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Abstract. Clipping is the process of transforming a real valued series into a sequence of bits representing whether10
each data is above or below the average. In this paper we argue that clipping is a useful and flexible transformation11
for the exploratory analysis of large time dependent data sets. We demonstrate how time series stored as bits12
can be very efficiently compressed and manipulated and that, under some assumptions, the discriminatory power13
with clipped series is asymptotically equivalent to that achieved with the raw data. Unlike other transformations,14
clipped series can be compared directly to the raw data series. We show that this means we can form a tight15
lower bounding metric for Euclidean and Dynamic Time Warping distance and hence efficiently query by content.16
Clipped data can be used in conjunction with a host of algorithms and statistical tests that naturally follow from17
the binary nature of the data. A series of experiments illustrate how clipped series can be used in increasingly18
complex ways to achieve better results than with other popular techniques. The usefulness of the representation19
is demonstrated by the fact that the results with clipped data are consistently better than those achieved with20
a Wavelet or Discrete Fourier Transformation at the same compression ratio for both clustering and query by21
content. The flexibility of the representation is shown by the fact that we can take advantage of a variable run22
length encoding of clipped series to define an approximation of the Kolmogorov complexity and hence perform23
Kolmogorov based clustering.24

Keywords: clipping, time series data mining, Kolmogorov complexity25

1. Introduction26

The increasing prevalence of longitudinal databases has led to a massive growth in27
the amount of research being conducted into time series data mining (TSDM) (Aach28
and Church, 2001; Berndt and Clifford, 1994; Chiu et al., 2003; Keogh, 2002; Yi and29
Faloutsos, 2000). A key feature of many time series databases is their enormous size. It30
is not uncommon in fields such as meteorology, medical imaging or customer relationship31
modelling to collect terrabytes or even petabytes of time-dependent data. A proper analysis32
of these huge data sets is often impossible because of memory and time constraints. Thus33
one of the fundamental issues in any TSDM task is how to compress the series while main-34
taining discriminatory power. Many transformations with associated compression schemes35
have been proposed, including Discrete Fourier Transforms (DFT) (Agrawal et al., 1993;36
Bagnall et al., 2005); Discrete Wavelet Transforms (DWT) (Chan and Fu, 1999);37
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Figure 1. A hierarchy of time series representations used for data mining.

Principle Component Analysis (PCA) (Korn et al., 1997; Basak et al., 2004); Piecewise38
Constant (PAA) (Keogh and Pazzani, 2000) and Linear (PLA) (Morinaka et al., 2001)39
Approximations; Symbolic Aggregate Approximations (SAX) (Lin et al., 2003); and40
Chebyshev polynomials (CHEB) (Cai and Ng, 2004). An overview of the alternative rep-41
resentations is shown in Figure 1. This paper investigates the application of a simple42
transformation, clipping, to TSDM problems.43

The choice of representation is strongly influenced by the data mining task and the simi-44
larity objective. The fundamental related issues in any TSDM task are: how to measure the45
similarity between time series; how to compress the series while maintaining discrimina-46
tory power; and what algorithm to use to perform a particular task. The choice of similarity47
measure is problem dependent, but the types of similarity can be categorised as follows:48

• Similarity in time. If the similarity between series is strongly dependent on time a49
correlation or Euclidean based distance metric is normally used.50

• Similarity in shape. The common characteristics that are being searched may be only51
weakly dependent (or independent) of time. Recent research (Ratanamahatana and52
Keogh, 2005) indicates that weak time dependent similarity is most successfully mea-53
sured using dynamic time warping.54

• Similarity in change. Characterized by similarity in the autocorrelation structure (also55
called structural similarity).56

Since similarity in time is just a special case of similarity in shape, the two are often57
grouped together as shape based similarity. We examine how clipping series effects TSDM58
tasks with a shape based similarity objective. Clipped series are simply binary series where59
each bit stores whether the raw data point is above or below the average. Clipping, or hard60
limiting, a time series is the process of transforming a real valued time series C into a61
binary series c where 1 represents above the population average and 0 below, i.e. if µ is the62
population mean of series C then63

ct =
{

1 if Ct > µ

0 otherwise
(1)
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Figure 2. A time series of length 64, denoted C, is converted to the clipped representation, denoted c, simply
by noting the elements of C that are strictly above zero, and setting the corresponding bits in c to 1, and setting all
other corresponding bits to 0.

Since we are not interested in detecting differences in population mean, we can assume64
without loss of generality that µ = 0. As shown in Figure 2, clipping replaces each real65
valued data point with a single bit.66

Clipping is a very simple transformation that has been used in many other research67
context (Kedem, 1980; Weld and de Kleer, 1990). It is also a transformation that data68
mining practitioners may have found useful through experience. Our contribution is to69
theoretically and experimentally examine the usefulness of the representation in the context70
of time series data mining and to demonstrate its flexibility by showing how clipped series71
can be used in conjunction with a variety of algorithms and statistical tests.72

Clipping a series can yield compression ratios from 32:1 to better than 1000:1, while still73
retaining a large amount of useful information, especially with long series. Clipping series74
allows for extensive exploratory analysis of databases that otherwise may be too large to75
analyze. Other compression schemes used in TSDM require the user make fundamental76
choices concerning what type of transformation to use and what compression ratio to77
adopt. For example, an analyst wishing to compress a very large data set prior to building78
a classifier must choose whether to use local approximations, e.g. Wavelets, or a global79
method such as Discrete Fourier Transforms (DFT). Once a type of transformation is80
chosen, the user then needs to select from a choice of methods (such as Haar, Debuchies81
or Symlet Wavelets) and/or compression techniques (e.g. keep the first or largest DFT82
coefficients). There are then other parameters to set, not least of which is the compression83
ratio. Often, all of these choices need to be made prior to any real data mining and the size84
of the data means parameter tuning is infeasible. In contrast, clipping is a data dictated85
compression scheme. It is simple to perform and fundamental graphical characteristics of86
the original data are retained. Another benefit of using binary series is that there are many87
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procedures applicable to binary data but not useable for TSDM with other representations.88
This means that clipped series can often be employed to obtain results of higher quality than89
other techniques. Hence, the central message of this paper is that because of the simplicity,90
flexibility and quality of the results obtained, clipping should be the first transformation91
used in an exploratory analysis of very large time dependent data sets. This paper seeks to92
verify this claim both theoretically and experimentally.93

Bagnall and Janacek (2005) extend the work of Kedem (1980) to demonstrate the advan-94
tages of clipping for clustering based on similarity in change. Bagnall and Janacek (2005)95
prove that if the underlying series is stationary Autoregressive Moving Average (ARMA),96
then, if we assume that the unclipped series is both Gaussian and stationary to second97
order, the clipped series is asymptotically ARMA. They demonstrate experimentally how98
this property means that clipped series can be used to find clusters as accurate as those99
formed with the raw data but far faster. In this paper we describe how clipping can be used100
for shape based similarity for the TSDM tasks of clustering, classification and query by101
content (indexing). We show that:102

1. Uniquely amongst the representations shown in Figure 1, clipped series can be compared103
directly to the raw data series. In Section 2.1 we show how this characteristic means104
we can form a tight lower bounding distance metric for Euclidean and Dynamic Time105
Warping distance.106

2. Under some basic assumptions, the difference in discriminatory power between clipped107
and unclipped tends to zero as the series length tends to infinity (Section 2.2).108

3. Clipped series can be very efficiently stored and manipulated. In Section 3 we describe109
how by using variable length prefix encoding (Huffman, 1952; Schwarz, 1964) we can110
get compression ratios of up to 1000:1 with a lossless compression of clipped data.111

4. Run length encoding is just one way we can exploit the binary representation. In Section112
4 we describe some algorithms and statistics that can be adapted for use with clipped113
series.114

5. In Section 5 we compare using a clipped representation with two popular alternatives,115
DFT and PAA (The PAA representation is equivalent to Haar wavelets when the length116
of time series is a power of two (Keogh and Pazzani, 2000; Yi and Faloutsos, 2000).117

The experiments in Section 5 demonstrate the benefits of clipping on a large number118
of data sets. We use clipped series in increasingly complex ways to illustrate the great119
flexibility of the representation. Section 5.1 shows that working directly with the clipped120
series lead to better clustering on simulated and real world data sets, assuming a compression121
ratio of 32:1. Section 5.2 demonstrates that variable run length encoded sliding windows of122
clipped series (described in Section 3) leads to better indexing results when the Euclidean123
distance lower bounding function defined in Section 2.1 is used. Section 5.3 illustrates that124
the Dynamic Time Warping of run length encoded sliding windows of clipped series also125
performs better on the same data sets as used in Section 5.2. In Section 5.4 we assess the126
performance of Kolmogorov complexity clustering (Li et al., 2003) of clipped series, one of127
the most promising extensions described in Section 4. Finally, in Section 6 we summarize128
our findings and highlight some future directions.129
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2. Similarity measures for clipped series130

The distance between series Q = Q1, Q2, . . . , Qn and C = C1, C2, . . . , Cn is most131
commonly measured by the squared Euclidean distance, given in Eq. (2).132

DE (Q, C) =
n∑

t=1

(Qt − Ct )
2 (2)

Equation (2) can be used to measure the Euclidean distance between two clipped series,133
DE(c, q), and the bitwise representation can be exploited to calculate DE more efficiently134
(see Section 3). DE(c, q) is the natural approximation of DE(C, Q) to use with clustering.135
However, one of the advantages of clipping over other representations is that Equation (2)136
can also be used if only one series is clipped. This is beneficial for classification or query by137
content, particularly if it is prohibitively expensive to transform the test data or candidate138
series. It also allows us to form tighter lower bounds on the distance function for indexing139
(see Section 3.1).140

For similarity in shape, Dynamic Time Warping (DTW) is commonly used to miti-141
gate against distortions in the time axis (Ratanamahatana and Keogh, 2005). Suppose142
M(Q, C) is the n×n pointwise distance matrix between Q and C, where Mi, j = DE (Qi , C j ).143
A warping path W = 〈(a1, b1), (a2, b2), . . . , (ak, bk)〉 is a set of points that define a traver-144
sal of matrix M. A valid warping path must satisfy the conditions (a1, b1) = (1, 1) and145
(ak, bk) = (n, n) and that 0 ≤ ak+1 − ak ≤ 1 and 0 ≤ bk − bk+1 ≤ 1 for all k < n.146

The DTW distance between series is the path through M that minimizes the total distance,147
subject to constraints on the amount of warping allowed which is is determined by the148
warping window width parameter r. This places a constraint on the maximum difference149
between the warping indexes ak and bk. A full window width (r ≥ n) means all paths are150
considered whereas the minimum window width (r = 0) results in DTW simplifying to151
Euclidean distance. Let Wr be the space of all feasible paths for warping window r and152
w j = M(Qa j , Cb j ) be the distance between element aj of Q and bj of C for the j th pair of153
points in a warping path.154

The distance for any path X is the sum of the distances between the points in that path155

DX (Q, C) =
k∑

i=1

xi .

The DTW path Wr is the path that has the minimum distance for a given warping window156
r, i.e.157

Wr = min
X∈W∇

(DX (Q, C)),

and hence the DTW distance between series is158
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DWr (Q, C) =
k∑

i=1

wi , (3)

The warping window is kept constant in experiments, hence we denote the DTW distance159
between two series Q and C as DW (Q, C). As with Euclidean distance, the warped distance160
between series can be calculated directly with the clipped series (DW (q, c)), or if just one161
series is clipped (DW (Q, c) or DW (q, C)).162

Note that this formulation only allows lower bounding where the two series Q and C163
are of the same length. However recent work? has shown that we can re-interpolate two164
sequences of differing lengths to be equal length with no measurable effect on accuracy of165
classification, or precision/recall of indexing.166

2.1. Lower bounding for indexing167

In order to achieve efficient indexing with compressed series it is essential that the distance168
measure used lower bounds the distance for the uncompressed data (Agrawal et al., 1993).169
However, for a query Q and candidate match C, it is clear that neither DE(q, c) nor DE(Q,170
c) lower bound DE(Q, C). Equation (4) defines a distance function that does lower bound171
Euclidean distance between C and Q.172

LB clipped(Q, c) =
n∑

i=1




Q2
i if Qi > 0 and ci = 0

Q2
i if Qi ≤ 0 and ci = 1

0 otherwise

(4)

Proposition 1. For any two time series Q and C of length n, LB clipped(Q, c) ≤173
DE (Q, C).174

Proof: Since the distance between any two points with either measure is non-negative, it175
is sufficient to show that for any length 1 series x and y with two real values x1, y1 we have176
LB clipped(x, y) ≤ DE (x, c), where c is the clipped series of y, and so c1 is the clipped177
value of the single element of y, y1 . The result for a series of n points then naturally follows.178
Firstly we note that by the definition of Euclidean distance 2, DE (x, y) ≥ 0 ∀xi , yi ∈ �.179
We then consider the four possible cases for single value series.180

(1) x1 > 0 and y1 > 0 (c1 = 1)181
(2) x1 ≤ 0 and y1 ≤ 0 (c1 = 0)182
(3) x1 > 0 and y1 ≤ 0 (c1 = 0)183
(4) x1 ≤ 0 and y1 > 0 (c1 = 1)184

�

In cases (1) and (2), LB clipped(x, y) = 0 by definition of Eq. (4), hence185
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hatch lines. Because every hatch line for LB clipped(Q, c) is matched with the corresponding line in D(Q, C)
which is at least as long, we must have LB clipped(Q, c) ≤ D(Q, C) .

LB clipped (x, y) ≤ DE (x, c). In cases (3) and (4), LB clipped(x, y) = x2
1 . DE (x, y)186

can be rewritten as x2
1 + y2

1 − 2x1 y1. The fact that y2
1 ≥ 0 and x1 y1 ≤ 0 means that187

y2
1 − 2x1 y1 ≥ 0. Hence188

LB clipped(x, y) = x2
1 ≤ x2

1 + y2
1 − 2x1 y1 = D(x, c).

Thus, for any two series with a single real valued element, the clipped distance is less than189
or equal to the Euclidean distance. Since both distance measures are metrics, the distance190
between two points is never negative, hence LB clipped(Q, c) ≤ D(Q, C) for any series191
of real numbers Q and C.192

An intuitive example of why Proposition 2.1 is true is show in Figure 3. Note that if Q193
is also clipped, LB clipped(q, c) is identical to DE (q, c).194

It is also true that the dynamic time warping distance between clipped series, DW (q, c)195
does not lower bound the distance between the full series DW (Q, C). To find a dis-196
tance measure that does lower bound DW (Q, C), we first define two new sequences,197
U = 〈U1, U2, . . . , Un〉 and L = 〈L1, L2, . . . , Ln〉. Let K = {−r,−r + 1, . . . , r − 1, r}.198
Then199

Ui = max
k∈K

(Qi+k)

and200

Li = min
k∈K

(Qi+k).
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Figure 4. The intuition behind the lower bounding function LB Keogh clipped(Q, c), which lower bounds
DTW(Q, C).

U and L form a bounding envelope that encloses Q from above and below (see Figure 4).201
Given U and L, Eq. (5) defines a function LB Keogh clipped(Q, c) which lower bounds202

DW (Q, C).203

LB Keogh clipped(Q, c) =
n∑

i=1




L2
i if Qi > 0 and c = 0

U 2
i if Qi ≤ 0 and c = 1

0 otherwise

(5)

The proof that LB Keogh clipped (Q, c) ≤ DW (Q, C) is a straightforward combination204
of the proof above and the proof in Keogh (2002); we omit it here for brevity.205

2.2. Asymptotic properties of clipped series206

The fact we can lower bound both the Euclidean distance and the DTW distance without207
transforming the query series supports the use of clipping with query by content. However,208
it does not tell us anything about the ability of the clipped distance to approximate the209
true distance. We can relate the auto and cross correlations function to their clipped series210
versions by using the following result.211

Proposition 2.2. Suppose X and Y are bivariate normal with zero means and common212
unit variances. Define the indicators Ix and Iy as213

Ix = 1 when X > 0 and 0 otherwise

Iy = 1 when Y > 0 and 0 otherwise
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then214

E[Ix Iy] = 1

2π
arcsin (ρ)

where ρ is the correlation between X and Y.215

Proof: The (X, Y) density function is216

f (x, y) = 1

2π
√

1 − ρ2
exp

{
− 1

2(1 − ρ2)
(x2 + y2 − 2ρxy)

}

so217

P[X > 0] = 1

2π
√

1 − ρ2

∫ ∞

0

∫ ∞

−∞
f (xy) dy dx = 1/2

and P[Y > 0] = 1/2 from symmetry.218
In addition219

P[X > 0, Y > 0] = 1

2π
√

1 − ρ2

∫ ∞

0

∫ ∞

0
f (xy) dx dy

= 1

2π
√

1 − ρ2

∫ ∞

0

∫ π/2

0
r exp

{
− 1

2(1 − ρ2)
(1 − ρ sin 2θ )r2

}
dθdr

using polars. This gives220

P[X > 0, Y > 0] = 1

2π
√

1 − ρ2

∫ π/2

0

1

1 − ρ sin 2θ
dθ

= 1

2π

{
π

2
+ arctan

(
ρ√

1 − ρ2

)}

It then follows that221

E[Ix Iy] = 1

2π
arctan

(
ρ√

1 − ρ2

)

Since222

arcsin(ρ) = arctan

(
ρ√

1 − ρ2

)

we have223

E[Ix Iy] = 1

2π
arcsin(ρ)
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and hence224

correlation[Ix Iy] = 2

π
arcsin(ρ) (6)

�
225

This result establishes a one to one monotonic function between the correlation of clipped226
and unclipped series. Suppose Xt and Yt are Gaussian time series, where each observation227
is normally distributed, and that the clipped series are Ct and Dt. From Eq. (6) we deduce228
that the cross correlation function, ρxy(k) is229

ρcd (k) = 1

2π
arcsin(ρxy(k)) k = · · · ,−2,−1,−0, 1, · · · (7)

For clipped series, the Euclidean distance between two series is a linear function of the230
correlation, if we assume a zero mean. This means that if we knew the correct correlation231
between clipped series, we could detect differences between the series as accurately with232
clipped data as with unclipped data. Of course, we never know the true correlation. Instead,233
we estimate it from data. Hence, to show that Euclidean distance on clipped data can234
discriminate as accurately as on unclipped data we have to show that the estimate of the235
correlation tends asymptotically to the true value, i.e. the estimator is unbiased and that the236
variance tends to zero as n increases, i.e. the estimator is consistent. The common estimate237
cross-covariance γxy(y) between series is238

γ̂xy(k) = 1

N

N−|k|∑
t=1

(Xt − X̄ )(Yt − Ȳ )

with a cross correlation estimate of239

ρ̂xy(k) = γ̂xy(k)/
√

γ̂xx (0)γ̂yy(0).

However in that clipped case we know that E[Ct ] = 1/2 and that Var(Ct ) = 1/4 so our240
estimate will be241

γ̂C D(k) = 1

N

N−|k|∑
t=1

(
Ct − 1

2

) (
Dt − 1

2

)

while242

ρ̂C D(k) = 4γ̂C D(k)

Now to show that our estimates are unbiased and consistent we need to take expectations243

E[γ̂C D(k)] = E
1

N

N−|k|∑
t=1

(
Ct − 1

2

)(
Dt − 1

2

)

= 1

N

N−|k|∑
t=1

γC D(k) =
(

1 − |k|
N

)
γC D(k)
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Figure 5. Variation in the estimate of the correlation between series. Figure (a) shows the mean estimate and
one standard deviation above and below the mean (the true correlation between series is 0.5). Figure (b) shows
the variance of the estimate.

which is asymptotically unbiased.244
To prove consistency we need to look at the variance of γ̂C D(k). This will involve at245

some point the evaluation of terms of the form246

E[Ct Dt+kCs Ds+k]

and orthant probabilities P[Xt ≥ 0, Yt+k ≥ 0, Xs ≥ 0, Ys+k ≥ 0]. The analytical evaluation247
of these has been an unsolved problem for many years. We can demonstrate the consistency248
experimentally by repeatedly measuring the correlation between randomly generated series249
of differing lengths. Figure 5 shows the variation of the estimate of the correlation over250
100 repetitions of varying length series. It demonstrates clearly that, firstly, the estimate is251
unbiased, and secondly that it is consistent.252

The clipped series maintain the broad shape of the unclipped data, although of course253
fine detail is lost. We can demonstrate this by considering the spectra. The clipped spectrum254
is defined as255

fy(ω) = 1

2π

∞∑
s=−∞

ρy(s)cos(sω)

so, from Eq. (7) and using the expansion for the arcsin, we have for the clipped series256

fc(ω) = 1

2π

∞∑
s=−∞

ρc(s) cos(sω)

=
(

2

π

)
1

2π

∞∑
s=−∞

[
ρY (k) + 1

6
ρY (k)3 + · · ·

]
cos(sω)
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so257

fc(ω) =
(

2

π

) [
fy(ω) + 1

6
fy(ω) ∗ fy(ω) ∗ fy(ω) + · · ·

]

where ∗ indicates convolution. Thus we see that the clipped series spectrum is the unclipped258
spectrum smeared with the convolutions terms.259

We have assumed normality, which commonly will be an invalid assumption. However,260
these results provide a theoretical basis for using clipped data for shape based mining,261
because we know that under ideal conditions, mining with clipped data will produce the262
same results as mining with the uncompressed data. We have concentrated on the correlation263
between series, which is a measure of similarity in time. However, the results generalize264
to the cross correlation and hence extend to the more general case of mining based on265
similarity of shape. So, for example, dynamic time warping essentially involves rescaling266
the time axes of the series to maximize the correlation. For any particular pair of points267
considered in a warping path, we can relate the correlations of the unclipped data to the268
clipped using Eq. (7). Hence for any complete warping path, we can theoretically link the269
correlations between the warped series and hence draw the same conclusions as to the270
asymptotic properties of the clipped data.271

3. Manipulation and storage of clipped series272

One of the benefits of using the clipped representation is that binary series can be manipu-273
lated and stored efficiently. The compression benefits of clipping are obvious. If we assume274
that each data point in the raw time series requires 4 bytes (a conservative estimate), then275
clipping achieves a 32:1 compression ratio. However, we can use various techniques to276
achieve further compression. In Section 3.2 we describe how Run Length Encoding (RLE)277
can improve the compression. We demonstrate that sliding window representations of RLE278
time series can be quickly and efficiently generated, then show how variable length prefix279
encoding of run lengths can be used to exploit regularity in the data sets.280

3.1. Bit comparison281

Using clipped data can provide time improvements for many commonly used algorithms.282
This is because the bit level representation allows for the utilization of bitwise operators.283
For example, when clustering, it is necessary to measure the the distance between two284
clipped series q and c using Eq. (2). DE (q, c) can be efficiently calculated by finding the285
XOR of q and c then summing the number of 1s in the result, i.e.286

DE (q, c) =
n∑

i=1

qi

⊕
ci .

If binary series are packed into integers we can find the terms in the summation very287
quickly using bit operators. We can also speed up the operation to sum the bits. Any288
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Figure 6. The first 512 data points of the Power Demand dataset prior to clipping.

algorithm to count the bits is O(n). However, we can improve the constant terms in the time289
complexity function by using shift operators to evaluate the integer value of each eight or290
sixteen bit sequence then using a lookup table to find the number of bits in that integer.291
This mechanism makes the distance calculation approximately five to ten times faster even292
when the series are loaded into main memory.293

3.2. Compression294

Run Length Encoding (RLE) (Golomb, 1966) is a lossless compression scheme for binary295
series that can achieve significant compression for periodic or seasonal data. For example,296
consider the clipped series297

0000000000000000000000111111111111001000111111111111111111111111

shown in Figure 4. This series could more compactly be written as 22#0, 11#1, 2#0, 1#1,298
3#0, 24#1, (or equivalently as @22,11,2,1,3,24). Regularity in a series can be exploited to299
gain greater compression benefits through encoding run lengths efficiently. For example,300
Figure 6 shows a subsequence of the highly seasonal power-demand data.301

We can usefully encode the run lengths with variable length encoding (prefix encoding)302
(Huffman, 1952; Schwarz, 1964). The distribution of run lengths is shown in Figure 7. The303
most commonly occurring are runs of 43, 42 and 53, and these can be encoded with a shorter304
length key. We use simple Huffman encoding (we found by experimentation that the more305
complex arithmetic encoding in Rissanen and Langdon (1979) yields only slightly more306
compact encodings). With an on-line implementation of Huffman encoding (Knuth, 1985),307
only a single pass over the data is required. The average Huffman code length obtained for308
the entire PowerDemand dataset is only 5.8 bits, giving a compression ratio of 281:1.309

Sliding windows are commonly used in TSDM, particularly for streaming data (Faloutsos310
et al., 1994; Keogh et al., 2000). With RLE clipped data, time series in consecutive sliding311
windows are frequently identical except for differences in the first and last run. This can be312
exploited to further compress the windows. For example, consider the run length encoding313
@22,11,2,1,3,24 for the data shown in Figure 4. Suppose the encoding of the next five314
sliding windows is:

315
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Figure 7. The relative frequency of run lengths for the Power Demand dataset for a single year.

@22, 11, 2, 1, 3, 24316
@21, 11, 2, 1, 3, 25317
@20, 11, 2, 1, 3, 26318
@19, 11, 2, 1, 3, 27319
@18, 22, 2, 1, 3, 27, 1320
@17, 22, 2, 1, 3, 27, 2

321
The first four windows are very similar (changes are italicized for clarity) and can be322

compressed. By introducing a new symbol $ to represent incrementing the last run and323
decrementing first run by 1 this form of numerosity reduction results in the final encoding324

@22, 11, 2, 1, 3, 24$3@18, 22, 2, 1, 3, 27, 1$1.

With the Power Demand dataset which has size 10,000 data points, numerosity reduction325
together with Huffman coding yields a huge compression ratio of 1057:1.326

In Section 4 we describe various algorithms that can manipulate RLE clipped time series.327

4. Using clipped series in TSDM328

In Section 5 we show that clipping often produces better results than other techniques.329
This is not, however, the only benefit of clipping. Further advantages of using a clipped330
representation include:331

1. Many data mining algorithms are faster with binary attributes. For example, many332
machine learning classification algorithms are designed specifically for categorical data;333
splitting algorithms used with classification/decision trees such as Gini, Information334
Gain, Chi-statistic and Twoing all require discretization prior to splitting.335

2. Clipped data can be used by algorithms designed to work on the raw data without336
further parameterization. Clustering, classification, rule discovery, motif discovery,337
visualisation and novelty detection with any shape based distance measure can be338
performed with clipped data just as one would do with the raw data. Query by content339
can be efficiently performed with the lower bounded distance metrics given by Eqs. (4)340
and (5).341

3. Algorithms designed specifically for binary series can be employed. Many of these342
algorithms can work directly with RLE clipped data with no major time overhead. For343
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example, Kaufman and Rousseeuw (1990) describe a hierarchical clustering algorithm344
called MONA (Monothetic Analyis), and Ordonez (2003) describes an online, scalable345
and incremental version of k-means, both of which are designed specifically for binary346
series and can work on RLE data. Another example is a form of neural network called347
a Correlation Matrix Memory (CMM) Austin and Lees (1998) used as part of the348
advanced uncertainty reasoning architecture (AURA) (Austin, 1996). AURA has been349
used successfully in a variety of fields (Hodge and Austin, 2003; Austin et al., 2005)350
but requires binary input vectors. A natural way of applying CMM and AURA to time351
series would be to use it in conjunction with RLE clipped data, with, for example, the352
k-NN binary classifier described in Austin and Zhou (1998). More generally, there are353
numerous algorithms for clustering categorical data that can be applied to clipped series354
(For example, Ganti et al., 1999; Huang, 1998.)355

4. Clipped series can be run length encoded. The fact that we can lossless compress clipped356
data with a model based technique means that algorithms that are not applicable to any357
other representation shown in Figure 1 can be used with clipped data. This advantage is358
discussed in more detail in Sections 4.1 and 4.2.359

4.1. Kolmogorov complexity for RLE clipped series360

Recently, Li et al. (2003) have proposed a clustering algorithm inspired by the concept361
of Kolmogorov complexity. The Kolmogorov complexity K(x) of a string x is defined as362
the length of the shortest program capable of producing x on a universal computer—such363
as a Turing machine. Intuitively, K(x) is the minimal quantity of information required to364
generate x by an algorithm. The conditional Kolmogorov complexity K (x | y) of x given365
y is defined as the length of the shortest program that computes x when y is known. If x366
and y are similar and y is known, then information present in y will mean that a very short367
program can be used to generate x. Equation (8) shows a distance metric derived from the368
Kolmogorov complexity is based on the difference between K (x | y), K (y | x) and K(xy),369
where K(xy) is the complexity of string x concatenated with string y.370

DK (x, y) = K (x | y) + K (y | x)

K (xy)
(8)

The Kolmogorov complexity is commonly estimated by standard off-the-shelf compres-371
sion algorithms, such as WinZip or Stuffit. If C(x) is the size of compressed string x with372
the chosen compression algorithm and C(x | y) is the size of file x after compressing it with373
the compression model built for y then the distance between two strings is given by Eq. (9).374

375

DC (x, y) = C(x | y) + C(y | x)

C(xy)
(9)

376
Li and Vitanyi have shown that this distance measure works well for clustering data377

from a wide range of domains, such as DNA strings, MIDI files, natural language text378
and computer programs. However, a key feature of using the estimate of the Kolmogorov379
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complexity given in Eq. (9) is that the compression algorithm must be lossless and use a380
model learnt from the data (typically a substitution dictionary). While there are a host of381
compression algorithms for real-valued time series (DFT, DWT, SVD, etc.), virtually all382
of them are lossy. The handful of lossless techniques (delta encoding, for example) do not383
produce a compression model. However, compression of clipped data with variable length384
RLE model described in Section 3.2 is both lossless and uses a model. We can, therefore,385
define C(x | y) as the size of time series x when compressed with the run length dictionary386
learned for time series y. In Section 5.4 we show how this measure produces good clusters387
on a hard problem.388

4.2. Statistical tests for RLE clipped series389

The RLE gives us the runs of 1’s and 0’s together with their lengths. The frequency390
distributions derived to form the variable length RLE can for the basis for statistical non391
parametric procedures for runs data. The most obvious way of using RLE clipped data is392
for a runs test for randomness of a single series (Bradley, 1968). Highly structured data393
will have a regularity of pattern in runs of 1’s or 0’s not evident in random data. Rices’ well394
known zero crossing result states that if D is the number of crossings of the mean then the395
autocorrelation of order 1, ρ(1) is related to the expected value of D by396

ρ(1) = cos

(
π E[D]

N − 1

)

(Rice, 1944) Figure 7 shows an example of a highly structured run length distribution397
indicating extreme deviation from randomness. Figure 8 show the distribution of run length398
for a clipped AR1 process with parameter 0, 0.5, −0.5 and −0.9. A runs test would detect399
that Figures 8(b), (c) and (d) are significantly different to Figure 8(a). We can also detect400
that, for example, Figure 8(b) is significantly different to Figures 8(d). Since we have the401
entire frequency distribution of run lengths we can compare two series by using a measure402
of discrepancy between their two runs distributions. Any test of distribution can be used403
to discriminate between series based on the runs frequency. For example, we currently use404
a Chi-squared criterion, but alternatives such as the Kolmogorov-Smirnov distance may405
prove useful. Chi-squared statistic is a simple and well used measure and we are currently406
investigating the possibility of decomposing it into orthogonal components to examine the407
moments of the observed frequencies (Rayner and Best, 2001).408

A recent statistical research direction directly applicable to query by content and anomaly409
detection has been into scan statistics (Glaz and Balakrishnan, 1999; Glaz et al., 2001).410
Scan statistics relate to distributions over sliding windows. One of the problems with scan411
statistics is that they can become difficult to calculate for real valued series. For binary412
series however, the estimates are much easier to calculate. Furthermore, these statistics can413
be calculated directly from the numerosity reduced variable run length encoded time series.414
This means it is feasible to apply this promising technique to very long time clipped series.415
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Figure 8. Variation in the run lengths for for different AR models 1.

5. Results416

In this section, we will provide extensive empirical evidence of the benefits of clipping.417
Our sequence of experiments is designed to show how the clipped representation can418
be used to good effect in increasingly complex ways. The first experiments described in419
Section 5.1 involve clustering clipped series directly with Eq. (2). Section 5.2 reports a420
set of experiments assessing clipped representations with sliding windows and run length421
encoding for query by content. The third set of experiments in Section 5.3 demonstrate422
that clipped series give better indexing results when used with sliding windows, run length423
encoding and dynamic time warping. Section 5.4 summarizes the final set of experiments424
which show how the variable length encoding methods can be employed in conjunction425
with Kologorov based clustering to achieve better results.426

Over 50 different datasets were used in the experiments, all freely available at (Keogh427
and Folias). The datasets range from 66 kilobytes to 2 gigabytes in size.428

The experiments are designed to remove the possibility for bias against either DFT or429
PAA. For example, in PAA representation, if m (the number of constant approximations)430
is less than two or does not evenly divide the length of the sliding window, we increase m431
to two or to the next smallest integer that evenly divides the size of sliding window. This is432
advantageous to PAA, as it will result in a lower compression ratio, but is justified by the433
observation that since the data is normalized, having a single constant approximation is not434
informative.435
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5.1. Clustering clipped series436

We examine a class of problems where a DFT approach should produce good results and437
show that clipping does better than the most commonly used DFT approach described in438
Agrawal et al. (1993). The class of model we consider is generated from a mixture of Sine439
waves. A generating model is of the form440

M(t) =
r∑

j=1

a j · sin(b j + c j · t) (10)

441
The parameters a, b and c control the amplitude, offset and frequency of the curves442

respectively. Each can take a value on the range [0,1], but they are scaled so that any443
particular sine wave has a maximum amplitude of 2 and a maximum offset of n/2 (where444
n is the series length). A frequency parameter of 0 means the sine wave completes a single445
oscillation over the data length, and a frequency parameter of 1 means the curve will446
complete n/4 cycles over the n data points. For a clustering experiment we generate k447
different models, M1, M2, . . . , Mk , then each time series from cluster c is found by adding448
Gaussian noise to Mc. We wish to assess whether compressed data can be clustered as449
accurately as the raw data. Our aim is to evaluate which representation provides clusters as450
accurate as the baseline results on the class of model described. Following the algorithm451
described in Agrawal et al. (1993), we cluster with DFT by performing an O(n log n) FFT,452
retain the first fc coefficients (set to n/64 to achieve a compression ratio of 32:1), then453
use Euclidean distance between the difference of the coefficients as the clustering distance454
metric. We cluster data from eight clusters, with five series in each cluster, generated from455
functions of the form given in Eq. (10) with parameters randomly selected in the range456
[0,1], each model being a combination of three sine waves (i.e. r = 3). We cluster with457
k-means restarted 100 times at random initial centroids. Each series is 1,024 data points458
long. An example of the data from 6 series is shown in Figure 9.459

The results for 20 randomly generated sets of models are shown in Table 1. Accuracies are460
measured by enumerating all possible cluster labelings and comparing against the known461
correct clustering. The clipped clusters are often identical to those found with the raw data462
and the difference in mean accuracy is very small. On 12 out of the 20 runs, the clipped463
series found completely correct clusters, whereas the DFT approach, in addition to having464
a significantly lower average accuracy, found the correct clustering on a single occasion465
only.466

Table 1. The mean accuracies for 20 randomly generated sets of models.

Mean accuracy Number of perfect clusterings

Raw 96.87% 15

Clipped 94.22% 12

DFT 81.56% 1
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Figure 9. Example of sine wave data series from three separate cluster models.

More recent DFT approaches such as those described in Morchen (2003) and Vlachos et al.467
(2005) may perform better on the data used in these experiments. The choice of how to468
compress the DFT coefficients is problem dependent. This demonstrates one of the strengths469
of clipping, in that it is a very simple, robust, procedure with no need for parameterization.470
It clusters well inrelation to using the raw data for all parameter settingsattempted, and has471
been shown to do well on data where a DFT approach is not appropriate (see Bagnall and472
Janacek, 2004, 2005). To demonstrate how clipping can help with a real world problem,473
especially in large datasets, we clustered optical recording data from a bee’s olfactory474
system. Analysis of this data can help us understand the mechanisms of the olfactory code475
and the temporal evolution of activity patterns in the antennal lobe. Further information can476
be found in Galan et al. (2004). The data consists of 980 images, each image containing477
of 688 × 520 measurements. If we consider each position in the image as a time series,478
the data consists of 357,760 time series of length 980. Preliminary analysis has shown479
that clustering the series based on similarity in time produces results that have a sensible480
physiological interpretation (Galan et al., 2004). We cluster with k-means (with k set to 16)481
restarted 50 times from random initial centroids, and take as the best clustering the one with482
the lowest within-cluster variation. The dataset size is around 2 gigabytes, so clustering483
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Figure 10. Sixteen clusters produced using (a) the whole 2-gigabyteraw data (b) clipped series (c) DFT series
(d) PAA series. Thesepictures can be seen at http://www.cmp.uea.ac.uk/Research/kdd/.

the raw data may be prohibitively demanding of time and space resources. A single run of484
k-means takes 50–150 iterations to converge (taking hours to complete), and most machines485
do not have 2 gigabytes of main memory. Hence, some form of data reduction is appropriate486
for this problem. We use this data set to demonstrate that compressing the data through487
clipping can produce clusters more similar to those produced with the whole data than488
those found using DFT and PAA. We assume that clipping provides a compression ratio of489
32:1 (in practice, it may be much higher than this) and we set the parameters of DFT and490
PAA to achieve a similar or smaller ratio. For PAA, we compress each series into 49 mean491
values (since the number of PAA coefficients must evenly divide the length of each time492
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series), giving a compression ratio of 20:1. For DFT, we pad the series to length 1024 and493
retain the first 17 DFT coefficients, giving 29.7:1 compression ratio.494

The results for all four techniques are shown in Figure 10. It is clear from these plots495
that the clusters with clipped series are much closer to those found with the raw data496
than those formed with DFT and PAA. There are structural similarities between all four497
clusterings, but the clipped clusterings are much more clearly defined than those found with498
PAA and DFT. The only major difference between the unclipped and the clipped clusters is499
an additional central cluster formed around position (325,450) with the unclipped data. To500
measure the similarity between the clusterings, we use three well-known measures based on501
the count of coincidence of common cluster membership: the Jaccard coefficient (Milligan502
et al., 1983); the Randstatistic (Rand, 1971); and the Folkes and Mallows index (Fowlkes503
and Mallows, 1983). For all three measures, higher values indicate a greater degree of504
similarity. We randomly selected 10 clusterings from the run of 50 for each experiment505
with clipped, DFT, and PAA compression. For each of these 10 clusterings, we measure506
the similarity to 10 randomly selected clusterings formed with the complete data, giving507
us 100 sets of comparisons for each technique. The mean Jaccard, Rand, and Folkes and508
Mallows statistics, along with the standard deviations, are shown in Table 2.509

For each of the three measures, we can, at the 1% level, reject the null hypothesis that510
(clipped, DFT), and (clipped, PAA) average similarity are the same (using a t-test for the511
mean anda Mann-Whittley test for the median). This clearly demonstrates that, when using512
restarted k-means with an objective to cluster based on similarity in time, clipping is a513
more appropriate compression than DFT or PAA for this data set. This is true even though514
we have assumed the compression ratio is 32:1. In practice, as we show in the following515
sections, much better compression can normally be achieved with RLE.516

5.2. Indexing sliding windows517

We tested our approach for indexing on twelve datasets with a wide range of shape proper-518
ties, all available from the UCR Time Series Data Mining Archive (Keogh and Folias). The519
sizes of the data sets range from 6,875 data points to 198,400 data points. The problemis520
to assess which of the clipped, PAA and DFT techniques will find the nearest neighbour to521
a query series in the shortest time.522

Since it is known to dominate the query time and provide a good indication of the523
tightness of the lower bound (Keogh and Kasetty, 2003) performance is measured by the524
number of I/O disk accesses required. This also avoids any possibility of implementation525
bias.526

Table 2. Average similarity and standard deviation between the clusters formed with the raw and compressed
data, comparing among10 clusterings for each technique.

Jaccard Rand Folkes and Mallows

Clipped 0.4456 ± 0.042 0.9469 ± 0.006 0.6156 ± 0.04

DFT 0.2108 ± 0.017 0.9118 ± 0.012 0.3425 ± 0.093

PAA 0.2761 ± 0.017 0.9227 ± 0.003 0.4327 ± 0.021
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Figure 11. Sections of length 1,000 from each of the twelve datasets used in the experiments.

For realism, we construct our experiment so that there is never an exact match in the527
database. We do this by removing a randomly selected section of size query length plus 100,528
then forming a query by taking away the first and last 50 points. The remaining data is then529
clipped, and the database to be queried is formed by using a sliding window over the clipped530
series. So, for example, if the original series is length 1000 and the query is size 200, the531
data base will contain 500 binary series of length 200. These series are run-length variable532
size encoded with numerosity reduction (as described in Section 3.2). The data dictated533
compression ratio resulting from this process is then used to determine the parameters for534
PAA and DFT. For the twelve data sets considered the compression ratios for clipped data535
range between 60.2:1 to 1,089.5:1 (the complete list is given in Table 3).536

The nearest neighbour is found by first computing the lower bound distances between537
a query and all the sequences in the database and then determining in ascending order of538
lower bounded distance which sequence is the true nearest neighbor solution.539

The lower bound distances for clipped data were calculated using Eq. (4); The lower540
bounded distances for PAA and DFT were found by first transforming the query series then541
calculating the Euclidean distance between retained parameters.542

Table 3 gives the number of disk accesses for all the data sets. To allow a visual543
comparison, Figures 12 and 13 present the results from Table 3 normalized by the worst544
performing algorithm on each data set.545
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Table 3. Number of disk accesses required with Euclidean distance lower bounding.

Query size 256 Query size 512

Dataset Size Ratio Clipped PAA DFT Ratio Clipped PAA DFT

Anngun 10, 001 691.2 982 5478 1433 677.6 1053 5614 4656

Burst 9, 382 381.7 2298 4785 2644 498.9 5481 4086 4424

Cstr 22, 500 464 1885 6704 2433 608.8 2445 7533 2978

ERP data 198, 400 239.8 4897 17438 17701 321 8763 33210 1860

Foetal.ecg 20, 000 121.5 3034 7802 10141 157.3 3507 15641 16843

Infrasound 8, 192 390.8 1826 3778 1722 379.1 2474 3119 3263

Koski ecg 144, 002 419.2 3024 10098 2314 628.5 2931 28829 9386

Memory 6, 875 396.9 973 1882 439 715 1513 2739 1134

Network 18, 000 60.2 13421 16174 17084 62.4 12305 17074 17384

Power data 35, 040 437.3 1636 9071 4207 1089.5 708 9949 4214

Power Italy 29, 931 209.9 651 2919 3666 286 771 13430 16765

Winding 17,500 152.3 2090 5433 4214 176.1 2684 5257 6101

With query lengths of 256 and 512, clipped outperforms DFT and PAA on 10 out of546
12 data sets. When considered in conjunction, clipped is always better with either query547
length 256 or 512, and is better with both on 7 out of 12 data sets. It is worth emphasizing548
that these experiments are designed to favour PAA and DFT. We have assumed PAA and549
DFT variables can be stored in two bytes. In addition, we have rounded up the number550
of coefficients to retain to the nearest whole integer and insisted on at least two per series551
irrespective of the compression ratio. These results show that the shape information retained552
by clipping and the ability to further lossless compress clipped series mean that indexing553
on Eulcidean distance is more efficient with clipped data than with DFT or PAA on these554
twelve series. The wide range of shapes displayed by the data sets used (see Figure 11)555
indicates that this result should generalise to a wide class of data distributions.556

5.3. Indexing sliding windows with DTW557

We extended the results described in Section 5.2 by conducting identical experiments,558
except lower bounded Dynamic Time Warping distance metrics were used. For clipped559
series we use the lower bounded defined in Eq. (3). We used the DFT and PAA lower560
bounded distance defined in Zhu and Shasha (2003). Table 4 gives the number of disk561
accesses and Figures 14 and 15 show the normalized graphs. The results are even more562
conclusive than with Euclidean distance. Clipping outperforms PAA and DFT on 11 out563
of 12 data sets with a query length of 256, and on all data sets with a query size of564
256. Furthermore, on most data sets, DTW requires several orders of magnitude fewer565
disk accesses than both PAA and DFT. For example, Clipped outperforms the other two566
approaches by 127,000 disk accesses on the ERP data.567
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Figure 12. Number of disk accesses with lower bounding of Euclidean distance, normalized by the worst
performing approach, using the three representations for the query length of 256 data points.
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Figure 13. Number of disk accesses with lower bounding of Euclidean distance, normalized by the worst
performing approach, using the three representations for the query length of 512 data points.
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Figure 14. Number of disk accesses with lower bounding of DTW, normalized by the worst performing approach,
using the three representations for the query length of 256 data points.
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Figure 15. Number of disk accesses with lower bounding of DTW, normalized by the worst performing approach,
using the three representations for the query length of 512 data points.
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Table 4. Number of disk accesses required with DTW lower bounded distances.

Query size 256 Query size 512

Dataset Size Ratio Clipped PAA DFT Ratio Clipped PAA DFT

Anngun 10, 001 714.2 995 9411 3074 694.6 2 5614 9164

Burst 9, 382 390.3 1832 6607 4269 511.8 795 4086 6572

Cstr 22, 500 474.4 614 12291 7904 612.7 28 7533 10573

ERP data 198, 400 204.2 6 127520 122025 321.5 1 33210 92590

Foetal.ecg 20, 000 121.6 2 14394 11757 159.3 2 15641 6352

Infrasound 8, 192 401.1 1314 6262 4796 387.7 72 3119 968

Koski ecg 144, 002 419.8 370 40955 3759 629.5 711 28829 27215

Memory 6, 875 396.9 1271 2528 953 715.8 2293 2739 2454

Network 18, 000 60.3 434 17583 17441 63 91 17074 17388

Power data 35, 040 440.8 42 21260 15401 1103.9 6 9949 19174

Power Italy 29, 931 210 2 29534 29575 286.2 7 28412 28946

Winding 17, 500 154.3 1 16464 14367 178.2 1 5257 16864

5.4. Kolmogorov complexity distance568

As discussed in Section 4, the ability to lossless compress clipped series means they can569
be used in ways not possible with other representations. We demonstrate this advantage by570
using a Kolmogorov estimate described in 4.1 to cluster time series. These experiments serve571
to demonstrate the flexibility of the clipped representation and highlight the usefulness of572
Kolmogorov complexity based clustering. To test the discriminatory power of the distance573
metric defined by Eq. (9), we took several datasets from the UCR Time Series Archive that574
have natural pairing. For example, in the Bouy sensor dataset, there are two time series,575
East and North, and in the Great Lakes dataset, there are two time series, Ontario and576
Erie. We would expect a clustering algorithm to group these series together. We identified577
twenty-four pairs, from a diverse collection of time series covering domains of finance,578
science, medicine and industry.579

The dendrogram produced from clustering this data with single linkage hierarchical580
clustering is shown in Figure 16. We have used a different clustering procedure to that581
described in Section 5.1 to demonstrate that the superior results from clipping are not an582
artifact of the algorithm used. The correct hierarchical clustering at the top of the tree583
is somewhat subjective, but at the lower level of the tree we would hope to find a single584
bifurcation separating each pair in the dataset. Our metric, Q, for the quality of clustering585
is therefore the number of such correct pairwise groupings divided by the number of pairs.586
For a perfect clustering Q = 1 and for a random clustering, we would expect Q = 0587
(the number of possible dendrograms of forty-eight objects is greater than 2.2∗10106).588
The clustering shown in Figure 16 has a performance measure of Q = 0.875. The minor589
mistakes made, particularly with the grouping of the Furnace and Evaporator sequences are590



Data Mining and Knowledge Discovery SJNW1404-03-28 January 11, 2006 2:27

BIT LEVEL REPRESENTATION FOR TIME SERIES DATA MINING

Chest Volume 1                         

Chest Volume 2                         

Network 1                              

Network 2                              

Buoy Sensor:  North

Buoy Sensor:   East

Balloon 1                               

Balloon 2    (lagged)                      

Great Lakes (Erie)                     

Great Lakes (Ontario)                  

Power : Jan-March Italian     

Power : April-June Italian     

Power : Jan-March Dutch        

Power : April-June Dutch       

Blood Oxygen 1                         

Blood Oxygen 2                         

Reel 2: angular speed                  

Reel 2: tension                        

Koski ECG: slow 1                      

Koski ECG: slow 2                      

Koski ECG: fast 1                      

Koski ECG: fast 2                      

Chaotic 1                              

Chaotic 2                              

Trace 1                                

Trace 2                                

Phone 1                                

Phone 2                                

Furnace: heating input                 

Evaporator: feed flow                  

Furnace: cooling input                 

Evaporator: vapor flow                 

Space Shuttle X-axis 1                 

Space Shuttle X-axis 2                 

Space Shuttle Z-axis 1                 

Space Shuttle Z-axis 2                 

Exchange Rate: Swiss

Exchange Rate: German

Sunspots: 1749 to 1869                 

Sunspots: 1869 to 1990                 

MotorCurrent: 2                         

MotorCurrent: 1                          

Video : Ann, gun           

Video : Ann, no gun        

Video : Eamonn, gun        

Video : Eamonn, no gun     

Aerospace L-1b                         

Aerospace L-1c                         

Chest Volume 1                         

Chest Volume 2                         

Network 1                              

Network 2                              

Buoy Sensor:  North

Buoy Sensor:   East

Balloon 1                               

Balloon 2    (lagged)                      

Great Lakes (Erie)                     

Great Lakes (Ontario)                  

Power : Jan-March Italian     

Power : April-June Italian     

Power : Jan-March Dutch        

Power : April-June Dutch       

Blood Oxygen 1                         

Blood Oxygen 2                         

Reel 2: angular speed                  

Reel 2: tension                        

Koski ECG: slow 1                      

Koski ECG: slow 2                      

Koski ECG: fast 1                      

Koski ECG: fast 2                      

Chaotic 1                              

Chaotic 2                              

Trace 1                                

Trace 2                                

Phone 1                                

Phone 2                                

Furnace: heating input                 

Evaporator: feed flow                  

Furnace: cooling input                 

Evaporator: vapor flow                 

Space Shuttle X-axis 1                 

Space Shuttle X-axis 2                 

Space Shuttle Z-axis 1                 

Space Shuttle Z-axis 2                 

Exchange Rate: Swiss

Exchange Rate: German

Sunspots: 1749 to 1869                 

Sunspots: 1869 to 1990                 

MotorCurrent: 2                         

MotorCurrent: 1                          

Video : Ann, gun           

Video : Ann, no gun        

Video : Eamonn, gun        

Video : Eamonn, no gun     

Aerospace L-1b                         

Aerospace L-1c                         

Chest Volume 1                         

Chest Volume 2                         

Network 1                              

Network 2                              

Buoy Sensor:  North

Buoy Sensor:   East

Balloon 1                               

Balloon 2    (lagged)                      

Great Lakes (Erie)                     

Great Lakes (Ontario)                  

Power : Jan-March Italian     

Power : April-June Italian     

Power : Jan-March Dutch        

Power : April-June Dutch       

Blood Oxygen 1                         

Blood Oxygen 2                         

Reel 2: angular speed                  

Reel 2: tension                        

Koski ECG: slow 1                      

Koski ECG: slow 2                      

Koski ECG: fast 1                      

Koski ECG: fast 2                      

Chaotic 1                              

Chaotic 2                              

Trace 1                                

Trace 2                                

Phone 1                                

Phone 2                                

Furnace: heating input                 

Evaporator: feed flow                  

Furnace: cooling input                 

Evaporator: vapor flow                 

Space Shuttle X-axis 1                 

Space Shuttle X-axis 2                 

Space Shuttle Z-axis 1                 

Space Shuttle Z-axis 2                 

Exchange Rate: Swiss

Exchange Rate: German

Sunspots: 1749 to 1869                 

Sunspots: 1869 to 1990                 

MotorCurrent: 2                         

MotorCurrent: 1                          

Video : Ann, gun           

Video : Ann, no gun        

Video : Eamonn, gun        

Video : Eamonn, no gun     

Aerospace L-1b                         

Aerospace L-1c                         

Figure 16. Forty-eight time series (in twenty-four pairs) clustered using the approach proposed in this paper.
Bold lines denote incorrect subtrees.
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reasonable and plausible. For comparison, Markov models (Ge and Smyth, 2000) scored591
Q = 0.458, and ARIMA/ARMA models (Xiong and Yeung, 2002) scored Q = 0.625.592
In the former case, it took considerable parameter tuning to achieve this score, whereas593
our approach has no parameters. The Kolmogorov clustering algorithm is a technique with594
great potential (see Keogh et al., 2004). However, our primary purpose of using it in this595
paper is not to promote it as a clustering technique. Instead, our objective is to demonstrate596
the flexibility of clipping. The fact that clipped series can be lossless compressed with a597
model based algorithm means that a wide range of algorithms that cannot be used with598
other algorithms can be swiftly and usefully employed.599

6. Conclusions600

This paper assesses the usefulness of clipping for time series data mining based on similarity601
in shape. The theoretical properties of clipped series are discussed in Section 2. We show602
that under normality assumptions, distance measures on clipped data are asymptotically603
equivalent to distances measured on the raw data. We also derive lower bounding distance604
metrics for indexing that have the unique property that they can be used without transforming605
the query series. The practical benefits of clipped series are highlighted in Sections 3 and606
4. Clipped series can be efficiently stored and manipulated, further compressed with RLE607
and can be used in conjunction with a wide range of tests and algorithms specifically for608
binary data. These benefits are demonstrated with a series of four experiment in Section 5.609
In Section 5.1 we demonstrate that clipping series can produce better results than PAA and610
DFT at compression ratios of 32:1. Clipped series can be directly compared to uncompressed611
series and efficiently compressed with a run-length encoding. In Sections 5.2 and 5.3 we612
show these properties mean that Euclidean and DTW distance based indexing with clipped613
series can be performed with up to five orders of magnitude fewer disk accesses than614
with DFT and PAA based indexing. In Section 5.4 we show that the fact a model based615
lossless compression algorithm can be applied means that techniques based on estimating616
the Kolmogorov complexity can be applied to clipped series. In the interests of competitive617
scientific inquiry, all datasets used in this work are available by emailing author Keogh.618

These results demonstrate unequivocally that clipping is a useful transformation for time619
series data mining based on similarity in structure.620

Our advice to the data miner confronted with very large time dependent dataset is to start621
their analysis by clipping their data. It is an intuitive and simple transformation that retains622
much of the fundamental shape and structural information in the data. It can yield better623
results than more complex methods and can be used in conjunction with a wide range of624
algorithms.625
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