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Towards Efficient Analysis of Activities in Chronic Disease Patients

Asad Masood Khattak, Zeeshan Pervez, Iram Fatima, Sungyoung Lee, Young-Koo Lee

Department of Computer Engineering, Kyung Hee University, Korea
{asad.masood, zeeshan, iram, sylee}@oslab.khu.ac kr, yklee@khu.ac.kr

Abstract— Ubiquitous Healthcare (u-Healthcare) is a
sollaborative process incorporating work from diverse fields
W computer engineering as well as the knowledge from
wedical science domain. One of the main targeting services
.+ u-Healthcare is to enable people to live independently
onger through the early detection and prevention of chronic
S<ease and disabilities. To provide robust healthcare
wrvices, recognition of patient daily life activities is very
mportant. Real-time daily life activities with context
wformation can help in better services of overall system.
Now-a-days with increasing life standards and styles, people
we more interested in their better health and desire healthy

fe. This resulted in increase of cost for life care or
“ealthcare system. To maintain quality and availability level
¢ healthcare services with minimum cost, a powerful,
Jexible, and cost-effective infrastructure for healthcare
ervices that can fulfil the vision of ubiquitous healthcare
w-healthcare) is required. Cloud Computing can potentially
srovide huge cost savings, flexible high-throughput, and
wase of use for different services [2] as well as for healthcare
wervices. For this reason, we have developed a platform
wehitecture, called Secured Wireless Sensor Network
WSN) - integrated Cloud Computing for u-Life Care (SC
'], Different wireless sensors are deployed that collect real-
“me data and transmit that to Cloud Server though Cloud
Cateway. Based on this real-time data collected by different
swnsors, SC* provides real-time home care and safety
monitoring  services, information sharing and exchange
facility, emergency connection services, and patient
=onitoring and care services.

One of the main components of SC? is the Human
sctivity Recognition Engine (HARE) [7]. This engine is
secessary and important because in order to provide
mproved daily medical care and real-time reaction to
medical emergencies, identifying patient’s activities, so-
walled Activity Recognition (AR) is a prerequisite. The
existing systems are based on simple condition and action
‘1. 3, 9], not using context information or in some cases
ssing imperfect context information [5, 8] where the result
of system is unpredictable. Their focus is more on
wnvironment sensors (e.g., smoke detector, infrared control,
wd GPRS modem) rather than on real-time human
performed activity.

This research was supported by the MKE (Ministry of Knowledge
“onomy), Korea, under the ITRC (Information Technology Research
“emter) support program supervised by the NIPA (National IT Industry
*somotion Agency)" (NIPA-2009-(C1090-0902-0002)). This work was
weported by the IT R&D program of MKE/KEIT. [2009-S-033-01,
“wevelopment of Saa$S Platform for S/W Service of Small and Medium sized
Smserprises].

Currently, to the best of our knowledge, there is no
systematic way to integrate multi-modalities such as vision
with motion, environment, location, and time to infer human
intentions for the performed activity. Our focus in this paper
is on better accuracy and performance efficiency of Context-
aware Activity Manipulation Engine (CAME) component of
our proposed HARE [7] which in first phase is deployed for
Alzheimer disease patients. The proposed CAME can
integrate all the activity information together with context
and profile information of subject and help in enhancing
capabilities and  provides  tremendous value for
intelligent/efficient service provisioning and
recommendation.

Considering context during decision making is an
important factor [5]. For CAME implementation, we use all
possible sources of information to avoid possibility of
missing information or imperfect context information. For
context representation and profile information, we use
ontology and have developed a semantic structure for
representation of information. Ontology is formally defined
as an explicit and formal specification of a shared
conceptualization [4]. With the use of ontology (containing
expert knowledge of medical domain) these human activities
detected using different sensors [7] are intelligently
manipulated to infer higher level activities and also make the
situation analysis. The experimental results of CAME in [7]
showed fairly good accuracy and then with rule based
filtering for situation analysis and decision making. Here we
have made some extensions in match making process to
enhance the accuracy and performance of CAME.

Activities recognized with sensors (i.e., body, location,
motion, and video sensors) and context information from
ontology, link all the related activities in a chain, then with
the help of customized rules we get the higher level
activities that are more usable for decision making. For
instance, low level activities in a series, e.g., bending,
sitting, jumping, and walking with the help of ontology will
result in higher level activity e.g., exercising. To implement
CAME with all its components, we used Jena2, Protégé,
Protégé-OWL, Arq, and Pellet 3.4 (for inference). The
outcome of CAME is partially dependent on the results of
activity recognition modules that are responsible to detect
activities from the raw data collected with sensors.

We tested CAME using 12 different experiments with
increasing number of activities, where all activities are real-
time activities detected by sensors discussed above. In Fig.
1, y-axis is the % of Precision for match making process
while x-axis represents the number of experiments. The
graph in Fig. 1 shows that precision of CAME initially
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Fig. 1. Comparison between CAME and extended CAME precision for 12
different experiments with increasing number of activities.

developed is less than the Extended CAME. Though the
precision of both are decreasing with the increasing number
of activities, however, extended CAME still maintain a good
precision rate. Average precision of CAME and extended
CAME for 12 experiments are 0.6680 and .8310
respectively.

In CAME development, we used A-Box inferring that
only involve instances. For extended CAME we used the
integration of A-Box with T-Box and before applying A-Box
we used T-Box to limit the number of instances by using the
structure of knowledgebase. Another main cause for low
precision of CAME was the unknown activities detected by
the sensors. As we focused only on set of 18 activities, so
any other activity performed by Alzheimer patient not
included in the set of 18 activities was reported as unknown
activity. We have also modified CAME for unknown
activities by implementing a filter to avoid selecting
unknown activity during match making process, which
resulted in better system precision. Though, we still need to
store these activities as they figure out some interesting new
activities for system enhancement. For instance; in taking
bath there were always two unknown activities one before
and one after. After continuous pattern it was figured out that
locking and unlocking the bath room door activities were
detected as unknown activities. Still the precision of
extended CAME depends more on the sensors deployed to
detect human activities on timely manner.

After the extensions made to the CAME, we tested both
CAME and extended CAME for their response time. As
shown in Fig. 2, the extended CAME in initial tests takes
more time (time is in milliseconds) in producing the results
as the number of activities are less and the filtering criteria is
taking more time. After some test and increasing the number
of activities extended CAME shows better performance than
CAME. The more the number of activities the better the
response time of extended CAME will be against original
CAME. All the experiments for response time of both
CAME and extended CAME were conducted on machine
with 2.66 GH Quad Core and 4 GB of primary memory.
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Fig. 2. Response time comparison between CAME and extended CAME.

We used two phase filtering for decision making as using
only the results of match making is not sufficient in
healthcare systems. In the second phase we used the
description logic rules refer to [7] compiled with the help of
experts (Doctors) knowledge to filter out appropriate
information from those of match making process. The output
of 2nd phase filter is then used for decision making or
suggestions about current situation.
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