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Abstract: Piecewise Linear Representation has been widely used to compress online data which are collected 
by sensors. However, the current existing methods, including Piecewise Aggregate Approximation and 
Perceptually Important Points cannot own both advantages of calculation speed and recovery accuracy at the 
same time. In order to improve the Piecewise Linear Representation performance, this work proposes a Sliding 
Window Mann-Kendall method. This method is applied to compress four typical data series, and the 
compression results are compared with the existing methods. Comparing to Piecewise Aggregate 
Approximation method, this method has better recovery accuracy under the same compressing ratio. Comparing 
to Perceptually Important Points method, this method has a faster calculating speed and occupies less resources. 
The parameter setting of the proposed method affects the Piecewise Linear Representation result. The 
experiments’ results show that the optimal window width fit for different data series are different. And for 
change points picking, as the optimization threshold increases, the compressing ratio and the recovery accuracy 
decrease. Copyright © 2014 IFSA Publishing, S. L. 
 
Keywords: Change points detection, Sliding window Mann-Kendall method, Piecewise linear representation 
time series data compression. 
 
 
 
1. Introduction 
 

Time Series data is widely studied by researchers 
in many different domains. For example, the water 
levels in hydrology [1], the precipitation in 
meteorology [2], and the stock trading prices in 
finance [3], etc. Ignored the meaning these data 
represent for, they have some characters in common, 
such as high dimensionality and continuously 
updating. The data are often acquired from sensor 
systems in the way of equal interval sampling. So the 

sequences are usually large in size. As the Internet of 
Things developing rapidly, massive data are 
produced by more and more sensors [4]. The  
storage of data becomes a big problem lying  
before engineers. 

Compressing is a simple but effective solution. 
The basic idea is to sample with a lower rate. But this 
approach will distort the shape of the series’ curves. 
In order to find better ways, researchers have made 
some effort to reduce dimensionality of the series. 
Kambhatla and Leen tried PCA in 1993 [5], Korn et 
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al. used SVD in 1997 [6], Rafiei and Mendelzon used 
DFT in 2000 [7], Popivanov and Miller used DWT in 
2002 [8], Keogh et al. used Piecewise Aggregate 
Approximation (PAA) in 2000 [9]. However, 
although these methods make progress on reducing 
the dimensionality, they may fail to retain the general 
shape of the time series after compression because 
some turning points are neglected during the process. 
Fu et al. used Perceptually Important Point (PIP) to 
sort the points in the time series by each point’s 
importance in 2005 [10] and 2007 [11]. By PIP, the 
curve’s shape is described by the N most important 
points. In Fu et al.’s work, they use three distances to 
calculate the importance value. A structure called 
Specialized Binary Tree is also discussed to aid the 
sorting. This method deals well in keeping the shape 
of curves but it needs to restore large amount of 
importance values to support online analysis. Among 
the methods mentioned above, the PAA and the PIP 
methods are two most popular ones. Based on 
Piecewise Linear Representation (PLR), researchers 
build kinds of models using BPN or SVM to analyze 
and predict stock trading prices [12, 13].  

In order to make a balance between speed and 
accuracy, the compressing methods need to be 
readjusted. New method need to combine the 
advantages to set a more accurate segmentation while 
occupying less resources and taking less time. Take a 
look at the method we have already got. PAA’s 
detecting speed comes from its simple segmentation 
strategy. PIP’s low representing error comes from its 
special point searching. So combining sliding 
window and turning point detection together will be a 
good idea. Thus we get the new method, which will 
be introduced in this paper, so called Sliding Window 
Mann-Kendall (SWMK) method. 

The rest parts are arranged as following. Part 2 
will briefly introduce some related works about some 
PLR methods and the Mann-Kendall method used in 
hydrology. Part 3 will give out the Sliding Window 
Mann-Kendall Method. Part 4 will show the results 
of three PLR methods and compare their compressing 
effects. In the last part, the conclusion and the 
expectation will be presented. 
 
 

2. Related Works 
 
2.1. PAA and PIP Methods 
 

Piecewise Aggregate Approximation method is a 
quick method to do series compressing. The basic 
idea of this method is to use the mean as 
representative of all the time points in one interval. 
This simple but effective strategy has been widely 
used in industry especially for online data 
segmentation [14]. But it also has a very obvious 
disadvantage that PAA isn’t sensitive to the change 
inside one segment. It may cause large error when 
tens of thousands of segments are added together. In 
2007, Lin and Keogh [15] proposed a Symbolic 
Aggregate Approximation (SAX) method to modify 

the PAA method and some further work has been 
done since that. Lkhagva, Suzuki and Kawagoe 
extended the SAX method by picking up the 
maximum and minimum value in the segment as the 
important points [16]. But SAX focuses more on 
value clustering than the detection of important 
points. The extended SAX method has partly 
compensated for the ability to detect the detail 
change in the segment. But the points chosen strategy 
are just effective when the segment length is short 
enough. It seems that the compressing based on PAA, 
which uses mean as representation value, is difficult 
to get well modified to raise the accuracy drastically. 

To raise the recovering accuracy after the data 
compressing, a Perceptually Important Point (PIP) 
method is proposed to focus on the points which 
affect the most in the tendency change of the series 
curve [10]. Using this method, the original data series 
are divided into segments with some turning points. 
The method’s logic is quite natural but distinct that it 
first takes the line segment connecting the start point 
and the end point as the two-point representation. 
Then calculate the distance to the line of every point 
between them, choose the one with largest distance as 
the third important point. And then the three-point 
representation or two-segment representation is 
obtained. The following work is repeating. Regard 
the line segments between adjacent points as the 
same as the whole curve. Calculate the distance of 
each unsorted point to its located line segment. 
Choose the one with largest distance as the next 
important point. Repeat the procedures above until all 
the points’ importance value is calculated and all the 
points are sorted. The PIP uses a specialized binary 
tree to record the distance value for each hierarchy. If 
this method is applied on an online system, the binary 
tree is important because it is the key to update the 
importance value as the series gaining new data 
points. Thus, the binary tree will become more and 
more complicated when the number of points 
increases. It also needs more and more memory space 
to restore the tree structure. Fu et al. have done a lot 
of work on specialized binary tree and the updating 
for PIP method to deal with stock data [17, 18]. They 
proposed several strategies to add a point or add 
another tree to the original tree. Researchers are on 
their way to reducing the calculating burden of PIP. 
However, the distance calculation and the storage 
occupancy of the tree are still two problems when 
applying PIP on online series processing. 
 
 
2.2. Mann-Kendall Method 
 

Mann-Kendall (MK) method is a trend detecting 
method. It is first proposed by Mann in 1945 [19]. 
After Goossens applied this method on inverse 
sequence analysis in 1987 [20], this method gained 
ability to detect the abrupt change. MK method is 
widely used in hydrology. Hydrologists use this 
mathematical tool to analyze water levels of a river or 
precipitation of an area [21]. They focus on the 
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conception called change-points. Change-points are 
some turning points in trend analysis. They are the 
starting points where the series change the variation 
trend. Hydrologists commonly need to find out just 
two or three change points in series to divide the 
curve into segments. After finding some related 
reasons that cause the change of trend, they can use 
the last segment to predict the series’ tendencies in   
the near future [22, 24]. Similar thoughts are also 
found in stock predictions [25]. And it is quite 
obvious that the conception change-points used in 
trend analysis is very close to so called important 
points. They both focus on the main trend/shape of 
the curve. 

Take on a time series sequence x1, x2,…, xn (n≥10), 
the statistic Sk will be given out as (1). 
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The trend change will be judged by statistic UFk 

given out in (2). 
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In (2), UF1=0. E(Sk) is the mean of Sk. Var(Sk) is 

the variance of Sk. UFk curve shows the trend of 
series. If the curve falls in confidence interval  
(-Ua/2,+Ua/2), it means the original series don’t hold 
an obvious trend change. If not, it means the trend 
change exists. If UFk >0, the series turn upward. If 
UFk<0, the series turn down. 

Thus we get some marks about the trend change 
direction. But we still don’t get the change points. So 
we need to calculate another statistic UBk, which is 
actually the -UFk of the inverse sequence. Here, 
k=n,n-1,…,1, UB1=0.  

The curves of UFk and UBk are draw together. If 
the two curves have points of intersection, and the 
points fall in confidence interval (-Ua/2,+Ua/2), we 
get the change points. Generally, take α=0.05 as the 
significance level. Fig. 1 shows the change point 
found in the series as an example. In Fig. 1, the 
No. 18 point (circled) is the change point detected by 
MK method. 

The PIP method enlightens this paper to find a 
less complicated PLR algorithm based on the 
important points. The paper also gets some points 
from the trend analysis in hydrology. In the following 
parts, a Sliding Window Mann-Kendall (SWMK) 
method will be discussed. 
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Fig. 1. An example of change point detection  
using MK method. 

 
 
3. Methods 
 
3.1. Sliding Window Mann-Kendall Method 
 

Although MK method is quite a mature algorithm 
in trend analysis, it cannot fulfill the need of time-
series segmentation. In order to add the ability to 
search out the points of detail shape change on the 
MK method, a sliding window is introduced.  

The basic thought is as Fig. 2 shows. The original 
sequence is divided into equal interval segments. We 
take the window width as W. For each detection, the 
length of subsequence is 3×W. Apply MK method on 
the subsequence. Only the points occur in the middle 
segment will be retained. Each time, the window 
moves forward by W. For example, the n’th detection 
detects the change-points in the interval  
[nW+1, (n+1)W]. While the (n+1)’th detection  
detects the change-points in the interval  
[(n+1)W+1, (n+2)W]. 
 
 
3.2. Optimization: Change Points Picking 
 

The change-points detection method will produce 
quite a lot possible change-points. They can just be 
called possible because some points may show the 
detail shape changes which are not necessary in our 
compressing work. Here we set a threshold T which 
is defined as (3). smax is the maximum of sequence. 
smin is the minimum of sequence. r is a ratio between 
0 to 1. Usually, r should be no larger than 0.1. 

 

 max minT r s s= −  (3)

 
As Fig. 3 shows, P1(x1,y1), P2(x2,y2), P3(x3,y3), 

P4(x4,y4) are four possible change-points searched out 
by the PLR methods. For the first point P1, we 
assume that it is the checked point belongs to the 
change-points set. P1 is chosen to be the starting point 
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of first segment. Then turn to the point P2. In order to 
decide whether to put it into the final set, we connect 
P1 and P2. Then the perpendicular distance between 
P3 and the line P1P2 is calculated as (4)-(7). 
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Fig. 2. Sliding window detection. 
 
 

 
 

(a) 
 
 

 
 

(b) 
 

Fig. 3. Set Optimization by using perpendicular  
distance judgment. 

 
 

If the distance D<T, as Fig. 3(a) shows, it means 
P3 is still on the same trend with P1P2. P2 should be 
eliminated, and the point P3 takes the place of P2 in 

the possible change-points set. Then the calculation 
turns to P1P3. If D(P4,Pc)>T, as Fig. 3(b) shows, it 
means P3P4 doesn’t follow the trend of P1P3. The 
result identifies that P3 is a final change-point. In this 
paper, T is represented by (8). 

Then P3 can be chosen as the segment starting 
point. Turn to P4 and the points after P4 to do the 
optimization till all the possible change-points are 
checked. Thus we get the final change-points set. 
 
 

3.3. Algorithm Description of PLR-SWMK 
 

The total steps of PLR-SWMK method are as 
follows: 
Step1. Divide the original sequence into equal 
interval segments. The length of each segment is W. 
Step2. Take the i’th to (i+2)’th segments as the 
detection block. i=1,2,3… 
Step3. Apply MK method to detect the change-
points. 
Step4. Retain the change-points in the middle 
segment. 
Step5. i=i+1, turn to Step2. If the algorithm reaches 
the final segment, turn to Step6. 
Step6. Optimize the gathered points set using the 
perpendicular distance. 
Step7. Using the linear interpolation to decompress 
the data and get the new series. 
 
 

4. Results and Discussion 
 

4.1. Compressing Ratio and Residual 
 

In order to judge and compare the compressing 
methods, we need to give the formulas of 
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Compressing Ratio and Residual calculation. 
Formula (8) shows the calculation of Compressing 
Ratio and Formula (9) shows the Residual definition. 

In the following parts, the methods are mainly judged 
by these two indicators. 

 

 100%
      

The number of  segments' endpoints after segmentation
CR

The number of  data points of the original time series
= ×  (8) 

 
  Residual Error Points data after recovering - Original points data=   (9) 

 
 
4.2. Comparison between PLR-PAA,  

PLR-SWMK and PLR-PIP Methods 
 

From 3.2, we get more detail information about 
SWMK method. Based on the research about 
thresholds settings of the method, in this part, we will 
compare PLR-SWMK and two other PLR methods, 
the PLR-PAA and PLR-PIP methods. 

The algorithm is coded and run in MATLAB. The 
computer system is Windows 7. The CPU of 
computer is Inter Core i5-3210M, 2.5 GHz. The 
RAM capacity is 4.00 GB. The version of MATLAB 
is 2013a. The algorithms researched in 4.3 are also 
coded and run on this device. 

The most important things we focus on are the 
Residual Error and Run Time. By adjusting the 
segments quantity used in PAA and PIP, the 
Compressing Ratio of each method is controlled 
almost the same. Under the similar Compressing 
Ratio level, the Residual Error and Run Time are 
compared. The original data come from four different 
domains. The first is the trajectory data of one 
character point coming from the motion capture of a 
human face. The total number of the points is 1000. 
The second is the data of a segment of 
electrocardiogram. The total number of the points is 
3751. The third is the data of electronic olfactory 
sensor. The total number of the points is 15000. The 
last is the data of Shanghai stock index. The total 
number of the points is 57421. The reason why these 
four data series are chosen is because their 
frequencies and data scales are different. 

Table 1 to 4 shows the results of three PLR 
methods applied on the four series data.  
 
 

Table 1. Results of three PLR methods on human  
face data. 

 

Method 
Endpoints 
Quantity 

Compress-
ing Ratio 

Residual 
Error 

Run 
Time/s 

PAA 77 7.7 % 96.74 0.145 

PIP 77 7.7 % 29.41 5.889 
SWMK 77 7.7 % 70.79 1.088 

 
 

Under the similar Compressing Ratio, the PLR-
PIP method shows the best on representation 

Residual Error. But as the scale of data points 
increases, the Run Time of PLR-PIP exponentially 
grows to a very large level. Attention to Table 4 that 
the Run Time of PLR-PIP is 12466 seconds, which 
means the process last for more than 3 hours. It is 
possibly because the code we use contains lots of 
loops. The PLR-PIP has to calculate importance 
values for quite a lot of points to get the right order 
and store the Specialized-Binary Tree. Which means 
a lot of storage resource may be occupied by  
the algorithm. 

Turn to PLR-SWMK method. It performs better 
than PLR-PAA method in Residual Error. And the 
Run Time is much less than PLR-PIP method. 
Specially, for the analysis of electrocardiogram data 
and Shanghai stock index data, the Residual Errors of 
PLR-SWMK are fairly close to those of PLR-PIP. 
Fig.6, Fig.7, Fig.8 and Fig.9 in the Appendix show 
the representation curves of all three methods 
applying on four different data. 
 
 

Table 2. Results of three PLR methods  
on the electrocardiogram data. 

 

Method 
Endpoints 
Quantity 

Compress 
ing Ratio 

Residual 
Error 

Run 
Time/s

PAA 186 4.96% 10.13 0.151 
PIP 186 4.96% 3.15 58.208 

SWMK 183 4.88% 4.77 3.981 

 
 

Table 3. Results of three PLR methods on the electronic 
olfactory sensor data. 

 

Method 
Endpoints 
Quantity 

Compress-
ing Ratio 

Residual 
Error 

Run 
Time/s 

PAA 565 3.77% 0.153 0.185 
PIP 565 3.77% 0.043 1020.037 

SWMK 559 3.73% 0.082 13.734 
 
 

Table 4. Results of three PLR methods on the Shanghai 
stock index data. 

 

Method 
Endpoints 
Quantity 

Compress-
ing Ratio 

Residual 
Error 

Run 
Time/s 

PAA 1600 2.79 % 1213.96 0.264 
PIP 1600 2.79 % 842.62 12466.538 

SWMK 1573 2.74 % 976.04 30.486 
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Take the result of Human Face characteristic 
point’s trajectory data as an example and compare the 
recovering curve of PIP and the one of SWMK. The 
main bodies of the two curves are almost the same. 
But zooming in the curves, just as Fig. 4(a) and 
Fig. 4(b) shows, the missing of some detail turning 
points produces most errors in SWMK’s result while 
PIP performs much better. Fig. 4 (c) shows the 
recovering result of SWMK when the window width 
is set as 5. Compared to Fig. 4(b), the change points 
found in Fig. 4 (c) are more similar to Fig. 4 (a). And 
the recovering error of Fig. 4(c) 33.297 is much 
smaller than that of Fig. 4 (b) 70.789.  

Take a look at Fig. 4 (b) and Fig. 4(c), when the 
parameters used in SWMK change, the results are 
quite different. So in next section, the relationship 
between the compressing results and the parameter 
setting in SWMK will be discussed. 
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Fig. 4. Comparison between PIP and SWMK in detail: 
(a) PIP result  (b) SWMK result (window width = 10) 

(c) SWMK result (window width = 5). 

4.3. Selections of Window Width and 
Optimization Thresholds 

 

In SWMK method, there are two parameters to be 
set in advance. The width of window and the 
optimization distance. The following tables show 
how the compressing results change with different 
thresholds settings. The time series selected for  
Fig. 5 (a) come from a short part of an 
electrocardiogram, containing 3751 data points. The 
data for Fig. 5(b) come from the facial characteristic 
point’s trajectory, containing 1000 data points. All 
the detail result data of Fig. 5 are shown in Table.6 
and Table.7 in the Appendix. 

Fig. 5 shows the performance of SWMK method 
when the optimization distance is fixed and the 
window width changes. The optimization distance 
parameter r in Formula (3) is set as 0.01. As shown in 
Fig. 5 (a), the compressing ratio decreases as the 
window width increases, except when window width 
equals to 2. When the window width equals to 10, 
which means each detection block contains 30 points, 
the residual error reaches the minimum. So a window 
with the width of 2 cannot fulfill the need for SWMK, 
this parameter must be set at least larger than 3. 

Fig. 5 (b) shows the similar conclusion. The 
difference is when the window width equals to 5, and 
the detection block contains 15 points, the residual 
error reaches the minimum. 

Combine Fig. 5 (a) and Fig. 5 (b), the conclusion 
is that the parameters in SWMK should be adjust 
according to the data series. For ECG data, the best 
window width is 10. While for facial characteristic 
point’s trajectory, the best window width is 5. In this 
work, we cannot point out which reasons demonstrate 
on the choice of parameters. The signals usually hold 
their own characters, including special frequency, 
changing tendency and some other features. These 
characters have the possibility to affect the selection 
of the window width, which is to be studied in the 
future. 

Table 5 shows how SWMK method’s 
compressing performance changes as the 
optimization distance changes while window width is 
fixed as 10. The data is the electrocardiogram series. 
Obviously, the compressing ratio decreases as the 
optimization distance increases. On the contrary, the 
residual error rises as the optimization distance 
increases. This conclusion can be explained as, when 
the optimization distance is smaller, which means 
more points remained and smaller error produced. At 
the same time, the compressing ratio becomes larger.  

Summarizing all the results of Fig. 5 and Table 5, 
it means that the compressing ratio and the recovery 
accuracy cannot achieve their optimal values under 
the same parameter settings. At least one of the two 
indexes needs to be sacrificed. To get best 
comprehensive effects, both indexes need to be taken 
into consideration according to the actual 
performance requirements. 
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(a)                                                                                               (b) 
 

Fig. 5. Compressing performance under different thresholds settings  
(a) ECG Data (3751 points) result (b) Face Data (1000 points) result. 

 
 

Table 5. Compressing performance when optimization 
distance changes while window width fixed. 

 
Window 
Width 

Optimization 
Distance 

Compressing 
Ratio 

Residual 
Error 

10 0.0010 22.9 % 4.203 
10 0.0025 18.1 % 4.207 
10 0.0050 12.3 % 4.228 
10 0.0080 7.78 % 4.275 
10 0.0100 6.80 % 4.315 
10 0.0150 5.41 % 4.505 
10 0.0200 4.88 % 4.767 

 
 
5. Conclusions 
 

A Sliding Window Mann-Kendall method was 
discussed to do Piecewise Linear Representation for 
time series data. The Residual Errors and Efficiency 
were researched and compared with PLR-PAA and 
PLR-PIP methods. The parameters and thresholds 
used in this PLR-SWMK method were also studied. 
Some compressing results show that the PLR-SWMK 
performs better than PLR-PAA in accuracy while 
PLR-PIP method performs better than PLR-SWMK. 
Although PLR-SWMK cannot recover the data as 

precisely as PLR-PIP does, its recovery error is very 
close to that of PLR-PIP.  

What’s more, PLR-SWMK is a much faster 
method and occupies acceptable computer resources. 
Experiments prove that PLR-SWMK is a proper 
method which can be used on online sensor data 
compressing.  

The parameters setting in this method is very 
important to the compressing ratio and the residual 
errors. For different data series, the parameters and 
thresholds should be set different in order to get 
better comprehensive compressing performance 
according to actual requirements. 
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Fig. 6. Representing Curves of three PLR methods for trajectory data of human face. 
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Fig. 7. Representing Curves of three PLR methods for data of electrocardiogram. 
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Fig. 8. Representing Curves of three PLR methods for data of electronic olfactory sensors. 
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Fig. 9. Representing Curves of three PLR methods for data of Shanghai stock index. 
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Table 6. Compressing performance when window width changes while optimization distance fixed (ECG). 
 

Window 
Width 

Optimization 
Distance 

Compressing 
Ratio 

Residual 
Error 

Window 
Width 

Optimization 
Distance 

Compressing 
Ratio 

Residual 
Error 

2 0.01 6.69 % 15.565 17 0.01 5.95 % 6.199 
3 0.01 7.46 % 4.901 18 0.01 6.00 % 5.951 
4 0.01 7.54 % 4.543 19 0.01 5.20 % 7.180 
5 0.01 7.30 % 4.420 20 0.01 5.39 % 7.319 
6 0.01 7.57 % 4.789 21 0.01 5.07 % 7.175 
7 0.01 7.22 % 4.765 22 0.01 4.91 % 7.213 
8 0.01 7.01 % 5.171 23 0.01 4.40 % 7.471 
9 0.01 6.85 % 4.592 24 0.01 4.35 % 8.596 

10 0.01 6.80 % 4.316 25 0.01 4.24 % 9.327 
11 0.01 6.24 % 6.350 26 0.01 4.48 % 8.923 
12 0.01 6.53 % 5.362 27 0.01 4.29 % 9.558 
13 0.01 6.19 % 6.211 28 0.01 4.08 % 9.337 
14 0.01 6.19 % 6.829 29 0.01 4.00 % 9.492 
15 0.01 6.19 % 6.404 30 0.01 4.29 % 12.076 
16 0.01 6.13 % 7.776     

 
 

Table 7. Compressing performance when window width changes while optimization distance fixed (Face Data). 
 

Window 
Width 

Optimization 
Distance 

Compressing 
Ratio 

Residual 
Error 

Window 
Width 

Optimization 
Distance 

Compressing 
Ratio 

Residual 
Error 

2 0.01 6.60 % 139.297 17 0.01 5.50 % 124.041 
3 0.01 10.10 % 39.982 18 0.01 6.30 % 82.019 
4 0.01 10.10 % 38.814 19 0.01 6.20 % 112.356 
5 0.01 9.70 % 33.297 20 0.01 6.10 % 125.626 
6 0.01 9.00 % 45.175 21 0.01 5.30 % 109.639 
7 0.01 8.90 % 53.501 22 0.01 5.10 % 139.527 
8 0.01 8.00 % 53.159 23 0.01 5.30 % 127.026 
9 0.01 7.80 % 67.155 24 0.01 6.00 % 73.047 

10 0.01 7.70 % 70.789 25 0.01 5.50 % 117.836 
11 0.01 7.10 % 58.582 26 0.01 4.90 % 169.434 
12 0.01 6.10 % 98.298 27 0.01 5.20 % 126.445 
13 0.01 7.20 % 84.637 28 0.01 5.50 % 155.786 
14 0.01 7.20 % 104.268 29 0.01 4.30 % 167.663 
15 0.01 6.90 % 89.815 30 0.01 5.20 % 128.845 
16 0.01 6.00 % 129.139     
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