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Abstract. With the rapid growth of the elderly population, there is a need to 
assess the ability of elders to maintain an independent and healthy lifestyle. One 
possible method is to employ the concepts of ambient intelligence to remotely 
monitor an elder’s activity. The SmartHouse project uses a system of basic 
sensors to monitor a person’s in-home activity, and a prototype of the system is 
being tested within a subject’s home. We examine whether the system can be 
used to detect behavioral patterns. Mixture models are used to develop a 
probabilistic model of behavioral patterns. The results of the mixture model 
analysis are then compared to a log of events kept by the user. 

1 Introduction 

The population of Americans over 65 numbered 35 million in 2000, comprising 
12.7% of the total population and is projected to more than double to over 70 million 
by 2030, while the 85+ population is expected to increase from 4.2 million in 2000 to 
8.9 million in 2030 [1]. With this proliferation of the elderly population, also comes 
an increased need for services for the elderly, including assisted living facilities. 
However, many elderly desire to stay in their own private residences for as long as 
possible, and thus methods are needed to allow them to do so safely and at reasonable 
costs.  

One possible method to help enable elders to live independently is to employ the 
concepts of ambient intelligence by installing remote monitoring technologies in 
elders’ homes. The technologies could alert relatives, caregivers, or health care 
personnel of any change in an elder’s normal activity pattern. The monitoring 
technologies should maximize the privacy of elders while still providing information 
of any problems or deviations from normal habits. As a result, simple motion 
detection sensors are likely preferred to more invasive technologies such as video 
recording. However, the ability of basic sensors to detect a person’s behavioral 
patterns needs to be examined. 

The primary objective of this work is to examine whether a system of basic motion 
sensors can detect behavioral patterns. A mixture model framework is used to develop 
a probabilistic model of behavior and is tested on data from the SmartHouse system. 
The results are then compared to a user log to provide validation of the patterns. The 
effect of analyzing behavior during work and off days separately is also examined.  
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The remainder of this paper is organized as follows: section 2 describes the 
background of the SmartHouse project and related literature, section 3 describes the 
mixture model analysis methodology, section 4 presents the results of the mixture 
model analysis, section 5 compares the mixture model results to the user log, and 
section 6 presents some conclusions.  

2 Background 

The Medical Automation Research Center (MARC) at the University of Virginia has 
established a SmartHouse project to evaluate the ability to use a system of various 
sensors to provide monitoring health checks. A prototype of the system has been 
installed in the residence of a volunteer subject to examine the use of such 
technology. This SmartHouse system consists of a series of motion detection and on-
off switches. Eight motion detection sensors have been installed, one in each room of 
the house (bedroom, bathroom, office, living room, kitchen, in laundry room/back 
door area), one at the front door, and one in the shower. These sensors fire whenever 
there is movement within the sensor’s area of coverage. The switches are installed 
primarily in the kitchen and indicate actions such as the opening of a kitchen cabinet 
or the microwave. Sensor readings are collected continuously and consist of the 
sensor and the time at which the sensor readings were recorded. 

There have been several other research projects that have investigated the use of 
various sensor technologies on monitoring of daily activity [4, 5, 11, 12, 13, 16]. Data 
analysis techniques have included using plots and histograms to observe periodic 
patterns and infer activities [13, 16], comparing sensor readings to a daily activity log 
[11, 12], and using neural networks to predict how long a person will spend in or out 
of a single room environment based on a succession of previous times spent in and 
out of a room [5]. Other research efforts have examined using probability estimates to 
detect deviations from the normal amount of time a person spends in a room during an 
hour [14]. This work expands upon these previous studies by applying a probabilistic 
approach to real data collected form a multi-room environment.  

Examining the research in other monitoring systems outside of the home-health 
domain, shows that there are a couple of examples where clustering and mixture 
model methods have been applied to analyze sensor data. Mathews and Warwick 
examined the use of clustering techniques for identifying maintenance requirements 
on industrial machinery [10]. Goodman employed mixture models to classify target 
types (e.g. personnel, vehicle, background) based on data collected from unattended 
ground sensors [9]. These two works demonstrate the use of clustering techniques in a 
sensor system domain and show the potential for its application in the field of home-
health monitoring.  
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3 Mixture Model Methods 

3.1  Data 

A total of sixty-five days of data collected from the SmartHouse motion sensors 
during a twelve week period is used in the mixture model analysis presented here. The 
data was randomly split into a training and test set using an approximate 3/5 to 2/5 
ratio to divide the days. Data from forty of the days constitutes the training set while 
data from the remaining twenty-five days was used as the test set. An observation in 
the data represents the time spent in one room before moving to the next room. We 
considered four attributes associated with each observation: the sensor location, the 
start time, the length of time spent in the room, and the activity level while in the 
room. The activity level is defined as the number of sensor firings while in the room 
divided by the time (in seconds) spent in the room.  

3.2  Mixture Models 

Mixture models are applied to the sensor data to develop a probabilistic model of 
event types. The mixture model approach serves to cluster the observations with each 
cluster considered to be a different event type. Assuming that the sensor readings 
come from a mixture of different activities, then the distribution of sensor properties 
should vary based on the activity. For example, consider the activities of checking e-
mail and putting a book away on the office bookshelf. Both of these activities would 
occur in the office and be detected by the office motion sensor; however, the length of 
time spent in the office would be expected to be longer for checking e-mail. 
Assuming that these were the only two activities, a graph showing the frequency of 
each length of time spent in the office would be expected to have two peaks, one 
representing the normal time spent for checking e-mail and the other for putting a 
book away. Mixture models can then be applied to the combined distribution to 
separate sensor firings occurring during checking e-mail from those resulting from 
putting a book away. With a mixture model the combined distribution is assumed to 
be a mixture of K different groups. The appropriate number of K clusters must be 
determined along with the density function parameters for each group and the 
assignment of each observation to the appropriate group. 

More formally, the mixture model approach assumes that the density function for 
the data can be modeled as a mixture of K individual density functions, with each 
density function representing a separate cluster. The density function for the data can 
be written as: 

  

  f(x) = Σk=1

K τk * ϕk(xi | µk,Σk)          (1) 
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The subscript k specifies a particular cluster, while x is a random vector for the 
observations. The mixing proportion is τk with 0 < τk < 1 for all k and Σk τk = 1. The 
term ϕk represents the Gaussian density function of a particular cluster k [3].  

Each cluster can be represented as a Gaussian model of type:  
   

 ϕk(x | µk,Σk) = (2π)-p/2 | Σk |
-1/2 exp { -1/2 (xi - µk)

T Σk

-1 (xi - µk)      (2)  
 

The cluster has p dimensions and is centered at mean µk with the covariances Σk 

determining the geometric properties [2]. For the data used in this analysis, µk is a 
vector of the means of the time of day (µT), length of time in the room (µL), and 
activity level attributes (µA).  

           
         µk =      µT           (3) 

          µL 

          µA  

     
The covariance matrix can be decomposed into the form: Σk = λkDkAkDk

T

 with the 
Dk matrix determining the orientation of the cluster, the Ak matrix determining the 
shape, the λκ scalar determining the volume, and Dk

T being the transpose of the Dk

 

matrix [2]. The orientation, shape, and volume will be allowed to vary between the 
clusters for this analysis. 

The maximum likelihood criterion can be used to determine the mixing proportions 
and density parameters. The objective is then to maximize the log-likelihood of the 
parameters given the data. This can be represented as 

 

  l (θ|x1, . . . xn) = Σ i=1

N ln [Σk=1

K τk * ϕk(xi | µk,Σk) ]      (4) 
   

where θ represents the set of parameters [3].   
The Expectation Maximization (EM) Algorithm can be applied to calculate the 

parameters and assignment of observations to groups that maximizes the log-
likelihood [6]. The algorithm consists of an iterative two-step process. When applied 
to mixture modeling, the E-step involves computing the probability that observation i 
belongs to group k given the current parameter estimates and assigning each 
observation i to the group k for which the probability is the highest. 

  
  zik = {     1 if xi belongs to group k              (5) 

                     0 otherwise 

  Pr (Zik | µk,Σk) 
  

In the M-step the log-likelihood criteria is used to compute the parameter estimates 
given the current set of assignments of observations to groups: 
  

  l (θ) = Σi=1

N Σk=1

K zik log (τk ϕk(x | µk,Σk) )         (6) 
 

The number of groups can be determined by comparing the BIC value for different 
numbers of groups 
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  BIC = 2 log p(x|M) + const ~= 2 lM (x, θ) – mM log (n)        (7) 
 

where lM (x, θ) is the maximized mixture likelihood of the model, mM is the number of 
parameters estimated in the model, and n is the number of observations [6]. 

3.3  Application of Mixture Models 

The EM algorithm was applied to the training set data to develop the mixture model 
parameters and assign observations in the training set to clusters. The algorithm was 
run separately on each sensor type. The number of clusters was selected by choosing 
the model with the highest BIC value. The M-step of the algorithm was then used to 
assign the observations in the test set to the clusters. This process was repeated for the 
subset of data corresponding to each individual cluster. For a cluster to be further 
subdivided, the BIC value for two or more clusters must exceed that for one cluster. 
This iterative step helps prevent difficulties caused by clusters of different sizes.  

After using mixture models to divide the data into clusters, clusters representing 
potentially significant event types must be determined. Some groups may consist of 
simply random events or several different types of underlying events that may not be 
part of a consistent pattern of behavior. For example, if fifty second events in the 
kitchen occur at about the same density throughout the day they may all be placed in 
one group. Such events could represent many types of underlying activities from 
walking through the kitchen on the way to the back door, to getting a quick snack, to 
checking on dinner. Random events are assumed to most likely be those of short time 
lengths that do not occur consistently at the same time of day.  

Groups were considered to be significant if they met either a length or time range 
criteria and occurred on at least 25% of the days. To determine whether the length of 
time was significant, the mixture model clustering algorithm was applied to the mean 
length of time values for all groups. The groups were split into two clusters with 
groups in the cluster with the longer lengths of time considered to be significant. A 
similar approach was used to determine whether the range of start times was 
significant. The range of start times was calculated for all groups, and mixture 
modeling was used to divide the groups into two clusters. The groups in the cluster 
with the smaller time ranges were considered to be significant. 

3.4  Analysis of Work and Off Days 

There may be significant differences in behavioral patterns between days when the 
subject works and days when the subject is off, and thus before trying to discover 
patterns, it is important to first categorize the days into work and off-days. However, 
the subject works a variable schedule and whether a day is actually a work or off day 
is not known; thus, unsupervised learning methods must be applied. The main 
indication of a work day is a lack of activity in the house during the daytime hours. 
As a result, the number of motion sensor firings during the daytime hours can be used 
to classify the days. However, even on work days there may be some sensor firings 
during the day due to occurrences such as the opening of the front door or a sensor 
firing because of an outside event such as a door slamming in the basement 
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apartment. Also, on off days errands may be run leaving several hours without 
activity. Hence, classifying the days cannot be simply based on examining the data for 
an eight-hour period of no activity. Instead, a clustering approach is applied to the 
hourly counts of the number of motion sensor firings. This allows for grouping the 
days with low activity without setting an arbitrary cut-off for the number of sensor 
firings in a particular hour that can occur.  

The number of motion sensor firings is calculated for each discrete hour, and 
agglomerative hierarchical clustering using Ward’s method is applied to the hours 
from 7 a.m. to 7 p.m. This method begins by placing each observation in its own 
cluster. Clusters are then iteratively merged until all clusters are combined. Ward’s 
method attempts to minimize the within-cluster variance by merging the clusters with 
the minimum sum of squares [15]. 

This clustering method divided the days into two primary clusters with thirty-seven 
days being classified as off-days and twenty-eight identified as work days. The 
mixture model analysis was then applied separately to the work and off days and the 
combined data set. Results of the mixture model analysis on these sets were 
compared. 

4 Mixture Model Results 

4.1  Metrics 

Several performance metrics were used to evaluate the results of the mixture model 
analysis. One performance metric for each individual cluster is the uncertainty values 
for the assignment of the observations to the cluster. For each cluster, the probability 
that the observation belongs to the cluster is calculated. The uncertainty is then one 
minus this probability value. A second metric is to compare the estimated 
probabilities of a cluster in the training and test sets. For example, based on an event 
space {A, B, . . . } consisting of the different clusters, the estimated probability of 
event A can be calculated for the training set and compared to the estimated 
probability of event A for the test set. Similarly the probability of a cluster occurring 
at least once on a day can be compared. For both of these metrics, a percent error can 
be calculated by dividing the absolute difference between the training and test set 
values by the training set value. Another metric involves comparing the parameter 
values of the mean length of time and mean time of day properties as calculated by 
the mixture model algorithm to the estimated values of the parameters from the test 
set clusters. The differences can be normalized by dividing by the parameter standard 
deviations to provide an estimate of consistency between the properties of the test set 
clusters and the original model.  

4.2  Results from Combined Data Set 

The data was grouped into 139 clusters. The mean uncertainty level for each 
observation in the training set was 0.1016 and the standard deviation was 0.1468. For 
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the test set the mean uncertainty level for each observation was 0.1087 and the 
standard deviation was 0.1509. For the training set, 72.76% of the uncertainty values 
were less than 0.20 while 73.08% of the test set observations had uncertainty values 
less than 0.20. The percent of values exceeding 0.50 uncertainty was 1.90% for the 
training set and 2.14% for the test set. 

Of the 139 clusters, 44 were determined to be significant. Fifteen of these forty-
four clusters exceed a mean uncertainty level of 0.20, indicating a relatively high level 
of uncertainty for some of the clusters for the training set data. These clusters were 
evaluated using the test set. Comparing the percentage of days on which a cluster 
occurred in the training and test sets showed that many of the clusters showed a 
relative consistent rate of occurrence; however, 19 had percent errors exceeding 0.20.  
For the measure representing the percentage of days on which at least one observation 
in the cluster occurred, there were also 19 clusters with percent errors exceeding 0.20. 
When comparing the time of day attribute between the test set and model parameters, 
one cluster differed from the mean parameter by more than one standard deviation 
while six additional clusters differed from the mean parameter by more than one half 
the standard deviation. For the length of time parameter, one cluster differed from the 
mean parameter by more than three times the standard deviation. All of the other 
clusters had an estimated mean within one standard deviation of the mean parameter 
value with four clusters exceeding one half of the standard deviation. Similarly to the 
training set, the mean uncertainty levels for clusters in the test set included both low 
and high levels of uncertainty with the mean uncertainty exceeding 0.2 for fifteen 
clusters. The table below summarizes the number of clusters that met each of these 
criteria. 

  

Table 4-1: Significant Clusters that Meet Evaluation Criteria for Combined Data 

%Obs 
Error<0.2 

%Days 
Error< 0.2 

TimeMean
Diff<Stdev

LengthMean 
Diff<Stdev 

Uncertain. 
Train < 0.2

Uncertain, 
Test < 0.2 

All 
Criteria 

25 25 43 43 29 29 12 
 
Of the significant groups, twelve had uncertainty levels under 0.20 for both the 

training and test sets, had error rates of less than 0.20 for the percentage of 
observations and percentage of days measures, and were within one standard 
deviation of the parameter mean for the time of day and length of time parameters. 
These twelve groups include four bedroom clusters, three sensor office clusters, one 
living room cluster, one sensor front door cluster, one laundry room cluster, and two 
kitchen clusters. 

4.3  Effect of Evaluating Work and Off Days Separately 

When the off and work day data were analyzed separately, the mean uncertainty for 
both the training and test sets was less than for the combined data set, showing an 
improvement in performance. The mean uncertainty for the work data at 0.03456 was 
especially low. Furthermore, the standard deviations of the parameter values for the 
separate off and work day models were in general smaller than for the combined data. 
As a result, despite the smaller number of observations, there were a similar number 
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of significant clusters and significant clusters that met all the evaluation criteria. The 
following table summarizes the comparison between the off-day, work-day, and 
combined data models.  

 

Table 4-2: Comparison of Off, Work, and Combined Model Results 

Data Type Number 
Clusters 

Number 
Sign. 
Clusters 

Sign. 
Clusters 
Pass Test 

Mean 
Uncertain 
Train 

Std. Dev. 
Uncertain 
Train 

Mean 
Uncertain 
Test 

Std. Dev. 
Uncertain 
Test 

Off 111 40 11 0.07176 0.11811 0.08059 0.12786 

Work 78 49 12 0.03456 0.08069 0.04820 0.10518 

Combined 139 44 12 0.10161 0.14682 0.10868 0.15091 

 
The results of the off, work, and combined data sets were further compared on each 

of the evaluation criteria. The results showed a significant higher rate of errors in the 
percentage of observations measure for the separate off and work day models. Only 
32.5% of the significant clusters for the off-day data and 28.6% of the clusters for the 
work-day data had percent errors less than 0.2 for the measure. This compares to 
56.8% for the combined model. Another measure where the error rates were higher 
for the separate models was in the comparison of parameter values to the test set mean 
time and mean length values. For the combined model, there was only one cluster for 
both attributes where the difference exceeded one standard deviation. In comparison, 
for the work-day data set fourteen observations exceeded a difference of one standard 
deviation for the time of day parameter and ten observations exceeded a difference of 
one standard deviation for the length of time parameter. The uncertainty metric was 
the main one that showed improvement from the combined model to the separate 
models. The following tables show the number of significant clusters that met each 
evaluation criteria for the off and work day data sets.  

 

Table 4-3: Significant Clusters that Meet Evaluation Criteria for Off Days 

%Obs 
Error<0.2 

%Days 
Error< 0.2 

TimeMean
Diff<Stdev

LengthMean 
Diff<Stdev 

Uncertain. 
Train < 0.2

Uncertain, 
Test < 0.2 

All 
Criteria 

13 23 38 36 36 35 11 
 
 

Table 4-4: Significant Clusters that Meet Evaluation Criteria for Work Days 

%Obs 
Error<0.2 

%Days 
Error< 0.2 

TimeMean
Diff<Stdev

LengthMean 
Diff<Stdev 

Uncertain. 
Train < 0.2

Uncertain, 
Test < 0.2 

All 
Criteria 

14 28 35 39 49 47 12 
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5 Comparison to User Log 

An activity log from the subject was collected for a period of 37 days that did not 
correspond to the days used in the mixture model analysis. The log was created by the 
subject using a customized PDA where several event types, as well as the location of 
the activity, could be selected. The subject was asked to log activity entries in as close 
time proximity to the activity event as possible. The PDA automatically stamps the 
entry with the correct date and time. The log consisted of 448 entries where one of 
twenty-six activity types was selected. These entries were compared to the significant 
clusters that met all of the evaluation criteria for the combined, off-day, and work-day 
data sets.  

The clusters were compared to the log entry events by noting for events of the 
same sensor type whether the time the log-event was recorded occurred within one 
standard deviation of the mean start and end time for a cluster. For the combined data, 
42.19% of the log-entry events occurred within one standard deviation of the twelve 
clusters meeting all the evaluation criteria. This percentage was 41.07% for the off-
day clusters, 22.54% for the work-day clusters, and 59.15% when the off and work 
day clusters were combined. When clusters from all three data sets were used, the 
percentage was 66.29%.  This percentage included all bedroom and front door entries 
75.0% of the office entries, 64.2% of the kitchen entries, 45.3% of the bathroom 
entries, 37.5% of the living room entries, and only 5.4% of the laundry room entries. 
These results help validate that the results of the mixture model analysis represent 
many of the patterns of one event type that actually occurred.  

The clusters were then compared to the activity log to determine which clusters 
may potentially represent an activity. Of the 12 clusters from the combined data, 9 
represented at least 25% of the occurrences for at least one activity type. The 
corresponding activities included sleep, waking-up, changing clothes, computer use, 
television use, and meal activities. For the off-day data, 7 of the clusters corresponded 
to an activity with the activities including all of the previous types except television 
use plus toilet use. The work-day data had the lowest number of clusters 
corresponding to activities at six. The activities included sleep, changing clothes, 
toilet use, entering the house from the front door, and eating. These results show that 
most of the significant clusters correspond to actual event patterns.  

6 Conclusions 

The results of this analysis demonstrate that a remote monitoring system such as the 
SmartHouse can be used to detect behavioral patterns. The mixture model results 
show that there are clusters that occur consistently over time with low classification 
uncertainty. Such clusters represent behavioral patterns of one event type. 
Comparison of these results to the user activity log shows that even though the data is 
from a different time period the significant clusters represent many of the recorded 
events. Identifiable events include sleep behavior, changing clothes, bathroom/toilet 
use, leaving/ returning home, and meal preparation, which constitute the majority of 
the Activities of Daily Living (ADLs) that are used in functional assessments 
performed by healthcare professionals. Evaluating the work and off days separately 
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helps to reduce the uncertainty in classification of observations and provides a method 
for detecting event patterns that may be specific to work or off days.  
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