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Abstract 

 
Pattern-based query processing has not attracted much attention in wireless sensor network 
though its counterpart has been studied extensively in data stream. The methods used for data 
stream usually consume large memory and much energy. This conflicts with the fact that 
wireless sensor networks are heavily constrained by their hardware resources. In this paper, 
we use piece wise representation to represent sensor nodes’ collected data to save sensor 
nodes’ memory and to reduce the energy consumption for query. After getting data stream’s 
and patterns’ approximated line segments, we record each line’s slope. We do similar 
matching on slope sequences. We compute the dynamic time warping distance between slope 
sequences. If the distance is less than user defined threshold, we say that the subsequence is 
similar to the pattern. We do experiments on STM32W108 processor to evaluate our strategy’s 
performance compared with naïve method. The results show that our strategy’s matching 
precision is less than that of naïve method, but our method’s energy consumption is much 
better than that of naïve approach. The strategy proposed in this paper can be used in wireless 
sensor network to process pattern-based queries. 
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1. Introduction 

 Wireless sensor network (WSN) is one of the most effective techniques for monitoring and 
controlling physical environments from remote locations with better accuracy [1][2]. WSNs 
are consisted of some energy-constrained sensor nodes and a few sink nodes. Sensor nodes 
collect data from the monitored area and transmit the data to sink nodes for future process. 
WSNs are widely used in many areas, such as wildlife monitoring [3] and clinical monitoring 
[4]. Despite of the fortunes that WSNs bring to industry, people show interests in getting 
useful knowledge from these networks. One of the most significant queries posted by users is 
based on data sequences collected by sensor nodes. For instance, Nodes that can sense 
temperature and humidity can show whether a forest is on fire; comparably, a clinical sensor 
can sense whether a patient is suffering from a heart attack. In this paper, we focus on how to 
search for sensor nodes with user specified patterns with low energy cost. 
Unlike other kinds of queries in WSNs, such as MAX (MIN) value queries or IF HAS queries 
which only pay attention to single values and omit the correlations among sensor readings, 
sequence pattern queries can offer meaningful and abundant information, which is called 
query by example [5]: return all sensor nodes that have observed a particular pattern issued by 
users. Users may be interested in sensor nodes that have special patterns. These sensor nodes 
can be found through example queries. For example, one can ask to find all sensor nodes 
observing a temperature pattern “31.06, 34.81, 36.62, 38.31, 41.87”, which may indicate that 
the sensor node may be on fire quickly. Another significant application resides in wide life 
monitoring. Wide animals can be monitored by wearable sensors. Query by example can find 
animals’ abnormal actions. The pattern query can be defined as follow: 
Definition 1: Given a data stream collected by a sensor node, 1 2{ , ,..., }nX x x x= , a query pattern 

1 2{ , ,..., }mP p p p= and a user-specified thresholde , a pattern query operation retrieves all X ’s 
subsequences, , 1{ , ,..., }i j i i jx x x x+= , whose distance to P is less thane ,where1 i j n£ £ £ . 

A normal approach to handle such queries is the centralized scheme. All sensor nodes send 
their data to sink node and the sink node stores all data in a central database where queries are 
processed. Transporting data consumes much more energy than processing data [6]. The 
centralized scheme quickly depletes batteries. Sensor networks are distributed environments 
producing multiple streams of data. We can consider the network as a distributed database 
where we are interested in query and mining. Above defined query has been widely studied in 
data streams and time series [7][8][9][10]. But data stream processing in wireless sensor 
network faces a number of research issues and challenges [11][12]: (1) Energy efficiency. 
Sensor nodes operate on low-power batteries. Data stream techniques in sensor networks 
should be energy-aware. (2) Processing power. Sensor nodes have limited processing power to 
perform advanced computational tasks. Limited processor speed has been an obstacle for large 
deployment of sensor network. (3) Memory size. A wide range of traditional processing 
techniques require data to be resident in memory for processing. Limited availability of 
memory of sensor nodes makes these techniques unsuitable for sensor network applications. It 
is necessary to provide an energy efficient and high performance strategy to process example 
queries in WSNs. Some approximation based methods [13][14] are proposed for data 
collection in WSNs, which are not expected to answer queries by example efficiently. 

In this paper, we propose a novel approach to efficiently perform the query as defined in 
Definition 1 in WSNs. We treat each sensor node as a database, which stores collected data in 
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the memory for further process and does the matching process on each sensor node. As sensor 
nodes are heavily constrained by their memory size, it is impossible to store all raw data in the 
memory, we approximate the data sensed by sensor nodes based on Piecewise Linear 
Representation (PLR). We abstract the data stream to its basic shape descriptor. After getting 
two raw data, we do line fitting based on the two data and get a line function. We use the 
function to predict the coming data. If the difference between the approximated value and 
original data is larger than threshold, we start a new a line fitting process. We store lines’ 
slopes and the number of original data that each line stands for in the memory. The patterns are 
all represented by linear segments also. Then we do similar matching on approximated line 
segments. We select a few line segments that stand for original data whose total number is 
equal to that of the pattern’s original data. We compute dynamic timing warp distance between 
them. If the distance is less than the predefined threshold, we say the two sequences are similar. 
The users’ queries are processed on approximated data. Approximation usually saves disk 
storage space, but it may not give a result with 100% precision. We compare our methods with 
naïve query method in match precision and energy consumption. The experiment results show 
that our strategy performs much better in energy consumption and the precision is also very 
high. 

The rest of the paper is organized as follows. In Section 2, we talks about some related 
work on how the pattern query is processed in data stream. We review background material 
and state our problem in Section 3. Our PLR strategy and similar matching strategy is 
discussed in Section 4. In Section 5, we evaluate our strategies on microprocessor compared to 
naïve method. Finally, we conclude our work and describe the major future research directions 
that we intend to pursue in Section 6. 

2. Related Work 
There is a plethora of research on the problem of query processing in WSNs. Vaidehi et al. 
[15] treat the sensor network as a distributed database. According to the characteristics of 
sensor networks (mainly limited memory and battery energy), they propose Distributed 
Nested Loop Join Processing (DNLJP) algorithm. The algorithm portions the nodes into 
clusters based on geographic locations and performs the query processing in a distributed 
manner. The algorithm mainly concerns on how to process the query instead of how each 
sensor node process the query. The spatial and temporal correlations of sensor data are 
explored in [16][17]. Anurag et al. [16] propose a scheme to exploit the spatial correlation of 
data in a three dimensional wireless sensor network. The purpose is to reduce the number of 
transmissions in the network to save energy. The nodes are formatting a binary tree and the 
transmission of data is along the tree nodes. There are two types of sensor nodes in the system, 
the tree nodes and the non-tree nodes, also called sensing nodes. Then sensing nodes sense the 
attribute value and report it to the nearest tree node. Tree node runs the polynomial regression 
function to get the coefficients of regression. The polynomial may not represent the actual 
distribution of temperature in the space and tree nodes must consume much energy to run it. 
Teresa et al. [17] propose a relational framework to model and to analyze the data observed by 
sensor nodes of WSNs. Its purpose is to use relational learning techniques to discovery 
interesting patterns relating spatio-temporal correlations. The algorithm used in this paper is 
based on the same idea of the generic level-wise search method, known in data mining from 
the APRIORI algorithm. The genneration of the frequency patterns is based on a top-down 
approach. It starts with the most general patterns of length 1 generatd by adding to the empty 
pattern a non-dimensional atom. But this paper doesn’t consider the pattern query problem. 
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Huamr et al [18] propose a new energy efficiency model for BS (Basic Station) energy 
consumption, emphasizing the embodied energy constituent. They give ways to estimate the 
embodied energy consumption and operating energy consumption. They apply this energy 
model to two scenarios and do simulations to optimize the total energy consumption by 
exploring the trade-off between operating energy and embodied energy. At last they get the 
conclusion that it is not good to  use an increased number of BSs with lower transmission 
power and power-down strategy to perform energy savings. Kazem et al [19] propose a new 
query decomposition approach for optimizing query processing in multi-sink sensor networks. 
Message is sent to a single selected node and the selected node process the query and sends 
response back. The nodes between query region and sinks by sharing same query data, decide 
to decompose query and send whole or some part of query region nodes results back to the 
sinks. Experimental results show that the proposed approach highly reduces the query 
overhead in the network and save the energy consumption of sensing nodes. In our application, 
there is only one sink node. Prervin et al [20] propose a hybrid query processing framework 
that combines the advantages of both the approximation and aggregation based techniques and 
avoids their limitations. In this approach, authors construct a hierarchical probabilistic data 
model representing the overall sensor data characteristics across the network, which is query 
independent and is later used for selecting sensor nodes to process user queries. Experimental 
results illustrate the efficacy of the proposed framework compared to contemporary 
approximation and aggregation based query processing techniques. 

There are mainly two problems in the pattern query process. One is that how to present the 
data collected by sensor nodes to save memory. Many data stream approximation strategies 
have been used in WSNs. Eugen et al. [21] propose a method that abstracts time series to its 
basic shape descriptor. They reduce the raw sensor signal by computing a piecewise linear 
approximation that preserves its shape. A sensor samples data at a specific fixed frequency. 
The new sampled data is forwarded to the emSWAP algorithm that decides wheter to store the 
value to a buffer or to run the bottom-up approximation step, thereby producing the next 
approximation linear segment. In emSWAP, the authors use sum of distances instead of 
Euclidean Distance. Also corresponding interpolation points on the segemnt is computed  
when computing the approximation cost between an approximating segment and raw data 
points. Wavelet transform is used in WSNs in [14] . Cai et al. [22] propose a novel data 
aggregation scheme based on wavelet-entropy for WSNs. Firstly, they use multi-scale wavelte 
transforms to spread signal in multi-sacale range, and then aggregate information using 
wavelet-entropy discriminance theorem in cluster members and cluster headers with LEACH 
[23] clustering algorithm to reduce transmitting packets. The authors decompose signal step 
by step. They regard wavelet transform as a set of enantiomorphism filters and use a set of 
high-pass and low-pass enantiomorphism filters to decompose signal. Walvelet entropy can be 
used to measure stabilization and reliabitlity of sensor ndoes, and distribute their weighted 
values in the fusion process. Zhang et al. [14] propose a data compression scheme with infinite 
norm error bound for WSNs by designing an error tree and the regression equations set. This 
algorithm can simultaneously explore the temporal correlations among the sensory data. They 
capture temporal correlation in one stream by the 1D Haar wavelet transform. As for 
multivariate sensor streams, some streams are selected as the base according to the correlation 
coefficient matrix, and other streams can be expressed with one of these bases using linear 
regression. All above mention techniques are appropriate to compress the data senses by 
sensor nodes and to process single sensor value queries or aggregation queries, which are 
based on sensor values at an instant time. They could not handle pattern based queries in 
WSNs. 
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Another key point in pattern based query is the approaches for measuring the similarity 
between the subsequence and patterns. Several distance functions have been proposed for 
different applications, such as Euclidean Distance (ED) [24], Dynamic Time Warping (DTW) 
[25], Longest Common SubSequence (LCSS) [26] and Edit distance with Real Penalty (ERP) 
[27]. ED is the most simple and classic distance function. It can be computed simply and be 
easy to understand. It satisfies the triangle inequality. But it requires the sequence to have the 
same length, which restricts its applications. Noises in the sequence affect the final result 
seriously. Keogh et al. [28] propose Weighted Euclidean Distance (WED). In this strategy, the 
weight changs accoring to users’ feedback to support local time shifting. But the trainning 
always lags behind time series’s changs, the WED is  only can be used for static data streams. 
DTW can handle sequences with different lengths and local time shifting, but it doesn’t follow 
triangle inequality, which is one of the important properties of a metric distance function. 
DTW is non-indexable with current techniques. Jeong et al. [29] propose a new distance 
measure, called weighted DTW (WDTE). In order to prevent minimum distance distortion 
caused by outliers, the appraoch penalizes points with higher phase difference between a 
reference point and a testing point. The authors also assign weights as a function of the phase 
difference between a reference point and a testing point. LCSS is proposed to handle possible 
noise that may appear in data. It allows some data points not  to participate in the match 
process, so the final result may not accurate. Also LCSS can handle sequences with different 
lengthes and local time shifting, and it doesn’t follow triangle inequality. LCSS use the longest 
common subsequence to measure the similarity between two streams. ERP represents a 
marriage of L1-norm and the edit distance. It uses real penalty between two non-gap elements, 
but a constant value for computing the distance for gaps. ERP can support local data shifting 
and it is a variant of DTW, but it follows triangle inequality. 

3. Preliminaries and Problem Statement 
A data stream collected by sensor node is an ordered sequence, 1 2{ , ,..., ,..., }i tX x x x x= , where 
each ix is a real value arriving at a specific time i , and t is the current timestamp. A 
subsequence , 1{ , ,..., }i j i i jx x x x+= is similar to a pattern P if ,( , )i jdist x P e£ , where dist is a 
distance function ande is a user-specified threshold. To solve the query defined in Definition 1, 
the most straightforward solution would be to consider all possible subsequence whose length 
is equal to the pattern’s length. The sensor node stores recent coming data using sliding 
window. The sliding window model is shown in Fig. 1. A sliding window is denoted 
as 1 1{ , ,..., }i i i i wW s s s+ + -= , where w is pre-defined window size according to sensor nodes’ 
memory size. In Fig. 1, the size of sliding window is w . When new data comes, the oldest data 
in the window is abandoned. We select subsequences from the sliding window and compute 
Euclidean distance, which can be computed by Formula (1), between the subsequence and the 
pattern. If the distance is smaller than pre-defined threshold, the subsequence is similar to the 
pattern. The algorithm is shown in Algorithm 1. The complexity of the algorithm is ( )O w l* , 
where w is the length of sliding window and l is the length of pattern. A better solution, but still 
not good enough, is to speed up the ED calculation by doing early abandoning [30]. During the 
computation of Euclidean distance, if we note that the current sum of the squared differences 
between each pair of corresponding data points exceeds 2e , wheree is the predefined distance 
threshold, we can stop the calculation. 
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Fig. 1. Sliding window model 

 
Algorithm 1: Naïve Method 
Input: Sliding windowW , Pattern P , Length of sliding window lengthW , Length of pattern lengthP , 
Predefined distance threshold e . 
Output: All subsequence ofW that similar to P . 
for starti W= to length lengthW P- , do 
   compute ( , )id D W P= ; // ( , )ID W P is the Euclidean distance function 
   if d e<  

output position i  
   EndIf 
EndFor 
 
The naïve method can get most accurate results with appreciate threshold, but it is too 

complex for sensor nodes to run it. The complexity of Naïve method is 2( )O n . Its running time 
increases quickly with the increase of sliding window’s size or pattern’s size. We run above 
algorithm on STM32W108 Soc [31], whose micro processor is ARM Cortex-M3. The length 
of sliding window is 1432, and the lengths of patterns are range from 10 to 150. The running 
time of above algorithm is shown in Fig. 2. We can see that the running time increases quickly 
with pattern’s length increasing. The microprocessor’s speed is slow. When the pattern’s 
length is 10, the running time is already upon to 0.43s, and when the pattern’s length is 150, 
the running time goes up to 4.81s. The processor’s speed is slow and energy of sensor nodes is 
limited. Sensor nodes need to spend much timeslot on finishing a query. This would limit 
sensor nodes doing other things and consume sensor nodes’ energy quickly. We must reduce 
the complexity of Algorithm 1 to save processing time and thus to save energy. Another 
problem with upon algorithm is that sensor nodes store sensed data directly. This conflicts 
with the fact that wireless sensor network are heavily constrained by their memory size. We all 
know data sensed by sensor nodes has temporal correlation [17]. Storing all sensed data waste 
a lot memory. Also sensor nodes have limited memory size and only can store a little data. We 
must use compression strategies to store the raw data to improve the amount of stored data. 
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Fig. 2. Algorithm 1’s running time on STM32W108 with different pattern’s length 

There are many compression strategies. Due to the advantage of easy understanding and 
implementation, PLR has been widely adopted in representing the data. Our approach is to 
approximate the sampled sensor data into a representation of linear segments which is efficient 
to manipulate and to process. After getting the linear segments representation for raw data, we 
use each line segment’s slope and the number of original data that each line represents to 
present each segment. We choose a few line segments that stand for original data points whose 
number is equal to the pattern’s length to do similar matching process, so the number of 
subsequence’s line segments may not equal to that of pattern. We use dynamic time warp 
distance as similar standard. 

4. Modeling and Strategy 
The natural of physical phenomenon constitutes the temporal correlated between each 
consecutive observation of a sensor node. We can use collected data to predicate the coming 
data. As the memory of sensor nodes is limited, we use line approximated technology to 
represent the original data. The purpose of piece linear representation is to use several line 
segments to approximate the raw data collected by sensor nodes. Next we introduce our 
piecewise linear representation method which is called AD-PLR (Piecewise Linear 
Representation based on Adjacent Data). After this, we introduce our matching strategy based 
on piece lines. 

4.1 Piecewise Linear Representation Based On Adjacent Data 
Sensor nodes collect data at fixed rate. When we get ix at it and 1ix + at 1it + , we can do line fitting 
based on the two data points. We get linear equation ' *j jx k t b= + . Then at 2it + , sensor node 
gets a new data 2ix + . Also we can get an approximated data by '

2 2*j jx k j b+ += + . 
If '

2 2j jx x e+ +- £ , we don’t need to update the linear equation and use the equation to predict 

next coming data. If '
2 2j jx x e+ +- > , we start to do new line fitting according to 

data 1jx + and 2jx + . We call 2jx + the key point. There will be two approximated values at the key 
time point. We drop the old value and use new equation to represent the value at key point to 
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reduce the linear fitting error rate. e is predefined by users. It shows user’s precision for the 
approximation process. The smallere is, more line segments there are. So the piecewise linear 
representation can show more details of the raw data and the similar matching results are more 
precise. But the compression is not obvious and only can save a little memory space. Hence, it 
is a tradeoff between the compression and matching precision. The user must define the 
threshold according to real applications. PLR-AD supports online compression. An example 
of above process is shown in Fig. 3. When the sensor node’s memory is full, if the coming 
sample data can be approximated by the latest linear function, we drop the data directly and the 
data in the sliding window don’t need to be updated. But if the coming sample data can’t be 
approximated by the latest linear function, we start a new linear fitting process and store the 
latest function in the sliding window and drop the oldest linear function. 

In Fig. 3, the size of sliding window is 40 and there have already 40 data in the window and 
the user defined threshold is 1. After getting sample data 1 2,x x , we can get fitting linear 
equation 1 : 0.25* 19.68X x t= + . At 3t = , the predicted data '

3 20.43x = , but the sample 
data 3 21.56x = , '

3 3 1x x- >  , so we can’t use equation 1X to predict next coming sample data. 
We do linear fitting again based on sample data 2x and 3x , then we use the new equation to 
predict coming sample data. The process is repeated until all the stored sample data are 
represented. At last we only use 7 line segments to represent it. The raw data can be 
approximated by 1 2 1 2 4 2 4 8 4 8 27 8 27 33 27 33 40 33{( , , ), ( , , ), ( , , ), ( , , ), ( , , ), ( , , )}x x t x x t x x t x x t x x t x x t . 

2 4 8 27 33, , , ,x x x x x are the key data points. Computing the slope for each segment and the number 
of original data that each segment stand for, the original data are also can be represented 
by {(0.25,1), (1.38,2), (0.57,4), (0.25,19), (0.00,6), (0.44,4), (0.12,4)} .If the coming data can be 
predicted by seventh segment function, we don’t need to update the data in the window. But if 
the data can’t be predicted, we start a new linear fitting process. After getting new segment 
function, we store it in the memory and drop the oldest segment, segment 1 in the figure. 
 

 
Fig. 3. An example for piecewise line approximation based on adjacent data, threshold 1e =  

4.2 Matching Strategy For AD-PLR 
After doing piecewise linear representation, a data sequence can be represented 
by 1 1 1 2 2 2{( , , ), ( , , ),..., ( , , )}L R L R mL mR mx x t x x t x x t , where ,mL mRx x are the two feature points for thm line 
segment, mt is the end point of the thm line segment and m is the total number of line segments. 
According to two feature points, we get each segment’s slope. So the data sequence also can be 
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presented by 1 1 2 2{( , ), ( , ),..., ( , )}m ms l s l s l , where is is the slope for thi line segment and il is the 
number of original data point that thi segment represents. Likewise, the pattern also can be 
presented by slope sequence, 1 1 2 2{( , ), ( , ),..., ( , )}t tp l p l p l . We can do similar matching process 
based on segments’ slopes. 

One of match strategies is that we can choose a few line segments whose total number is 
equal to that of the pattern to do similar matching. But the raw data points in these two data 
stream may differ a lot. This may affect the similar matching precision seriously. So when 
doing similar matching, we always choose nearly a few original data points whose total 
number is equal to that of the pattern. We start from the thi line segment and the thi segment 
stands for il original data points. When 1 ... .i i i jl l l P length+ ++ + + > , we start the similar matching 
process. These two original data points may be represented by different number of line 
segments. One example is shown in Fig. 4. The number of original data points in the pattern is 
40 and the number of approximated line segments is 7. One similar subsequence’s length is 38, 
but its line segments’ number is 4. ED is a traditional and simple standard for similar matching, 
but it only can compute distance between sequences with the same length. So we use dynamic 
timing warp to compute the distance between subsequences and patterns. Given two 
sequence 1 2{ , ,... }mX x x x= of length m and 1 2{ , ,..., }nY y y y= of length n , their DTW 
distance ( , )D X Y is defined as: 

( , ) ( , )
( , 1)

( , ) min ( 1, )
( 1, 1)

(0,0) 0, ( ,0) (0, )
( 1,..., ; 1,..., )

t i

D x y f m n
f t i

f t i x y f t i
f t i

f f t f i
t m i n

=

-ì
ï= - + -í
ï - -î

= = = ¥
= =

                                                      (1) 

where 2( )t i t ix y x y- = - is the distance between two numerical values. When getting a pattern 
represented by 1 1{( , ), ( , ),..., ( , )}j j j j j n j np t p t p t+ + + + from user, sensor node searches its stored data 
and chooses line segments 1 1{( , ), ( , ),..., ( , )}i i i i i m i ms t s t s t+ + + + , where ( ) ( )i m i j n jt t t t+ +- » - , to 
compute DTW distance, ( , )D m n  , with the pattern. If ( , )D m n e< , the subsequence is similar to 
the pattern. 

 
Fig. 4. Similar subsequences have the same number of data points, but have different number of 

approximated line segments. 



KSII TRANSACTIONS ON INTERNET AND INFORMATION SYSTEMS VOL. 6, NO. 6, Jun 2012                                            1555 

 

4.3 Algorithms For AD-PLR And Similar Matching Strategy 
In order to save sensor nodes’ memory, we use piecewise linear representation to compress the 
data collected by sensor nodes. Our strategy supports online compression. The algorithm for 
AD-PLR is shown as Algorithm 2. AD-PLR only need to go through the original data for only 
once to get approximated line segments. Its complexity is O(n). 
 

Algorithm 2: AD-PLR 
Input: sliding windowW , user defined threshold e  
Output: approximated line segments 
for 1i = to lengthW , do 

if 2i ==  
1i ik w w -= - ; 

ib w k i= - * ; 
else 
    ' *iw k i b= + ; 
     if '( )i iabs w w e- >  // abs is the equation to get absolute value 
        output ,k i ; 

1i ik w w -= - ; 

ib w k i= - * ; 
     EndIf 
 EndIf 

EndFor 
 
After getting approximated line segments for original data streams and patterns, we can do 
similar matching process on line segments. We always choose a few line segments that 
represent original data points whose number is nearly equal to pattern’s length. We compute 
DTW distance between the subsequence’s slope sequence and the pattern’s slope sequence. If 
the value is smaller than user predefined threshold, we say that the subsequence is similar to 
the pattern. The similar matching algorithm is shown as Algorithm 3. The complexity for 
Algorithm 3 is O(m*l), where m is the total number of line segments for original data and l is 
the number of original data points in the pattern. Although the complexity is similar to naïve 
method, but amount of approximated data is much less than that of original data. 
 

Algorithm 3: MatchStrategy 
Input: slope sequence for data stream collected by sensor node, S ; slope sequence for 
pattern, patternS , user defined threshold e . 
Output: similar subsequence 

_ 0SubSeq Len = ; 
for 1i = to lengthS ,do 
   for j i= to lengthS ,do 
       _ _ .jSubSeq Len SubSeq Len S length= + ; 
       if _ .patternSubSeq Len S length>  
           compute ( , )patternDTW j S between ,j j ks s +< > and patternS ; 
           if ( , )patternDTW j S e<  
               output , _i SubSeq Len ; 
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           _ 0SubSeq Len = ; 
           EndIf 
       EndIf 

EndFor 
EndFor 

5. Performance Analysis 
We do experiments on STM32W108 microprocessor to evaluate the efficiency of our strategy. 
First we run our strategy on STM32W108 to get our strategy’s running time. According to the 
running time, we can see whether our strategy can run on sensor node. Then we use 
STM32W108 to collect large number of data. We exact special patterns from the collected 
data and use our strategy to do similar matching and compare our strategy’s precision and 
energy consumption with that of naïve method. 

5.1 Collect Dataset And Patterns 
We use STM32W108 to collect indoor temperature to get the dataset. The collecting 
frequency is 0.2Hz. During collecting process, we use hot handbag and cup to heat up the 
temperature sensor. We collect about 4500 data, and we extract four patterns from the dataset. 
The dataset and four patterns are shown in Fig. 5 and Fig. 6. Pattern 1 stands for that we use 
hot cup to heat up the temperature sensor. The temperature goes up slowly. Pattern 2 shows the 
process of using hot handbag to heat up the temperature sensor. The temperature goes up much 
faster than using cup to heat up the sensor. The cooling process after using hot handbag to heat 
up the sensor is shown in Pattern 3. Pattern 4 shows the true indoor temperature, which is 
smooth. 
 

 
Fig. 5. Collected dataset 
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Fig. 6. Four patterns extracted from the collected dataset 

5.2 Performance For AD-PLR Strategy 
We do experiments to evaluate AD-PLR’s performance. We mainly use following three 
metrics to evaluate performance of AD-PLR strategy: (1) AD-PLR’s running time on 
STM32W108; (2) the compression rate of AD-PLR strategy: the total amount of original data 
is m, after running AD-PLR strategy we can n bytes to represent it, so the compression rate can 

be computed by _ 1 ncompression rate
m

= - ; (3) the matching precision: We analyze the returned 

subsequences, total amount is m, and get sequences that are truly similar to the pattern, total 

amount is n. So the matching precision can be computed by npecision
m

= . 

We run our piecewise linear representation strategy with different length of data stream on 
STM32W108. The result is shown in Fig. 7.  
 

 
Fig. 7. AD-PLR’s running time on STW32W108 with different number of original data points 

AD-PLR’s running time is very little on STW32108, less than 10ms. When the data stream’s 
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length is 500, its running time is only 2ms, and when the length goes up to 3000, the running 
time increases only about 1ms. Compared to naïve method‘s running time in Fig. 2, AD-PLR’s 
running time is much less, so it consumes much less energy. 

The number of approximated line segments is based on user’s precision for the 
approximation process. If the threshold is smaller, there are more line segments and the 
precision is higher. We use average Euclidean distance between the original data and 
approximated data as the precision stand. Euclidean distance between two sequences can be 
computed by Formula (1). We run AD-PLR for collected dataset and the extracted four 
patterns with different thresholds. The results are shown in Table 1. 

Table 1. AD-PLR’s effect on the collected dataset and the extracted four patterns with different 
threshold (segNo stands for total number of line segments; avgED stands for the average ED) 

 0.5e =  1e =  1.5e =  2e =  
 segNo avgED segNo avgED segNo avgED segNo avgED 

Collected 
Dataset  

312 0.076 180 0.298 149 0.747 128 1.046 

Pattern 1 11 0.049 7 0.15 6 0.559 3 0.573 
Pattern 2 9 0.046 7 0.163 6 0.430 5 0.582 
Pattern 3 9 0.051 8 0.171 6 0.472 3 0.535 
Pattern 4 1 0.078 1 0.078 1 0.078 1 0.078 

 
 We can see that we only need one segment to represent the original sequence when the data is 
smooth where the compression effect is the best. But when the data stream is changing, it 
needs several segments to represent the original data. It is noted that though smaller value of 
threshold can increase the matching precision, but produce smaller compression. Hence, larger 
value of threshold improve the compression rate, it makes the matching error rate higher. 
When the threshold is 0.5, the error rate is less than 0.1 for five sequences; but when the 
threshold is 2, the error rate goes up to 0.5. The number of approximated line segments 
decreases with user defined threshold increasing.  For Pattern 1, when the threshold is 0.5, the 
number of line segments is 11; but when the threshold is 2, the number of line segments is only 
about 3. The compression rate increases about 72.7%.  

 
Fig. 8. Each pattern’s compression rate for different ε 
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The compression rate and matching precision of AD-PLR strategy for different ε are shown in 
Fig. 8 and Fig. 9.  From Fig. 8 we can see that with the increase of ε, the compression rate is 
increased. For pattern one, when ε=0.5, its compression is 45%, but when ε=2, its compression 
is 85%. But for pattern four, its compression is always 95%, because its basic shape is smooth, 
so we only need one segment to represent it. According to Fig. 8, our conclusion from Table 1 
is true. Fig. 9 shows each pattern’s matching precision for different ε. We can see that each 
pattern’s matching precision increases with ε’s decreasing. As for pattern 2, when ε=0.5, its 
matching precision is 0.8, but when ε increases to 2, its matching precision is only 0.38. The 
users should define the threshold according to their demand for the approximation precision 
and compression rate. In the matching process, we set the threshold to 1 to do line 
approximation. 
 

 
Fig. 9. Each pattern’s matching precision for different ε 

5.3 Performance For The Similar Strategy 
After doing piecewise linear representation, the data streams of the sensor nodes and the 
patterns are all represented by line segments. We compute all line segments’ slopes to stand 
for lines. When doing similar matching process, we select the same amount of data points as 
the pattern. We compute the dynamic timing warp distance between the two sequences. If the 
distance is smaller than the threshold, we say that the subsequence is similar to the pattern. We 
compare our strategy’s matching precision with that of naïve method. The similar matching 
strategy returns subsequences.  

The precision performance is shown in Fig.10. We can see that the precision for naïve 
method is higher than our method. When using naive method, the precision for each pattern is 
above 0.9. Our matching strategy based on line segments’ slope is about 0.65 for each pattern. 
When the pattern is simple, for example Pattern 4, the precision is much higher.  

We also analyze the energy consumption of naïve method and our matching method. We 
use the running time as the metric for energy consumption. If the algorithm’s running time is 
longer, it consumes much more energy. Our method’s running time equals to AD-PLR’s 
running time plus pattern’s matching time. The result is shown in Fig. 11. We can see that our 
matching strategy based on slope runs much faster than native method. As for Pattern 1, 
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running time of our strategy is about 50ms, but that of naïve method is about 1400ms. Our time 
is about 3.5% of naïve method’s running time. This can save sensors’ energy a lot. It consumes 
much less energy than naïve method. It suits for energy-limited sensor network.  

Fig. 12 shows part of matching results for four patterns by using our method. From the 
figure, we can see that the shape of much matching results is similar to mother pattern. As for 
pattern 2, much of results are increases quickly which is true for Pattern 2; and results of 
Pattern 4 are stay smooth. 
 

 
Fig. 10. Each pattern’s matching precision in the dataset 

 
Fig. 11. Similar matching strategy’s energy consumption on STW32W108 for each pattern 
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Fig. 12. Matching results for four patterns by using our strategy 

5. Conclusion and Future Work 
In this paper we delve into the problem of sequence pattern query processing in WSNs. As 
traditional strategies for data stream or time sequence need too much memory space and 
consumes too much energy for sensor nodes, we propose a novel approach to process the 
pattern queries. We represent original data by line segments, which can compress the data and 
reduce the energy consumption for similar matching process. Also the patterns are represented 
by line segments. We use each line’s slope to stand for each segment and do similar matching 
based on the slope sequence. We choose several line segments which stand for nearly the same 
number of original data points as the pattern has. We compute DTW distance between the two 
slope sequences. If the distance is less than the threshold, we say the subsequence is similar to 
the pattern. We do experiments on STW32W108 to compare our method with traditional 
approach. Although our strategy’s matching precision is less than that of the naïve method, the 
energy consumption is much less than that of naïve method. The experiments show that our 
strategy can be used in wireless sensor networks. 

The precision of our strategy is still not very high. In future, we will do research on 
improving the precision of our strategy. The complexity of our similar matching method 
is 2( )O n , when the pattern’s length increase a lot, the energy consumption increases quickly. In 
future we force on reducing the complexity of our strategy. 
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