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ABSTRACT

Existing approaches to activity recognition in smart homes mostly
rely on supervised learning from well-annotated sensor data, ac-
quired in a controled lab environment. However obtaining such
labeled data in real home scenarios could be prohibitive due to ei-
ther the privacy concerns of using cameras, or the low adherence of
self reports done by home residents. Unsupervised learning, on the
other hand, aims at discovering activities through applying fixed
complexity models, yet assuming apriori knowledge of the number
of activities. Again this is also a non-practical approach because
the number of activities could vary drastically, even within a home.
In this paper, we propose a novel practical unsupervised Bayesian
nonparametric model to discover activities in smart homes, without
prior assumption on the number of activities. Instead, our model
can automatically infer such number only from sensor readings,
thus it can be easily applied to any new home. We test our method
on a public dataset and a dataset collected in our project. On the
CASAS dataset, which has activity labels, our approach can achieve
the performance close to the best of GMM and outperforms K-
means. On our smart home dataset, the discovered activities are
highly correlated with the typical daily routine of the resident. Such
experimental results demonstrate the efficiency of our method for
activity discovery in smart homes.
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1 INTRODUCTION

Population ageing is a big challenge for the healthcare system. In
2014, the older population - persons of 65 and older - accounts for
about 15% of the whole Australian population, and is projected to
21% by 2054 [1]. In the US, this age group is predicted to be 83.7 mil-
lion in 2050, almost double its population in 2012 [22]. This trend is
also observed worldwide — the percentage of the older group in 2050
will be double today’s figure [13]. Moreover, while the number of
people aged 85 and over is small compared to the entire population,
it is increasing rapidly compared to younger groups [1]. Although a
high prevalence of people in this age group need assistance in their
daily life, they prefer to continue living in their home instead of
moving to an aged care facility [25]. Thus there is a need for smart
systems to support older people maintaining their independent
living in their own home.

Developing smart sensing environment or smart home to sup-
port independent living has attracted much research interest in
recent decades [28]. Early studies in this area employed camera to
recognize activities [11]. However, using camera incurs concerns of
privacy violation. Thus recent studies have shifted to using ambient
sensors, such as motion, reed, and temperature [4, 34]. Moreover, re-
cent advances in sensor technology, which make the sensor smaller,
easier to install, and its battery lasts longer, has provided great
potential for building smart homes. Following this trend, we also
use such ambient sensors in our smart homes.

A crucial step in developing smart home is the activity recog-
nition or discovery step, which infers the activities performed by
home residents from the data recorded by sensors deployed around
the home. Generally, activity recognition or discovery can be cate-
gorized into supervised learning (classification) and unsupervised
learning (clustering).

Classification techniques have been widely used to recognize
activities from smart home sensor data [32, 34, 35]. However, they
typically require a large amount of labeled data to train the clas-
sifiers. Obtaining such labeled data would be an infeasible task,
especially when the home residents are seniors who may suffer
serious mental and physical illnesses. Moreover, the activity set
may change over time — a new data observation may not belong to
pre-defined activities. These challenges make supervised learning
methods unsuitable for activity recognition in smart homes.

There have been some efforts in discovering activities in smart
homes using clustering methods [16, 26, 27]. However, their feature
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extraction methods are naturally suitable for event-based sensors
and may not be directly applicable for analogue sensors! such as
power or humidity sensors, which can provide meaningful informa-
tion about home residents’ activities. Moreover, the features used
in [16, 26, 27] are encoded with sensor deployment information
such as location or attached object. Thus, they may be difficult to
be applied in new homes with different sensor deployment.

To address these challenges, we develop a smart home system
using ambient sensors and an unsupervised approach to discover
activities of home residents. Our approach does not rely on any
labeled data and can be applied to both event-based sensors and ana-
logue sensors. The missing data of analogue sensors are imputed by
interpolation. Furthermore, the features are extracted automatically
without using sensor deployment information. Therefore, it can be
easily applied to new homes with new sensor deployment. From the
raw sensor data, we divide the time dimension into short intervals
and extract statistical feature vectors for each interval. Given such
data representation, the activities can be considered as clusters of
data vectors to be discovered by clustering algorithm such as K-
means or mixture models such as Gaussian mixture model (GMM).
However, these methods require specifying in advance the num-
ber of clusters, which is not always available. More importantly in
smart home environments, this number may change as the sensor
data grows over time.

To solve this problem, we employ the Dirichlet process Gaussian
mixture model (DPGMM) to infer the activities as multivariate
Gaussian distributions from the data. As a Bayesian nonparametric
model, DPGMM can automatically discover the number of clusters
through the inference on data only. For model inference, we use the
collapsed Gibbs sampling to infer the latent variables as the exact
inference of DPGMM is intractable. Although some other clustering
approaches such as DBSCAN also do not require the number of
clusters as an input, they are suitable for some specific types of
data such as geographical location data [20] where the distance
metric can be clearly defined. Our approach, on the other hand, is
generic to any type of data, so long as it can be represented by a
probabilistic distribution.

We first test our approach on the public CASAS dataset [3, 4]
that includes activity labels to evaluate the clustering performance
metrics (F-score and Rand-index), which are popularly used to eval-
uate clustering performance [19]. Without the need to specify the
number of clusters in advance, the DPGMM model can automati-
cally infer it and at the same time achieve a performance close to
the best of GMM. We then demonstrate the DPGMM on our smart
home dataset. The extracted clusters are highly correlated to the
daily routine provided by the home resident.

Our main contributions in this paper are as follows. (1) A smart
home system comprised of ambient sensors to collect data in a
real-life scenario. (2) An automatic feature extraction combining
both event-based and analogue sensors. The issue of missing data
in analogue sensors is addressed by a linear interpolation. (3) The
discovery of activities using DPGMM, which can automatically
infer the number of activities. (4) The substantial experiments on
two different datasets collected in real-life environments.

!In this paper, we use the term ‘analogue sensor’ to refer to sensors that generate
float values, e.g. power or humidity sensors, to distinguish them with the sensors that
generate the event logs such as motion or door sensors.
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The rest of this paper is organized as follows. Section 2 re-
views the literature related to smart homes and activity recog-
nition/discovery in smart homes, and provides some background
of mixture models and Dirichlet process, which is the foundation
of our approach. Section 3 describes our smart home system and
data representation. Section 4 presents the DPGMM for activity
discovery and its inference algorithm. Section 5 demonstrates the
performance of our approach on the CASAS data and our smart
home data. Finally, we conclude this paper in Section 6.

2 BACKGROUND

In this section, we first review the literature related activity recog-
nition or discovery in smart homes. We then provide some back-
ground on mixture models and the Dirichlet process.

2.1 Smart Home Systems and Activity
Recognition or Discovery in Smart Homes

According to De Silva et al. [6], smart homes can be categorized
into three types: (1) providing services to the residents by recogniz-
ing their activities or detecting health conditions, (2) storing and
retrieving multi-media captured within the home to enhance living
experience, and (3) surveillance in order to protect the home and its
residents from hazards such as burglaries, theft, or natural disaster.
In this paper, we focus on the first category of smart homes, which
can be used to monitor daily activities of home residents.

Early studies of smart homes employed cameras to collect data
for activity recognition [11]. However, privacy is always a big con-
cern when using cameras. Moreover, while cameras are widely
accepted for security surveillance, they are still not welcome for
in-home monitoring. Thus most recent smart homes use ambient
sensors such as motion (a.k.a occupancy) sensor, reed switch, and
temperature/humidity sensor. This is also the choice of our project.
In fact, all sensors and devices used in our project are non-invasive.

The architecture for smart homes using ambient sensors was
proposed in the early 2000s. For example, Cook et al. [5] proposed
the MavHome architecture that includes sensors to recognize user
activity and actuators to control objects. Another example is the
Gator Tech Smart House [14], which includes a sensor layer, an
information processing layer, and a control layer.

Existing smart home systems were typically deployed as test-
beds to collect data for a short period of time. For example, Tapia et
al. [34] used state-change sensors attached to everyday objects to
detect participants’ interaction with them. The iDorm project [9]
was set up as a dormitory room inhabited by a participant and the
data was collected for 5 days. The biggest and longest project in this
area is the CASAS project [3, 4], which includes multiple test-beds
set up at different locations to collect data in several months. We
will use data from one of the test-beds in the CASAS project in
our experiment to validate our approach. The CASAS project fo-
cused on using ambient sensors such as motion or reed sensors and
environmental sensors such as temperature sensor. The Necesity
system [2] also focused on setting up a smart home for older people.
The data was collected for a five-month period. Suryadevara &
Mukhopadhyay [33] proposed a smart home environment to assess
home resident’s wellness using sensors attached to domestic ob-
jects to detect usage and interaction. Riboni et al. [29] implemented
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the FABER system to recognize abnormal behavior. However the
participant needs to actively interact with the system (for example,
he or she needs to scan the medicine bar code before taking it). This
requirement would be a challenge, especially for older adults.

Overall, typical ambient sensors used in smart homes include
motion (or occupancy), reed, light, and temperature sensors. In our
smart homes, besides motion sensors and reed switches, we also use
power sensors and circuit meters to measure the energy consumed
by appliances, and humidity sensors to record humidity changes.

Activity recognition or discovery is a fundamental component in
any smart home system, which can be categorized into supervised
learning (classification) and unsupervised learning (clustering).

Supervised learning methods, specifically classifiers, have
been popularly employed for activity recognition in smart homes.
For example, Tapia et al. [34] used Naive Bayes to classify activities
from the data collected by state-change sensors. Kasteren et al. [35]
employed Hidden Markov Model and Conditional Random Field
to recognize activities, also from state-change sensor data. Storf et
al. [32] and Krishnan & Cook [17] used Support Vector Machine to
recognize activities from event-based sensor data.

Although achieving acceptable classification performance, these
approaches require a set of labeled data to train the classifiers. These
labels are typically obtained by annotations from camera videos
or annotated by the participants themselves. Using camera would
violate residents’ privacy while self-annotating is a time-consuming
process and may not be applicable to older adults. Therefore recent
studies have shifted to using unsupervised approaches.

Unsupervised learning has also been used for activity discov-
ery from data observations without using any labeled data [16, 26,
27]. In particular, the event-based sensor data is converted into sym-
bolic sequences, then sequence mining techniques are applied to
discover typical patterns in such symbolic sequences. For example,
Rashidi et al. [26, 27] discovered frequent patterns in the symbolic
sequences and then apply clustering methods on these patterns to
find typical sequences. Another example is the AALO method [16],
which represents the occupancy data as item-sets and performs
clustering to discover activities.

However, as the features in these methods are discrete, they are
naturally suitable only for event-based sensors. Besides event-based
sensors, analogue sensors such as power or humidity sensor can
also provide valuable information about user’s activities, such as
appliance usage or taking shower (indicated by an abrupt change of
humidity). Moreover, in these methods, the semantic annotations
of the sensors, e.g. location or attached objects, are encoded in
the features. This would be a challenge as each home may have a
different and sensor deployment. Thus, this feature extraction needs
to be performed or monitored by a researcher for each new home.
Therefore, in our approach, the features are extracted automatically
from sensor data, without using semantic annotations of the sensors.
Our approach can also combine event-based sensors and analogue
sensors. The data extracted by our method can be clustered by any
standard clustering method or mixture model.

Some recent work [30, 36] employed ontology methods to rec-
ognize activities by reasoning the relationship between the sensor
events and activities. However, these methods require a substantial
effort in defining the ontology relationships.
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2.2 Mixture Models for Data Clustering

As a repeated activity may fire the same set of sensors resulting
in similar observations, we consider activities as the clusters of
data vectors. Such clusters can be discovered by mixture models.
For this, data vectors are assumed to be generated from a mixture
of probabilistic distributions. Formally, let f (- | ¢x) denote the
density function of the distribution representing the clusters, a data
vector is generated from a mixture of K distributions as

K
pxi | mprk) = > mief (xi | ) (1)

k=1
where 7 is the mixture proportion vector in which 7. is the proba-
bility of a data vector belonging to the k-th distribution. Note that =
is typically normalized so that for all nonnegative 7y, Zle T = 1.
The distribution representing data can selected according to data
type. For example, Gaussian distribution can be used to model
continuous data while multinomial or categorical distribution can

represent discrete data.

For the ease of inference, it is typical to introduce the latent
variable z; associating with data vector x; to indicate the cluster of
x; (z; takes an integer number in range [1, K]). Given such mixture
models, the parameters and hidden variables can be inferred using
the Expectation-Maximization (EM) algorithm [7].

To perform Bayesian inference on the mixture models, the pa-
rameters are assumed to follow some prior distributions. To derive
the posteriors, the prior distributions are selected as conjugate pri-
ors. For example, a Gaussian-Gamma is the conjugate prior of the
univariate Gaussian distribution; a Gaussian Inverse-Wishart is
the prior of the multivariate Gaussian distribution. As the mixture
proportion r is a discrete or categorical distribution, a Dirichlet dis-
tribution is chosen as its conjugate prior. A Dirichlet distribution is a
probabilistic distribution over a K-simplex space 7 = (71, . .., TK)
where 2115:1 7 = 1and 1y € [0, 1]. Generally, it is parametrized by
a vector of positive real numbers. However, to simplify the model,
a symmetric Dirichlet distribution is typically used. As such, its
parameters are uniform and can be denoted as a. Given such sym-
metric Dirichlet distribution, the likelihood of a mixture proportion
vector 7 can be computed as

@) 7,8 @

T (/KK L1

f(m, ...,k @)

The inference of the Bayesian (finite) mixture models described
so far is typically developed using Markov chain Monte Carlo
(MCMC) methods, such as Gibbs sampling [8].

2.3 Dirichlet Process

The key drawback of the Bayesian finite mixture models described
in section 2.2 is that they require the number of clusters or mixture
components to be specified in advance. This requirement limits their
usability in real-world problems as the number of clusters is not
always available and may even change when more data arrive. For
example, in the smart home scenario, the set of activities performed
by the resident may change over time.

This limitation can be overcome by replacing the Dirichlet dis-
tribution in Eq. (2) by a Dirichlet process (DP) [10]. A DP can be
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considered as a generalization of Dirichlet distribution when allow-
ing the dimensionality K to be infinite. There are several ways to
illustrate a DP. One of such ways is the stick-breaking construc-
tion [31], which realizes the DP as follows. Let us begin with a stick
of length 1. First we sample 1 = Beta (1, ) and break f; from the
stick. For k = 2,3,..., we sample ;. = Beta(1,a), and break fj
from the remaining stick. Formally, 7 can be obtained from this
breaking construction as

k-1
m=ps me=p|](1-p)fork=23... 3)
j=1
It is obvious that the probability of 3.}° | 7 = 1 is equal to 1.
Thus this construction can result in a mixture proportion vector of
infinite limit.

Another way to explain a DP is the Chinese restaurant process
(CRP) metaphor [24], which describes the process to obtain the
indices z;. Note that in clustering, the actual value of cluster indices
are unimportant — two set of indices are equivalent so long as the
partitions of data vectors are the same. Thus in CRP, assigning a data
vector to a cluster is equivalent to a customer choosing a table to
sit. Assume we have a restaurant with an infinite number of tables,
each table has infinite number of seats. The first customer chooses
any random table. The following (n + 1)-th customer chooses an
existing table k with the probability proportional to the number of
customers that already sit there, or a random new table with the
probability proportional to . The final mixture proportion sz can
be calculated based on the number of data vectors in each clusters.
Overall, the CRP can be summarized as

n+a’

[24
e for new table

©)

_n_ isti
D (zms1 = k | 21m) = { for existing table

The main characteristic of this process is that the rich gets richer.
As can be seen in Eq. (4), a table (or cluster) with the higher num-
ber of customers (or data vectors) has a higher chance to attract
new customers. It can also be observed that a, which is called the
concentration parameter, can control the behavior of the process.
The larger a may produce a larger number of clusters.

The DP is also denoted as GEM (a), where the letters stand for
Griffiths, Engen and McCloskey [24]. This process, however, only
shows the prior knowledge that we apply. Further details on the
theory and applications of DP can be found in [15]. In the context
of activity discovery for smart homes, we will present our approach
using DP in section 4.

3 OUR SMART HOME SYSTEM AND DATA
REPRESENTATION

In this section, we present the smart home system and data repre-
sentation used in our project.

3.1 Our Smart Home System

In this project, we only use ambient sensors to preserve residents’
privacy. In particular, we use the following sensors. Motion (a.k.a.
occupancy) sensors are placed in each room to collect participant’s
appearance. Reed switches or accelerometer-based door sensors
are attached to the doors to record door interaction. Power sensors
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or circuit meters are used to collect power consumption of the
appliances. Humidity sensors are placed in the bathroom to record
changes in humidity. All sensors (except power sensors and circuit
meters) are powered by batteries and communicate with a network
hub via ZigBee wireless connection to transfer recorded data to
our centralized server. Thus, they can be placed at any desired
location without depending on a wired connection. We optimize
the sampling rate and data communication to lengthen the battery
life. On average, a battery lasts for 6 to 8 months. This long battery
life reduces the maintenance cost of the system.

We started a smart home clinical trial together with a aged care
service provider in its independent living homes. The ethical appli-
cation of our project was approved by the Commonwealth Scientific
and Industrial Research Organization (CSIRO) Health and Medical
Research Human Research Ethics Committee (#12/17). We recruited
the participants in a voluntary basis. We then explained the proto-
col used in the project to the participants and obtained their signed
consent form granting us the privileges to use their data for our
research. To preserve the participants’ privacy, we anonymized
their identifiable information. Totally, we deployed the system to
about 20 houses. Most of them are single resident houses occupied
by senior adults. The collection period varies among the houses,
the shortest one is about 2 months. Table 1 presents a period of 5
min data collected from one of our smart homes.

Table 1: An example period of sensor readings from our
smart home project. Note that the original timestamps in-
clude date and time, however we only print the time part in
this table for a short presentation.

Timestamp | Sensor | Sensor Type | Location Readings
1:23:00 PM | P3 Power Kettle 0.014
1:23:00 PM | C1 Circuit Stove 0.005
1:24:00 PM | P1 Power TV 0.001
1:24:00 PM | C1 Circuit Stove 0.009
1:24:40 PM | R3 Reed Wardrobe Open
1:25:00 PM | P1 Power TV 0.001
1:25:00 PM | C1 Circuit Stove 0.015
1:26:00 PM | C1 Circuit Stove 0.006
1:26:16 PM | H1 Humidity Bathroom | 37.91
1:27:00 PM | P1 Power TV 0.001
1:27:00 PM | C1 Circuit Stove 0.008
1:27:38 PM | M4 Motion Kitchen 1
1:28:00 PM | C1 Circuit Stove 0.006
1:28:11 PM | M2 Motion Livingroom | 1

3.2 Data Representation

In a smart home, multiple sensors may be activated concurrently
(or in a short period of time) as can be seen in Table 1. A repeated
activity may activate the same set of sensors. For example, preparing
meal may activate motion sensor in the kitchen and the circuit meter
attached to the stove. Therefore, we need a data representation
that expresses this concurrency to help us discover the activities.
There are two challenges in dealing with the data in this scenario:
(1) missing of analogue sensor data, and (2) how to combine event-
based and analogue sensor data.
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The first challenge is because of the sparse sampling rate of the
analogue sensors, e.g. every 5 min for humidity sensors, while the
real values are actually continuous. To address this challenge, we
use a linear interpolation to fill in the missing values between the
samples. For appliance power consumption, if the missing period
is shorter than the sampling interval, the interpolated values are
filled in; otherwise we assume that the appliance is not in used (the
power consumption equals to 0).

To address the challenge of combining event-based and analogue
sensor data, we split the data into 1 min intervals and extract a
feature vector for each interval. For each sensor, we compute sta-
tistical values using its recorded data in each interval. As we use
both event-based sensors (motion and door) and analogue sensors
(power sensors, circuit meters, and humidity sensors), we derive
different formulation for each sensor type. For event-based sensors
(motion and door), we count the number of times each sensor is ac-
tivated during each time interval. For analogue sensors (e.g., power
sensors and circuit meters), we compute the average value of each
sensor during each time interval. This average value indicates the
power consumption of each appliance during such time interval.

The humidity sensor is slightly different, as the change of hu-
midity is more important than the raw sensor reading. For example,
when the shower is in used, the humidity in the bathroom increases
abruptly. It also reduces quickly afterwards. Thus we compute the
absolute difference of humidity per minute.

As each feature has a different value range, we standardize them
so that each feature has zero mean and unit variance. This standard-
ization eliminates the effect of feature scales on clustering results.
For a feature d, the standardized value is computed as:

xf=t ()

where x? and 69 are the mean and standard deviation of d.

Our automatic feature extraction has several advantages. First,
it can be applied to any type of ambient sensor such as event-based
sensor and analogue sensor. Second, it does not need information
about sensor deployment. And finally, it is totally automatic and
thus it can be easily applied to new homes with new sensor deploy-
ment and settings.

4 DIRICHLET PROCESS GAUSSIAN MIXTURE
MODEL FOR ACTIVITY DISCOVERY

This section describes the Dirichlet process Gaussian mixture model
for activity discovery and its inference algorithm using collapsed
Gibbs sampling.

4.1 Model Description

To discover activities from the aforementioned data, we consider the
activities as the clusters of data vectors. As the data is represented
as continuous vectors, we use multivariate Gaussian distributions
to model the clusters. To infer the number of clusters automatically,
we employ the Dirichlet process Gaussian mixture model (DPGMM)
of which graphical representation is illustrated in Figure 1. In this
figure, the observed data is presented as shaded nodes x;, while the
hidden variables are presented as white nodes. The model assumes
that data is generated from a mixture of multivariate Gaussian
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Figure 1: Graphical representation of DPGMM. Note that
a is the concentration parameter of the Dirichlet process,
or = (U, 2Xg) is the parameters of the multivariate Gaussian
distribution, and § = (uo, Ao, vo, W) is the hyper-parameter
of the Gausian Inverse-Wishart distribution.

distributions parametrized by (pg, X ), which are denoted as ¢
in Figure 1. For the ease of model interpretation, we introduce a
latent variable z; indicating the cluster that x; belongs to. Given z;,
the probability likelihood of x; is computed as

p(x|zi’¢):f(x|/'lli722i) (6)
where f (x| pg,Zk) is the density function of the k-th Gaussian
distribution. As the indicators z;’s are discrete, they are assumed to
be generated from a multinomial distribution parametrized by 7.

To perform Bayesian inference, we further endow the parameters
with prior distributions. In particular, the multivariate Gaussian
distributions are assumed to follow a Gaussian Inverse-Wishart
distribution with the parameters (ug, X ) drawn from

A | Wo,v9 ~ W™ (A | Wo,vp)
ulpo, Ao, A~ N (/1 | 1o, (AOA)_I)

where (uo, Ao, vo, Wo) are the hyper-parameters of the Gaussian
Inverse-Wishart distribution. Note that in Figure 1, (p, Ao, vo, W)
are denoted as f.

Traditional mixture models assume that the mixture proportion
7 follows a Dirichlet distribution that only supports a fixed number
of clusters K. However, this fixed K limits the model usability in
practice as it is difficult to define K in advance. In our problem, this
number may even change when data grows. In contrast, DPGMM
assumes that 7 is drawn from a Dirichlet process (DP) [10]. As
discussed earlier in Section 2.3, a DP can generate the indices from
an infinite pool of integers. It means that DPGMM can generate as
many clusters as it needs. The process of obtaining cluster indices
from the observed data will be discussed in Section 4.2.

The generative process of DPGMM is summarized as follows.

()
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(1) Sampling the mixture proportion 7 ~ DP («)
(2) Sampling the Gaussian parameters ;. and Xy using Eq. (7).
(3) For each data vector x;:

(a) Sampling the cluster indicator z; using Eq. (4).

(b) Sampling the data vector x; using Eq. (6).

4.2 Model Inference with Collapsed Gibbs
Sampling
Similar to other Bayesian nonparametric models, the exact inference
of DPGMM is intractable. Instead, we use a Markov chain Monte
Carlo (MCMC) sampling method [12]. The intuition of MCMC
methods is that it iteratively samples a hidden variable using the
current status of the remaining ones. When this process is repeated
for alarge enough number of iterations, the set of sampled variables
converges. As we have chosen the conjugate prior distributions for
the parameters, we can integrate out the parameters and sample
only the cluster indicators z;. This technique is called collapsed
Gibbs sampling [18]. In particular, we iteratively take each data
vector i out to consider it as the last arrival one and sample its
indicator z; using the following equation
plzi=klzix,ap)op(zi=k|za)

Xp (x,- | Z_j,Zj = k, x_i,ﬂ)
where z_; denotes all indicators excluding z; and x_; denotes all
data vectors excluding x;. The first component in the right hand
side of Eq. (8) is the prior distribution of z;, which can be replaced
by the CRP in Eq. (4).

The second term in the right hand side of Eq. (8) is called the
posterior predictive likelihood, i.e. the probability likelihood of a
data vector x; over a cluster given its existing data vectors. As
we use a conjugate prior (Gaussian Inverse-Wishart) as the prior
distribution, we can easily derive this posterior predictive likelihood
similar to Eq. (232) of [21]. As a result, this predictive likelihood
follows a T-distribution

®)

Wi (A +1)
Ak (v —D+1)
where D is the dimensionality of data, and (ug, A, vg, W) are the

parameters of the posterior Gaussian Inverse-Wishart distribution
estimated as

©

p(xi | x,2-i, B) = to,—p+1 | %i | Pk

_ Aopo + ngfix
S
k
Ak =Ao+nk;

(10)

Vg = Vo + ng;
- Aong _
Wy =Wo+3 + /1_kk (A — po) (i — o)™

Note that fiy, and . are the sufficient statistics of the k-th Gauss-
ian distribution. This means that we only need to update them when
there is a change of the cluster membership and do not have to
calculate them again when estimating the posterior. A step-by-step
summary of the collapsed Gibbs sampler for DPGMM is presented
in Algorithm 1. It can be seen that the algorithm can generate new
cluster if required (lines 10 to 12). An existing cluster can also be
removed if it does not attract any data vector (line 5). These updates
are based on the observed data, thus when converged, the algorithm
can automatically find the number of clusters.
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Algorithm 1 Collapsed Gibbs sampler for DPGMM

Input: Hyperparameters «, pio, Ao, vo, Wy, initialized K.
1: Initialize the indicators z; as random integer numbers in range
[1,K].
2: Based on all z;, calculate the sufficient statistics of the clusters.

3: repeat

4 fori=1to N do

5: Remove z; from its current cluster, update the cluster
sufficient statistics.

6: If that cluster is empty, remove it, update the indices and
decrease K.

7: fork =1to K do

8: Calculate p (z; = k | -) according to Eq. (8).

9: end for

10: Calculate p(z; = k | -) (for a new cluster) according to
Eq. (8).

11 Sample z; from the normalized p (z; = k | -).

12: Update the sufficient statistics of cluster indexed by z;.

13: Ifz; =K+ 1,update K = K + 1.

14:  end for
15: until Converged.
Output: The cluster indicators z;.

The convergence condition in line 15 of Algorithm 1 can be flexi-
ble in different ways. The algorithm can be considered as converged
after a fixed number of iterations, or when the cluster indices do
not change after a few iterations. In our experiment, we choose
a fixed number of iterations for the ease of implementation. To
assure that we obtain the converged results, we assign the number
of iterations larger than what we need.

5 EXPERIMENTAL RESULTS

We demonstrate our approach on two datasets: a public smart-home
dataset from the CASAS project [3] and the dataset collected in our
smart-home project.

5.1 Experiments on Aruba Dataset

We first validate our approach on the Aruba dataset in the CASAS
project? [3]. This dataset was collected from an apartment occupied
by an older lady. There were 39 sensors deployed in the department.
The deployment layout can be found in [23]. The data was collected
for about 7 months (from November 2010 to June 2011). In this
paper, we only use motion and door sensor data collected by 34
sensors as the temperature sensor data may not be useful activity
discovery, given the fact that temperature data was also omitted in
the CASAS team papers [26, 27]. We note that the CASAS project
does not include power consumption sensors. Following the method
presented in Section 3.2, we split data into 1 min intervals and
extract features for these intervals. We eliminate the feature vectors
that do not have any event to obtain 111, 297 active feature vectors.

Besides sensor data, the Aruba dataset also includes some an-
notated labels of activities, namely enter/leave home, bed to toilet,
sleeping, meal preparation, wash dishes, eating, relax, resperate,
work, and housekeeping. We use these labels as ground-truth to

http://ailab.wsu.edu/casas/datasets/ (accessed on 6/10/2016)
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Figure 2: Convergence of DPGMM measured by F-score (left) and Rand-index (right) on the Aruba dataset. We ignore the first
10 iterations as the cluster indices are still unstable. The algorithm converges after less than 200 iterations.
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Figure 3: Comparison of F-score and Rand-index obtained by K-means, GMM, and DPGMM on the Aruba dataset. As DPGMM
does not require the number of clusters to be specified, we plot its performances as straight lines over the number of clusters.

evaluate our clustering results in standard metrics: F-score (derived
from precision and recall) and Rand-index [19]. These metrics have
been popularly used to evaluate clustering results.

We run DPGMM model on this data with 250 iterations including
a burn-in period of 50 iterations. We report the results using the last
Gibbs sample as this is the converged sample, which includes 19
clusters. We use the cluster indices (z;) to compute the performance
metrics (F-score and Rand-index) versus the ground-truth activity
labels. To illustrate the convergence of DPGMM, we plot the F-
score and Rand-index over the iterations in Figure 2. Note that we
ignore the first 10 iterations as the cluster indices are not yet stable,
thus the performance metrics may not be meaningful. It can be
seen in this figure that the metrics are improved quickly during
the first 20 iterations. They are then quite stable until another
changing period from iterations 140 to 150. During these erupted
periods, many clusters are split and formed. After 200 iterations,
the performance metrics are not improved significantly. Thus we
can assure to achieve the best results with 250 iterations.

To obtain baselines for comparison, we run both K-means and
GMM on this data. Note that we do not compare our approach
with the symbolic sequence methods in [16, 26, 27] as they are
specifically designed for event-based sensors only, while our ap-
proach can be applied for both event-based and analogue sensors.

As both K-means and GMM require the number of activities K to
be specified in advance, we test them with different values of K,
ranging from 5 to 20, and report the performance in Figure 3. As
DPGMM does not require the number of clusters to be specified
in advance, we plot its performance metrics as straight lines over
the number of clusters. We observe from this figure the following
results. The performance of DPGMM is always better than K-means
over all values of K. Although DPGMM cannot achieve the best
performance of GMM, it is only worse than GMM when GMM takes
K = 8to K = 10. But more importantly, DPGMM can automatically
discover the number of clusters. This is especially important when
the ground-truth is not available, in which case we cannot evaluate
the performance of GMM to select the best value of K.

To have a deeper look at the clustering results, we plot the confu-
sion matrices between ground-truth and clusters obtained by GMM
and DPGMM in Figure 4. For GMM, we select K = 10, among its
best values of K. As can be seen in this figure, the main clusters
obtained by GMM and DPGMM are equivalent. We note that a
large number of clusters obtained by DPGMM include very few
data vectors. These data vectors can be seen as outliers that may
not be close to any of the main clusters.
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Overall, the key result of DPGMM is that it can automatically de-
termine the number of clusters while still achieves the performance
close to the best of GMM and outperforms K-means.

5.2 Experiments on Our Smart Home Data

In this section, we further demonstrate the DPGMM model on the
data collected at one of our smart homes (H1). We deploy 7 motion
sensors, 4 reed switches, 3 power sensors, 1 circuit meter, and 1
humidity sensor in this home. The sensor deployment layout is
presented in Figure 5. The data was collected at this home for more
than a year. We extract the features following the process described
in Section 3.2 to obtain about 150, 000 data vectors.

We run DPGMM on this data with 250 iterations including a
burn-in period of 50 iterations. We report the results using the last
Gibbs sample, which includes 22 clusters. We plot the number of
occurrences of the clusters in Figure 6. As the cluster indices are
randomly assigned in the inference and are not important, we sort
the clusters by the descending order of the number of occurrences.
Some clusters attract very few data vectors while the majority of
the data vectors are distributed into top 10 clusters. The data vectors
that belong to the long-tailed clusters may be the outliers.

We further visualize top 6 clusters obtained by DPGMM in Fig-
ure 7. The plots include the activated sensors (a) and the accu-
mulative daily active time (b). Note that because of the feature
normalization, the scales presented in these plots are the number
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Figure 6: Number of occurrences per cluster obtained by
DPGMM on the data of H1 in our project.

variances away from the means. To compute the active time, we
divide 24h of a day into 10-min intervals, and count the number of
times each cluster is activated in each of these intervals. We aggre-
gate all days into a 24h period to obtain the plot in Figure 7(b). In
cluster 1, the motion sensor in the living room (M2) and the power
sensor of TV (P1) are activated, and the most active time is from
18:00 to 21:00. In cluster 2, the motion sensor in the dining room
(M1) is activated. In cluster 3, the motion sensor in the bathroom
(M3) and the bedroom (M6) are fired, mostly around 22:00 (before
bedtime). In cluster 4, the cooking appliances (R2 - cupboard, P2 -
toaster, and C1 - stove) are on around 12:00 (lunch time) and 18:00
(dinner time). In cluster 5, the motion sensor in the laundry (M5)
and the washing machine (P4) are active around 9:00 to 10:00. Note
that M4 (kitchen) is also activated in this cluster as the laundry is
close to the kitchen. In cluster 6, the motion sensor in the bathroom
(M3) and the drawers in the bedroom (R3) are fired in concurrent
with the humidity changes (H1) mostly around 20:00 and 22:00.

Although we could not obtain activity labels over time, we inter-
view the participant to ask for her typical routine during a day. We
compare this routine with the active time plotted in Figure 7b. Her
typical routine is as follows. She got up at 8:00, hygiene, and took
some medicines from the fridge. This activity is consistent with
the first peak of cluster 2. Note that she also took some medicines
before bedtime, thus there is another peak of cluster 2 around 22:00.
She had lunch at around 12:30 to 13:00 and dinner at around 19:00,
which are coincident with the two peaks of cluster 4. She also
watched TV from 18:30 to 20:00, which is the active time of cluster
1. She then took a shower between 21:00 to 22:00, which is the
peak of cluster 3 and cluster 6. Then she went to bed at around
23:00. From this time to around 8:00 in the morning, there are not
many activities in any cluster. The only cluster that is not relevant
to the routine is cluster 5, which includes movement in the laun-
dry and the working washing machine. This cluster is likely to be
cloth-washing activity. However, it is not listed in the surveyed
routine. That may be because washing is not a daily activity. Note
that different clusters may overlap each other in this time plot as
we aggregate the counts of different days into 24h. Overall, the
active times of the clusters are consistent with the typical routine
we obtain from the participant.

MobiQuitous 2017, November 7-10, 2017, Melbourne, VIC, Australia

The activated sensors and the active time of the clusters pre-
sented in Figure 7 show that even without any ground-truth labels,
our approach can discover meaningful activities. The activated sen-
sors and the happening time is consistent with participant’s routine.
Although the clusters are discovered automatically from data, the
semantic meaning of the activities that trigger such clusters can be
found by looking at the activated sensors and happening time.

6 CONCLUSION

We have presented the Dirichlet process Gaussian mixture model
(DPGMM) for activity discovery in smart homes. Our approach does
not require any labeled data. The features are extracted from both
event-based sensors (e.g. motion and reed), and analogue sensors
(e.g. power and humidity). Missing data of analogue sensors are
filled in by interpolation. As we do not use any information related
to sensor deployment plan, our smart home system can be easily
deployed to new homes with new deployment plan. The DPGMM
can automatically infer the number of activities from the data,
thus it is especially suitable for smart homes where the activities
may change with data. We have demonstrated our approach on a
public dataset that includes activity labels to show a good confusion
between the discovered clusters and the true activities. The DPGMM
can achieve the performance close to the best of GMM without
the need to specify the number of activities in advance. We also
demonstrated our approach on the data collected in our smart home
project to show the correlation between the discovered clusters and
participant’s daily routine.

Overall, our approach can be applied to different types of ambient
sensors in different home settings. More importantly, the features
extracted by our approach can be applied to any standard clustering
algorithms, which can be investigated further in future studies.
Moreover, we are planning to deploy our smart home system to a
larger amount of homes to collect more real-world data.
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