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ABSTRACT
As people age, their health typically declines, resulting in difficulty in performing daily activities.
Sleep-related problems are common issues with older adults, including shifts in circadian
rhythms. A detection method is proposed to identify progressive changes in sleeping activity
using a three-step process: partitioning, mining, and measuring. Specifically, the original
spatiotemporal representation of each sleeping activity instance was first transformed into a
sequence of equal-sized segments, or symbols, via a partitioning process. A data-mining-based
algorithm was proposed to find symbols that are not present in all instances of a sleeping activity.
Finally, a measuring process was responsible for evaluating the changes in these symbols.
Experimental evaluation conducted on a group of datasets of older adults showed that the
proposed method is able to identify progressive changes in sleeping activity.
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1. INTRODUCTION
Over the past several decades, most countries have witnessed a demographic trend
tending towards more and more elderly people [1]. As people age, older adults
typically experience physical, cognitive, and mental health declines, eventually
resulting in long-term care such as home visits, assisted living, residential care, and/or
long stays in hospitals.
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Sleep problems are common in an aging population and take a variety of forms.
More than 20% of older adults suffer from chronic insomnia [2, 3], characterized by
difficulty in achieving and maintaining sleep [4]. In addition to insomnia, a study
conducted by the National Institute on Aging with over 9000 older adults (mean age =
74 years) showed that chronic sleep complaints often cause difficulty in initiating or
maintaining sleep (43%), nocturnal waking (30%), insomnia (29%), daytime
napping (25%), trouble falling asleep (19%), waking too early (19%), and waking
without feeling rested (13%) [5].

Sleep problems have a variety of causes, including disease. Common diseases in
older adults that are linked with sleep problems include arthritis, osteoporosis,
Parkinson’s disease, heart disease, lung diseases [6], and Alzheimer’s disease [7-9].
Neurodegenerative diseases such as Parkinson’s disease and Alzheimer’s disease are
chronic and progressive. While their symptoms generally worsen over time, the rate
of deterioration is different from person to person [10]. A method for recognizing and
assessing the progression of such symptoms, including sleep problems, is extremely
important for providing care for older adults suffering from such chronic diseases.

Self-reported questionnaires are a subjective assessment frequently used to assess
sleep quality and insomnia, including the Pittsburgh Sleep Quality Index [11],
Insomnia Severity Index [12], Epworth Sleepiness Scale [13], and the Roland and
Morris Disability Questionnaire [14]. While self-reported questionnaires are brief,
easy-to-administer and cost-effective, the subjectivity of definitions of sleep
problems and the absence of a gold standard to diagnose most sleep problems make
it challenging to examine the validity of self-reported questionnaires [15].

Another line of research tries to develop objective assessment by utilizing tools
such as polysomnography (PSG) and actigraphy to collect information on sleep
behaviour and sleep physiology, providing measures of both sleep and wake time in
addition to classification of sleep stages [16]. While such an objective measure
would be ideal, the clinical utility of actigraphy is still suboptimal in older adults
treated for chronic primary insomnia [17]. Furthermore, both PSG and actigraphy
can only be used in a clinical or laboratory setting, making it less than ideal for
monitoring the progression of sleep problems at home.

Longitudinal home monitoring of sleep avoids certain limitations of the laboratory
PSG, such as the atypical sleeping environment and the single-night snapshot. Sleep is
a dynamic process that varies from day to day, and hence it is important to measure
multiple nights of sleep for medical, research, and wellness reasons [18]. A vast amount
of research has been reported on home sleep-monitoring, based on increasingly
advanced sensing and computing techniques. A range of off-the-shelf devices and
prototype systems can now monitor sleep-related parameters via capturing and
analyzing brain activity signals (e.g., iBrain [19] and Zeo [20]), respiratory and cardiac
signals (e.g., Heally Recording System [21] and M1 [22]), body/limb movements (e.g.,
SleepTracker [23] and WakeMate [24]), and other solutions such as the MagIC System
[25] and AMON [26]. In addition, bed-based sleep monitoring has also been widely
explored, such as Air Cushion [27], Emfit Bed Sensor [28], Home Health Station [29],
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Linen Sensor [30], SleepMinder [31], Touch-Free Life Care System [32], and others
[33-35]. The objectives of these studies range from classifying sleep-wake state or
stages of sleep [19-26], recognizing sleep problems [27-32], to finding sleep patterns
[33-35] and providing visualization of sleep recordings [33]. None of the prior work has
tried to detect progressive changes in the sleep of older adults.

Since sleeping is an activity that regularly occurs in an older adult’s daily life, and
sleeping behavior can be captured reliably with low-cost sensors equipped in home
environment, the hypothesis of this paper is that it is possible to observe and
evaluate changes among different recordings of one’s sleeping activity. Indeed, sleep
problems in older adults often result in a shift in circadian rhythms [36, 37], which
can make an older adult becomes sleepy early in the evening and awaken very early
in the morning [36]. The differences among sleeping recordings essentially reflect
one or more types of changes; however, these changes can be difficult for elderly
individuals to notice because they often occur gradually. This work proposes a
method for examining changes in sleeping behaviors over time (e.g., one month or
more) in older adults to identify a subtle yet progressive trend. If a progressive trend
is identified, a timely alert can be issued to either the older adults or their caregivers.
Such a timely alert service allows the older adults and their caregivers to monitor the
progression of the underlying cause of the sleep problem (e.g., a chronic illness), as
well as to treat the sleep problem directly.

The proposed method consists of three main steps: partitioning, mining, and
measuring. First, the original spatiotemporal representation of each sleeping activity
instance is transformed into a sequence of equal-sized symbols via a partitioning
process. Second, a data mining based algorithm is proposed to find symbols that are
not present in all instances of a sleeping activity. These symbols are labeled as non-
everpresent symbols in this paper and they are detected by leveraging their essential
property of being “few and different” that is originally adopted in anomaly detection
research [38]. This paper uses the coined word ‘everpresent’ to denote a symbol that
is present in all instances of a given sleeping activity, and ‘non-everpresent’ to refer to
a symbol that is present in part of a given sleeping activity. Finally, two quantitative
metrics are developed to measure the total change and overall trend collectively
maintained by all non-everpresent symbols. If a sleeping activity simultaneously
obtains a large value for the total change and a small value for the overall trend, it is
definitively identified as having a progressive change in sleeping activity.

The main contributions of this work are threefold. First, the paper identifies a new
research problem of finding progressive changes in the sleeping activity of older
adults. To the best of our knowledge, this is the first such work in the area of ambient
assisted living research. Second, the paper proposes a method that is able to detect
progressive change by examining and measuring differences among instances of a
sleeping activity over time. And third, this work utilizes a group of real-world
datasets of sleeping activity from 10 different older adults to evaluate the proposed
method. The experimental results show that the proposed method is able to identify
progressive changes in sleeping activity with a low time complexity.
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2. METHODS
2.1. Sleeping Activity Data
The sleep data used in this work was chosen from the open activity of daily living
(ADL) datasets made available by Washington State University
(http://ailab.wsu.edu/casas/datasets.html) [39, 40]. The datasets were acquired in
several testbeds (e.g., Tulum, Kyoto, and Cairo apartments) from 2007 to 2012. The
activities contained in the different datasets differ in terms of activity type, activity
number, and sample population. The most frequent types of activities in the datasets
are Meal_Preparation, Eating, Sleeping, Entering/Leaving_Home, Watch_TV, and
Toileting. Different numbers of older adult participants were recruited to live in the
apartments (i.e., testbeds) in order to collect these activity data.

In each dataset, an activity is represented as a series of sensor events that were
generated from various sensors installed in rooms (e.g., temperature sensors in the
bedroom), attached to objects (e.g., switch sensors on the cabinets), and mounted on
walls (e.g., motion sensors by doors). Older adult participants performed daily
activities in their normal way, generating a series of sensor readings for each
activity. The sensor readings can be binomial or numerical, depending on the type of
sensor. For example, a motion sensor generates an ON (OFF) value when the
resident approaches (leaves) it, while a temperature sensor generates a numerical
value of the current temperature. The sensor reading combined with the date and
time information constitutes a sensor event recording, as shown in Figure 1(a).
Further, the datasets have been annotated to indicate the beginning and ending of an
activity.

When more than one resident lived in an apartment, the datasets separately
document the activities of different residents. Since the datasets were collected
mainly for the purpose of activity recognition, anomaly detection, and behavior
pattern analysis, a large portion of the activities contain only a small number of
recordings.

Since the objective of this work is to explore finding progressive changes in the
sleep of older adults, only the data related to instances of sleeping activity from the
original datasets were selected for the test dataset. To be included in the test dataset,
a participant’s data must have at least 20 instances of sleeping. There were 10 such
participants in the original datasets. However, two of the participants had such a
large number of instances of sleeping (more than 60 each), that their data were split
into 2 subsets in order to have a total of 12 sets of sleeping data.

For the purpose of quantitatively evaluating the proposed method, ground truth
had to be determined for the test dataset. To do this, three volunteers manually
labeled each of the 12 sets of test data as having a progressive change in sleeping
activity or not. The volunteers comprised of one male retired gerontologist aged 70
years, one female teacher aged 56 years, and one female graduate student aged 22
years. Before the labelling process, each sleeping instance of a test set was plotted
to obtain a visualized representation like Figure 1(b), where 26 instances are plotted.
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For all visualized instances of a test set, all three volunteers were instructed to
intuitively observe if there was a gradually changed trend on the beginning and/or
ending times of these instances. If at least two of the three volunteers marked a
participant’s test data as containing a progressive change over time, the data set were
labeled as such. Table 1 presents a summary of the test dataset.

An intuitive explanation for variables smin, smax, emin, and emax in Table 1 can be
found in Figure 1(b). Additionally, parameter sts denotes the calculated size of
timeslot according to Equation 2, which will be introduced in the next section.
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(a)

(b)

Time Sensor State/Value Activity Annotation
2009/6/2 23:41:59.033747 M047 ON
2009/6/2 23:42:02.012695 M048 OFF
2009/6/2 23:42:02.024096 P001 291
2009/6/2 23:42:02.033946 M049 OFF

2009/6/3 06:29:44.073869 M048 OFF
2009/6/3 06:29:45.013194 M049 ON
2009/6/3 06:29:45.055746 M048 ON
2009/6/3 06:29:49.050385 M047 ON
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Figure 1. An illustration of the collected sleeping activity data in the original datasets.
(a) A documented sleeping activity recording with the date, time, sensor
reading (value), and annotated beginning and ending. (b) A group of activity
recordings represented by the spatial dimension (i.e., activity instance) and
temporal dimension (i.e., beginning and duration), with the x-axis indicating
the time in the timeline (ranging from 22:00 to 12:00) and the y-axis
indexing the instances of sleeping for a single participant, where smin, smax,
emin, and emax are the minimum of the beginning times, maximum of the
beginning times, minimum of the ending times, and maximum of the ending
times, respectively.



2.2. PM2: A Partitioning-Mining-Measuring Identification Method
This section presents the proposed PM2 (Partitioning-Mining-Measuring) method,
consisting of three main steps for identifying progressive change in sleeping activity.

2.1.1. Partitioning: from Spatiotemporal Signature Series to Equal-sized Symbols
This section first provides a formal definition of sleeping activity, and the
partitioning process is then described to transform an original instance of sleeping
activity into a sequence of equal-sized symbols.

Definition 1. A sleeping activity, Asleep, is a spatiotemporal triple,

Asleep = (L, T, D) (1)

where L denotes the location in which Asleep often occurs; T indicates the beginning
time of Asleep, (i.e., the time at which an older adult begins to sleep); and D is the
duration of Asleep. It is worth noting that the location L in the triple representation
Asleep indicates the room where an older adult often performs sleeping activity,
determined by a set of sensors equipped in the room. For example, sensors M047-
049 and P001 in Figure 1(a) collectively determine the location L of the sleeping
activity.

Definition 2. An instance of sleeping activity Asleep is a numbered recording of Asleep
occurring in a specific time period.
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Table 1. Test dataset for the experiment.

Number
of Progressive smin smax emin emax

Dataset Instances Change (hr:min) (hr:min) (hr:min) (hr:min) sts (h)

D_01 25 √ 22:19 2:31 6:20 9:54 0.30
D_02 29 √ 22:20 2:31 5:32 9:04 0.24
D_03 24 x 22:20 0:59 4:37 7:57 0.36
D_04 30 x 22:10 1:44 6:17 10:00 0.35
D_05 27 x 20:41 2:59 7:18 11:00 0.23
D_06 26 √ 21:38 2:13 9:00 12:00 0.50
D_07 26 √ 22:10 2:46 7:36 11:00 0.35
D_08 29 √ 22:33 2:48 7:39 11:00 0.38
D_09 31 x 21:06 2:48 7:39 11:00 0.28
D_10 32 x 21:20 0:49 4:24 7:57 0.33
D_11 25 x 21:54 0:54 6:00 9:53 0.44
D_12 30 x 21:13 0:04 7:29 11:00 0.63

smin, smax, emin, and emax are the minimum of the beginning times, maximum of the
beginning times, minimum of the ending times, and maximum of the ending times,
respectively; sts denotes the calculated size of timeslot.



Definition 3. A timeline is a time interval of Îsmin˚...Èemax˘, where smin is the
minimum (earliest) beginning time and emax is the maximum (latest) ending time as
shown in Figure 1(b).

Sleeping activities periodically occur in different periods (i.e., days), and
virtually all sleeping instances have different beginning times and durations (see
Figure 1). Even if there exists a trend in which sleeping times and durations are
shifting over time, any two subsequent instances may not adhere to this overall
trend. For example, while Figure 1(b) shows an overall shift of sleeping beginning
time to the left (from bottom to top), there are several instances that shift to the right
compared to the prior recordings. This phenomenon makes it difficult and time-
consuming to find differences among sleeping instances by directly comparing them.
To automatically detect this progressive trend, it is necessary to first transform the
original spatiotemporal instances of a sleeping activity into an appropriate
representation by using a partitioning process consisting of the following three
operations:

Timeline Windowing: Windowing a timeline means to decompose this timeline into a
series of timeslots based on a carefully chosen timeslot size. The size is crucial for the
performance and efficiency of the proposed method. This is because a large (small) size
will lead to a sparse (dense) decomposition of the timeline, resulting in too many (few)
segments while mapping a sleeping instance onto this decomposed timeline. In general,
the number of the segments is positively associated with the time elapsed in finding
differences among sleeping instances, and some subtle yet important differences will not
be detected if there are only a small number of segments in each instance. This paper
defines a data-driven size for a timeslot in Equation 2:

(2)

where ∆ (0 < ∆ ≤ 2E) is a constant.
Equation 2 means that when all instances of a sleeping activity have a uniform

distribution, i.e., emax – emin Æ 0 and smax – smin Æ 0, a high value for sts can be obtained
(i.e., sts Æ D/∆) to lead to a sparse decomposition of the timeline; otherwise, a small
value for sts is obtained, corresponding to a dense decomposition of the timeline.

With the size calculated by Equation 2, the timeline can be decomposed into a
series of timeslots. It is worth noting that the decomposed timeline is determined by
all instances of a sleeping activity; hence, there may be difference among sleeping
datasets of different older adults.

Instance Segmenting: Segmenting an instance of a sleeping activity means to first
map this instance onto the decomposed timeline and then to symbolically represent
this instance using the mapped timeslots. Let (Li, Ti, Di) be the i-th instance of a
given sleeping activity. After mapping this instance onto the decomposed timeline, a
set of timeslots (later referred to as symbols) {slr, slr+1, ..., slk} can be obtained,
where slj (r ≤ j ≤ l) indexes the (k – j + 1)-th segment which has been mapped into
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the j-th timeslot. Therefore, triple (Ai, Ti, Di) can be represented as a symbolized
sleeping activity instance, Äsleep, using the mapped timeslots as follows:

Äsleep = {(Li, slr), (Li, slr+1), ..., (Li, slk)} (3)

In order to determine the terminal segments like slr and slk, the majority principle is
used to make them valid if the terminal segments cover half of the length of the mapped
timeslots, or these segments should be invalid and discarded without any negative
impact (as shown in Figure 2).

Segment Encoding: To improve scalability of the proposed method in identifying
progressive changes in sleeping activity, the user and instance ID need to be added to
the tuples in Equation 3 to encode each segment as a quadruple. For example, tuple (Li,
slr) can be encoded as (U, I, Li, slr), where U and I indicate the user (older adult) and
the instance, respectively (see Figure 2).

The last issue that should be considered in partitioning a sleeping instance is the
possible gaps in the original spatiotemporal representation caused by some
interleaved behaviors, such as sleep-to-toilet behavior. The gaps will be filled to
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Figure 2. The process of partitioning the original spatiotemporal instances into
sequences of symbols. (a) The original spatiotemporal instances, the x-axis
denoting the time in timeline and the y-axis indexing the instances. (b) The
partitioned instances consisting of sequences of symbols, with the x-axis
indexing the timeslots in a decomposed timeline and the y-axis indexing the
symbolized instances.



make the original instance continuous if they are small (e.g., less than the calculated
size sts). In the selected test dataset, all instances were originally continuous or have
become continuous after this filling process. Filling gaps in an instance is completed
after sts is computed, but before partitioning.

2.2.2. Mining: Finding Non-everpresent Symbols
Given a set consisting of all the symbolized sleeping activity instances, S = {Ä1, 
Ä2, ..., Än}, obtained by partitioning the original instances {A1, A2, ..., An}, this
section proposes a data-mining-based algorithm to discover differences among these
instances by finding non-everpresent symbols.

Definition 4. A symbol s is non-everpresent if its pr-value is less than 1, where pr is
calculated by Equation 4. Otherwise, s is an everpresent symbol; i.e., its pr-value is
equal to 1.

(4)

where s(I) is the set of symbolized instances that contain the symbol s, and n is the
number of the instances in the set S.

As depicted in Figure 3, the pr-value of a symbol s measures the proportion of instances
that it is present in (i.e., the instances in s(I)), and the m-value points out the median
instance in s(I). A non-everpresent symbol s tells the truth that this symbol is not present in
all instances; i.e., s(I) is only a proper subset of the universal set S. The m-value of a symbol
s is equal to the ID of the median instance if the number of the instances in s(I) is odd;
otherwise, it is equal to the average of the IDs of two most median instances. For example,
s4 and s5 obtain an m-value of 7 and 6.5 (i.e., the average of 6 and 7), respectively, as shown
in Figure 3(b).

Intuitively, all instances in Figure 3(a) collectively demonstrate a sleep beginning
time that is shifting to later in the evening. Similarly, the m-values of the first 10 non-
everpresent symbols show a gradually increased trend. This inspires the development
of pr-value- and m-value-based metrics to measure progressive change. Thus, the first
task becomes finding non-everpresent symbols from a given dataset of symbolized
instances, which is achieved by the current algorithm.

The algorithm begins with a process of creating a test symbol set, T, by choosing
all non-repetitive symbols from the given set S. For example, suppose S consists of
three instances, Ä1 = {s1, s2, s3}, Ä2 = {s2, s3, s4}, and Ä3 = {s1, s2, s3, s4}, the test set
for these instances is T = {s1, s2, s3, s4}. For instances depicted in Figure 3(a), T =
{s1, s2, ..., s36} with the first symbol s1 being mapped into the 5th timeslot of the
decomposed timeline.

The algorithm then builds a binary tree structure Tbt for T which can improve
efficiency when finding non-everpresent symbols and will be described below. If
there is at least one symbol in Tbt, the algorithm extracts a symbol, one symbol at a
time, and records this symbol in s (line 3 and 4 of the current algorithm). If s is

Median
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located between two everpresent symbols in Tbt, of which the process is explained
below, s will be directly recognized as an everpresent symbol needing no further
processing (line 5 to 10). At this time, s obtains a pr- and m-value of 1 and
Median(1...n), respectively, according to Definition 4 and Equation 4. The pr- and
m-value for s will be stored into the corresponding locations (indexed by l) in vector
P and M, respectively. Otherwise, the algorithm will search S using the extracted
symbol s to find instances in S which contain symbol s (line 11) and compute its pr-
and m-value, as well as record these computed values into vector P and M,
respectively. Finally, the algorithm outputs the computed pr- and m-value recorded
in P and M for each symbol in T.
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Figure 3. The non-everpresent symbols and their pr-values and m-values. (a) The
symbolized sleeping instances, with the x-axis indexing the timeslots in the
decomposed timeline (the symbols are marked with s1, s2, ..., s36) and the y-
axis indexing the symbolized instances. (b) The first 10 non-everpresent
symbols with their pr- and m-values.



Algorithm to Detect Non-everpresent Symbols

Input:
S – A set consisting of n symbolized instances

Output:
P – A vector used for recording pr-values of non-everpresent symbols
M – A vector used for recording m-values of non-everpresent symbols

Process
1. T ← finding non-repetitive symbols from n symbolized instances // creating a test symbol

set T
2. Tbt ← building a binary tree for symbols in T
3. if Tbt is not empty, then
4. s ← extracting a symbol from Tbt

5. if s is located between two found everpresent symbols, then
6. pr ← 1
7. m ← Median(1...n) // calculated by Equation 4
8. P(l) ← pr // l is the index of s in T
9. M(l) ← m // l is the index of s in T
10. else
11. searching S using s to find instances that s is present in
12. calculating pr- and m-value using Equation 4
13. P(l) ← pr // l is the index of s in T
14. M(l) ← m // l is the index of s in T
15. end if
16. end if

The following provides the process for creating the binary tree structure Tbt for the test
symbol set T, which enables an efficient implementation of the current algorithm.

Building a Binary Tree for Symbols in T: A binary sort tree Tbt will be constructed to
achieve an efficient search in line 5 of the current algorithm, based on a test symbol set.
Consider a test symbol set T = {s1, s2, ..., s13}, with the recursive process for creating Tbt
shown in Figure 4(a). At each stage, the current set is divided into two sub-sets at the
central element, and elements which have an index less than the central one fall into the
left sub-tree while those with indexes larger than the central one fall into the right sub-tree.
The dividing process proceeds until only one element remaining in the current set. These
elements become leaves in the tree (e.g., s2, s4, s6, s9, s11, and s13). The central element sc
of a set {si,..., sj} is determined by c = Î(i + j) / 2˚. For example, the first central element is
s7 (i.e., 7 = Î(1 + 13) / 2˚) and the third central one is s10 (i.e., 10 = Î(8 + 13) / 2˚).

Binary-Tree-Based Prejudgment of Everpresent Symbols: Based on the binary
tree, Tbt, an efficient criterion is provided for recognizing some everpresent symbols
utilizing a Breadth First Search (BFS) approach. As illustrated in Figure 4(b), after
the first two symbols, s7 and s3, are extracted and recognized as everpresent after
searching the set S, s5, s4, and s6 are determined to be everpresent symbols because
they are located between two known everpresent symbols s3 and s7 in set T. The
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same happens for s8 and s9 once s10 is identified as everpresent. In total, five symbols
out of eight, (i.e., s4, s5, s6, s8, and s9), are identified as everpresent symbols without
examining instances in the set S. Therefore, the binary-tree-based identification of
everpresent symbols can significantly improve the time performance of the proposed
algorithm, thus improving the efficiency of the data mining based method.

2.2.3. Measuring: Calculating Total Change and Overall Trend
The pr-value of a symbol s indicates whether s is a non-everpresent symbol and the
degree to which s is non-everpresent. The m-value, on the other hand, reflects the
association between s and the instances that this symbol is present in by identifying
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T = {S1, S2, S3, S4, S5, S6, SS77, S8, S9, S10, S11, S12, S13}

{S3, S4, S5, S6, S7, S8, S9, S10} is the everpresent set
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Figure 4. The process of creating a binary tree structure for symbols in set T and
the process for finding non-everpresent symbols based on the proposed
new structure. (a) The binary tree, Tbt, for set T = {s1, s2, ..., s13}. (b) The
searching process based on Tbt, where the dotted arrow line indicates the
searching path based on an assumption that symbols {s3, ..., s10} are
everpresent.



the median instance in which it is present. In brief, non-everpresent symbols are the
indicators of progressive change in a sleeping activity. Thus, the core task is to
develop the proper metrics that are able to measure the total change and overall trend
collectively maintained by all non-everpresent symbols found.

Figure 5 provides the pr-value and m-value curves for a sleeping activity
encompassing 26 instances. The first nine and the last five symbols are non-
everpresent (pr-value < 1), and one can see their total progressive change through
the area of the pr-value curve in Figure 5(a). The m-value curve for these two groups
of symbols maintains an approximately linear change as well. This inspires the
development of a pr-value-based metric to measure the total change, and an m-
value-based metric to measure the overall trend as indicated by the medians of the
sleeping instances containing each non-everpresent symbol.
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pr-value-Based Area Metric for Total Change: Suppose there are i continuous non-
everpresent symbols with pr-values of (p1, p2, ..., pi), a curve p(x) = (p1, p2, ..., pi, 1) can
be generated by using these i points and an additional point that corresponds to the first
everpresent symbol with pr-value of 1. The area above the p(x) curve (AAC) can be
used to measure the total change level by Equation 5.

(5)

where ∆x = 1.
As shown by the shaded area in Figure 5(a), the larger the AAC value, the larger the

total change level. In order to examine that how many symbols in the set, T, contribute
to the AAC value defined in Equation 5, the normalization of AAC is defined below:

(6)

where T is the created test symbol set mentioned in Section 2.2.
m-value-Based Distance Metric for Overall Trend: Similarly, suppose there are i

continuous non-everpresent symbols with m-values of (m1, m2, ..., mi), a curve m(x) =
(m1, m2, ..., mi, md) can be generated by using these i points and an additional point that
corresponds to the first everpresent symbol, where md refers to the ID of the median
instance of S and can be calculated by Equation 4. The distance between the m(x) curve
and a baseline line l(x) can be used to measure the overall change trend and calculated
as below:

(7)

where l(x) is a baseline line related to the curve m(x), and d = (md – m1) / i.
As depicted in Figure 5(b), the lower the Dist value, the smaller the distance between

m(x) and l(x). The slope of l(x) is crucial to measuring progressive change in sleeping
activity: a large value for the slope of l(x) corresponds to a sudden change, while a small
value corresponds to a gradual change. Based on this consideration, it is necessary to
define the normalization of Dist as below:

(8)

where kl denotes the slope of the baseline line l(x).
For a sleeping activity to have progressive change, it needs to have a large value for

AACN and a small value for DistN, simultaneously. In other words, a progressive
change is positively correlated with AACN but negatively correlated with DistN, which
leads to a synthetic (or final) metric CHGP defined below:

(9)
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3. RESULTS
An experimental evaluation was performed for the proposed method using the test
dataset in Table 1. The experiments were run in Matlab on an Intel Core E8400 PC with
2GB RAM running Windows XP.

3.1. Quantitative Analysis
Table 2 presents the CHGP values calculated based on all middle metrics in Table 3
according to Equation 9 for each test set in Table 1, where the metrics AAC, AACN,
Dist, DistN, and kl in Table 3 are defined by Equations 5–8, respectively. In general, a
sleeping activity has two groups of non-everpresent symbols which are separated by a
group of everpresent symbols; i.e., the non-everpresent symbols always lie at the ends
rather than the middle of a symbolized sleeping activity instance. Therefore, each set
has a CHGP value for its left (beginning of sleep) and right (ending of sleep) non-
everpresent symbols, respectively. In other words, the CHGP Left (Right) in Table 2 is
the calculated CHGP value for the first (second) group of the found non-everpresent
symbols for each test set.

Based on a comparison with the ground truth of progressive sleep changes
(manually labeled by three volunteers who only identified a sleeping activity
contained a progressive change without showing how many changes were contained
in the sleeping activity), Table 2 includes columns indicating if the left and right
CHGP value correctly identified a progressive change. In addition, the number of the
symbols contained in the set T (Tbt) for each of the test sets has also been provided.

Using a threshold of 0.005 for the CHGP value, the left CHGP value correctly
identified all five sets of sleep data with progressive sleep changes, while the right
CHGP value identified two. There were no false-positives.
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Table 2. The calculated CHGP values for the test dataset in Table 1.

Manually
Total Total Labeled CHGP Identified Result

Dataset Instances Symbols Change Left Right Left Right

D_01 25 39 √ 0.0077 0.0011 √ ×
D_02 29 50 √ 0.0158 0.0044 √ ×
D_03 24 28 × 0.0008 0.0045 × ×
D_04 30 36 × 0.0041 0.0020 × ×
D_05 27 67 × 0.0009 0.0022 × ×
D_06 26 29 √ 0.0248 0.0091 √ √
D_07 26 38 √ 0.0076 0.0116 √ √
D_08 29 36 √ 0.0056 0.0019 √ ×
D_09 31 53 × 0.0017 0.0013 × ×
D_10 32 32 × 0.0049 0.0036 × ×
D_11 25 24 × 0.0008 0.0013 × ×
D_12 30 23 × 0.0038 0.0015 × ×



3.2. Result Visualization
Figure 6 presents the visualization for three sets of sleep data in the test dataset (D_01,
D_06, and D_07) by providing the original spatiotemporal instances, the pr-value and
the m-value curves. These three sets are presented because each of them reflects one
or more potential representative patterns of progressive change in sleeping activity of
older adults, including an overall shift of beginning time to the right in Figure 6(a_i)
and 6(b_i), an overall shift of beginning time to the left in Figure 6(c_i), and an overall
shift of ending time to the left in Figure 6(b_i) and 6(c_i), where instances in each test
set are indexed in a bottom-to-top manner. Obviously, there is no a regular pattern on
the ending time of instances in Figure 6(a_i).

On the other hand, the areas above the p(x) curve (AAC) corresponding to the
first 13 symbols in Figure 6(a_ii), the first 9 symbols in Figure 6(b_ii), and first 13
and last 10 symbols in Figure 6(c_ii) are all large. At the same time, their
corresponding m(x) curves show a progressive trend in Figures 6(a_iii), 6(b_iii) and
6(c_iii), respectively. Therefore, these sleeping activities are identified as containing
progressive changes according to Equations 5–9, with large values for CHGP shown
in Table 2.

It is worth noting that the last 5 symbols in Figure 6(b_ii) show a relatively smaller
AAC value compared to the first 9, but they are recognized as containing progressive
change. The reason lies in their linear trend in Figure 6(b_ii); i.e., they obtain both a large
AAC value and a small Dist value simultaneously, hence a large CHGP value. Similarly,
despite a large AAC value for the first 13 symbols against the one of the last 10 symbols
in Figure 6(c_ii), there is still a smaller CHGP value (left = 0.0076) for them than the one
(right = 0.0116) due to the relatively poor trend in Figure 6(c_iii).
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Table 3. The middle metrics used to calculate CHGP in Table 2.

Dataset Left Right

AAC AACN Dist kl DistN AAC AACN Dist kl DistN

D_01 5.6800 0.1456 11.5000 0.6071 18.9425 8.7200 0.2236 30.0000 0.1538 195.0585 

D_02 7.8276 0.1566 50.4444 0.5100 98.9106 8.9379 0.1788 29.3889 0.7211 40.7557 

D_03 4.5833 0.1637 11.1250 0.0556 200.0899 3.7083 0.1324 34.0000 1.1500 29.5652 

D_04 4.8667 0.1352 13.3500 0.4080 32.7206 4.2667 0.1185 62.7500 1.0385 60.4237 

D_05 13.8889 0.2073 68.5926 0.2857 240.0861 14.7778 0.2206 25.5000 0.2500 102.0000 

D_06 5.0769 0.1751 8.8333 1.2500 7.0666 2.0385 0.0703 11.0000 1.4167 7.7645 

D_07 7.8077 0.2055 16.7308 0.6175 27.0944 4.0385 0.1063 8.7500 0.9545 9.1671 

D_08 9.2069 0.2557 42.5000 0.9333 45.5373 7.0931 0.1970 30.8636 0.3033 101.7593 

D_09 12.1935 0.2301 78.0000 0.5714 136.5068 11.1935 0.2112 79.1333 0.5000 158.2666 

D_10 4.0313 0.1260 5.8500 0.2273 25.7369 5.6875 0.1777 11.2500 0.2273 49.4941 

D_11 4.7097 0.1962 57.2500 0.2310 247.8355 6.4194 0.2675 99.2368 0.5000 198.4736 

D_12 1.2667 0.0551 8.5900 0.6000 14.3167 4.1000 0.1783 98.8500 0.8214 120.3433
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Figure 6. Sleeping activity instances and their pr-value and m-value curves for three
different datasets, D_01, D_06 and D_07, presented in parts a, b and c,
respectively. The top row indicates the original spatiotemporal instances,
with the x-axis denoting the timeline and the y-axis indexing the instances;
the middle row provides the pr-value curves for instances in the datasets,
with the x-axis indexing the symbols and the y-axis denoting the pr-value;
and the bottom row provides the m-value curves, with the x-axis indexing
the symbols and the y-axis denoting the m-value.

For the last 12 symbols in Figure 6(a_ii), despite large value for AAC, they are
still identified to contain no progressive change because of the irregular trend in
Figure 6(a_iii), hence the small CHGP value of 0.0011. Similar visualizations for
other datasets are not presented due to space limitation.

3.3. Time complexity: Binary-Tree-Based Prejudgment vs. Scanning Search
Figure 7 presents an analysis of the time performance of the proposed method. The
binary-tree-based prejudgment and the scanning method are compared by analyzing
the CPU time consumption in finding non-everpresent symbols. The scanning method
works by orderly extracting symbols from the set T rather than Tbt and using each
extracted symbol to search all instances in the set S to determine if it is non-
everpresent symbol or not, while binary-tree-based prejudgment constructs a binary
tree in order to reduce the search time by prejudging some everpresent symbols
without the need of examining the set S.



As depicted in Figure 7(a), the elapsed CPU time for each dataset is smaller by
using the binary-tree-based prejudgment than using the scanning method, with a
total CPU time of less than 0.15 seconds for all sets. This is because using binary-
tree-based prejudgment, for each set, a number of everpresent symbols have been
prejudged before searching all instances in the set S to determine if an extracted
symbol is everpresent or not; i.e., there is no longer a searching process for those
prejudged symbols. As shown in Figure 7(b), the everpresent symbols identified
using the prejudgment mechanism is more than 53% of the total number of
everpresent symbols, whereas the everpresent symbols identified using the binary
search tree is more than 20% of the total number of symbols (everpresent and non-
everpresent) for all sets of the test dataset.
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Figure 7. The time performance analysis for the proposed method. (a) The CPU time
in finding all non-everpresent symbols for each dataset, with the x-axis
indexing the datasets and the y-axis showing the total CPU time. (b) The
number of the symbols that have been identified using the binary-tree-based
prejudgment and the total symbols in T for each set, with the x-axis
indicating the datasets and the y-axis denoting the number of the total
symbols in each dataset.



4. DISCUSSION
Based on the quantitative results combined with the visualizations as presented in Table
2 and Figure 6, the proposed method is shown to be able to identify progressive changes
in sleeping activity of older adults. All manually labeled progressive changes in
sleeping activity have been identified with lager CHGP values compared to those not
containing a progressive change.

Intuitively, the instances of sleeping activity depicted by Figure 6(a_i) display a
gradually delayed beginning, whereas the ones depicted by Figure 6(b_i)
simultaneously display a gradually delayed beginning and an earlier ending. The
sleeping activity instances illustrated by Figure 6(c_i) show a gradually advanced
beginning and ending. Therefore, their corresponding symbols obtain an obviously
large CHGP value, i.e., (left = 0.0077), (left = 0.0248, right = 0.0091), and (left =
0.0076, right = 0.0116), respectively. The other two sleeping activities with manually
identified progressive changes also have a large CHGP value (D_02: left = 0.0158) and
(D_08: left = 0.0056), with D_02 having a gradual shift on the beginning times to
earlier, and D_08 having a gradual shift on the beginning times to later (data not
presented due to space limitation). Such gradual shifts of the beginning and ending
times are considered progressive changes in sleep of older adults.

Taking into account the quantitative results in Table 2 and visualization in Figure 6,
a sleeping activity can be labeled to have a progressive change if it achieves a CHGP ≥
0.005; the larger the CHGP value, the larger the progressive change. Moreover, a
sleeping activity may encompass more than one part with a progressive change (i.e., the
beginning and the ending times); therefore, each part requires its own CHGP value.
Despite differences among elderly individuals, progressive changes in older adults’
sleeping activities fall into four different patterns:
• GDB pattern: All instances of a sleeping activity collectively maintain a Gradually

Delayed trend in their Beginning times (GDB).
• GDE pattern: All instances of a sleeping activity collectively maintain a Gradually

Delayed trend in their Ending times (GDE).
• GAB pattern: All instances of a sleeping activity collectively maintain a Gradually

Advanced trend in their Beginning times (GAB).
• GAE pattern: All instances of a sleeping activity collectively maintain a Gradually

Advanced trend in their Ending times (GAE).

Figure 8 presents an illustration of the patterns defined above. It is worth noting that,
in older adults’ real life, these patterns can occur individually or in their combinations.
For example, the sleeping activity in Figure 6(a) follows the GDB pattern, the sleeping
activity in Figure 6(b) follows the GDB and GAE patterns, and the sleeping activity in
Figure 6(c) follows the GAB and GAE patterns simultaneously.

The low CPU time consumption, as illustrated in Figure 7, suggests that the
proposed method is efficient and feasible when it is applied to analyze real-world
sleeping activity data that may be collected from elderly individuals for several years in
our future research. Also, this method can be adapted to analyze other types of activities
which may have larger datasets and require a more efficient processing.
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There are three primary limitations of the present study. First, the proposed
algorithm is based on an assumption that no gaps exist in the original sleeping activity
recordings, or any gaps that do exist are filled using a filling process (see Section 2.1.1).
In reality, however, older adults may have disrupted sleep from which they awake (e.g.,
to go to the bathroom), and stay awake for a long period of time. The sleep-related
behaviors with longer gaps may indicate other types of sleep disturbances which are not
detected by the current work. Second, each of the test datasets consists of a small
sample of the sleeping activity instances (i.e., ≤ 30 instances in each dataset). It is not
clear if the proposed algorithm will be able to observe and identify a progressive change
that occurs over a larger timeframe. Finally, the test data do not include any information
about the health condition of the older adult participants, making it impossible to further
analyze the relationship between progressive change in one’s sleeping activity and
his/her health condition over time.

In future research, we plan to extend this work in several directions. First, we intend
to further evaluate the performance of the proposed method using data collected from
an ongoing, integrated service platform system for older adults, and improve this
method based on the feedback from real older adult users. Secondly, we plan to explore
the association between progressive changes in sleeping activity and older adults’ health
status using large-scale sleeping activity data. Thirdly, we would like to explore a
proper method to deal with the middle shift (with longer gaps) in sleeping activity. And
lastly, we will attempt to extend the proposed method to identify progressive changes
of other activities of daily living, not necessarily limited to the elderly population.
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Figure 8. An illustration of the found patterns of progressive changes in older
adults’ sleeping activity, with the x-axis denoting the timeline and the y-
axis indexing the instances. (a) GDB pattern. (b) GDE pattern. (c) GAB
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5. CONCLUSION
Sleep-related problems are common and varied in an aging population, resulting in a
large number of adverse impacts on an older adult’s health. Focusing on the common
problems of shifts in circadian rhythms, this paper have proposed a three-step method
which integrates partitioning, mining, and measuring to identify progressive changes in
sleeping activity of older adults, along with experimental results. Quantitative results
and time performance analysis conducted on real sleep data of older adults showed that
the proposed method is feasible and effective in identifying progressive changes in
older adults’ sleeping activity, with a low time complexity.

ACKNOWLEDGEMENTS
This work was partially supported by the National Natural Science Foundation of China
(No. 61332013).

CONFLICT OF INTEREST
The authors indicated no potential conflicts of interest.

REFERENCES
[1] UNFPA. State of world population 2011. [Online] Available from

http://foweb.unfpa.org/SWP2011/reports/EN-SWOP2011-FINAL.pdf. Accessed August 20, 2013.
[2] Ancoli-Israel S, Roth T. Characteristics of insomnia in the United States: results of the 1991

National Sleep Foundation Survey 1. Sleep, 1999, 22(suppl 2):S347–S353.
[3] Townsend-Roccichelli J, Sanford JT, VandeWaa E. Managing sleep disorders in the elderly. The

Nurse Practitioner, 2010, 35(5):30–37.
[4] McCall WV. Sleep in the Elderly: Burden, Diagnosis, and Treatment. Prim Care Companion J Clin

Psychiatry, 2004, 6(1):9–20.
[5] Foley DJ, Monjan AA, Brown SL, Simonsick EM, Wallace RB, Blazer DG. Sleep complaints among

elderly persons: an epidemiologic study of three communities. Sleep, 1995,18(6):425–432.
[6] http://sleephealthfoundation.org.au/pdfs/Ageing%20and%20Sleep.pdf. Accessed December 22, 2013.
[7] Roth HL. Dementia and sleep. Neurol Clin., 2012, 30(4):1213–1248.
[8] McCurry SM, Gibbons LE, Logsdon RG, Vitiello MV, Teri L. Nighttime insomnia treatment and

education for Alzheimers disease: a randomized, controlled trial. J Am Geriatr Soc., 2005,
53(5):793–802.

[9] McCurry SM, Gibbons LE, Logsdon, RG, Vitiello, MV, Teri L. Training caregivers to change the sleep
hygiene practice of patients with dementia: the NITE-AD Project. J Am Geriatr Soc., 2003,
51(10):1455–1460.

[10] http://www.sleepfoundation.org/article/sleep-topics/parkinsons-disease-and-sleep. Accessed December
22, 2013.

[11] Buysse DJ, Reynolds CF 3rd, Monk TH, Berman SR, Kupfer DJ. The Pittsburgh Sleep Quality Index: a
new instrument for psychiatric practice and research. Psychiatry Res., 1989, 28(2):193–213.

[12] Morin C. Insomnia: Psychological Assessment and Management. The Guilford Press, New York,
1993.

[13] Johns MW. A new method for measuring daytime sleepiness: the Epworth sleepiness scale. Sleep,
1991, 14(6):540–545.

[14] Roland M, Morris R. A study of the natural history of back pain. Part I: development of a reliable
and sensitive measure of disability in low-back pain. Spine, 1983, 8(2):141–144.

Journal of Healthcare Engineering · Vol. 5 · No. 2 · 2014 225



[15] Smith S, Trinder J. Detecting insomnia: comparison of four self-report measures of sleep in a
young adult population. J Sleep Res., 2001, 10(3):229–235.

[16] Sateia MJ, Doghramji K, Hauri PJ, Morin CM. Evaluation of chronic insomnia - An American
Academy of Sleep Medicine review. Sleep, 2002, 23(2):243–248.

[17] Sivertsen B, Omvik S, Havik OE, Pallesen S, Bjorvatn B, Nielsen GH, Straume S, Nordhus IH. A
comparison of actigraphy and polysomnography in older adults treated for chronic primary insomnia.
Sleep, 2006, 29(10):1353–1358.

[18] Kelly JM, Strecker RE, Bianchi MT. Recent Developments in Home Sleep-Monitoring Devices.
ISRN Neurology, 2012, 2012. http://dx.doi.org/10.5402/2012/768794.

[19] Low PS, Shank SS, Sejnowski TJ, Margoliash D. Mammalian-like features of sleep structure in zebra
finches. Proc Natl Acad Sci U S A., 2008, 105(26):9081–9086.

[20] Shambroom JR, Fabregas SE, Johnstone J. Validation of an automated wireless system to monitor
sleep in healthy adults. J. Sleep Res., 2012, 21(2):221–230.

[21] Karlen W, Mattiussi C, Floreano D. Sleep and wake classification with ECG and respiratory effort
signals. IEEE Transactions on Biomedical Circuits and Systems, 2009, 3(2):71–78.

[22] Thomas RJ, Mietus JE, Peng CK, Goldberger AL. An electrocardiogram-based technique to assess
cardiopulmonary coupling during sleep. Sleep, 2005, 28(9):1151–1161.

[23] http://www.sleeptracker.com/products/. Accessed December 22, 2013.
[24] http://www.engadget.com/2010/12/21/wakemate-review/. Accessed December 22, 2013.
[25] Di Rienzo M, Rizzo F, Parati G, Brambilla G, Ferratini M, Castiglioni P. MagIC System: a new

textile-based wearable device for biological signal monitoring. Applicability in daily life and
clinical setting. Conf Proc IEEE Eng Med Biol Soc. 2005, 7:7167–7169.

[26] Anliker U, Ward JA, Lukowicz P, Tröster G, Dolveck F, Baer M, Keita F, Schenker EB, Catarsi F,
Coluccini L, Belardinelli A, Shklarski D, Alon M, Hirt E, Schmid R, Vuskovic M. AMON: a wearable
multiparameter medical monitoring and alert system. IEEE Transactions on Information Technology in
Biomedicine, 2004, 8(4):415–427.

[27] Watanabe T, Watanabe K. Noncontact method for sleep stage estimation. IEEE Transactions on
Biomedical Engineering, 2004, 5(10):1735–1748.

[28] Migliorini M, Bianchi AM, Nisticò D, Kortelainen J, Arce-Santana E, Cerutti S, Mendez MO.
Automatic sleep staging based on ballistocardiographic signals recorded through bed sensors. Conf
Proc IEEE Eng Med Biol Soc., 2010, 2010:3273–3276.

[29] Tuomisto MT, Terho T, Korhonen I, Lappalainen R, Tuomisto T, Laippala P, Turjanmaa V. Diurnal and
weekly rhythms of health-related variables in home recordings for two months. Physiology and
Behavior, 2006, 87(4):650–658.

[30] Devot S, Bianchi AM, Naujokat E, Mendez MO, Braurs A, Cerutti S. Sleep monitoring through a
textile recording system. Conf Proc IEEE Eng Med Biol Soc., 2007, 2007:2560–2563.

[31] De Chazal P, Fox N, O’Hare E, Heneghan C, Zaffaroni A, Boyle P, Smith S, O’Connell C, McNicholas
WT. Sleep/wake measurement using a non-contact biomotion sensor. J. Sleep Res., 2011,
20(2):356–366.

[32] http://www.bamlabs.com/downloads/ProductOverview_Spring2012.pdf. Accessed December 25,
2013.

[33] Nikamalfard H, Zheng H, Wang H, Jeffers P. A sleep pattern analysis and visualization system to
support people with early dementia. Conf Proc PervasiveHealth, 2011, 2011:510–513.

[34] Metsis V, Galatas G, Papangelis A. Recognition of Sleep Patterns Using a Bed Pressure Mat. Conf
Proc PervasiveHealth PETRA, 2011, 2011.

[35] Ni H, Abdulrazak B, Zhang D, Wu S, Yu Z, Zhou X, Wang S. Towards non-intrusive sleep pattern
recognition in elder assistive environment. J. Ambient Intelligence and Humanized Computing, 2012,
3(2): 167–175.

226 PM2: A Partitioning-Mining-Measuring Method for Identifying Progressive
Changes in Older Adults’ Sleeping Activity



[36] Roepke SK, Ancoli-Israel S. Sleep disorders in the elderly. Indian J Med Res, 2010, 131:302–310.
[37] Boyle A, Melville CA, Morrison J, Allan L, Smiley E, Espie CA, Cooper SA. A cohort study of the

prevalence of sleep problems in adults with intellectual disabilities. J. Sleep Res., 2010, 19(1):42–53.
[38] Liu FT, Ting KM, Zhou ZH. Isolation forest. Conf Proc ICDM, 2008, 2008:413–422.
[39] Cook DJ, Schmitter-Edgecombe M. Assessing the quality of activities in a smart environment.

Methods of Information in Medicine, 2009, 48(5):480–485.
[40] Cook DJ. Learning setting-generalized activity models for smart spaces. IEEE Intelligent Systems,

2012, 27(1):32–38.

Journal of Healthcare Engineering · Vol. 5 · No. 2 · 2014 227





International Journal of

Aerospace
Engineering
Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Robotics
Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

 Active and Passive  
Electronic Components

Control Science
and Engineering

Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

 International Journal of

 Rotating
Machinery

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Hindawi Publishing Corporation 
http://www.hindawi.com

 Journal ofEngineering
Volume 2014

Submit your manuscripts at
http://www.hindawi.com

VLSI Design

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Shock and Vibration

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Civil Engineering
Advances in

Acoustics and Vibration
Advances in

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Electrical and Computer 
Engineering

Journal of

Advances in
OptoElectronics

Hindawi Publishing Corporation 
http://www.hindawi.com

Volume 2014

The Scientific 
World Journal
Hindawi Publishing Corporation 
http://www.hindawi.com Volume 2014

Sensors
Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Modelling & 
Simulation 
in Engineering
Hindawi Publishing Corporation 
http://www.hindawi.com Volume 2014

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Chemical Engineering
International Journal of  Antennas and

Propagation

International Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Navigation and 
 Observation

International Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Distributed
Sensor Networks

International Journal of


