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Abstract—Sensor networks are widely used in various domains like the intelligent transportation systems. Users issue queries to
sensors and collect sensing data. Due to the low quality sensing devices or random link failures, sensor data are often noisy. In order to
increase the reliability of the query results, continuous queries are often employed. In this work we focus on continuous holistic queries
like Median. Existing approaches are mainly designed for non-holistic queries like Average. However, it is not trivial to answer holistic ones
due to their non-decomposable property. We first propose two schemes based on the data correlation between different rounds, with one
for getting the exact answers and the other one for deriving the approximate results. We then combine the two proposed schemes into a
hybrid approach, which is adaptive to the data changing speed. We evaluate this design through extensive simulations. The results

show that our approach significantly reduces the traffic cost compared with previous works while maintaining the same accuracy.

Index Terms—Ubiquitous computing, sensor networks, distributed data structures

1 INTRODUCTION

SENSOR networks are now widely used in many applica-
tions, from habitat monitoring to location tracking and
intelligent transportation systems. In these applications,
sensors are often deployed in a large area to obtain meas-
urements of various kinds of parameters. In order to collect
and analyze sensing data, users issue various queries, such
as selection query, aggregate queries (Max, Count, and Sum)
and etc. In general, aggregate queries can be classified into
two different categories, non-holistic queries and holistic
queries [11]. Non-holistic queries [13], such as Count and
Sum, share the decomposable characteristic, that is, for an
arbitrary query Q on data set S, there is a function f, such
that for all S =5, USs, Q(S) = f(Q(S1),Q(S2)). If there is
no such a function f, the query Q is holistic. For example, a
quantile query means to find the certain value that has the
user specified rank among all the values, for which we can-
not find such a function f. There are many differences
between these two types of queries. Non-holistic queries
usually provide one single result (e.g., count value or sum
value). Moreover, since these queries are decomposable,
partial results from downstream sensor nodes can be com-
bined to one single result in an intermediate node without
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loss of information. For example, with a tree-like routing
structure [21], [23], the partial result of an Average query
contains only two variables: the number of sensors and the
summation of all values in a sub-branch rooted at the inter-
mediate node. In a quantile query, however, the distribution
information of all sensor values must be collected. Many
efforts have been made for handling non-holistic queries,
such as TAG [21], [23], Cougar [34] etc., but few of them, if
any, addressed holistic queries.

Holistic queries are actually as popular as non-holistic
queries. For example, when the values sensed by sensors
have noise, it makes more sense to get a median result of
the monitoring area than to derive an average result,
since the noise may affect the average result largely.
Thus, holistic queries can be used to get the approximate
data distribution.

To answer holistic queries in a sensor network, many
challenging issues need to be addressed. Obviously, a
naive approach requiring all sensors to deliver their val-
ues to the sink is energy inefficient. To save power, in-
network aggregation [21] is introduced, in which mes-
sages from downstream nodes are merged into one, and
the computation is distributed within the entire network.
Due to the limitation of message size, the merging process
may lose some information. Many prior attempts have
been done to create sophisticated data structures and
algorithms which try to keep the most useful information
with a limited message size. Generally, these methods
can only achieve approximate results with some error
guarantee by introducing different restricts and pruning
algorithms on the data structure [13], [29]. In many cases,
we need the exact answers from the network. Further-
more, in many application scenarios, especially under
tough environments such as coal mines and underwater,
a WSN prefers continuous queries, and one-shot result is
regarded as noisy and unreliable. In other words, the
same query process needs to be executed periodically in
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order to improve accuracy and reliability. Strong correla-
tions (temporal correlations) exist between data in differ-
ent rounds, which are often overlooked by previous
approaches in answering holistic queries.

In this paper, we explore the correlation between data of
different rounds and present two approaches to monitor
continuous holistic queries, one for getting the exact
answers and the other one for deriving the approximate
results. Then, we propose an effective hybrid approach that
adaptively selects appropriate one based on data changing
speed and improves the performance of continuous queries.
We take one example of the holistic queries, Median, to illus-
trate our proposals. Median is a typical as well as important
type of holistic queries. For example, according to our expe-
rience in deploying the GreenOrbs [20] system, a forest sur-
veillance sensor network with up to 330 sensor nodes, we
find that it is usually of great significance to derive the gen-
eral status of a monitoring area rather than single reading.
This requirement can be fulfilled by fusing sensor readings
from different nodes with the Average or Median query. Sen-
sor nodes, however, are error prone that can report noisy or
even error readings. In this case, the results of Average query
can be largely affected by a small number of outliers and
deviate from ground-truth. In contrast, the Median query is
resistant to noisy readings and thus can provide robust and
accurate result. In fact, the proposed methods can be natu-
rally extended for other types of holistic queries. We will
discuss the generalization in Section 7. The major contribu-
tions of this work are as follows:

1)  We present a flexible bucket (F-Bucket)-based histo-
gram approach to compute exact answer to a query.
A histogram summary is used to collect the value
distribution information. The query of a new round
is guided by prior results so that the temporal corre-
lations between two rounds are exploited. After sev-
eral initial rounds, we can obtain the exact answers
continuously.

2) We also employ a wavelet-like approximate algo-
rithm to offer a reasonable approximate result with
some error bound guarantee, especially when the
sensing values in the sensor network change quickly.

3) We propose a hybrid approach, combining F-Bucket
and wavelet-like approaches, to handle the continu-
ous holistic queries. If the sensor values in network
are relatively stable, we apply an exact algorithm to
calculate the exact median. When the data changes
quickly, our approach can adaptively switch to the
approximate algorithm.

The rest sections of this paper are organized as follows.
Section 2 illustrates prior works that are related to ours.
Section 3 presents the overall process and refining algo-
rithms of exact query algorithm. The wavelet-like approx-
imate algorithm is presented in Section 4. Section 5
discusses the hybrid approach. In Section 6 we evaluate
our algorithms with simulation experiments. We conclude
this work in Section 7.

2 RELATED WORK

Query processing in sensor networks has drawn signifi-
cant attentions from worldwide researches. Users issue

various types of queries, such as selection queries [16]
and aggregate queries [28], [32]. L-PEDAPs [31] focused
on routing tree construction and maintenance for query
processing. Uncertainties may exist in both sensing data
[1] and queries. For example, Zhang et al. [39] studied the
problem of calculating the aggregate while the query
location is uncertain. Ye et al. [35], [36] proposed to deter-
mine possible query results among all imprecise sensing
data. Security issues [37] have been considered in query
processing. By combining homomorphic encryption and
secret sharing, SIES [26] achieved both confidentiality and
integrity. While encryption-based aggregates provided
better security, they, however, still had limitations in the
usage of aggregation functions and the data integrity.
RCDA [3] attempted to overcome these drawbacks by
introducing “recoverability” to aggregate queries by
which servers can recover all sensing data with low extra
overhead. Yu et al. [38] presented a method which aiming
at secure continuous aggregation querying.

Other than the approaches designed for answering
aggregate queries, some data collection techniques [6],
[7], [17] can be used to answer aggregate queries as well.
However the focuses of those approaches are efficient data
collection, not only on answering aggregate queries. Conse-
quently we will review the work for decomposable aggre-
gate queries and holistic aggregate queries.

As mentioned in Section 1, for the decomposable aggre-
gate queries, there are already much works that have been
done, such as TAG [21], [23], BBQ [9], Cougar [34], TINA
[30], Sketch [5], PGA [10]. TAG [21], [23] introduced the in-
network aggregation scheme to minimize the amount of
transmitted messages. BBQ [9] proposed using the statistical
modeling techniques to answer various queries. In Cougar
[34] approach, when given a user query, a query optimizer
generates an efficient query plan for query processing.
TiNA [30] exploited the temporal correlation between read-
ings. Sketch [5] generalized the duplicate-insensitive charac-
teristics to answer the aggregate queries such as Count,
SUM. PGA [10] exploited range caching [10], [25] to reduce
the number of exchanged messages, in which each node
caches error filter for its sub-tree. They also introduced an
algorithm, based on potential gains, to adaptively adjust the
error thresholds.

With respect to the holistic aggregate queries that
we focus on in this paper, there are not many related
approaches. To generalize, there are three mainstream
techniques for answering the holistic queries, which are
centralized approaches, sampling approaches, and histo-
gram-based approaches. TAG [21] presented a centralized
approach for holistic in which sensor values are transmit-
ted to the root where the aggregate result is calculated.
Sampling is another type of technique for answering the
holistic queries. SIA [27] proposed a framework for secure
information aggregation and discussed the sampling-
based computation of Median query. Histogram is a
common structure for storing data distribution informa-
tion in answering holistic queries. There are many types of
histograms, such as equal-length histogram, equal-depth
histogram and Wavelet-based histograms [24]. All histo-
grams share the common point that they group values into
buckets [11], so these methods are also regarded as
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Fig. 1. An example of F-bucket.

buckets-based approaches. Hellerstein [14] introduced a
wavelet-based aggregation scheme which can also pro-
duce results of increasing resolution over time. Q-digest
[29] is another kind of buckets-based approach which
allows overlapping buckets. Besides, Q-digest guarantees
an error of O(log(o)/m) with message size of m. Green-
wald et al. [12] designed an online algorithm for comput-
ing g-approximate quantile summary for large data stream
with a worst-case space requirement of O(log(¢N)/¢). Cor-
mode et al. [4] proposed distributed-tracking schemes for
finding accurate quantiles with error guarantees. They
assumed each remote site maintains a local data stream.
Greenwald and Khanna [13] presented algorithms which
can provide e-approximate answers for quantile with mes-
sage size O(log?(n)/¢). Some other methods such as Manku
etc. [22] presented hybrid approximate algorithms for
computing frequency counts over data streams. ASP [15]
presented tree-based space-efficient scheme for calculating
the frequent items and quantile.

Other than query processing over sensor networks,
there are many other interesting works in the literature
[18], [33], such as energy efficient coverage problem in
sensor networks [2], moving object tracking [8], event
detection [19] and etc.

3 EXACT QUERY SCHEME

We assume that a Median query is executed upon a data-
set S within the range [1, o] and the total number of sen-
sors in the network is n. The range here refers to integer
values, the real value range can be converted into integer
range by multiple a large enough integer. The output of
Q is a data element d € [1, o] such that the number of sen-
sor values which are smaller (or larger) than d is n/2. A
straightforward approach to get answers for Q is to
retrieve all the values from sensors, however, as men-
tioned before, this is not energy efficient. Thus, in this
paper, we propose a histogram-based approach to get
exact answers for continuous queries. Specifically, we use
the histogram summary structure to store the value distri-
bution of the network. Each bucket in the histogram
counts the number of values in a certain range. The exact
query algorithm works when data values in sensor net-
work are relatively stable over time. Since the sensor val-
ues are relatively stable and highly correlated among
different rounds, the Median result can be searched in
multiple rounds. In each round, we adjust the ranges of

Sink

Sensor

Fig. 2. Network topology.

buckets, that is, subdividing the range where the median
is located and assigning the subdivided small ranges to
all intermediate buckets in the next round. After a few
rounds, the ranges of all intermediate buckets will be of
length 1, thus, we can get the exact median result contin-
uously. When the median value runs out the ranges han-
dled by these intermediate buckets, we need to adjust the
range again. The range refining is conducted at the sink
and the schema is flooded to the network. The detailed
steps of this approach are discussed in following sections.

3.1 Data Structure

In the exact query approach, we apply the bucket histogram,
which is referred as F(lexible)-Bucket, to get the exact answer
for the query. The F-Bucket schema is assigned at the sink
and then flooded to the whole network. One F-Bucket F con-
sists of a list of triples which are denoted as buckets,
F={By,By,...,Bi,...By,_1} and B; = (min, max, count),
where integer m denotes the maximum number of the buck-
ets determined by the message size, each bucket B; has a
range [B;.min, B;.mazx] defined by the min and max, and B;.
count counts the number sensor values in this range. Note
that the ranges associated to bucket B; and B, are consecu-
tive, thus, B;mazr+ 1= B;;;.min. F-Bucket is flexible
because the ranges corresponding to buckets are not fixed
and can be refined periodically according to recent query
results. An example of the F-Bucket with six buckets is illus-
trated in Fig. 1.

In order to reduce the transmitted bytes, messages do not
carry full F-Buckets but only buckets that are not empty
(count > 0). We apply the in-network aggregation at inter-
mediate nodes to merge all the partial F-Buckets received
from children.

3.2 Query Processing

Although our query algorithm can work over arbitrary
topology structures, to simplify the discussion we assume a
tree-like routing topology [17], [19]. All sensor nodes in the
network are organized into a spanning tree rooted by a spe-
cial node called sink as illustrated in Fig. 2. Take the Median
query as an example, each round the leaf node builds an F-
Bucket of only one bucket with its own value and transmits
to its parent. An intermediate node receives F-Buckets from
children and merges them with its own F-Bucket to an inte-
grated one. The intermediate node then sends the new F-
Bucket to its parent as well. In the end of the round, the sink
merges all the received F-Buckets to a final one and
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Fig. 3. Merge two F-buckets.

calculates the median result. During a continuous Median
query, the above process repeats round by round. The range
refining algorithms finds the range where the median value
is located and subdivides it to all intermediate buckets.
After a few rounds all the intermediate buckets handle a
range of length 1 and the rest ranges are handled by two
boundary buckets. The median value is located in the range
of intermediate buckets and exact median results can be cal-
culated continuously. When the median runs out the range
of intermediate buckets, the range refining algorithm will
adjust the ranges of buckets.

3.2.1 Intermediate Node Operation

The processing of an intermediate node is illustrated in
Algorithm 1. Basically, the intermediate node collects the F-
Buckets, merges them and sends the merged one to upper
level. The merging of two F-Buckets is simple because the
range of each bucket is fixed, we only need to merge their
count of corresponding buckets that are associated to the
same range. As shown in Fig. 3, /| and F have three and
four nonempty (count > 0) buckets respectively, in the
merged F-Buckets F, there are five buckets and the counts in
corresponding buckets of F, F, are summed. For example,
the buckets in F} and F, with same range [11], [20] have
count of 6 and 1 respectively, and then the count of bucket
[11], [20]in Fis 7 (6 + 1).

Algorithm 1. Intermediate Node Processing

. Generate value v;

. Build F-Bucket Fu;
: Receive F-Buckets from children;

: for all Fi in received F-Bucket list do
Fv = Merge (Fo, Fi);

. end for;

. Transmit Fou;

/ /start processing

NSO Uk WN

//transmit message to parent node;

3.2.2 Result Calculation

With the received F-Bucket in sink, we can answer a Median
query. Algorithm 2 illustrates the steps to compute a Median

result. According to Algorithm 2, the return value is a range
that covers the query result. If the returned range is of
length 1, we can get the exact median.

Algorithm 2. Calculating Median (F, n)

s rank =n/2;

sum = 0;

i=0;

: while sum < rank do

sum = sum -+ F.bucket[i].count;
i++;

end while

: Return range of F.bucket[i];

PNDD R

3.3 Range Refining

At the very beginning, all buckets are equal length; during
the continuous query, the range assignment will be
adjusted to fit the value distribution better. The refining
process assigns more buckets to the range where the que-
ried median is located and adjust this assignment while
the value distribution changes. As the historical data accu-
mulated at the sink, we have an anterior prediction about
the real median value. Based on this prediction, we can
adjust the range granularity associated to each bucket. The
refining algorithm will assign a fine granularity monitor-
ing to the range which covers the median value with high
probability and a coarse granularity monitoring to the rest.
Most buckets are assigned to the candidate range (called
focused window) and each bucket handles a range of length 1
after a few rounds.

With the refining algorithms, we can guarantee the exact
result for arbitrary query. The basic idea of a refining algo-
rithm is multi-pass search. The continuous query rounds
are divided to three different types. Considering median, in
initial rounds we try to find a narrow range contains the
median value. This is achieved by subdividing the current
range where median is located. At last, most of buckets are
assigned to monitor this range and each of them is corre-
sponding to a value interval of length 1. Then in the follow-
ing continuous rounds, querying will focus on this range
(focused window) and extract the accurate median value.
When the median value runs out this range due to value
changing, one or more refresh rounds will rediscover the
focused window.

1) Initial rounds. At the very beginning, Initial rounds are
applied to detect the focused window, as shown in Fig. 4,
assuming that the sensor values are among S = [0,174] and
there are at most seven buckets in one F-Bucket.

In the first round, the monitoring range S is divided in to
seven equal parts and each bucket counts the number of val-
ues that lie in its range. After this round, as shown in Fig. 4
the median value is located in bucket A. The range associ-
ated to A ([50, 74]) is subdivided in the second round and
handle by bucket A; to As. The rest ranges are combined
and handled by B ([0, 49]) and C ([75, 174]). After the second
round, the range covering median shrinks to [60, 64] (A3)
which is narrow enough and regarded as the focused win-
dow. The process of finding the focused window may continue
for several rounds and it will end in at most log(c) rounds.
In the following continuous rounds, bucket A; to A; are
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Fig. 4. Range refining in initial rounds.

assigned to the focused window and each bucket handles a
range of length 1.

2) Continuous rounds. Each Continuous round can provide
an accurate answer for the median query till the median
value runs out the focused window. Process of each node in
continuous rounds is similar to that in initial rounds.

3) Refresh rounds. When the median value runs out the
focused window due to value changing, the refresh round will
relocate the focused window to adapt the new data distribu-
tion. We propose two algorithms for refining the range
assignment, Slip refining and Hierarchical refining.

Slip refining. This algorithm slips the focused window to the
same direction which the median value moved towards.
The slipping distance is equal to the length of focused
window.

As shown in Fig. 5, if the median has run into the range
of bucket C ([65, 174]), then in the refresh round the ranges
handled by B and A, to A are combined to a new range [0,
64] which is assigned to B and the focused window slips to
[65, 69] and is assigned to A; to A again. Bucket C charges
the rest range. This process will continue till the focused win-
dow catches up the median again.

Hierarchical refining. The second refining algorithm is
Hierarchical refining. In the Slip refining, we guess that the
median lies in the range adjacent to current focused window
and slip the window to the adjacent range. However, if the
median changes fast, we need multiple rounds to catch up
with it. In the Hierarchical refining, we first use an addi-
tional round to relocate the rough range covering median.
Then slip the focused window to it. A running example is
illustrated in Fig. 6. In this example, the median value runs
out the current focused window [60, 64] to range [65, 174] han-
dled by bucket C. The range of bucket C is subdivided and
assigned to buckets A; to C and the current focused window
is merged to bucket B. Buckets A; to A; each handles a

IO 59I | 60 - 61 . 62 . 63 . 64 | |65 17I4
\?\ LA (A [A] \Aﬂ’\fjﬂxc

l e--IIIZeTT l

| _o--oIIi--TTT
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[ [ [ || || || || ]
0 64 65 66 67 68 69 70 174

Fig. 5. Slip refining algorithm.

0 59I 60 61 62 63 64 65 174

0 64 65 66 67 68 69 70 174

Fig. 6. Hierarchical refining algorithm.

range with equal length to the prior focused window which is
5 in this example. Since we assume that the data changing is
slow, median value will be located in A; to A; with high
probability. As shown in Fig. 6, the focused window is relo-
cated to range [65, 69] and new continuous rounds begin.

4 WAVELET-LIKE APPROXIMATE QUERY
ALGORITHM

When sensor values change quickly, the range refining pro-
cess will be called frequently which leads to very high com-
munication cost. In fact, under such a situation, the
temporal correlation over time is weak and it is not appro-
priate to use F-Bucket any more. Thus, we propose a wave-
let-like approximate algorithm to get approximate answers
to the query. In this algorithm, queries in different rounds
are independent, so the data changing over time will not
affect the query processing. We still use the histogram sum-
mary to store the information. Different from the exact
query, each bucket in this structure stores the average of a
group of values and buckets are sorted by their values,
which is similar to the formulation of Haar wavelet [24].
Intermediate sensors combine data structures from down-
stream nodes, insert their own values and forward the
structure to upper nodes. Finally, at the sink we get an
aggregated data structure, with which we can run varying
queries. For example, if we want the median value, we can
choose the value in the middle position of this list. In the fol-
lowing sections we will show details of this algorithm as
well as the error bound in the worst case.

4.1 Data Structure in Approximate Query

In the approximate query algorithm, the data structure is dif-
ferent from F-Bucket and we will refer to the approximate
structure as AF-Bucket, where each AF-Bucket is represented
as: F' = {[bo,b1,...,biy...,by_1],count(F"),loglen(F")}; (b; <
b;+1).F' consists of m sorted values and an integer count which
denotes the number of values rolled in to this structure. Vari-
able loglen indicates the number of values rolled in one bucket
loglen = log(count/m). In this structure, b; is the approximate
value along with function rank(b;) = count x (i/m). For
example an AF-Bucket F’ = {[3,6, 10, 15],8, 1}, count(F') = 8
means there are eight values in this structure and
loglen(F') = 1 means each bucket represents 2! = 2 values.



LIU ET AL.: CONTINUOUS ANSWERING HOLISTIC QUERIES OVER SENSOR NETWORKS 399

**********

\ count | \ loglen |

L3 L_—_—2

RpRERERE

ag+b,;/2‘ (artar) /2‘ bﬁra;‘

Fig. 7. Example of merging two AF-buckets.

Value 3 is the average of the zeroth and first values and 6 is the
average of the second and third values, etc.

4.2 Query Processing

The query processing in approximate query has no range
refining steps. Each round is an independent one-shot
query. In each round, the leaf nodes construct new AF-
Buckets and insert their values in. Then the AF-Buckets are
delivered to their parents. In an intermediate node, the
received AF-Buckets are merged together to be an inte-
grated one. This merging process reduces transmissions at
the cost of losing some information. Finally, the sink aggre-
gates all received AF-Buckets to an integrated one and cal-
culates the query results. The following sections shows
details of the merging process in the intermediate nodes
and the result calculation in the sink.

Algorithm 3. Intermediate Node Processing

1: Generate value v; / /start processing

2: Receive AF-Buckets {F} from children;

3: Insert v to {F]}

4: while exist FF} in { |} and loglen(F}) = loglen(F}) do
5:  Merge (F!, FJ’)

6: end while

7

. Transmit the merged {F}; / /transmit to parent;

4.2.1 Intermediate Node Operation

The processing in an intermediate node is illustrated in
Algorithm 3. During the process of inserting the own
value v to the AF-Bucket list, two cases have to be dealt
with. If there is one AF-Bucket F’ in the list with count
less than m, we can insert v to the value list of F’ and
resort the list. If all AF-Buckets’ count are no less than m,
we construct a new AF-Bucket with only one value v and
add it to AF-Bucket list. The merging process of two AF-
Buckets F! = {[ag, a1, .., an—1], count(F)),loglen(F.)} and

F, = {[bo, b1, ..., byu—1], count(Fy),loglen(F})} is discussed
as follows:
1) If count(F)) = count(F}) >m (@in other words

loglen(F},) = loglen(Fy) > 0), we put all values in F and F}
into a double size (2°m) temp list T and these values are
resorted while being inserted to T. Then, the average of
every two values in list T is calculated to construct the
merged AF-Bucket F). Finally, double the variable count
and have the loglen plus one. This process is shown in
Algorithm 4. Fig. 7 shows an example of the merging of
two AF-Buckets. In this example, F, and Fj are two input

|

|
! count | ! loglen |

____1

Fi| a aj az as

i I
1 2%count |
U I

I loglentl |

0 0 (a0+a 1)/ 2

(arta;)2

Fig. 8. Example of zero-padding.

AF-Buckets and F, is the merged AF-Bucket. As described
in Algorithm 4, the values in F, and F; are put into the
temp list T. The values in T are sorted. As shown in Fig. 7,
in this example we assume that the sorted list T is [ao, by, a1,
as, by, as, ba, bs]. Then the average of every pair of values is
used to construct a new AF-Bucket F, with the count dou-
bled and loglen equals to one plus that in F (F}).

2) If count(F) < mandcount(F;) < m, the merging is
simpler. Values in F] and Fj are put together to a temp
array and resorted. Then the first m values are selected to
store in F, and the rest values are put to F}. If count(F.) +
count(F]) < m, then F] is empty and can be removed from
the AF-Bucket list.

Algorithm 4. Merge(F", F})
1: indexA =0;
2: indexB = 0;
3: forifromOto2xm-1do
4: if indexB >= m or (indexA < m and F,[indexA]
< FlindexBI)
5: Tli] = F' lindexAl;
6: indexA ++;
7.  else
8: Tli] = F} [indexBI;
9: indexB ++;
10:  endif
11: end for

12: for j from O to m-1 do

13: Fl[il = (T[2i] + T[2i + 1])/2;
14: end for

15: count(F!) =2 x count(F});
16: loglen(F!) = loglen(F!) + 1;
17: Return F;

Note that after the merging process, there may be more
than one AF-Bucket in the list with different loglen, because
only the AF-Buckets with same loglen can be merged. All of
them are transmitted to upstream nodes and the number of
AF-Buckets is less than log(n/m).

4.2.2 Result Calculation

After the sink receives AF-Buckets, it merges them in the
same way as discussed above. If there is still more than one
AF-Bucket in the list that cannot be merged, the zero-pad-
ding merging algorithm is applied. If the loglen (count) of
AF-Bucket F’; is smaller than that of F],_,, we pad zeros to F}
till F} and F},, are equal length. Fig. 8 shows an example of
double an AF-Bucket by zero-padding. By this way, all the
AF-Buckets are merged pair after pair. At last we get an
integrated AF-Bucket and calculate the query result with it.
For example in the Median query, we just remove the prior
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zeros in the final value list and use the value in the middle
position of the remaining values as the approximation of
the real median value in sensor network.

4.3 Error Bound

Merging of two AF-Buckets will lose information and cause
error to the query results, take the Median query as an exam-
ple, the relative percentage error is defined as

real Rank(c) — n/2
- .

1)

Though merging introduces errors, we can show that the
error is bounded in the worst case, as stated in the following
Theorem.

Theorem 1. The error introduced by merging of two AF-Buckets
is within O(log(n)/m).

Proof. First we consider the case of merging of two AF-
Buckets F! and F] with count = m and thus loglen(count/
m) = 0. The merged result is denoted as F. Note that in
this situation value a; and b, have the exact rank. ]

If ¢ =(aj+by)/2,a; <bp, minimum rank of ¢ is
lowrank(c;) = rank(a;) + rank(b,—1) and the maximum
rank of ¢; is highrank(c;) = rank(a;1) + rank(by). So the
maximum rank error of ¢; is:

errorRank(¢;) = rank(a;j;1) — rank(a;) + rank(by)

—rank(bp—1) =2 @

Note that if £ = 0, maximum rank error of ¢; will be less,
so in the following discussion, we just consider the situation
that k& > 0. The situation of ¢; = (by + a;)/2,a; > by, is the
same to discussion above.

If ¢; = (aj + aj+1)/2, a; < ajq1, the minimum rank of aver-
age value ¢; is lowrank(c;) = rank(a;) + rank(by,) in which by,
is the nearest value that smaller than a; and the maximum
rank of ¢; is highrank(c;) = rank(aj1) + rank(bgiq) in which
bi.+1 is the nearest value bigger than ;.

errorRank(c;) = rank(aj;1) — rank(a;) + rank(by1)

— rank(by) = 2 )

At the end, the rank error of ¢; is at most
errorRank(¢;) = 2. 4)

Second, we consider the case of merging of two AF-
Buckets A and B with count = m x 2/°9" and thus loglen > 0.

If ¢ = (aj+by)/2,a; < by, minimum rank of ¢ is
lowrank(c;) = lowrank(a;) + lowrank(by—1) and the maximum
rank of ¢; is highrank(c;) = highrank(aji1)+ highrank(by).
So the maximum rank error of ¢; is

errorRank(c;) = highRank(¢;) — lowRank(¢;)
= higthmk:(ajH) - lowRanlc(aj)
+ highRank(by) — lowRank(by_1)
= errochmk(ajH) + ologlen 4 errorRank(by)
. gloglen.
()

Because AF-Buckets A and B have the same count and
loglen, the rank error of 4; and b; are the same, then

errorRank(c;) = 2 x (errorRank(a;) + gloglen(A)y - (6)

Similarly we can prove that in other cases, the maximum
rank error is the same to function (6).
Then, according to the epagoge

loglen = 1 : errorRank(C0) = 2!
loglen = 2 : errorRank(C1)
=2 x (errorRank(C0) + 2') = 2 x 2?

Assume :

loglen = i : errorRank(Ci) = i x 2' @
then :

loglen = ¢ + 1 : errorRank(Ci + 1)

=2x (i x2 +2) = (i+1) x 2",

In function (7), errorRank(Ci) denotes the maximum rank
errors in an AF-Buckets with loglen i. If there are n nodes in
the sensor network, the maximum value of loglen in the final
AF-Bucket is log(n/m), so the maximum percentage rank
error is

log i) x i _ log () ®
n m

Finally, during the result calculating, we use the zero-
padding algorithm which may bring some errors in to query
results. However, since our zero-padding and merging are
from the AF-Bucket with smaller count to the AF-Bucket
with bigger count pair after pair, so the biggest AF-Bucket
does not need to pad zeros. Then the count in final inte-
grated AF-Bucket is at most 2n and the maximum percent-
age rank error is log(2n/m)/m. Thus the error bound is

O(log(n)/m).

5 HYBRID APPROACH

According to prior discussion, it is clear that when the
data changing rate is low, the exact query scheme
achieves very high efficiency. However, when sensor val-
ues change quickly, the range refining process will be
called frequently which leads to very high communica-
tion cost. In this case, the approximate approach becomes
more stable to answer the queries. However, how to
adaptively select the appropriate scheme is non-trivial.
To fully leverage the advantages of both methods, in this
work, we propose a novel metric named efficiency which
models how quickly the sensor value changes and its
effect on query processing. Using this metric, our hybrid
scheme adaptively applies different query algorithms
under different circumstances during the query process-
ing. The definition of efficiency metric will be described in
detail in the following paragraph.

At the very beginning of that query, we use the exact
query algorithm. Due to the data changing, the exact answer
can not be obtained each round. The median will run out
the focused window in some rounds and some other rounds
are used to refine the range assignment. We denote all these
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Fig. 9. (a) Traffic on random data. (b) Traffic on correlated data.

rounds as no-answer round. The rounds that can provide an
exact result as exact answer rounds. Then the ratio between
the numbers of these two types of rounds specifies the effi-
ciency of current query, efficiency = number(no-answer) /
number(answer). When the efficiency parameter rise above a
certain user specified threshold, it will be switched to the
approximate algorithm automatically. In the experiment of
this paper, the efficiency parameter is set to 0.5 which indi-
cates that there is at most one no-answer round per two
exact answer rounds.

Our approach can also switch to the exact query algo-
rithm when the data changing is slow. The switching
parameter dependens on the efficiency parameter. Assume
that when the median runs out the focused window, one addi-
tional round is used to refine the range assignment. Thus
there are two no-answer rounds each time when the median
run out focused window. So the number of exact answer
rounds between two refinements is at least 2/efficiency. In
other words, the median values will stay in the focused win-
dow for at least 2/efficiency rounds, and then the change of
the median value is less than =29y () Jenotes the
number of buckets in exact query and then m-2 denotes the
width of focused window) per round. When applying
the approximate algorithm, we cache the approximate

results of recent several rounds. When the results’ change is

(m—2) xefficiency
less than 45—

query algorithm.

per round, we can switch to the exact

6 EVALUATION

In this section, we evaluate our hybrid algorithms for
Median query in varying conditions. We also compare our
algorithm with the LIST and Q-digest [29] approach. LIST is
a simple un-aggregated data summarization scheme in
which the summary is a list of distinct sensor values and a
count for each value. Intermediate nodes receive summaries
from its children and then form a list of all distinct values
with their counts in the sub-tree. All distinct values and
their counts are delivered to sink where quantile or other
queries are answered. With this scheme we can derive exact
answers for queries at the cost of high transmission traffic.
We did not compare with [4] because the approaches devel-
oped in [4] mainly focused on distributed stream environ-
ment, not specialized for a wireless sensor network. The
simulated sensors are organized on a balanced routing tree.

401

25

N

\

Number of transmissions

0 1000 2000 3000 4000 5000
Network Size

(b)

6000

Each parent nodes have 4 children. So the total number of
sensors in this network can be 5, 21, 85, 341, 1365, 5461, etc.
The monitoring data range is [1, 2°]. Here we assume the
wireless communication is ideal and there is no link loss.
Thus we focus on the query algorithms. In each experiment,
we run the continuous median queries for 500 rounds and
calculate the average performance. Here we use the metric
number of transmissions to evaluate the traffic cost of all these
approaches which is defined as the total size of transmitted
data packets in one round.

6.1 Experiment One

Firstly, we consider the exact query algorithm. Since LIST
and our Flexible Buckets algorithms both can provide the
exact answer for median query, we just evaluate their traffic
cost. Each round, the sensor values has 25 percent probabil-
ity to plus one and 25 percent probability to minus one.
They have 50 percent probability to stay the same as prior
round. The number of sensor nodes in the network is vary-
ing from 21 to 5,461. The results are illustrated in Fig. 9
where ‘Slip” and ‘Hierarchical’ denote two different refining
algorithms. The two approaches are tested on two different
initial data distributions. Random data denotes that the sen-
sor values are randomly generated in the beginning and
Correlated data means the sensor values are correlated to
each other. From Figs. 9a and 9b, we can find that our exact
query algorithm transmits much less bytes than the LIST
scheme. Moreover, the effects of two refining algorithms are
similar on both data sets. This is because the data changing
speed is slow, however, when data changes quickly, the
performance of two refining algorithms will be different,
which will be shown in the third experiment.

6.2 Experiment Two

Second, we evaluate the performance of the approximate
algorithm (denoted as Wavelet-like). Precision and traffic cost
are considered in our experiments. For a Median query, the
relative percentage error is defined as err = M In
the first test, the number of values in an AF-Bucket structure
varies from 6 to 32. The network size is fixed on 1,365 sensor
nodes. This test is conducted over two types of data sources,
random date and correlated data. The results are reported in
Fig. 10. In Fig. 10, the percentage error of median query
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decreases from 7 percent to less than 2 percent as the AF-
Bucket size increasing from 6 to 32. In other words, the perfor-
mance will be better with more traffic. When the AF-Bucket
size is 12, the accuracy of median query is already higher than
97 percent on both random and correlated data. Then the next
experiment is used to compare the traffic cost of our approxi-
mate approach (Wavelet-like) and LIST. The initial sensor val-
ues are generated randomly. The AF-Bucket size is set to 12
with which the percentage error is lower than 3 percent as
illustrated in Fig. 10. Fig. 11 shows the maximum message
size on different network size. Compared with the LIST
approach, the maximum message size of our scheme is much
less. Thus, the traffic load of sensor nodes in our approach is
more balanced. Q-digest [29] is an important approximate
approach on holistic queries. We compare our approximate
algorithm with Q-digest. In this test, the percentage errors of
both algorithms are set around 2 percent with appropriate
parameter configuration. Fig. 12 reports the transmission cost
of the two algorithms, where our Wavelet-like approximate
algorithm achieves the same precision with much less com-
munication cost.

6.3 Experiment Three

In this experiment, we evaluate the performance of the
hybrid algorithm. In this simulation we assume that the
data changes to the same direction (worst case for exact
query algorithm) and each node has 50 percent probabil-
ity to change its value and 50 percent probability to stay
the same. The data changing rate denotes the maximum
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Fig. 11. Maximum message size.
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value change of sensors in one round. For example when
the changing rate is 10 per round, then each sensor value
has 50 percent probability to change by [1, 10]. In this
experiment, the efficiency parameter (in section 5) is set to
0.5. During the experiment, the data changing rate is vary-
ing from 5 to 30 per round.

The performances of exact query algorithms and
approximate algorithm are shown in Fig. 13. When the
data changing rate is less than 10 per round, the exact query
algorithms Slip and Hierarchical provide exact query
answers with little communication cost. As the changing
rate increasing, the range refining becomes more and more
frequently and significantly increasing the communication
cost. When the changing rate is above 15 per round, the
approximate algorithm performs better than the above two
methods. According to Fig. 13, the Slip refining algorithm
performs better than Hierarchical method. It is because
that the Hierarchical refining needs an additional relocat-
ing round. So in the following test of the hybrid approach,
we adaptively combine the Slip algorithm and Wavelet-
like approximate algorithm. In the last test, we compare
our approach with the Q-digest scheme. Both Q-digest
and our hybrid approach achieve the percentage error
around 2 percent. Then their communication costs are
shown in Fig. 14.

The experimental results show that the hybrid approach
works better in varying conditions. The communication cost
of our approach is much lower than Q-digest for varying
data changing rate, especially when the sensor values
change slowly, our hybrid method can reduce the traffic
cost more than a half. As discussed in Section 5, our hybrid
approach adaptively applies different algorithm under
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Fig. 13. Traffic on changing data.
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varying circumstances. As illustrated in Fig. 14, the hybrid
method selects the exact query scheme (Slip) when the data
changing rate is low which saves more than a half traffic
cost than Q-digest. When the dynamics of sensory readings
become high, in this experiment, more than 15 per round,
our hybrid approach automatically switches to the approxi-
mate algorithm.

7 CONCLUSIONS

In this paper, we tackle one type of popular queries, con-
tinuous holistic query, over sensor network. Compared
to the counterpart of this type of query, non-holistic
query, not much work has been done. However, holistic
query is indeed important for many sensor network
applications to collect statistical data. To avoid sending
all the sensing data back to the sink, we propose two
approaches to monitor continuous holistic queries, an
exact one, Flexible Bucket (F-Bucket), to answer queries
accurately and a wavelet-like approximate one to obtain
the results with small error. Moreover, we present a
hybrid approach based on the exact and approximation
solutions, which applies the exact algorithm when the
data changing rate is low and uses the approximation
one when the rate becomes high. Experimental results
show that the hybrid approach can achieve the similar
accuracy but with much less traffic cost compared to the
other approximate methods.

In this paper, we take one typical query Median as an
example to illustrate our idea. In fact, the proposed methods
can be naturally extended to solve other holistic queries. For
example, all Quantile queries can be solved by our approach
with different parameters. With the exact query scheme, we
obtain varying quantiles by adjusting the position of focused
window during range refining process. For the approximate
scheme, different quantiles can be directly calculated with
the data distribution in AF-Bucket. Generally, as both our
exact and approximate schemes can return the data distri-
bution of all sensor values using F-Bucket and AF-Bucket
respectively, many other types of queries can be answered
with the data distribution.
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