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Abstract

Recent advances in the areas of pervasive computing, data mining, and machine learning offer
unique opportunities to provide health monitoring and assistance for individuals facing difficulties
to live independently in their homes. Several components have to work together to provide health
monitoring for smart home residents including, but not limited to, activity recognition, activity
discovery, activity prediction, and prompting system. Compared to the significant research done to
discover and recognize activities, less attention has been given to predict the future activities that
the resident is likely to perform. Activity prediction components can play a major role in design of
a smart home. For instance, by taking advantage of an activity prediction module, a smart home
can learn context-aware rules to prompt individuals to initiate important activities. In this paper,
we propose an activity prediction model using Bayesian networks together with a novel two-step
inference process to predict both the next activity features and the next activity label. We also
propose an approach to predict the start time of the next activity which is based on modeling the
relative start time of the predicted activity using the continuous normal distribution and outlier
detection. To validate our proposed models, we used real data collected from physical smart
environments.
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1 Introduction

With remarkable advances in pervasive sensing technology, networking, and various
machine learning and data mining methods, we are rapidly moving into the world of
ubiquitous computing. One research area that has benefited from the aforementioned
advancements is smart environments. A smart environment, such as a home, is defined as an




1duosnue Joyiny 1duosnue Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Nazerfard and Cook

Page 2

environment that can acquire and apply knowledge to adapt to its inhabitants lifestyle in
order to improve their experience in the environment (Cook and Das 2005). The main goal
of such technologies is to achieve greater comfort, productivity, and energy efficiency. Over
the last decade, researchers have come to realize the importance of applying smart home
technologies for health monitoring (Pollack 2005; Helal et al. 2005; Lotfi et al. 2012; Holder
and Cook 2013) and companies are recognizing the potential of such technologies in the
market (Just Checking 2013).

In many smart home projects, the ultimate goal is to automate residents’ interactions with
the environment; in particular they target interactions which are repetitive or cumbersome to
perform for older adults or patients with cognitive impairments. An example of an assistive
living technologies is a remote health monitoring system that monitors and tracks the
activities of daily living (ADLs) (Reisberg et al. 2001) for older adults with memory
impairment. ADLs consist of self-care activities such as taking medication, eating, sleeping,
cooking and dressing. The ability to perform ADLs completely and independently on a
regular basis provides measurement of the functional status of residents, if they want to live
independently in their own homes. Moreover, such systems can provide timely prompts to
the residents in case they forget to perform important ADLs.

When older adults with cognitive impairment fail to initiate or complete everyday ADLS,
caregivers are often responsible to monitor ADLs and provide a reminder or prompt The
prompt is defined as any form of verbal or non-verbal intervention delivered to an individual
on the basis of time or context to help the successful completion of an activity. The
mentioned interventions are time consuming and cumbersome and often impact negatively
on the caregiver’s own health. Smart home technologies that can detect when assistance is
needed and automatically deliver prompts can potentially reduce caregivers’ burden and
allow aging adults to retain their functional independence longer.

While reminder systems have been explored deeply in the literature, few take an individual’s
behavioural patterns into account to provide context-aware prompts; despite the fact that
studies suggest activity-aware prompts offer significant advantages over traditional time-
based prompts (Kaushik et al. 2008). Temporal activity prediction module is the component
that can provide the behavioural pattern for the individuals. By taking advantage of such a
prediction module, a reminder system can customize its behaviour to fit the lifestyles of the
residents with no input on their part.

Our technology utilizes data collected from a smart home to learn context-aware rules for
prompting the resident of the home to initiate important daily activities. We assume that
sensor data is collected in a home while an individual performs her routine daily activities.
We also assume that the training data is available from when the resident was performing
the activities correctly or was prompted by a care-giver to initiate daily activities. Finally,
we assume that we are given a list of critical activities for which the resident needs to be
prompted.

The following scenario underscores the role of an activity prediction component together
with the activity recognition module to provide an automated context-aware prompt, under
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the assumption that “Taking Medication” is considered to be a critical activity (Nazerfard
and Cook 2013):

“In the morning, the activity recognition module recognizes that the breakfast
activity has occurred. Then the activity prediction component, which has already
been trained with the correctly performed activities, makes the following prediction
with a high enough confidence: The “Taking Medication” activity should follow
within 30 minutes”. Then the activity prompting system would have a relative time
offset when “Taking Medication” usually happens. When the typical timespan
passes and the medication is not taken, a prompt is delivered.”

In this paper, we present a prediction model which employs Bayesian networks in a novel
two-step inference process. While the focus on the current work is to predict the next
activity that an older individual performs in the smart home, the proposed two-step inference
process is not limited to the prediction problem and can be extended to other domains as
well. In order to predict the start time of the next distinct activity, we propose a method
based on a model of the relative start time of the activity using the continuous normal
distribution and outlier detection. The rest of this paper is structured as follows. We first
provide some related studies in the area of smart environment focusing on the activity
prediction task. Next, we present a background overview for probabilistic graphical models.
We then present the details of the proposed activity prediction approach, both for the activity
label prediction and the relative start time prediction. We then provide the evaluation results
for the proposed prediction approach. We end the paper by providing some concluding
remarks together with future directions.

2 Related Work

Over the past decade, a number of smart environment tes-beds have been deployed,
including the CASAS project (Cook et al. 2013), PlaceLab (Intille et al. 2006), the Gator
Tech Smart House (Helal et al. 2005), iDorm (Doctor et al. 2005), the Georgia Tech Aware
Home (Abowd and Mynatt 2004) and the MavHome project (Das et al. 2002). In addition to
creating physical testbeds, researchers have designed approaches to track locations and
activities of the inhabitants, deliver timely prompts, discover abnormal behaviour and
predict occupants’ future activities. The differences among existing approaches can be
categorized as follows:

1. Differences in sensor modalities used to monitor activities. These include but are
not limited to: infra-red motion sensors (Cook et al. 2013), supervision cameras
(Mocanu et al. 2011), wearable sensors (Ghasemzadeh et al. 2010), accelerometers
(Yin et al. 2008), and RFID tags (Philipose et al. 2004).

2. Differences in models designed to learn activity patterns. These include but are not
limited to: decision trees (Maurer et al. 2006), Bayesian networks (Kasteren and
Krose 2007), association rule mining (Nazerfard et al. 2011), and artificial neural
networks (Mahmoud et al. 2013).
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3. Differences in experimental conditions. These include but are not limited to: smart
environment residents perform scripted activities (Maurer et al. 2006) and residents
perform normal unscripted daily living activities (Rashidi et al. 2011).

Based on the aforementioned advancements, researchers have recognized the importance of
employing smart home technologies for health monitoring and assistance (Barger et al.
2005; Yu 2008; Tapia et al. 2010; Lotfi et al. 2012) and companies are recognizing the
potential of such technologies in the market (BrainAid 2013).

In an assistive smart home, an activity recognition is a key component and many groups
have looked into that (Duong et al. 2005; Liao et al. 2005; Heung-11 et al. 2010); however,
less attention has been given to the activity prediction problem. As smart environments
become more prevalent, an important function that they require to possess is the ability to
predict the occurrence of various events, such as the activities that residents perform, in
order to have the visibility to make decisions in various situations. In the machine learning
literature, “Prediction” too often refers to “sequential prediction” (Gopalratham and Cook
2004); where the goal is to predict the next event based on a known limited history of past
events.

The researchers in Tapia et al. (2010) take advantage of the activity prediction module to
intervene and interact with the user as a means of reminding the user and preventing
accidents. Also in an approach called Temporal Relation Discovery of Activity Patterns
(TEREDA) (Nazerfard et al. 2011), the authors employ clustering techniques to discover
typical wall-clock start times of activities. In this work, the authors model each activity as a
normal mixture distribution and make use of association rule mining to discover temporal
relations of daily activities. Furthermore, the authors in Mocanu and Florea (2012) propose a
multi-agent architecture for a supervising system which encompasses an activity prediction
layer. Their activity prediction component utilizes the active LeZi algorithm (Gopalratnam
and Cook 2004) in order to detect emergencies in smart environments. More recently, the
researchers in Mahmoud et al. (2013) discuss the application of soft computing techniques
in prediction of an older adult’s behaviour in a smart environment. In order to build the
prediction model, they examine different neural networks and show that recurrent neural
networks, such as NARX, achieve a great ability to finding the temporal relationships of
input patterns.

Probabilistic graphical models have also been explored by researchers to detect and predict
user activities. For instance, the authors in Kautz et al. (2003) focus on employing
Hierarchical Hidden semi-Markov Models (HHSMMs) to identify the daily activities that
residents perform in an assisted living community. The authors adopt Murphy’s approach
(Murphy 2002) for translating HHSMM s into dynamic Bayes networks (DBNs) and then
applying regular approximate DBN inference algorithms. Also, the authors in Monekosso
and Remagnino (2009) utilize hidden Markov models (HMMs) to model resident’s
behaviour to discover abnormal behaviour. Furthermore, the authors in Park and Cho (2010)
propose an activity prediction method based on dynamic Bayesian networks (DBNSs) in the
context of wireless communication. For the training phase, they first collect activity
attributes such as location, time of day, day of week and call record to learn the predictive

J Ambient Intell Humaniz Comput. Author manuscript; available in PMC 2015 April 29.



1duosnue Joyiny 1duosnue Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Nazerfard and Cook

Page 5

DBN for each user. The authors assume the features to be independent, therefore the learned
model is similar to the naive Bayes network. Next in the prediction phase, the system
clusters users to different groups based on the collected data to conduct activity prediction.
They evaluate their approach using alternative number of attribute sequences. In the
experimental model section, we compare their method against our proposed model.

The work presented in this paper can be distinguished from these earlier efforts in two main
ways. One primary distinction is that the proposed model employs Bayesian networks in a
novel two-step inference process. In the first step, the model predicts the features associated
with the next activity. In the second step, it predicts the activity label based on features that
were predicted in the first step as well as the current activity label. A second distinction is
that we predict the relative start time of the next distinct activity as a normal distribution
over observed relative start times.

3 Probabilistic Directed Graphical Models

In this section, we briefly overview the probabilistic directed acyclic graphical models, also
known as Bayesian networks, and discuss the conditional independence relationships
encoded by them.

3.1 Bayesian Networks

Probabilistic graphical models (PGMSs) are graphs where nodes represent random variables
and arcs represent the statistical dependencies between the corresponding random variables.
Therefore, the PGMs provide a compact way of representing the joint probability
distribution. The directed graphical models are also known as Bayesian networks (BNSs) or
belief networks. We refer to the directed graphical models as Bayesian networks (BNs)
throughout the paper. A sample of BNs, representing 5 random variables, is illustrated in
Fig. 1. The arcs in BNs represent the causality relationship between the corresponding
variables. For instance, the arc from A to B in Fig. 1 indicates that node A causes node B.
One of the conclusions of the notion of causality is that the directed graph in a BN must be
acyclic, as a node cannot cause itself.

In addition to the structure, a BN should specify the conditional probability distribution
(CPD) for each node. If variables in the model are discrete, the CPD can be represented as a
conditional probability table (CPT). A CPT for a node indicates the probability of the node
being True or False for each combination of values for its parents. Table 1 represents a
sample CPT for the variable B in the BN illustrated in Fig. 1.

The inference in BNs boils down to marginalizing joint probability distributions (JPD).
Given a JPD, we can answer all possible inference queries by marginalizing out the
irrelevant variables. Consider a BN consisting of N random variables X = (X1, Xp, ..., XN),
the general form of the joint probability distribution of the Bayesian network can be
represented as in Equation 1, where pa(X;) represents the parents of node X;:
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N
P(XI’XZv“‘7XN):HP(Xi|pa(Xi)) (1)
=1

Equation 1 is based on the BN’s property that each node is independent of the rest of the
network, given its parents. Furthermore, dynamic Bayesian networks (DBNSs) extend the
BNs by adding a temporal dimension to BNs to model time series data.

3.2 Conditional Independence Relationships

The conditional independence relationships allow the joint probability to be presented in a
more compact form (factorized form). This form has fewer parameters, which makes
learning easier. The conditional independence relationship answers to the question of
whether random variable A is conditionally independent of B, given random variable C. It is
common to denote the conditional independence relationship with symbol 1, thus A 1.B|C
should be interpreted as random variables A and B are conditionally independent, given
variable C.

There are basically three types of relationships among random variables A, B, and C, which
could be considered as building blocks of more complex relationships. The mentioned
conditional independence relationships can be best explained by the Bayes Ball algorithm
(Shachter 1998):

Two nodes A and B are conditionally independent given an observable node C, if there is no
way for a ball to get from A to B (or vice versa), where the allowable move is represented in
the second column of Fig. 2 (where there is no stop sign). One should note that a shaded
node in Fig. 2 indicates that the node is observable in the data (which means either the node
or its distribution is known). The second column in Fig. 2, which is referred to as the
converging arrows case, implies that node C allows the ball to pass through. As a
conclusion, converging arrows case 1 implies that nodes A and B are conditionally
dependent, given node C. As opposed to the converging arrows case, the first and third
columns represent the A 1LB|C conditional independence relationship.

We provide two intuitive examples for the first and third columns in Fig. 2, which together
represent the conditional independence cases required to follow the proposed model. Let
variables A and B denote a child’s genes and his grandparents’ genes, respectively. Also, let
C denote the child’s parents’ genes. Obviously, the child’s genes and his grandparents’ are
dependent; however, given his parents’ genes, they are conditionally independent. The
mentioned example is compatible with the first case in Fig. 2. As another example, consider
a scenario in which variables A and B represent that a person has lung cancer and has yellow
teeth, respectively. Also, variable C represents that the person is a smoker and we know that
smoking causes both lung cancer and teeth to get yellow. Evidently, having lung cancer and
having yellow teeth have some dependencies; however, they are conditionally independent

LAlso referred to as the “explaining away” situation.
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given that we know the person is a smoker. The mentioned example is consistent with the
third case in Fig. 2. The examples discussed above both are formally defined as A 1B|C.

4 Proposed Model

In this section, we present our proposed model for the daily activity prediction problem,
when the BN structure is unknown and variables contributing in the model have full
observability in the data. We assume the horizon of the prediction is one. We also assume

variable X represents the current activity label and variables y;”’s (i = 1..n) represent activity
features that correspond to X;. Taking into account the prompting scenario mentioned in the
Introduction, we assume an Activity Recognition (AR) module reports the current activity X;
(or its distribution), the assumption which makes the next activity conditionally independent
of all previous activities, i.e Xi+1 1LX||X; where | < t. The mentioned conditional
independence relationship which is compatible with the first case in Fig. 2 is illustrated in
Fig. 3. In addition to our proposed model, we also present two alternative network-based
approaches in this section and compare their prediction accuracies against our proposed
model in the Experimental Results section. Finally, we close this section by presenting our
proposed approach to predict the start time of the predicted activity.

4.1 CRAFFT

In this section, we present our proposed method to solve the prediction problem illustrated in
Fig. 3. Taking into consideration the conditional independence relationships in Fig. 3, one

should note that activity features y;”s are conditionally independent of the next activity X1
(see Fig. 2, 3rd case). Therefore, we propose the Bayesian network presented in Fig. 4
together with our proposed two-step inference process to address the prediction problem
illustrated in Fig. 3.

We refer to our proposed model as CRAFFT, short for Using CuRrent Activity and Features
to predict next FeaTures. As it stands from Fig. 4, CRAFFT utilizes three features for each
activity. The description of all variables contributing to CRAFFT follows:

«  State variable (X;): the label of the current activity. Similarly, the variable X;+1
refers to the label of the activity that is expected to occur immediately after X;.

*  Activity location feature ( v;!): the location in the smart home where the current
activity occurs. The location is specified in terms of the location of a sensor. In a
smart home, the corresponding sensor will generate a message if the movement of
the resident is detected in its field of view. The locations we consider in our smart
home include Kitchen, Bathroom, Bedroom, Living Room, Dining Room,
Medication Cabinet, Lounge Chair, Kitchen Door, Bathroom Door, and Front
Door.

*  Activity time of day feature (v;?): a discretized value of the time when the current
activity occurs. Time values are binned into the following ranges: 0-3, 4-7, 8-11,
12 - 15, 16 — 19, and 20 - 23.
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*  Activity day of week feature ( v;%): an integer value ranging from 1 to 7 representing
the day of the week in which the current activity happens, where 1 denotes
Monday.

We provide two examples to justify why we consider the temporal features, time of day and
day of week, in addition to the location feature in our proposed model:

»  Our smart home activity dataset suggests that the same activity might be followed
by different activities, when performed in different times of the day. For instance,
the “Bathing” activity, when performed in the morning, is typically followed by the
“Personal Hygiene” activity. However, when “Bathing” is performed in the
evening, it is most likely followed by the “Sleeping in Bed” activity. The
mentioned example justifies the need for considering the “time of day” feature in
our model.

»  Our smart home activity dataset indicates that the temporal relationships between
activities are also affected by the day of week when the activity occurs. For
instance, the “Lunch” activity is most likely followed by either the “Housekeeping”
or “Personal Hygiene” activities, except on Mondays when it is followed by the
“Leave Home” activity. The mentioned example suggests that in some cases, to
make the correct prediction, we need to take advantage of the day of week feature.

In this section, we present our proposed method to make the prediction inference in the
CRAFFT model illustrated in Fig. 4. The proposed approach consists of two prediction
steps. In the first step, we predict the features associated with the next activity. In the second
step, we predict the activity label based on the predicted features in the first step as well as
the current activity label.

Step i: Next Activity Features Prediction—In the first step, CRAFFT predicts the

features which correspond to the next activity, i.e. Y;} |, ¥;2,, and Y2 ;. As illustrated in Fig.
4.1, we hypothesize that features representing the next activity are dependent on their
current values as well as the current activity label. More specifically, CRAFFT hypothesizes
that the next activity location is influenced by the current activity label, location, time of
day, and day of week. Also, the next activity time of day and day of week are dependent
upon their current values, as well as the current activity label. For instance, the goal of the

activity location (Yl) prediction is to find ytlfrl that satisfies the following Equation.

1* 1 1 1_.1 v2_,2 v3_,3
Y1 ngaxygﬂp(ytH:yHﬂYt =yp, Yy =yi, Yy =y, Xe=a4)

In Table 2, we provide 5 examples for the feature prediction step, where the first row
represents the template used to represent examples. Note that the start sign (*) can be
replaced by any value of the corresponding feature.

The first example suggests that the Bathing activity, when performed in the morning, is
typically followed by an activity that happens in the Bathroom; however, the second
example indicates that it is followed by an activity in the Bedroom, when performed in the
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evening. The first two examples imply why in addition to the current location, CRAFFT
utilizes the current time of day feature to predict the next location. Moreover, the third
example suggests that the Eating activity at noon is usually followed by an activity in the
living room, when performed on Tuesdays through Sundays; however, the fourth example
indicates that it is followed by an activity at the Front Door, when performed on Mondays.
The last two examples advocate the need for considering the current day of week to predict
the next activity location as shown in Fig. 4.1. The last example also suggests that the
Sleeping activity, when performed in the evening, is followed by an activity in the Kitchen
next day in the morning. This example shows how the day transitions are accommodated
and how we connect the current activity to the next day of week feature.

Step ii: Next Activity Label Prediction—In the second step, CRAFFT predicts the next
activity label based on the predicted features in the first step, as well as the current activity
label. Fig. 6 represents the next activity label prediction step.

The prediction problem we take into account in this section is to find the =}, , that satisfies
the following Equation. Also, its following Equation indicates how confident we are of our
prediction.

* _ _ 11 2 _ 9 3 _ 3
Tipq — argmaz,, | P(Xip =21 | Xe=2, Y=Y, Y1 =Y Yo =Yis1)

o _ 1.1 2 _ 2 3 _. 3
P(Xip1=xy 1| Xe=2t, Vi 1=Ye 1, V1= 1 Yer1=Yir1)

4.2 Related Structure-based Models

In this section, we review two related structure-based models for the prediction problem
represented in Fig. 3. In the Experimental Results section, we compare their prediction
accuracies against CRAFFT. Similar to the CRAFFT model, the models presented in this
section utilize the same feature set (i.e. location, time of day and day of week) as well as the
current activity label.

Considering the features corresponding to the current activity, one natural model is to
predict the next activity based on the current feature set. We refer to the presented model in
Fig. 7 as CEFA (short for using CurrEnt Features and activity to predict the next Activity).

As a baseline for comparison, we consider the naive Bayes (NB) structure as illustrated in
Fig. 8, where all of the activity features are assumed to be independent. As it stands from
Fig. 8, naive Bayes ignores the meaning and temporal relations among the variables, so the
current activity (X;) is influenced by the next activity (X¢+1) as illustrated in Fig. 8.

It is worth noting that the model presented in Fig. 8 emulates Park and Cho (2010) approach,
where the number of attribute sequence is assumed to be 1.
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4.3 Relative Start Time Prediction for the Predicted Activity

In the previous sections, we discussed how CRAFFT and alternative approaches predict the
next most likely activity label. In this section, we explore the question of when that activity
starts. As discussed in the prompting scenario presented in the Introduction, we are
interested to know the relative start time of the predicted activity with respect to the start
time of the current activity. In order to do that, we extract the time offset between each two
consecutive activities in our dataset and cluster them using the Expectation Maximization
algorithm to construct a normal mixture model for the time offsets. In Fig. 9, we show three
most probable clusters which represent the time offsets between activity X; and Xi41. It is
noteworthy that the time offset in our setting is not exactly the duration of the current
activity (Xy), because some “other activities” that are not considered in our study might
occur between X; and Xi1.

Let tj j denote the time offset between two activities a; and a;. Equation 2 represents the time
offset as a normal probability density function with parameters é = (|, 0). Here pand o are
the mean and standard deviation values, calculated for the time offset.

1 (tig—m)*
prob(t; ;| Or)= \/We 257 @)

According to the normal distribution characteristics, as illustrated in Fig. 10, the distance of
“two standard deviations” from the mean accounts for about 95% of the values. Therefore, if
we consider only observations falling within two standard deviations from the mean,
observations that are deviating from the mean will be automatically removed. Such
observations that are distant from the rest of the data are called outliers”.

In the Experimental Results section, we present a sample for the time offset modeling
between “Breakfast” and “Taking Medication” activities.

5 Experimental Results

In this section, we present the experimental results of the CRAFFT model, together with the
results of the other related algorithms. Before getting into the evaluation of the CRAFFT
model, we describe our Experimental Setup.

5.1 Experimental Setup

We used three one-bedroom single resident smart home apartments for our experiments,
referred to as Aptl, Apt2 and Apt3. Our smart apartment residents were older adults who
were performing normal unscripted daily activities. In order to track resident movements,
we used sensors installed on ceilings, walls, doors, and cabinets. The sensor layouts for our
testbeds are shown in Fig. 11, where red circles and blue triangles represent infrared motion/
area sensors and magnetic door/cabinet sensors, respectively. A sensor network captures all
of the events generated by the sensors, and our middleware stores them in an SQL database.
To provide real activity data for our experiments, we have collected data while the residents
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were living in smart homes performing normal daily routines. Table 3 provides the
characteristics of our smart home testbeds?:

For our experiments, we consider 11 ADLs (Reisberg et al. 2001) performed by the
residents in the smart homes. The list of the activities we take into consideration in our study
follows: Bathing, Bed-Toilet Transition, Eating, Enter Home, Housekeeping, Leave Home,
Meal Preparation, Personal Hygiene, Resting on Couch, Sleeping in Bed, and Taking
Medication.

The datasets we use in our study consist of a set of discrete individual sensor events
collected from various sensors deployed in the space. In a smart home the corresponding
sensor will generate a message if resident movement is detected in its field of view. Events
in the dataset have been manually annotated with corresponding activity labels by trained
researchers who employed visualization tools and interviews with residents to generate
accurate ground truth labels. Table 4 provides a sample data related to the “Eating” activity,
where M05 and M12 represent motion sensors and DO7 represents a door/cabinet sensor.

It is noteworthy that the activity instances in our dataset often overlap. For instance, Fig. 12
represents an example from our dataset, where ‘Personal Hygiene” occurs during the ‘Meal
Preparation’ activity (left). The CRAFFT model forces an end of the ‘Meal Preparation’
activity before the ‘Personal Hygiene’ starts as shown in Fig. 12 (right). We see the impact
of such overlapping activities in the results that are presented in the next section.

5.2 Evaluation of CRAFFT

In this section, we provide the results of running CRAFFT on our smart home data and
compare them with the related prediction approaches. All of the prediction approaches were
tested using 10-fold cross validation. Each prediction method was trained on 9 out of 10
groups and tested on the remaining one. The results from all ten permutations were used for
significance values and averaged together for an overall accuracy.

As already mentioned, CRAFFT consists of two prediction steps: (i) predict the next activity
features, and (ii) predict the next activity label. The overall prediction accuracies
corresponding to both steps using data gathered from our three smart apartment testbeds are
provided in Table 5. The results presented in Table 5 suggest that CRAFFT achieves an
overall accuracy of 64.18% with a standard deviation of 3.76 for Aptl, an accuracy of
74.57% with a standard deviation of 3.85 for Apt2 and an accuracy of 61.98% with a
standard deviation of 4.72 for Apt3. The results indicate that CRAFFT achieves the highest
accuracy for Apt2.

The next activity features prediction results for CRAFFT are also provided in Table 5. The
results suggest that the location prediction accuracy is 46.52% for Aptl, whereas it is
60.80% and 46.99% for Apt2 and Apt3, respectively. Furthermore, the time of day
prediction accuracies are 88.09% for Aptl, 86.23% for Apt2, and 67.07% for Apt3. Finally,
the day of week prediction accuracies are 96.94%, 96.57%, and 61.98% for Aptl, Apt2, and

2Datasets are available online at http://casas.eecs.wsu.edu/datasets/
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Apt3, respectively. In order to justify why the next day of week prediction introduces these
errors, we provide two scenarios, provided that Saturday is assumed to be the positive class.

Suppose that the resident goes to Bed at 11 pm on Friday. While the CRAFFT model
predicts that the next activity occurs on Saturday, the resident actually may get up half an
hour later to go to the Bathroom (as occasionally happens in the data). This is an example of
a FP error. As an example for a FN error, consider that the resident intends to take a rest on
the Couch at 10 pm Friday. In this case, CRAFFT predicts the next activity will occur on
Friday; however, the resident falls sleep for three hours and wakes up on Saturday.

In order to present the results for alternative approaches, we first provide the activity
prediction results using the CEFA model for our datasets. The results presented in Table 6
suggest that the overall activity label prediction accuracy of CEFA is 49.02% for Aptl,
59.78% for Apt2, and 47.18% for Apt3. Compared to the prediction results of CRAFFT
provided in Table 6, the CEFA model shows a 15.16% decline for Aptl, a 14.79% decline
for Apt2 and a 14.80% decline for Apt3. All three mentioned prediction accuracy drops for
our smart home testbeds are statistically significant (p < 0.05). Also it is worth mentioning
that the CEFA model does not predict the next activity features, therefore there is no entry
allocated for the activity feature prediction in Table 6.

We present the overall activity prediction accuracy of naive Bayes (NB) in Table 7.
Compared to the prediction results of CEFA presented in Table 6, NB shows a 3.91%
decline for Aptl, a 4.24% decline for Apt2 and a 3.42% decline in accuracy for Apt3. As
stated previously, NB ignores the meaning and the temporal relations among variables and is
compatible with the model presented in Park and Cho (2010).

In order to compare the results of CRAFFT with non-network based approaches, we present
the prediction results for the Decision Tree (DT), Support Vector Machines (SVMs), and
Multi-layer Perceptron (MLP) algorithms for our datasets. The overall activity prediction
results for the DT algorithm presented in Table 8 suggest a 16.42% accuracy drop for Aptl,
a 14.37% drop for Apt2 and a 14.06% drop for Apt3. In Table 8, we provide prediction
results of the MLP algorithm. Compared to the results presented in Table 5 for the CRAFFT
model, these results indicate that the accuracy dropped 15.60% for Aptl, 16.64% for Apt2
and 14.06% for Apt3. Finally, in Table 8, we provide the prediction accuracies of SVMs
with a polynomial kernel on our smart apartment testbeds. The results imply a 17.59%
decline for Aptl, and a 19.03% and a 17.67% decline for Apt2 and Apt3, compared to the
results of CRAFFT. The discussed comparisons suggest that CRAFFT is significantly better
(p < 0.05) over the non-network based algorithms for the temporal prediction task.

In Fig. 13, we summarize the activity label prediction comparison between CRAFFT and
other structure-based and non-structure based algorithms examined in this study. As we
already discussed, all the algorithms were fed with the current activity label and the features
corresponding to the current activity. What makes CRAFFT outperform the other
approaches is the fact that it does not rely on the current features to predict the next activity.
Rather, it first predicts the features corresponding to the next activity and then employs them
to predict the next activity label.
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We demonstrate the confusion matrix for the CRAFFT predictions for Apt2 in Table 9,
where the numbers in parentheses reflect the relative values. The results indicate that our
dataset is highly imbalanced, which makes prediction on our dataset difficult. For instance it
can be concluded from Table 9 that ‘Personal Hygiene’ is over-represented in our dataset, as
compared to other activities. This may have caused some confusion in the predictions made
by CRAFFT. Other than the imbalanced nature of our datasets, we briefly discuss some of
the possible underlying reasons for major confusions made by CRAFFT.

The results indicate that the ‘Taking Medication’ activity gets confused with the ‘Eating’
activity. This confusion is mainly due to similar location of the occurrence of the two tasks.
Also, the confusion between ‘Housekeeping’ and ‘Meal Preparation’ activities is most likely
because these two activities overlap too often. Moreover, the results suggest some confusion
between “Sleeping in Bed” and ‘Bed-Toilet Transition’ activities, which is mainly because of
their similar time and location of occurrence. It should be added that the relative values
corresponding to the discussed confusions are also provided in Table 9.

Lastly, we close this section by presenting a sample result for our proposed relative start
time discovery method. Assuming that the current and predicted activities are “Breakfast”
and “Taking Medication”, Fig. 14 illustrates the discovered time offset between the
mentioned activities in our dataset. As previously mentioned, we model the time offset
between activities using the continuous normal distribution. Taking into consideration our
proposed outlier detection mechanism illustrated in Fig. 10, the presented results in Fig. 14
suggest that “Taking Medication” typically happens 13 to 37 minutes after the start of
“Breakfast” activity (see Fig. 10):

[ u—20, p+20]=[25—2 * 6, 25+2 * 6]=[13, 37) min .

6 Conclusions and Future Work

In this paper, we proposed the CRAFFT prediction model which utilizes the Bayesian
networks in a novel two-step inference process. While the focus of this paper was on the
activity prediction in smart homes, the application of the proposed two-step inference
process is not limited to this domain and can be applied to other areas as well. Once we have
an activity prediction module, then the applications of such a component are endless.

To predict the start time of the predicted activity, we proposed a method based on
continuous normal distribution and the outlier detection. We validated CRAFFT using real
data collected from smart home apartments. The Experimental Results suggest the superior
performance of the CRAFFT model over the other related prediction approaches. The input
to all of the discussed algorithms is the current activity label and the features corresponding
to the current activity. What makes CRAFFT outperform the other approaches mainly lie in
the idea that it does not rely on the current features to predict the next activity. Instead, it
first predicts the features corresponding to the next activity and then utilizes them to predict
the next activity itself.
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In future, we plan to extend the proposed two-step inference process to cases where data is
partially observable or it contains hidden variables. Also, we aim to apply the proposed
approach for context-aware prompting-based interventions for older adults.

References

Abowd, G.; Mynatt, E. Designing for the human experience in smart environments. In: Cook, D.; Das,
S., editors. Smart Environments: Technology, Protocols, and Applications. Wiley; 2004. p. 153-174.

Barger T, Brown D, Alwan M. Health-status monitoring through analysis of behavioral patterns. IEEE
Transactions on Systems, Man and Cybernetics. 2005; 35(1):22-27.

BrainAid. PEAT: Android application for people with cognitive challenges [online]. http://
brainaid.com, visited september 25. 2013

Cook, DJ.; Das, SK. Wiley Series on Parallel and Distributed Computing. 2005. Smart Environments:
Technology, Protocols and Applications.

Cook DJ, Crandall AS, Thomas BL, Krishnan N. Casas: A smart home in a box. IEEE Computer.
2013; 46(6):26-33.

Das SK, Cook DJ, Bhattacharya A, Heierma EO I11, Lin TY. The role of prediction algorithms on the
mavhome smart home architectures. IEEE Transactions on Knowledge and Data Engineering. 2002;
9(6):77-84.

Doctor F, Hagras H, Callaghan V. A fuzzy embedded agent-based approach for realizing ambient
intelligence in intelligent in-habited environments. IEEE Transactions on Systems, Man and
Cybernetics, Part A: Systems and Humans. 2005; 35(1):55-65.

Duong, TV.; Bui, HH.; Phung, DQ.; Venkatesh, S. Activity recognition and abnormality detection
with the switching hidden semimarkov model. Proceedings of the IEEE Computer Society
Conference on Computer Vision and Pattern Recognition; 2005. p. 838-845.

Ghasemzadeh H, Loseu V, Jafari R. IEEE Transactions on Information Technology in Biomedicine.
2010; 14(2):425-435. [PubMed: 20007039]

Gopalratnam K, Cook D. Active lezi: An incremental parsing algorithm for sequential prediction.

International Journal of Artificial Intelligence Tools. 2004; 14(1-2):917-930.

Helal S, Mann W, El-Zabadani H, King J, Kaddoura Y, Jansen E. The Gator Tech Smart House: A

programmable pervasive space. IEEE Computer Society. 2005; 38(3):50—60.
Heung S 11, Bong-Kee S, Seong-Whan L. Hand gesture recognition based on dynamic bayesian
network framework. Pattern recognition. 2010; 43:3059-3072.

Holder LB, Cook DJ. Automated activity-aware prompting for activity initiation. Gerontechnology.
2013; 11(4):534-544. [PubMed: 24077428]

Intille, SS.; Larson, K.; Tapia, EM.; Beaudin, J.; Kaushik, P.; Nawyn, J.; Rockinson, R. Using a live-in
laboratory for ubiquitous computing research. Proceedings of PERVASIVE; 2006. p. 349-365.

JustChecking. Supporting independence people with dementia. [online]. http://
www.justchecking.co.uk, visited september 25. 2013

Kasteren, TV.; Krose, B. Bayesian activity recognition in residence for elders. In. International
Conference on Intelligent Environments (IE’07); 2007. p. 209-212.

Kaushik P, Intille S, Larson K. User-adaptive reminders for home-based medical tasks. a case study.
Methods of Information in Medicine. 2008; 47(2):203-207. [PubMed: 18473085]

Kautz, H.; Etzioni, O.; Weld, D.; Shastri, L. Technical report. University of Washington, Computer
Science Department; 2003. Foundations of assisted cognition systems.

Liao, L.; Fox, D.; Kautz, H. Location-based activity recognition using relational markov networks.
Proceedings of the International Joint Conference on Artificial Intelligence; 2005. p. 773778

Lotfi A, Langensiepen C, Mahmoud SM, Akhlaghinia MJ. Smart homes for the elderly dementia
sufferers: ldentifcation and prediction of abnormal behaviour. Journal of Ambient Intelligence and
Humanized Computing (JAIHC). 2012; 3(3):205-218.

Mahmoud S, Lotfi A, Langensiepen C. Behavioural pattern identification and prediction in intelligent

environments. Journal of Applied Soft Computing. 2013; 13(4):1813-1822.

J Ambient Intell Humaniz Comput. Author manuscript; available in PMC 2015 April 29.


http://brainaid.com
http://brainaid.com
http://www.justchecking.co.uk
http://www.justchecking.co.uk

1duosnue Joyiny 1duosnue Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Nazerfard and Cook

Page 15

Maurer, U.; Smailagic, A.; Siewiorek, DP.; Deisher, M. Activity recognition and monitoring using
multiple sensors on different body positions. Proceedings of the International Workshop on
Wearable and Implantable Body Sensor Networks; 2006. p. 113-116.

Mocanu, I.; Florea, AM. A multi-agent supervising system for smart environments. Proceedings of the
2nd International Conference on Web Intelligence, Mining and Semantics, WIMS’12; 2012. p.
1-55.

Mocanu, S.; Mocanu, |.; Anton, S.; Munteanu, C. Amihomecare: A complex ambient intelligent
system for home medical assistance. Proceedings of the International Conference on Applied
Computer and Applied Computational Science; 2011. p. 181-186.

Monekosso, DN.; Remagnino, P. Anomalous behaviour detection: supporting independent living. In:
Monekosso, D.; Remagnino, P.; Kuno, Y., editors. Ambient intelligence techniques and
applications, advanced information and knowledge processing. 2009. p. 35-50.

Murphy, K. PhD Dissertation. University of California; Berkeley: 2002. Dynamic Bayesian network:
representation, inference and learning.

Nazerfard, E.; Cook, DJ. Using Bayesian networks for daily activity prediction. Proceedings of the
AAAI Workshop on Plan, Activity and Intent Recognition; 2013. p. 32-38.

Nazerfard, E.; Rashidi, P.; Cook, DJ. Using association rule mining to discover temporal relations of
daily activities. Proceedings of International Conference on Smart Homes and Health Telematics
(ICOST); 2011. p. 49-56.

Park, H-S.; Cho, S-B. Predicting user activities in the sequence of mobile context for ambient
intelligence environment using dynamic bayesian network. International Conference on Agents
and Avrtificial Intelligence (ICAART); 2010. p. 311-316.

Philipose M, Fishkin K, Perkowitz M, Patterson D, Fox D, Kautz H, Hahnel D. Inferring activities
from interactions with objects. IEEE Pervasive Computing. 2004; 3(4):50-57.

Pollack M. Intelligent technology for an aging population: The use of ai to assist elders with cognitive
impairment. Al Magazine. 2005; 26(2):9-24.

Rashidi P, Cook D, Holder L, Schmitter-Edgecombe M. Discovering activities to recognize and track
in a smart environment. IEEE Transactions on Knowledge and Data Engineering. 2011; 23(4):
527-539. [PubMed: 21617742]

Reisberg B, Finkel S, Overall J, Schmidt-Gollas N, Kanowski S, Lehfeld H, Hulla F, Sclan SG, Wilms
HU, Heininger K, Hindmarch I. The alzheimer’s disease activities of daily living international
scale (adl-is). International Psychogeriatrics. 2001; 13(2):168-181.

Shachter, RD. Bayes-ball: The rational pastime (for determining irrelevance and requisite information
in belief networks and influence diagrams). Proceedings of the 14th Conf. in Uncertainty in
Artificial Intelligence; 1998. p. 480-487.

Tapia DI, Abraham A, Corchado JM, Alonso RS. Agents and ambient intelligence: case studies.
Journal of Ambient Intelligence and Humanized Computing. 2010; 1(2):85-93.

Yin J, Yang Q, Pan JJ. Sensor-based abnormal humanactivity detection. IEEE Transactions on
Knowledge and Data Engineering. 2008; 20(8):1082-1090.

Yu, X. Approaches and principles of fall detection for elderly and patient. International Conference on
e-Health Networking, Applications and Services (Healthcom); 2008. p. 42-47.

J Ambient Intell Humaniz Comput. Author manuscript; available in PMC 2015 April 29.



1duosnue Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnuey Joyiny

Nazerfard and Cook

Fig. 1.
A sample Bayesian network.
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B B B

Fig. 2.
An illustration for the Bayes ball algorithm, where the stop sign implies that the node blocks

the ball to pass through.

J Ambient Intell Humaniz Comput. Author manuscript; available in PMC 2015 April 29.



1duosnue Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnuey Joyiny

Nazerfard and Cook Page 18

coe YN

Fig. 3.
The current activity label X; (or its distribution) is assumed to be provided by the AR

module.
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Fig. 4.
The structure of the proposed Bayesian network, i.e. CRAFFT.
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Fig. 5.
Step i: Next activity features prediction.
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Fig. 6.
Step ii: Next activity label prediction.
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Fig. 7.
The structure of the CEFA model.
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Fig. 8.
The structure for the Naive Bayes algorithm.
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Fig. 9.
The relative start time distribution for X¢1.
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Normal Distribution

34.1% | 34.1%

Fig. 10.
Outlier detection mechanism using the normal distribution properties.
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The sensor layouts for Aptl (top-left), Apt2 (top-right) and Apt3 (bottom), where the red

circles represent motion/area sensors, and the blue triangles represent door/cabinet sensors.
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Fig. 12.

—

Meal Preparation begin

Meal preparation end

Personal Hygiene begin

Personal Hygiene end

Meal Preparation begin

Meal Preparation end

A sample of two overlapped activities (left) and how CRAFFT handles it (right).
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Fig. 13.

The overall activity label prediction comparison among discussed models with a bar chart
augmented with error bars (shown as red lines).
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Breakfast

Fig. 14.

Page 29

Taking

Medication

The predicted relative start time for the Taking Medication activity, when it occurs after

Breakfast.
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Table 1

A sample CPT for variable B (see Fig. 1).

A | E | B=True| B = False
False | False 0.25 0.75
False | True 0.70 0.30
True | False 0.35 0.65
True | True 0.55 0.45
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Table 2

Intuitive examples for the feature prediction step.

. - .
Xe Y;la}/%2an5) (Y'ti»la)/tilaytil)

(Bathing, Bath, Morning, *) (Bathroom, Morning, *)

(Bathing, Bath, Evening, *) (Bedroom, Evening, *)

(Living Room, Noon, 2 -7)

(Eating, Dining Room, Noon, 1) (Front Door, Noon, 1)

1
2
3 (Eating, Dining Room, Noon, 2 - 7)
4
5

N I IR A

(Sleeping, Bedroom, Evening, 7) (Kitchen, Morning, 1)
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Table 3

Characteristics of the smart homes used in our study.

Aptl Apt2 Apt3
# of motion sensors 20 18 20
# of door/cabinet sensors 12 12 11
# of residents 1 1 1
# of sensor events collected | 368,821 | 248,923 | 164, 561
Timespan 6 months | 4 months | 3 months
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A sample for sensor events used in this study.

Timestamp Sensor ID Label

2012-06-28, 18:53:35 MO05 Eating begin

2012-06-28, 18:59:06 D07

2012-06-28, 19:14:51 M12 Eating end
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Table 5

The overall CRAFFT activity label prediction accuracy.

Next Activity Feature Prediction

Next Activity Label Prediction
Location | Time of Day | Day of Week
Aptl | 46.52% 88.09% 96.94% 64.18%
Apt2 | 60.80% 86.23% 96.75% 74.57%
Apt3 | 46.99% 67.07% 89.27% 61.98%
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Table 6

The overall CEFA activity prediction accuracy for our smart home testbeds.

CEFA Activity Label Prediction

Apartmentl 49.02%
Apartment2 59.78%
Apartment3 47.18%
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Table 7

NB Prediction accuracy for our testbeds.

NB Activity Label Prediction

Apartmentl 45.11%
Apartment2 55.54%
Apartment3 43.76%
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Activity label prediction accuracy for DT, SVMs and MLP.

DT MLP SVM
Apartmentl | 47.76% | 48.58% | 46.59%
Apartment2 | 60.20% | 57.93% | 55.54%
Apartment3 | 47.92% | 47.18% | 44.31%
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