maximum like-
lihood parameters are learned by using the EM algorithm. Applying the EM
algorithm consists of two steps, in the E-step the expectations are calculated
using an initial set of parameters and in the M-step a new set of parameters is
calculated from the expectations. These two steps are repeated and after each
iteration the new set of parameters calculated in the M-step are used in the E-step
to recalculate the expectations. The procedure is terminated when the parameter
values converge.

The expectations over the state values given a set of training data can be ef-
ficiently calculated using the forward-backward algorithm [130]. We define
ξt(i, j) = p(yt = i, yt+1 = j | ~c1:T, l1:T, θ), which is the probability outputted by
the forward-backward algorithm given a set of parameters θ and a set of training
data. The training data consists of the mapped sensor data ~c1:T and the labels
l1:T, in which it is possible to include training data for which no annotation is
available (i.e. having lt = 0). The mapped sensor data is obtained by applying
the mapping function ~c1:T = h(G, ~x1:t). Summing over ξt(i, j) for all time indices
t gives us a quantity which can be interpreted as the expected number of times
that a transition from yt to yt+1 is made. If we then take the resulting quantity
and sum over the possible state values for yt+1, we get the expected number of
times that state yt is visited. In the generic model approach to estimate the model
parameters, we add the expectations of all houses to obtain a set of parameters
that incorporates the data of all houses. The equations for maximizing the para-
meters are similar to the standard maximization equations for the HMM [130],
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with the exception of an added sum term that sums over all the datasets 0 : R.

πi =

∑R
r=0

∑Q
j=1 ξ

(r)
1 (i, j)∑R

r=0
∑Q

i=1

∑Q
j=1 ξ

(r)
1 (i, j)

(6.2)

ai j =

∑R
r=0

∑T−1
t=1 ξ

(r)
t (i, j)∑R

r=0
∑T−1

t=1
∑Q

j=1 ξ
(r)
t (i, j)

(6.3)

µin =

∑R
r=0

∑T−1
t=1

∑Q
j=1 δ((cn

t )(r), 1)ξ(r)
t (i, j)∑R

r=0
∑T−1

t=1
∑Q

j=1 ξ
(r)
t (i, j)

(6.4)

Since no distinction is made between the source and target datasets there is no
difference between the model parameters of the target house and those of the
source houses, that is θ(0) = θ(i) for all i ∈ 1 : R.

Specific model approach: One model specifically for the target house

The distinction between the target and source datasets is that the target dataset
contains specific information about the house we wish to perform activity recog-
nition in, while the source datasets contain generic information about activity
recognition. In this approach, we take that distinction into account and learn a
set of parameters specifically for the target house.

Combining the generic information together with the specific information is done
by using maximum a posteriori (MAP) parameter estimation. In MAP parameters
estimation the likelihood function of the training data is combined with a prior
distribution over the parameters. This can be formulated as:

Posterior︷       ︸︸       ︷
p(θ | D,Ψ) ∝

Likelihood︷   ︸︸   ︷
p(D | θ)

Prior︷   ︸︸   ︷
p(θ | Ψ) (6.5)

whereθ are the model parameters,D is the training data and Ψ are the parameters
of the prior distribution, known as the hyperparameters. The prior distribution
provides an initial estimate of the parameter values before incorporating any
training data. For example, in the case of activity recognition, we could use our
common sense and say that the prior probability of the toilet flush sensor firing
when the activity toileting is performed is concentrated around 99%. Rather
than using our common sense, we use the source datasets to estimate the prior
distribution. The target dataset is used in the likelihood function and provides
house specific information, while the learned prior distribution provides generic
information. By jointly maximimizing these terms, we can estimate the MAP
parameters of the target house. This entire procedure is broken down into three
steps. Step 1 consists of learning the maximum likelihood parameters from
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0 0

Fig. 6.2: Graphical representation of the transfer learning framework resulting in a specific
model. For each source house i training data is used to learn model parameters
θ(i). All the source model parameters are used to learn the hyperparameters Ψ of
the prior distributions. Which in turn is used to learn the target model parameters
θ(0) together with any available data from the target house.

the source datasets. In step 2, we estimate the hyperparameters Ψ of the prior
distribution, by using the parameters of the source houses as examples. Finally,
in step 3, we estimate the MAP model parameters for the target house (Fig. 6.2).

Step 1: Maximum Likelihood parameters of the source house Estimating the
maximum likelihood parameters of the source houses is done separately for each
house. Because the source house datasets are all fully annotated, we can simply
use the equations introduced in Section 3.4.3 to learn the parameters. Note that
no meta feature mapping has been applied to the source house datasets at this
point of the procedure. Since the model parameters are learned for each house
separately, there is no need yet to map to a common feature space.

Step 2: Estimating the prior distributions Before estimating the hyperpara-
meters of the prior distributions, we first have to decide which probability
distributions we will use for representing the prior probabilities of the model
parameters. In Bayesian statistics, a prior is said to be conjugate if the resulting
posterior is of the same functional form as the prior [9]. This property is generally
preferred because it allows the use of sequential parameter estimation in which
the posterior of a previous iteration is used as a prior for the new iteration.

Recall that our HMM consisted of a number of Bernoulli distributions and a num-
ber of multinomial distributions. The conjugate prior of a Bernoulli distribution
is the beta distribution, while the conjugate prior of a multinomial distribution
is the Dirichlet distribution. We therefore use the following prior distributions.
The Dirichlet distribution is used for the initial state distribution parameters π
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Factor Model Distribution Prior Distribution
Name Name Parameters Name Hyperparameters
Initial State Multinomial π Dirichlet η
Transition Multinomial A Dirichlet ρ
Observation Binomial B Beta ω,υ

Tab. 6.2: Overview of the distributions used in the HMM, parameterized by the model
parameters θ = {π,A,B}. And the corresponding prior distribution, parameter-
ized by the hyperparameters Ψ =

{
η, ρ, ω, υ

}
and for the state transition distribution parameters ai. The beta distribution is
used for the observation parameters µ. This gives the following equations:

p(π | η) =
Γ(

∑K
k=1 ηk)

Γ(η1) . . . Γ(ηK)

K∏
k=1

πηk−1
k (6.6)

p(ai | ρ) =
Γ(

∑K
k=1 ρk))

Γ(ρ1) . . . Γ(ρK)

K∏
k=1

aρk−1
ik (6.7)

p(µin | α, β) =
Γ(α + β)
Γ(α)Γ(β)

µα−1
in (1 − µin)β−1 (6.8)

where K is the number of elements in the vector. The hyperparameters α and
β are in the sensor feature space and are therefore further parameterized as
αin = gn~υi and βin = gn~ωi, where gn is the meta feature row vector for sensor n.
The hyperparameters ~υi and ~ωi are column vectors positioned in the meta feature
space. An overview of all the distributions and their parameters can be found in
Table 6.2.

There are no closed form solutions for estimating the maximum likelihood para-
meters of the Dirichlet and Beta distributions. Therefore, we use numerical
methods for estimating the hyperparameters [105, 172]. It is straightforward to
learn the hyperparameters η and ρ of the two Dirichlet distributions, used as
a prior for the initial state distribution and the transition distribution. This is
because the same number of activities is used in all of the houses, therefore the
dimensionality of these model parameters is the same for all houses.

Estimating the hyperparameters of the observation distributions is more involved
because of the different sensor feature spaces in each house. The numerical
optimization methods for the Beta distributions give us the parameter values
of α and β, which are in the sensor feature space. We can find the least square
solution to the meta feature space parameters ~υ and ~ω by solving the system of
equations defined byαi = G~υi and βi = G~ωi, in which G is the mapping matrix and
index i indicates the activity the parameters belong to. The values of α and β can
be interpreted as the effective number of observations of the sensor outputting
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a 1 or a 0, respectively [9]. To guarantee non-negative values, we add a ‘bias’
meta-feature with a large enough positive value. This bias will influence the
parameter values, but because it is consistently applied to all parameter values,
it generally does not affect the balance among the parameters that much.

Step 3: Maximum A Posteriori parameters of the target house To learn the
MAP model parameters of the target house, we use the EM algorithm. In the
E-step, any available unlabeled and/or labeled data from the target house is used
to calculate the expectations using the forward-backward algorithm [130]. We
define ξt(i, j) = p(yt = i, yt+1 = j | ~x1:T, l1:T, θ) which is the probability outputted
by the forward-backward algorithm given a set of parameters θ and a set of
training data consisting of the sensor feature ~x1:T and the labels l1:T. Note that the
original sensor feature space is used for the observations. Just like in the generic
model, summing over ξt(i, j) gives us a quantity which can be interpreted as the
expected number of times that a transition from yt to yt+1 is made.

The equations in the M-step for calculating a new set of parameters have to
incorporate the prior probability. These equations can be derived by adding the
log probability of the prior distributions to the calculations of the expectations
and taking the derivative of those terms with respect to each parameter of the
HMM [54] . A Lagrange multiplier is used to guarantee the outcome satisfies the
rules of probability. This results in the following equations:

πi =

∑Q
j=1 ξ1(i, j) + (ηi − 1)∑Q

i=1

{∑Q
j=1 ξ1(i, j) + (ηi − 1)

} (6.9)

ai j =

∑T−1
t=1 ξt(i, j) + (ρi j − 1)∑T−1

t=1
∑Q

j=1 ξt(i, j) + (ρi j − 1)
(6.10)

µin =
(αin − 1) +

∑T−1
t=1

∑Q
j=1 δ(xn

t , 1)ξt(i, j)

(αin + βin − 2) +
∑T−1

t=1
∑Q

j=1 ξt(i, j)
(6.11)

where αin = gn~υi and βin = gn~ωi.

Compared to the generic model equations, we see here that instead of adding
all the expectations of the houses together, we take the expectations of the target
house and adjust them with the parameter values of the prior. In step 2 we
noted that the parameter values of the beta distribution can be interpreted as the
effective number of observations made. The parameter values of the Dirichlet
distribution have a similar interpretation. For example, the ρi j can be interpreted
as the effective number of transitions made from state i to state j. Because
the parameters of the prior distributions are estimated from the source house
datasets, we are basically performing a similar operation as summing over the
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0 0.2 0.4 0.6 0.8 1
Parameter value

(a) Beta distribution with α = 50 and β = 2.

0 0.2 0.4 0.6 0.8 1
Parameter value

(b) Beta distribution with α = 3 and β = 2.

Fig. 6.3: Examples of a peaked (left) and wide (right) beta distribution.

expectations of all houses as we did in the generic model case. The difference is
that the parameters of the prior are estimated from a combination of the source
house expectations, rather than a simple sum of expectations. How the source
house expectations are combined depends on how much they are in agreement
with each other. For example, if in every house the microwave is used during
cooking, then the prior distribution will be strongly peaked over a probability
value close to 1 for the microwave sensor firing while cooking. This will result
in a large hyperparameter value (Fig. 6.3(a)) which has a strong influence on
the expectations of the target house. On the other hand, if the data from the
source houses are not in agreement, this will result in a wide prior distribution
with low hyperparameter values (Fig. 6.3(b)) and therefore little influence on the
expectations of the target house.

6.5 Experiments

Our transfer learning approach provides answers to the questions posed in the
introduction section. The use of meta-features allows us to deal with differences
in the layout of houses and our methods for learning the parameters of either
a generic or specific model provides two ways for dealing with the difference
in the behavior of inhabitants. In this section, we present experiments on real
world datasets to test the quality of our proposed solutions. Furthermore, our
experiments will determine whether transfer learning for activity recognition
is possible and whether the inclusion of unlabeled data helps the recognition
performance.

In the first experiment, we do not perform transfer learning, but compare the
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House A House B House C
Activity Num. Time Num. Time Num. Time
Leave house 33 50.5% 24 59.6% 47 45.7%
Toileting 114 1.0% 27 0.4% 89 1.0%
Take shower 23 0.8% 11 0.6% 14 0.8%
Brush teeth 16 0.1% 13 0.2% 26 0.4%
Go to bed 24 33.2% 14 29.4% 19 29.2%
Prepare Breakfast 20 0.3% 9 0.5% 18 0.6%
Prepare Dinner 9 0.9% 6 0.5% 11 1.1%
Get drink 20 0.2% 8 0.1% 10 0.1%
Other - 13.0% - 8.7% - 21.1%

Tab. 6.3: The activities that were annotated in the different houses. The ‘Num.’ column
shows the number of times the activity occurs in the dataset. The ‘Time’ column
shows the percentage of time the activity takes up in the dataset. All unannotated
timeslices were collected in a single ‘Other’ activity.

performance of using the meta-feature space to using the original sensor feature
representation. The second experiment compares the performance of the generic
model and the specific model to a model learned without using transfer learning.
Finally, in the third experiment, we compare the performance of performing
transfer learning using both labeled and unlabeled data from the target dataset,
to the performance of using only labeled data from the target house.

This section is organized as follows, we first give a description of the houses and
the datasets recorded and provide details of our experimental setup. Then, we
present the results and discuss the outcome.

6.5.1 Datasets used

Experiments were performed using the datasets of the three houses used in earlier
chapters. A subset of activities were selected that were annotated in all three
houses, an overview of these activities and how often they occur in each dataset
can be found in Table 6.3. The activities for houses A and B were annotated using
a wireless bluetooth headset, while activities in house C were annotated using a
handwritten diary.

The layout of the houses differs strongly, for example, there are two toilets in
house C, the toilet in house B is in the same room as the shower, while the toilet
and shower in house A are in separate rooms. Furthermore, the inhabitants differ
as well, house A was occupied by a 26 year old male, house B by a 28 year old
male and house C by a 57 year old male.
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6.5.2 Experimental Setup

In all experiments, the HMM was used as activity recognition model. The same
meta feature mapping is used in all experiments. Choosing a proper mapping is
not straightforward, since the optimal choice is not clear and a wrong decision
can result in a feature space in which certain activities cannot be discriminated.
In previous work on transfer learning for activity recognition, a comparison of
mappings was made [64]. The mapping that combined sensor readings in a
single feature based on their function (e.g. sensor used for heating) gave the best
results. We use the same mapping which is described in detail in Appendix B.

Sensor data is discretized in timeslices of length ∆t = 60 seconds. This time
slice length is long enough to provide a discriminative sensor pattern and short
enough to provide high resolution labeling results. After discretization, we have
a total of 35486 timeslices for house A, 19968 timeslices for house B and 26236
timeslices for house C.

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, depending on the experiment, either partly or fully used for
training. 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. 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. 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.

6.5.3 Experiment 1: Meta-feature vs. Sensor feature space

In this experiment, we do not use any form of transfer learning. Rather, we
perform activity recognition using the same experimental setup as was done in
the previous chapters. This means that for each experiment the dataset of only
one house is used. Any available training data is used fully labeled according
to the leave one day out approach. We wish to determine the impact on the
recognition performance when the meta feature mapping is applied to the sensor
data. Therefore, we compare the performance of the HMM using the original
sensor feature space to the performance of the HMM using the meta feature space.
Mapping the sensor data to the meta feature space corresponds to applying step
1 of our generic model approach. Model parameters are learned using maximum
likelihood as described in Section 3.4.3.
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House Model Feature Space Precision Recall F-Measure

A HMM Meta 64 ± 16 70 ± 13 67 ± 14
HMM Sensor 71 ± 17 74 ± 14 72 ± 15

House Model Feature Space Precision Recall F-Measure

B HMM Meta 53 ± 15 60 ± 13 56 ± 13
HMM Sensor 55 ± 18 68 ± 15 60 ± 17

House Model Feature Space Precision Recall F-Measure

C HMM Meta 48 ± 10 58 ± 11 52 ± 10
HMM Sensor 50 ± 12 62 ± 13 55 ± 12

Tab. 6.4: Experiment 1: Precision, recall and F-measure for hidden Markov model (HMM)
using the sensor feature space and using the meta feature space.

The results for the three houses are shown in Table 6.4. We see that in all three
houses, recognition using the sensor feature space on average performs better
than when using the meta feature space. To determine the significance of these
results, we used a one-tail student t-test with matching paired days. The increase
in F-measure performance is significant only for House A at a confidence interval
of 95%.

6.5.4 Experiment 2: Generic model vs. Specific model

This experiment compares the performance of the generic model approach to the
performance of the specific model approach. One house is used as the target
house, while the remaining two houses are used as source houses. We compare
the performance of the generic and the specific transfer learning approaches to
the performance of the model from the previous experiment in which no transfer
learning was done and the original sensor feature space was used. This way we
are able to see which transfer learning method works best and what the difference
in performance is compared to not doing transfer learning.

Figure 6.4 shows the results for all three target houses. The X-axis show the
number of days of labeled data that was used, any remaining unlabeled data
was also included during learning. We first compare the two transfer learning
approaches to the ‘no transfer learning’ approach. We see that both transfer
learning approaches significantly outperform the ‘no transfer learning’ approach
in all three houses when 0 days of labeled training data are used (i.e. only
unlabeled data is used). This is because the ‘no transfer learning’ approach has
no labeled data to learn its parameters, while the two transfer learning approaches
can use the labeled data of the source houses.

When more days of labeled training data are used there are no significant differ-
ences in performance between any of the methods in the case of Houses B and
C. In House A, we see that the specific model approach on average performance
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(a) House A (b) House B

(c) House C

Fig. 6.4: Results of experiment 2, the x-axis are in log-scale and show the number of labeled
days of data that were used for training. Any remaining unlabeled data was also
included during learning.

better than the ‘no transfer learning’ approach, but that this difference decreases
as more labeled data is included. This shows how the use of a prior distribution
can help in learning the model parameters and that its effect decreases as more
labeled data from the target house is used.

The generic approach performs worse than the ‘no transfer learning’ in house
A when 2 or more days of labeled training data are used. This phenomenon is
called negative transfer [15] which means that transfer learning has a negative
effect on the learning process. This is because it is not clearly defined which parts
of the data in the source houses are useful for the target house and which or not.
Including training data from the source houses during learning can therefore
sometimes pull the choice of parameters away from the optimal solution. It is
interesting to see that the same collection of data can result in a positive transfer
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for the specific model and a negative transfer for the generic model. We will
speculate about this occurrence in the discussion section.

Finally, in House A, we see that the specific model on average performs better
than the generic model. The specific model is able to learn model parameters
that take into account the specific behavior for that house, because its learning
method properly balances the influence of the source datasets. The generic model
on the other hand only gains a slight performance increase from the extra data,
because the data from each house has an equal contribution in the estimation of
the parameters. This makes the weight of the labeled data from the target house
less than when a prior distribution is used.

6.5.5 Experiment 3: Labeled vs. Unlabeled data

The use of generative models allows us to include unlabeled data during the
learning process. In this experiment, we compare performance of using both
unlabeled and labeled data to using only labeled data. In both cases, we use
the specific model approach to learn the model parameters. The results for the
various houses can be found in Figure 6.5. We see that adding unlabeled data
results in a slight increases in performance for House A, gives more or less equal
performance for House B and decreases performance for House C, compared
to the labeled only approach. This tells us that including unlabeled data can
have a rather unpredictable effect on the performance of our model. Further
experiments on other datasets might provide better insight into the effects of
including unlabeled data with respect to the recognition performance. However,
based on these experiments it seems best to rely only on labeled data.

6.6 Discussion

Meta features

Our experiments show the recognition performance in the original sensor feature
space is better than in the meta feature space. This is not unexpected as the
sensor feature space is specific to the house we perform activity recognition in,
while the meta feature space is a common feature space that can be used by
all houses. Nonetheless, since we need a common feature space to be able to
perform transfer learning, the use of meta features serves as a valid solution for
dealing with differences in the layout of houses.

The set of meta features used in our experiments were manually defined and
therefore it is not certain that the optimal mapping was used. An alternative is to
learn the mapping automatically from data [25, 183]. However, because we are
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(a) House A
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(b) House B
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(c) House C

Fig. 6.5: Results of experiment 3, the x-axis are in log-scale and show the number of labeled
days of data that were used for training. In the case where unlabeled data is also
included, the remaining days of unlabeled data are added during training.

working with time series data, the computational complexity can quickly become
an issue in developing a feasible approach.

Generic or specific model

The results for all three houses show that both the generic and specific approach
to transfer learning work when no labeled data from the target house are used.
This is a very important result since it shows that transfer learning for activity
recognition is possible and therefore proves that there must be similarities with
respect to the way activities are performed between the houses of the experiments.
Furthermore, the result is promising as it indicates that by using transfer learning
we are able to install activity recognition in any house without the need for any
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annotated data from that house.

Using transfer learning when labeled data for the target house is available did
not result in a consistent increase in performance. An increase in performance
only occurred when the specific model was used in combination with house A as
the target house. This raises the question what the difference is between house A
and the other houses. Unfortunately these differences are quite a few to be able
to make any solid conclusion based on these experiments. There are differences
in terms of the number of sensors used and where they were installed, the layout
of the houses, the behavior of the inhabitants and the amount of data that was
recorded in each house.

In house A we also saw that the use of a generic model resulted in negative trans-
fer, while the use of the specific model gave a positive outcome. The explanation
for this lies in the way both models incorporate the source house data. More
specifically, the differences lies in the re-estimation equations of the parameters,
used in the M-step of the EM algorithm. In the generic model, the model para-
meters are calculated by summing over the expectations from all houses, while
in the specific model the parameters are calculated by adjusting the expectations
of the target house with the parameter values of the prior (for further details
on these effects see the end of step 3 of the specific model description, below
Equation 6.11). For the generic model this means that the contribution of the
expectations of the target house depends on how many source houses were used
and how large those source house datasets were. This is not a very sensible
approach because a large collection of annotated data from the target house can
be completely outweighed by a large number of source house datasets. On the
other hand, in the specific model the contribution of the prior depends on to what
extend the source house datasets are in agreement with each other. If certain pat-
terns of behavior consistently occur in all source datasets, the prior will be very
strongly peaked for parameter values related to such patterns. Which will result
in a strong influence on the target house expectations. Such an approach is much
more sensible, since the influence of the prior depends on evidence found in the
data. This explains why the specific model performs so much better than the
generic model in House A. Why the same does not happen for the other houses
is not clear.

Future work

In terms of future work, it would be interesting to apply transfer learning to
several other models. For example, the use of hierarchical models might be better
fit for transfer learning because the different levels of the hierarchy allow a better
abstraction between houses. Comparing the performance gain due to transfer
learning between several models can provide interesting insights on how to
accurately model data. It would also be interesting to apply our transfer learning
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approach to other sensing modalities such as cameras or wearables. Creating
a proper mapping for those modalities will be challenging. Finally, it would
be interesting to perform transfer learning across different sensing modalities.
For example, using source houses in which camera’s and wearables are used
to perform activity recognition and a target house in which a wireless sensor
network is used.

6.7 Conclusion

We have addressed the problem of learning model parameters when little or no
labeled data is available for the house activity recognition is to be performed
in. By using activity recognition datasets of other houses, we can transfer the
knowledge about activity recognition from one house to another. Differences in
the layout of houses results in different sensor feature spaces among datasets,
we therefore presented a meta feature representation which allows us to map
all sensor data to a common feature space. We presented two methods for
learning the model parameters, one approach results in a generic model for
activity recognition and the other approach results in a model specifically for the
house activity recognition is performed in.

Our experiments on three real world datasets show that it is possible to use
transfer learning for activity recognition. The use of a meta feature mapping
results in a performance decrease, but allows us to perform transfer learning.
When using no labeled training data the use of both the generic and specific
model results in a significant increase in performance when compared to not
using transfer learning. This is a very important result since it shows that transfer
learning for activity recognition is possible and therefore proves that there must
be similarities with respect to the way activities are performed between the
houses of the experiments. Furthermore, the result is promising as it indicates
that by using transfer learning, we are able to install activity recognition in any
house without the need for any annotated data from that house. When using one
or more days of labeled training data the specific model is able to perform on
average better than the no transfer learning case in one of the three houses. The
generic model performs on average equally well, or worse than the no transfer
learning case in all three houses. Using the specific model therefore seems to be
the preferred choice, although further experiments are needed to determine why
the specific model is not able to obtain a performance gain in all three houses.




