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Abstract This paper presents a method for trend extraction from seasonal time se-
ries through the Empirical Mode Decomposition (EMD). Experimental comparison
of trend extraction based on EMD and Hodrick Prescott filter are conducted. First re-
sults proved the eligibility of EMD trend extraction. Tunisian real peak load is used
to illustrate the extraction of the intrinsic trend. Finally a remark about wavelets,
a natural competitive method for EMD, reinforce the conclusion that that EMD
trend extraction method does not require any tuning parameter or any wavelet choice
thanks to its adaptive nature.

1 Introduction

Time series often contain many components such as seasonal and cyclical com-
ponents, trends and irregularities, if we assume an additive decomposition model.
However, even under this simplified form, trend extraction and seasonal adjustments
are difficult tasks of time series analysis, due to the extreme variety of time series
with their own time scales. Thereby, the trend has fuzzy general definition, despite
its great practical importance. Nevertheless, it is considered to be a ”smooth addi-
tive component that contain information about global change”, see [1]. This adopted
definition make trend extraction an ambiguous task since we can found many several
candidates from a time series which match this definition. Therefore, trend extrac-
tion should be related to time scales. For example, it is of great interest to extract
very smoothed trend components from time series for long- or medium-term load
forecasting.
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Assuming additive decomposition model of time series, we will investigate in
this paper the eligibility of trend extraction based on the Empirical Mode Decom-
position (EMD), introduced by Huang et al. (see [3]). The EMD method is useful
particularly to deal with possibly nonstationary and nonlinear which often charac-
terize time series. The motivation to use the EMD is that it consider the signal as a
superposition local sums of oscillatory components, extracted form upper and lower
envelope, so-called Intrinsic Mode Functions (IMF). The IMFs are fully data-driven
and local in time. This is important since it allows to identify various trends at dif-
ferent time scales. This method is easy to implement and does not use any predeter-
mined transforms which depend on the choice of a particular theoretical structure.
Furthermore, the EMD is an adaptive method which is entirely empirical and cap-
tures the characteristics in separate IMFs, explaining why it has been successfully
applied in many engineering fields, see e.g. [2], [11].

The outline of the paper! is as follows. Section 2 recalls some facts about Em-
pirical Mode Decomposition and sketches how it is a good candidate for knowledge
extraction. Section 3 experiments EMD-based trend extraction method on simulated
seasonal time series, and compare it to the moving average (MA) filtering and the
widely used trend extraction method based on Hodrick-Prescott filter (see e.g. [6]).
Then, Section 4 illustrates the method on real data by extracting trend component
of the Tunisian peak load® from 2000 to 2006. This section include a final remark
about wavelets, a natural competitive method for EMD.

2 Empirical Mode Decomposition and intrinsic trend

2.1 Time scales and trend extraction of time series

Let us consider observed additive time series y = (y1,y2...y7,,,) supposed to be of
the form:

w=TL+S8$+C+I (D

where the different components are trend (7'), seasonal components (S), cycles (C)
and irregular term () for error modeling. With respect to this usual form, we will
not make distinction between seasonal and cyclical components, in order to make
these components identifiable. So, the signal decomposition reduces to :

=T +SC+1 @)

A first version of this paper is presented at the next conference Compstat2010 in Paris-France,
August 22-27, 2010

2 This work was supported by 2005/2007 VRR research project with Department of Studies and
Planning of Tunisian Society of Electricity and Gas (STEG)



Empirical Mode Decomposition for Trend Extraction. Application to Electrical Data 3

where SC represents seasonal and cyclical components. Several techniques have
been traditionally used for time series components extraction and adjustment. As
mentioned above, we will focus on trend extraction. Let us mention some the most
frequently used approaches (see [1] for a recent review) for trend extraction such
as local or global regressions, moving average filtering, X11, X12 and the Hodrick
Prescott filter.

2.2 EMD residue as intrinsic trend

Empirical Mode Decomposition (EMD) has been introduced by Huang et al. [3],
as an important alternative to traditional methods for analyzing time series such as
wavelets or Fourier methods. The key idea of EMD is to locally decompose data
y; into oscillatory components so-called Intrinsic Mode Functions (IMF). The algo-
rithm for the extraction of IMFs from a given time series y; data is called sifting and
it consists of the following steps:

i Initialize the residue ro(¢) = y;, set go(t) = rr—1(¢) and i = 1; the index of IMF
k=1

ii Construct the lower minima Imin;_; and the upper maxima Imax;_; envelopes
of the signal by the cubic spline method

iii Calculate the mean values by averaging the upper envelope and the lower enve-
lope. Setm;_; = [Imax,-,l +Imini,1]/2

iv Subtract the mean from the original signal
gi=g—1—mi—randi=i+1,
and repeat steps (ii)-(iv) until g; being an IMF (see below). If so, the kth IMF is
given by IMFj, = gi

v Update residue ry(¢t) = ry_1(n) — IMFy. This residual component is treated as
a new data and subjected to the process described above to calculate the next
IMF;.

vi Repeat the steps above until the final residual component r(¢) becomes a mono-
tonic function.

It turns out that an IMF satisfy the two following properties. First: the upper and
lower envelopes are symmetric and second: the number of zero-crossings and the
number of extrema are equal or differ at most by one.

The advantage of this method is the fact that the oscillatory modes which are gen-
erated, are derived directly from the data without any reference to a predetermined
dictionary of functions.

At the end of this process, the initial time series is decomposed into K IMF
components and r is the final residue :

K
yi= ) IMF(t)+r(t) 3)
k=1
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Such a decomposition offers the opportunity to consider that r(¢) as estimate of
the trend of the data. Since, at the end of the algorithm, the number of extrema in
the residue does not exceed 2. These results make EMD algorithm very suitable to
extract trend. Note that end effect can affect the goodness fit of the trend extracted
through EMD (see e.g. [7]). In this case, no physical meaning IMFs can be obtained
and the exact trend can be reconstructed by aggregation of the residue and the last
or the last two IMFs.

2.3 Trend definitions and EMD

In this section we present a short overview of previous studies dealing with trend
extraction through EMD. It is important to note that there are only a few references,
namely [9], [2] and [10], and that there is no consensus about how to define trend,
since trend definitions are related to the data peculiarities and fields of application.

Flandrin et al. [2] have investigated the potentialities and limitations of EMD-
based methods in detrending, relating the trend with the statistical properties of
the IMFs. Indeed trend is defined as the sum of the IMFs having non-zero mean
T; =Y ;~pIMF(t). Application to heart-rate data illustrates its potential detrending
usefulness.

Another definition is given in [9], relating trend to time scales and 7; is sup-
posed to be the trend of y, on time scale T if 3 (¢1, t2), (t2-t;)>T such that
(T;, — T3, ) (¥r, — ¥, )> 0. A short and partial comparison between EMD and a specific
Moving Average method is made provided using Stock P&G time series.

Finally, let us mention that in [11], Zhou et al. have proposed an algorithm for
removing trends from power-system oscillation data based on a slightly modified
EMD. This ad-hoc adaptation is developed especially for highly oscillatory data.

In our case, trend definition and extraction are related to time scale. We inves-
tigate the performance of EMD-based approach for extraction classical long-term
trend.

3 Simulated examples

3.1 Simulated seasonal series

The empirical EMD characteristic make difficult to quantify the EMD trend per-
formance method analytically. For this, we will investigate its performance through
experimental studies.

We consider elementary sinusoidal modeling for simulated daily power pattern
(Xy), supposed to be sampled every 22 minutes (see Figure 1.a). To examine trend
extraction issue through EMD, a modified version (y;) of this simulated time series
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(X;) is obtained by adding classical trends (linear and exponential), even if they are
unrealistic. The complete model is given by the following equations:

=X +1;.

= Po+ Bimi(t) + Pama(t) + £(1)
my (1) = cos(ZE) + sin(3Z)

my (1) = cos(22) + sin(22) “)
e(t)y=v()+0v(t—1) v(t) ~ X(0,02)iid
T, =a-+bt or T=a+e*

where 1 = (1,2, ... Typs), Tops = 69120, By =8, B1 = 0.8, B, = 0.18, 6 = 0.8, 62 =
0.05 a=100, b € {0.01,0.02, ..,0.05} and & € {0.001,0.0011,...0.005}.
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a) one week simulated daily load b) one year simulated daily peak load

Fig. 1 Simulated daily power pattern

3.2 EMD trend extraction performance

To investigate the EMD trend extraction performance, a comparison with the non-
parametric trend extraction method based on Hodrick-Prescott (HP) filter is per-
formed. This last one is widely used by economists for trend estimation, see e.g.
[6].

For a time series y = (y1,2...y7,,,) supposed to contain a trend (7;) and a cyclical
component (C;), the best extracted trend (T}) is the solution of:

-1 T-1
mingr { X 0 =022 G-I - G-T0P ©
o=l =2
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where the parameter A is a positive number which penalizes variability in the growth
rate of the trend component. The larger value of A, the smoother the trend extracted
and then a good extraction of a trend requires a suitably chosen value of A, see [8]
for theoretical investigation. Here we choose A according to short empirical tuning
based on simulated load curve for A in the range 10? to 10'>. In Table 1, are reported

(01 Max_MAE |Max_AE |Satisfactory HP A parameter range
107* [ HP | 0.0125 | 0.0365 A €[10%,10™]
EMD| 0.009 | 0.0317
5107 HP | 0.0146 | 0.0463 A €[10%,310™]
EMD|[ 0.02 0.1
107 | HP | 0.067 0.21 A €]1.09 10°,3.25 10°]
EMD|[ 0.022 0.06
21073 HP | 0.052 0.41 A €[2.9610°,2.15 10%]
EMD| 0.009 | 0.0317

Table 1 Performances of the HP and EMD simulated daily peak trend extraction

the Maximum of Mean Absolute Error (Max_MAE?) and the Maximum of Absolute
Error (Max_AE) estimated for the HP and the EMD trends extracted for different
values of a: 1074, 5.107%, 1073 and 2.1073. Note that, these values are chosen in
order to allow simulated trends covering linear, quasi linear and exponential trend
shapes.

These first results show that the EMD-trend is very close to the optimal Hodrick-
Prescott one and make the EMD as an effective alternative to trend extraction prob-
lem. Same results are also obtained through the EMD and a moving average filter-
ing comparison. Indeed the EMD trends extracted are very close to those extracted
through a conveniently chosen moving average filtering method. This expected find-
ing is due to the adaptive nature of the principle of the EMD.

We notice in experiments not reported here, that high errors occur for high values
of o and that the end effects are so important for high value trends. In this case,
the intrinsic trend can be obtained by aggregating the EMD residue and the last
IMFs. It is also important to notice that there are various approaches to deal with
the EMD end effect, for example by applying a window to the signal ’see [7]).
Another solution is to extrapolate end maxima and end minima to construct the
lower minima Imin;_; and the upper maxima Imax;_; envelopes (see [10]).

3 For the EMD this statistic is reduced to the Mean Absolute ErrorMAE
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4 Real peak load time series

4.1 Peak load IMFs interpretation

We apply the EMD method to logarithmical Tunisian daily peak load from 2000 to
2006 (see Figure 2).
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Fig. 2 EMD of the logarithmical daily peak load 2000-2006 from STEG utility

As previously noticed by Ould Mohamed Mahmoud et al. (2009), we note that
IMF 1 to 2 exhibit high frequency and can represent very short term fluctuations (see
Figure 3.a), IMF 3 to 5 capture small percentage of variance, indicating that such
IMFs are not significant and finally IMF 6 to 8 capture mid-term effects described
by seasonal variations (see Figure 3.b).
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a) Sum of IMFs 1-2: weekly component b) Sum of IMFs 6-7-8: annual component

Fig. 3 IMFs connection to physical seasonal load components
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4.2 Peak load trend extraction

The trend estimate is given by the residue component of the EMD. It could represent
the major trend of long term load demand which may be related to economic growth
in Tunisia. The results obtained for the two methods are given in Figure 5. One can
find the EMD trend and two HP trends obtained from the two bounds of the tuning
parameter (A) interval evidenced for linear or quasi-linear in section 3.2.

2400 T T T

Tunisian Daily Peak Load
——EMD trend extracted (EMD residue)
=——HP trend extracted (A = 10°)

nnnHP trend extracted (A = 10*)

1600

L L L
6%%00 2002 2004 2006

Fig. 4 MA filtering, HP and EMD trends extracted of Tunisian daily peak load.

As previously mentioned, the results of trend extraction through the Hodrick-
Prescott filter is very sensitive to the value of parameter A. And this fine tuning
make trend extraction more difficult. On the contrary, the EMD does not require any
parameter choice depending on the analyzed data.

4.3 A remark about wavelets

Of course, wavelets are a natural competitive method for EMD. Let us recall quickly
the hierarchical multiresolution structure of wavelet decomposition (see e.g. [4] for
details). Wavelets allow to write a signal as the sum of orthogonal signals: a coarser
approximation at large scale (low frequency) and additional details at different res-
olutions, of decreasing scales. The approximation at level j roughly represents the
local mean signal on intervals of length 2/ while the detail at level j contains fluctu-
ations around this local mean on the same corresponding intervals. Let us consider
a time series X of length n, then, for a given orthogonal wavelet y, the time series
can be decomposed at level J (which is at most the integer part of log,(n))) as:
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J
X=A;+) Dj, (6)
j=1

where A ; and D are respectively the approximation and detail at level j of the signal
X.

For the wavelet usually denoted by daub$5 (a regular compactly supported wavelet),
the decomposition at level 9 of the previously considered electrical signal leads to
Figure 5. On the left, the approximations from the finer (A1) to the coarser (A9). All
these approximations are candidates to be the trends and the choice depends on the
level of decomposition which acts as a tuning parameter related to the convenient
scales to select. On the right, the details from the finer (D1) to the coarser (D9).
Since

Dj=Aj_1—Aj, (7

each detail capture the difference between two successive approximations. It turns
that A7, A8 or A9 are approximations which can be considered as good candidates
to be trends.
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Fig. 5 Tunisian daily peak load: daub5-wavelet approximations as candidates to be trends. A7, A8
or A9?

Since the level 9 seems to be convenient let us compare in Figure 6 the wavelet
trends obtained for two different regular wavelets (daub5 and sym§8).

As it can be seen the results are quite satisfactory when the decomposition level
as well the wavelet are chosen carefully.

We emphasize that EMD trend extraction performs this directly by constructing
a trend as a residue signal coming from an iterative process extracting oscillatory
components. The trend is essentially the non-oscillatory component of the signal
and the method does not require any tuning parameter or any wavelet choice thanks
to its adaptive nature.
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Fig. 6 Tunisian daily peak load: level 9 wavelet trends for daub5 and sym8 wavelets

5 Conclusion

Empirical Mode Decomposition appears to be an eligible method for trend extrac-
tion from seasonal time series. This finding has been illustrated through the com-
parison of EMD trend extracted with an improved and widely used method in eco-
nomics, based on HP Filter. Since EMD-trend is very close to the optimal Hodrick
Prescott trend obtained after approximation of the optimal parameter of the filter,
it turns out that EMD trend extraction method does not require any optimal tuning
parameter thanks to its adaptive nature. In addition the final remark about a short
wavelet example illustrates that wavelets, a natural competitive method for EMD,
performs well but requires the wavelet choice and decomposition level.
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