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Abstract:  To many people, home is a sanctuary. For those people who need special
medical care, they may need to be pulled out of their home to meet their medical
needs. As the population ages,the percertage of people in this group is increasing
and the e®ectsare expensive as well as unsatisfying. We hypothesizethat many people
with disabilities can lead independert livesin their own homes with the aid of at-
home automated assistanceand health monitoring. In order to accomplish this, robust
methods must be developed to collect relevant data and processit dynamically and
adaptively to detect and/or predict threatening long-term trends or immediate crises.
The main objective of this paper is to investigate techniques for using agern-based
smart home technologiesto provide this at-home health monitoring and assistance.To
this end, we have developed novel inhabitan t modeling and automation algorithms that
provide remote health monitoring for caregivers. Speci cally, we addressthe following
technological challenges:1) identifying lifestyle trends, 2) detecting anomaliesin current
data, and 3) designing a reminder assistancesystem. Our solution approachesare being
tested in simulation and with volunteers at the UTA's MavHome site, an agert-based
smart home project.
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1 Intro duction and Motiv ation

Sincethe beginning, people have lived in placesthat provide shelter and basic
comfort and support, but as scciety and technology advance there is a grow-
ing interest in improving the intelligence of the ervironments in which we live
and work. The MavHome (M anaging an adaptive versatile Home ) project is
focused on providing sudch environments [Das et al., 2003. We take the view-
point of treating an ervironment as an intelligent agert, which perceiwes the
state of the environment using sensorsand acts upon the ernvironment using
device cortrollers in a way that can optimize a number of di®erert goals in-
cluding maximizing comfort of the inhabitants, minimizing the consumption of
resourcesand maintaining safety of the environment and its inhabitants. In this
paper we discussmethods by which we can adapt a smart home ervironment
sudh asMavHome to perform health monitoring and assistancefor personswith
disabilities and for aging adults.

As Lanspery and Hyde [Lanspery et al., 1997 state, "For most of us, the
word "home' evokes powerful emotions [and is] a refuge". They note that older



adults and peoplewith disabilities want to remain in their homesevenwhentheir
conditions worsenand the home cannot sustain their safety. In a national survey,
researters found that 71% of the responderts felt strongly that they wanted to
remain in their current residenceas long as possible, and another 12% were
somewhatlikely to remain there [AARP, 2000. Nearly 1/4 of the responderts
expectedthat they or a member of their householdwould have problems getting
around their housein the next "v e years. Of theseresponderts, 86% stated that
they had made at least one modi cation to their hometo make it easierto live
there, and nearly 70% believe that the modi cations will allow them to live in
the current homeslonger than would have otherwise been possible. A separate
study supported these results and found that the most common modi cations
were an easy-to-useclimate control systemand a personalalert system.

Zola [Zola, 1997 maintains that the problems of aging and disability are
corverging. Improvemerts in medical careare resulting in increasedsurvival into
old age, thus problems of mobility, vision, hearing, and cognitive impairments
will increase[Pynoos, 2002 Parr and Russell,1997. As the baby boomerserter
old age,this trend will be magni ed. By 2040,23%will fall into the 65+ category
[Lanspery et al., 1997. An AARP report [AARP, 2000 AARP, 2003 strongly
encouragesncreasedfunding for home modi cations that can keepolder adults
with disabilities independert in their own homes.

While useof technology can be expensiwe, it may be more cost e®ective than
the alternativ e [Grayons, 1997. Nursing home care is generally paid either out-
of-pocket or by Medicaid. Typical nursing home costsare about $40,000a year,
and the $197billion of free care o®eredoy family members comesat the sacri ce
of independenceand job opportunities by the family caregiwers.

In this paper, our goalis to assistthe elderly and individuals with disabilities
by providing home capabilities that will monitor health trends and assistin the
inhabitant's day to day activities in their own homes.The result will save money
for the individuals, their families, and the state.

2 Overview of the MavHome Smart Home

We de ne an intelligent environment as one that is able to acquire and apply
knowledgeabout its inhabitants and their surroundingsin order to adapt to the
inhabitants and meet the goalsof comfort and etciency [Cook and Das, 2004.
Thesecapabilities rely upon e®ectie prediction, decisionmaking, robotics, wire-
lessand sensornetworking, mobile computing, databases,and multimedia tech-
nologies.With thesecapabilities, the home can adaptively corntrol many aspects
of the ervironment such as climate, water, lighting, maintenance, and multi-
media entertainment. Intelligent automation of these activities can reduce the
amourt of interaction required by inhabitants, reduce energy consumption and



other potential wastages,and provide a mechanism for ensuring the health and
safety of the environment occuparts [Das and Cook, 20044.

As the needfor automating these personal environments grows, so doesthe
number of researders investigating this topic. Some design interactive confer-
encerooms, oxces, kiosks, and furniture with seamlessntegration betweenhet-
erogeneoudlevicesand multiple user applications in order to facilitate collabo-
rate work environments [AIRE Group, 2004 Fox et al., 2000 Romn et al., 2002
Streitz et al., 1999. Abowd and Mynatt's work [Abowd and Mynatt, 200§ fo-
cuseson easeof interaction with a smart space,and work such asthe Gator Tech
Smart House[Helal et al., 2005 focuseson application of smart environments to
elder care.

Mozer's Adaptive Home [Mozer, 2005 usesneural network and reinforcemert
learning to cortrol lighting, HVAC, and water temperature to reduce operating
cost. In contrast, the approad takenby the iDorm project [Hagraset al., 2004 is
to usea fuzzy expert systemto learn rules that replicate inhabitant interactions
with devices,but will not 'nd an alternativ e control strategy that improvesupon
manual control for considerationssud as energy expenditure.

These projects have laid a foundation for our work. Howewer, unlike related
projects, we learn a decisionpolicy to cortrol an environment in a way that op-
timizes a variety of possiblecriteria, including minimizing manual interactions,
improving operating exciency, and ensuring inhabitant health and safety. We
also ensurethat our software need not be redesignedas new devicesare reg-
istered, new spacesare tested, or new inhabitants move into the ervironment.
To accomplishthis goal, our intelligent ervironment must harnessthe features
of multiple heterogeneouslearning algorithms in order to identify repeatable
behaviors, predict inhabitant activity, and learn a control strategy for a large,
complex environment.

The MavHome architecture shownn in Figure 1 consistsof cooperating layers
[Cook and Das, 2004 Das and Cook, 2003. Perception is a bottom-up process.
Sensorsmonitor the environment using physical componerts (e.g., sensors)and
make information available through the interface layers. The database stores
this information while other information componerts processthe raw informa-
tion into more useful knowledge (e.g., patterns, predictions). New information
is preseried to the decisionmaking applications (top layer) upon requestor by
prior arrangemert. Action execution °ows top-down. The decisionaction is com-
municated to the serviceslayer which recordsthe action and communicatesit to
the physical componerts. The physical layer performs the action using powerline
control, and other automated hardware, thus changing the state of the world and
triggering a new perception.

All of the MavHome componerts are implemented and are being testedin two
physical ervironments, the MavLab workplace environment and an on-campus
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Figure 1: MavHome architecture (left) and MavPad sensorlayout (right).

apartment. Powerline corntrol automates all lights and appliances, as well as
HVAC, fans, and miniblinds. Perception of light, humidity, temperature, smoke,
gas, motion, and switch settings is performed through a sensornetwork dewvel-
opedin-house.Inhabitant localization is performedusing passiwe infrared sensors
yielding a detection rate of 95% accuracy[Youngblood et al., 20054.

Communication betweenhigh-level componerts is performed using CORBA,
and ead componert registersits presenceusing zero con guration (ZeroConf)
technologies. Implemented servicesinclude a PostgreSQL databasethat stores
sensorreadings, prediction componerts, data mining componerts, and logical
proxy aggregators.Resourceutilization servicesmonitor current utilit y consump-
tion rates and provide usageestimatesand consumption queries.

MavHome is designedto optimize a number of alternative functions, but
for this ewvaluation we focus on minimization of manual interactions with de-
vices. The MavHome componerts are fully implemented and are automating
the ervironments shawvn in Figure 2 [Youngblood et al., 20054. The MavLab
ernvironment corntains work areas, cubicles, a break area, a lounge, and a con-
ferenceroom. MavLab is automated using 54 X-10 cortrollers and the current
state is determined using light, temperature, humidity, motion, and door/seat



Figure 2: The MavLab (left) and MavPad (right) environments.

status sensors.The MavPad is an on-campusapartment hosting a full-time stu-
dent occupart. MavPad is automated using 25 cortrollers and provides sensing
for light, temperature, humidity, leak detection, vert position, smoke detection,
CO detection, motion, and door/windo w/seat status sensorsFigure 1 shawsthe
MavPad sensorlayout.

3 Core Technologies

To automate our smart ervironment, we collect obsenations of manual inhabi-
tant activities and interactions with the ervironment. We then mine sequetial
patterns from this data using a sequencamining algorithm. Next, we predict the
inhabitant's upcoming actions using obsened historical data. Finally, a hierar-
chical Markov model is created using low-level state information and high-level
sequetial patterns, and is usedto learn an action policy for the environment.
Figure 3 shows how thesecomponerts work together to improve the overall per-
formance of the smart environment. Here we describe the learning algorithms
that play a role in this approad.

3.1 Mining Sequential Patterns Using ED

In order to minimize resourceusage,maximize comfort, and adapt to inhabitants,
we rely upon machine learning techniques for automated discovery, prediction,
and decision making. A smart home inhabitant typically interacts with various
devicesas part of his routine activities. These interactions may be considered
as a sequenceof everts, with someinherent pattern of recurrence.Agrawal and
Srikant [Agrawal and Srikant, 1995 pioneered work in mining sequetial pat-
terns from time-ordered transactions, and our work is loosely modeled on this
approad.
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Typically, ead inhabitant-home interaction evert is characterized as a triple
consisting of the device manipulated, the resulting changethat occurred in that
device, and the time of interaction. We move a window in a single passthrough
the history of everts or inhabitant actions, looking for episales (sequences)
within the window that merit attention. Candidate episadesare collectedwithin
the window together with frequencyinformation for eat candidate. Candidate
episadesare evaluated and the episadeswith valuesabove a minimum acceptable
compressionamourt are reported. The window size can be selectedautomati-
cally usingthe sizethat achievesthe bestcompressionperformanceover a sample
of the input data.

When evaluating candidate episades, the Episode Discovery (ED) algorithm
[Heierman and Cook, 2003 looks for patterns that minimize the description
length of the input stream, O, using the Minimum Description Length (MDL)
principle [Rissanen,1989. The MDL principle targets patterns that can be used
to minimize the description length of a databaseby replacing ead instance of
the pattern with a pointer to the pattern de nition.

Our MDL-based evaluation measurethus identi es patterns that balance
frequency and length. Periodicity (daily, every other day, weekly occurrence)
of episadesis detected using autocorrelation and included in the episade de-
scription. If the instancesof a pattern are highly periodic (occur at predictable
intervals), the exact timings do not needto be encaded (just the pattern de ni-
tion with periodicity information) and the resulting pattern yields even greater
compression.Although evert sequencesvith minor deviations from the pattern
de nition can be included as pattern instances,the deviations needto be en-
coded and the result thus increasesthe overall description length. ED reports
the patterns and encadings that yield the greatest MDL value.

Deviations from the pattern de nition in terms of missing everts, extra



ewverts, or changesin the regularity of the occurrence add to the description
length becauseextra bits must be used to encale the change, thus lowering
the value of the pattern. The larger the potential amount of description length
compressiona pattern provides, the more represenativ e the pattern is of the
history asa whole, and thus the potential impact that results from automating
the pattern is greater.

In this way, ED identi es patterns of everts that can be usedto better un-
derstand the nature of inhabitant activity in the environment. Once the data is
compressedusing discovered results, ED can be run again to nd an abstrac-
tion hierarchy of patterns within the evert data. As the following sectionsshow,
the results can also be usedto enhanceperformance of predictors and decision
makers that automate the ervironment.

3.2 Predicting Activites Using ALZ

To predict inhabitant activities, we borrow ideasfrom text compression,in this
casethe LZ78 compressionalgorithm [Ziv and Lempel, 197§. By predicting in-
habitant actions, the home can automate or improve upon anticipated events
that inhabitants would normally perform in the home. Well-investigated text
compressionmethods have establishedthat good compressionalgorithms also
make good predictors. According to information theory, a predictor with an or-
der (size of history used)that grows at a rate approximating the ertropy rate
of the sourceis an optimal predictor. Other approachesto prediction or infer-
ring activities often usea xed context sizeto build the model or focus on one
attribute sud as motion [Cielniak et al., 2003 Philip oseet al., 2004.

LZ78 incrementally processesn input string of characters, which in our case
is a string represening the history of device interactions, and storesthem in a

such that for all j > 0, the pre x of the substring w; is equal to somew; for
1< i< j.Thuswhenparsingthe sequencef symbols aaababbbbbaabccddcbaaaa
the substring a is created, followed by aa, b, ab, bk bbg and so forth.

Our Activ e LeZi (ALZ) algorithm enhancesthe LZ78 algorithm by recaptur-
ing information lost acrossphrase boundaries. Frequency of symbols is stored
along with phraseinformation in a trie, and information from multiple corntext
sizesare combined to provide the probability for ead potential symbol, or inhab-
itant action, asbeingthe next oneto occur. In e®ect,ALZ gradually changesthe
order of the corresponding model that is usedto predict the next symbol in the
sequenceAs a result, we gain a better convergencerate to optimal predictabilit y
aswell asacdieve greater predictive accuracy Figure 4 shows the trie formed by
the Activ e-LeZi parsing of the input sequenceaaababbbbbaabccddcbaaaa

To perform prediction, ALZ calculates the probability of eat symbol (in-
habitant action) occurring in the parsedsequenceand predicts the action with
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Figure 4: Trie formed by ALZ parsing.

the highest probability. To achieve optimal predictability, we use a mixture of
all possiblehigher-order models (phrase sizes)when determining the probability
estimate. Speci cally, we incorporate the Prediction by Partial Match strategy
of exclusion [Bell et al., 1997 to gather information from all available context
sizesin assigningthe next symbol its probability value.

We initially evaluated the ability of ALZ to perform inhabitant action pre-
diction on synthetic data basedon six embeddedtasks with 20% noise. In this
casethe predictive accuracy corvergesto 86%. Real data collected basedon six
students in the MavLab for one month was much more chaotic, and on this
data ALZ reached a predictive performance of 30% (although it outperformed
other methods). However, when we combine ALZ and ED by only perform-
ing predictions when the current activity is part of a sequetiial pattern identi-
“ed by ED, ALZ performanceincreasesby 14% [Gopalratnam and Cook, 2004
Gopalratnam and Cook, 2005.

3.3 Decision Making Using ProPHeT

In our nal learning step, we employ reinforcemert learning to generatean au-
tomation strategy for the intelligent ervironment. To apply reinforcemen learn-
ing, the underlying system(i.e., the houseand its inhabitants) could be modeled
as a Markov Decision Process(MDP). This can be described by a four-tuple
< S;A;Pr;R >, where S is a set of system states, A is the set of available
actions,and R : S! R is the reward that the learning agen receivesfor being
in a given state. The behavior of the MDP is described by the transition func-
tion, Pr:SE£ A£ S! [0;1], represerting the probability with which action a;
executedin state s; leadsto state S .

With the increasingcomplexity of tasks being addressedrecert work in de-
cision making under uncertainty haspopularized the useof Partially Obsenable
Markov Decision ProcessePOMDPs). Recertly, there have been many pub-
lished hierarchical extensionsthat allow for the partitioning of large domainsinto
a tree of manageablePOMDPs [Pineau et al., 2001, Theocharous et al., 2001].



Figure 5: Hierarchical model constructed from static (left) and dynamic (right)
smart home data.

Researt has shawvn that strategies for new tasks can be learned faster if poli-
cies for subtasks are already available [Precup and Sutton, 1997. Although a
Hierarchical POMDP (HPOMDP) is appropriate for an intelligent environment
domain, current approacesgenerally require a priori construction of the hier-
archical model. Unlike other approachesto creating a hierarchical model, our
decisionlearner, ProPHeT, actually automates model creation by using the ED-
mined sequencedo represen the nodesin the higher levels of the model hierar-
chy.

The lowest-level nodes in our model represent a single event obsened by
ED. Next, ED is run multiple iterations on this data until no more patterns can
be identi ed, and the corresponding abstract patterns comprisethe higher-level
nodesin the Markov model. The higher-level task nodes point to the “rst event
node for ead permutation of the sequencethat is found in the ervironment
history. Vertical transition valuesare labeledwith the fraction of occurrencesfor
the corresponding pattern permutation, and horizontal transitions are seeded
using the relative frequency of transitions from one event to the next in the
obsened history. As a result, the n-tier hierarchical model is thus learned from
collected data. An example hierarchical model constructed from MavHome test
data is showvn on the left in Figure 5.



Given the current evert state and recert history, ED supplies menmbership
probabilities of the state in ead of the identi ed patterns. Using this information
alongwith the ALZ-predicted next action, ProPHeT maintains a belief state and
selectsthe highest-utilit y action.

To learn an automation strategy, the agen exploresthe e®ectf its decisions
over time and usesthis experience within a temporal-di®erencereinforcemen
learning framework [Sutton and Barto, 1999 to form cortrol policies which op-
timize the expected future reward. The current version of MavHome receives
negative reinforcemert (obseres a negative reward) when the inhabitant im-
mediately reversesan automation decision (e.g., turns the light badk o®) or
an automation decision cortradicts Arbiter -supplied safety and comfort con-
straints.

Before an action is executedit is chedked against the policies in the policy
engine,Arbiter . Thesepoliciesconain designedsafety and security knowledge
and inhabitant standing rules. Through the policy enginethe systemis prevernted
from engagingin erroneousactionsthat may perform actions suc asturning the
heaterto 12C°F or from violating the inhabitant's stated wishes(e.g., a standing
rule to never turn o®the inhabitant's night light).

4 Initial Case Study

As an illustration of the above techniques, we have evaluated a week in an
inhabitant's life with the goal of reducingthe manual interactions in the MavLab.
The data was generatedfrom a virtual inhabitant basedon captured data from
the MavLab and was restricted to just motion and lighting interactions which
accourt for an averageof 1400events per day.

ALZ processedhe data and cornvergedto 99.99%accuracyafter 10iterations
through the training data. When automation decisionswere made using ALZ
alone, interactions were reduced by 9.7% on average.Next, ED processedthe
data and found three episadesto useasabstract nodesin the HPOMDP. Living
room patterns consistedof lab entry and exit patterns with light interactions, and
the otce alsore®ected ertry and exit patterns. The other patterns occurred over
the remaining 8 areasand usually involved light interactions at desksand some
equipmert upkeep activity patterns. The hierarchical Markov model with no
abstract nodesreducedinteractions by 38.3%,and the combined-learning system
(ProPHeT bootstrapped using ED and ALZ) was able to reduceinteractions by
76%, as shavn in Figure 6 (left).

Experimertation in the MavPad using real inhabitant data hasyielded simi-
lar results. In this case,ALZ alonereducedinteractions from 18to 17 everts, the
HPOMDP with no abstract nodesreduced interactions by 33.3%to 12 everts,
while the bootstrapped HPOMDP reduced interactions by 72.2%to 5 everts.
Theseresults are graphedin Figure 6 (right).



Figure 6: Interaction reduction.

5 Using a Smart Home to Assist Elderly and Disabled

The data mining, prediction, and multiagent technologiesavailable in MavHome
canbe employedto provide health careassistancen living environments. Specif-
ically, models can be constructed of inhabitant activities and usedto learn ac-
tivit y trends, detect anomalies,intelligently predict possibleproblemsand make
health care decisions,and provide automation assistancefor inhabitants with
special needs.

A variety of approadtes have been investigated in recert years to auto-
mate caregiver services. Many of the e®orts o®er supporting technologies in
specializedareas,sudch as using computer vision techniquesto track inhabitants
through the environment and specialized sensorsto detect falls or other crises.
Somespecial-purposeprediction algorithms have beenimplemented using factors
such as measuremen of stand-sit and sit-stand transitions and medical history
[Cameronet al., 1997 Naja et al., 2002 Naja et al., 2003, but are limited in
terms of what they predict and how they use the results. Remote monitoring
systemshave beendesignedwith the commonmotivation that learning and pre-
dicting inhabitant activities is key for health monitoring, but very little work has
combined the remote monitoring capabilities with prediction for the purposeof
health monitoring. Somework has also progressedtoward using typical behav-
ior patterns to provide reminders, particularly usefulfor the elderly and patients
su®eringfrom varioustypesof demertia [Kautz et al., 2002 Pollack et al., 2003.

Our smart environment canidentify patterns indicating or predicting a change
in health status and can provide inhabitants with needed automation assis-
tance. Collected data includes movemert patterns of the individual, periodic
vital signs (blood pressure,pulse, body temperature), water and device usage,
use of food items in the kitchen, exerciseregimen, medicine intake (prescribed
and actual), and sleep patterns [Das and Cook, 2004 Das and Cook, 20044.
Given this data, models can be constructed of inhabitant activities and useto



learn lifestyle trends, detect anomalies,and provide reminder and automation
assistance.

5.1 Capabilit y 1: Identify lifest yle trends.

Our ED algorithm is designedto processdata as it arrives. Becauseof this
feature, trends in the data including increasing/ decreasingpattern frequency
intro duction of patterns, and changein pattern details can be automatically de-
tected [Heierman, 2004. When changing patterns include health-speci ¢ everis
(vital signs,medication intake, or events targeted by the caregiver), a report will
be given to the inhabitant and caregiver of thesetrends.

5.2 Capabilit y 2: Detect anomalies in curren t data.

The ED data mining algorithm and ALZ predictor can work together to detect
anomaliesin event data. ED identi es the most signi cant and frequert pat-
terns of inhabitant behavior, aswell asthe likelihood that the current state is a
member of one of these patterns. Whenewer the current state falls within one of
these patterns, ALZ can determine the probability distribution of next everts.
As aresult, whenthe next event hasa low probability of occurrence,or whenthe
expectednext event doesnot occur at the expectedtime, the result is considered
an anomaly.

When an anomaly occurs, the home will “rst try to contact the inhabitant
(through the interactive display for a lessercritical anomaly, or through the
sound system for a more critical anomaly). If the inhabitant does not respond
and the criticalit y of the anomaly is high, the caregiver will be noti ed.

5.3 Capabilit y 3: Design reminder assistance system.

Reminderscan be triggered by two situations. First, if the inhabitant queriesthe
home for his next routine activity, the activity with the highest probability will
be given basedon the ALZ prediction. Second,if a critical anomaly is detected,
the ervironment will initiate contact with the inhabitant and remind him of the
next typical activity. Suc a reminder servicewill be particularly bene cial for
individuals su®eringfrom demertia.

As describedin the initial MavHome design,automation assistances always
available for inhabitants, which is bene cial if someactivities are ditcult to per-
form. A usefulfeature of the architecture is that safety constraints are embedded
in the Arbiter rule engine. If the inhabitant or the ervironment is about to
con’ict with theseconstraints, a prevertativ e action is taken and the inhabitant
noti ed. This can prevent acciderts such as forgetting to turn o®the water in
the bathtub or leaving the housewith doors unlocked.



6 Conclusion

The MavHome software architecture has successfullymonitored and provided
automation assistancefor volunteersliving in the MavPad site. We are currently
collecting health-speci ¢ data in the MavHome sites and will be testing in the
living environments of recruited residerts at the C.C. Young Retirement Com-
munity in Dallas, Texas.

Ac knowledgemen ts

This work is supported by US National ScienceFoundation under ITR grant
11S{0121297.

References

[AARP, 2000] AARP (2000). Fixing to stay: A national survey of housing and home
modi cation issues.

[AARP, 2003] AARP (2003). These four walls... Americans 45+ talk about home and
community.

[Abowd and Mynatt, 2005] Abowd, G. D. and Mynatt, E. D. (2005). Designing for the
human experience in smart ervironments. In Cook, D. J. and Das, S. K., editors,
Smart Environments: Technology, Protocols, and Applications, pages153{174. Wiley.

[Agrawal and Srikant, 1995] Agrawal, R. and Srikant, R. (1995). Mining Sequernial
Patterns. In Proceedings of the 11th International Conference on Data Engineering,
pages3{14.

[AIRE Group, 2004] AIRE Group (2004). MIT Project AIRE { About Us.
http://www.ai.mit.edu/pro  jects/aire.

[Bell et al., 1990] Bell, T. C., Cleary, J. G., and Witten, I. H. (1990). Text compres-
sion. Prentice Hall.

[Cameron et al., 1997] Cameron, K., Hughes, K., and Doughty, K. (1997). Reducing
fall incidencein community eldersby telecare using predictiv e systems. In Proceedings
of the International IEEE-EMBS Conference, pages1036{1039.

[Cielniak et al., 2003] Cielniak, G., Bennewitz, M., and Burgard, W. (2003). Where
is ...? learning and utilizing motion patterns of personswith mobile robots. In Pro-
ceedings of the Eighteenth International Joint Conference on Arti cial Intel ligence,
pages909{914.

[Cook and Das, 2004] Cook, D. J. and Das, S. K. (2004). Mavhome: Work in progress.
IEEE Pervasive Computing.

[Das and Cook, 2004a] Das, S. K. and Cook, D. J. (2004a). Health monitoring in an
agert-based smart home. In Proceedings of the International Conference on Smart
Homes and Health Telematics (ICOST) .

[Das and Cook, 2004b] Das, S. K. and Cook, D. J. (2004b). Health monitoring in an
agen-based smart home by activit y predition. In Zhang, D. and Mokhari, M., editors,
Toward a Human-Friendly Assistive Environment, pages3{14. 10S Press.

[Das and Cook, 2005] Das, S. K. and Cook, D. J. (2005). Smart home environments: A
paradigm basedon learning and prediction. In Wir elessMobile and Sensor Networks.
Wiley.

[Das et al., 2002] Das, S. K., Cook, D. J., Bhattac harya, A., Heierman, E. O., and Lin,
T.-Y. (2002). The role of prediction algorithms in the mavhome smart home archi-
tecture. IEEE Wir elessCommunications, 9(6):77{84.



[Fox et al., 2000] Fox, A., Johanson, B., Hanrahan, P., and Winograd, T. (2000). Inte-
grating information appliances into an interactiv e space. IEEE Computer Graphics
and Applications, 20(3):54{65.

[Gopalratham and Cook, 2004] Gopalratnam, K. and Cook, D. J. (2004). Activ e LeZi:
an incremental parsing algorithm for sequerial prediction. International Journal of
Articial Intelligence Tools, 14(1-2):917{930.

[Gopalratham and Cook, 2005] Gopalratnam, K. and Cook, D. J. (2005). Online se-
quertial prediction via incremental parsing: The Activ e LeZi algorithm. IEEE Intel-
ligent Systems

[Grayons, 1997] Grayons, P. J. (1997). Technology and home adaptation. In Lanspery,
S.and Hyde, J., editors, Staying Put: Adapting the PlacesInstead of the People, pages
55{74. Baywood Publishing Company.

[Hagras et al., 2004] Hagras, H., Callaghan, V., Colley, M., Clarke, G., Pounds-
Cornish, A., and Duman, H. (2004). Creating an ambient-in telligence environment
using embedded agerts. IEEE Intel ligent Systems 19(6).

[Heierman, 2004] Heierman, E. O. (2004). Using information-the oretic principles to
discover interesting episadesin a time-ordered sequence. PhD thesis, The University
of Texasat Arlington.

[Heierman and Cook, 2003] Heierman, E. O. and Cook, D. J. (2003). Improving home
automation by discovering regularly occurring device usagepatterns. In Proceedings
of the International Conference on Data Mining .

[Helal et al., 2005] Helal, A., Mann, W., El-Zabadani, H., King, J., Kaddoura, Y., and
Jansen, E. (2005). The gator tech smart house: A programmable pervasive space.
IEEE Computer, 38(3):50{60.

[Kautz et al., 2002] Kautz, H., Arnstein, L., Borriello, G., Etzioni, O., and Fox, D.
(2002). An overview of the assisted cognition project. In Proceedings of the AAAI
workshop on automation as caregiver.

[Lanspery et al., 1997] Lanspery, S.,Jr, J. J. C., Miller, J. R., and Hyde, J. (1997). In-
troduction: Staying put. In Lanspery, S.and Hyde, J., editors, Staying Put: Adapting
the Places Instead of the People, pages1{22. Baywood Publishing Company.

[Mozer, 2005] Mozer, M. C. (2005). Lessonsfrom an adaptive home. In Cook, D. J.
and Das, S. K., editors, Smart Environments: Technology, Protocols, and Applica-
tions, pages273{298. Wiley.

[Naja™ et al., 2002] Naja, B., Aminian, K., Loew, F., Blanc, Y., and Robert, P.
(2002). Measuremert of stand-sit and sit-stand transitions using a miniature gy-
roscope and its application in fall risk evaluation in the elderly. IEEE Transactions
on Biomedical Engineering, 49(8):843{851.

[Naja et al., 2003] Naja’, B., Aminian, K., Paraschiv-lonescu, A., Loew, F., Bula, C.,
and Robert, P. (2003). Ambulatory system for human motion analysis using a kine-
matic sensor:Monitoring of daily physical activity in the elderly. IEEE Transactions
on Biomedical Engineering, 50(6):711{723.

[Parr and Russell, 1997] Parr, R. and Russell, S. (1997). Reinforcemert learning with
hierarchies of machines. In Advancesin Neural Information Processing Systems 10,
Denver, CO. MIT Press.

[Philip oseet al., 2004] Philip ose, M., Fishkin, K., Perkowitz, M., Patterson, D., Fox,
D., Kautz, H., and Hahnel, D. (2004). Inferring activities from interactions with
objects. Pervasive Computing, 3(4):50{56.

[Pineau et al., 2001] Pineau, J., Roy, N., and Thrun, S. (2001). A Hierarchical Ap-
proach to POMDP Planning and Execution. Workshop on Hierarchy and Memory
in Reinforcemert Learning (ICML).

[Pollack et al., 2003] Pollack, M. E., Brown, L., Colbry, D., McCarthy, C. E., Orosz,
C., Peintner, B., Ramakrishnan, S., and Tsamardinos, I. (2003). Autoreminder: An
intelligent cognitive orthotic system for people with memory impairment. Rolotics
and Autonomous Systems 44:273{282.



[Precup and Sutton, 1997] Precup, D. and Sutton, R. S.(1997). Multi-time models for
temporally abstract planning. Advancesin Neural Information Processing Systems
10:1050{1056.

[Pynoos, 2002] Pynoos,J. (2002). Neglectedareasin gerontology: Housing adaptation.
In Panel presentation at the Annual Scienti ¢ Meeting of the Gerontological Scciety
of America.

[Rissanen, 1989] Rissanen, J. (1989). Stochastic Complexity in Statistical inquiry .
World Scierti ¢ Publishing Company.

[Romn et al., 2002] Romn, M., Hess,C. K., Cerqueira, R., Ranganathan, A., Camp-
bell, R. H., and Nahrstedt, K. (2002). Gaia: A middleware infrastructure to enable
active spaces.|EEE Pervasive Computing, pages74{83.

[Streitz et al., 1999] Streitz, N. A., Geiler, J., Holmer, T., Konomi, S., Mller-T omfelde,
C., Reischl, W., Rexroth, P., Seitz, P., and Steinmetz, R. (1999). i-LAND: an inter-
active landscape for creativity and innovation. In CHI.

[Sutton and Barto, 1998] Sutton, R. S.and Barto, A. G. (1998). Reinforcement Learn-
ing: An Intr oduction. MIT Press, Cambridge, MA.

[Theocharous et al., 2001] Theocharous, G., Rohanimanesh, K., and Mahadevan, S.
(2001). Learning Hierarchical Partially Observable Markov Decision Processesfor
Robot Navigation. IEEE Conferenceon Robotics and Automation.

[Youngblood et al., 2005a] Youngblood, G. M., Holder, L. B., and Cook, D. J. (2005a).
A learning architecture for automating the intelligent environment. In to appear in
Proceedings of the Conference on Innovative Applications of Articial Intel ligence.

[Youngblood et al., 2005b] Youngblood, G. M., Holder, L. B., and Cook, D. J.
(2005b). Managing adaptive versatile environments. In Proceedings of the Inter-
national Conference on Pervasive Computing.

[Ziv and Lempel, 1978] Ziv, J. and Lempel, A. (1978). Compression of individual se-
quencesvia variable rate coding. IEEE Transactions on Information Theory, IT-
24:530{536.

[Zola, 1997] Zola, I. K. (1997). Living at home: The convergenceof aging and disabil-
ity. In Lanspery, S. and Hyde, J., editors, Staying Put: Adapting the Places Instead
of the People, pages25{40. Baywood Publishing Company.



