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Abstract 

 

Implementing detrending operations are important steps in data analysis. 
Sometimes, detrending is applied to remove a component which obscures some 
relationships of interest. Sometimes, it is used as a preprocessing step to prepare 
time series for analysis. However, satisfactory results of nonlinear and 
nonstationary data treatment are lacking, leading to the awkward reality which 
consider detrending as a complex operation.  In this paper, we compare the ability 
of three detrending methods: wavelets, classical filtering and empirical mode 
decomposition. Performances of used methods will be tested to extract US core 
inflation. This indicator represents a prominent economic behavior for 
policymakers, economists and researchers.  
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Empirical simulation shows that wavelets perform well in the case of more 
complicated trends. Comparatively to classical filtering and empirical mode 
decomposition, wavelets transformations perform better against boundaries effects. 
In addition, they can identify easily turning points. These aspects confirm the 
outperformance of wavelets and thus, their contributions to ameliorate 
macroeconomic series forecasting. 
 
 
Keywords: Detrending, filtering, denosing, forecasting. 
 

 
 

1 Introduction 
 

Inflation can be defined as prices increase which causes erosion of consumers buying 
power. The most used measure of inflation is based on the consumer price index (CPI). 
The use of CPI as a reliable measure of inflation is controversy surrounded. Therefore, to 
set its benchmark interest rate and to make monetary and economic policy, Federal 
Reserve considers the concept of the core inflation (Bini Smaghi, L [2]) which reflects the 
underlying trend of index prices. The core inflation is characterized by greater persistence 
and less volatility (Ravazzolo F. [10]). In addition, it represents one important indicator 
among a complete alarming or warning matrix. 
Already in 1963, Friedman highlights a distinction between a regular and intermittent 
inflation. Recently, many works analyze and compare statistical techniques to measure 
the core inflation. 
 
Many statistical and economic institutions calculate the core inflation indicator as CPI 
with the most volatile items broken out. As consequence, the core inflation doesn’t 
include food and energy prices. There are many other alternatives to measure the core 
inflation which can be classified into three broad categories: statistical methods using 
only data on prices, dynamic economic modeling and finally, statistical methods were 
combining cross-sectional and time series. However, even after applying each kind of 
these methods, the core inflation measures remain too volatile and do not provide a 
reliable signal of medium-term inflation (Kascha C. et al., Lenza M. et al. [7],[8]). So, 
the determination of an optimal indicator remains an open question. 
Some basic criteria are formulated to evaluate the historical performance of the core 
inflation measures. Two criteria are commonly used: how well each core inflation 
indicator tracks an estimate of trend inflation, and how well each one predicts future 
overall inflation. Complexity is sometimes another considered criterion (Wynne [13]). 
Particularly, a good measure of the core inflation should follow trend inflation in two 
respects (Todd E. Clark, [12]). Firstly, the average rate of the core inflation should 
match the average rate of overall inflation. 
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In addition, the core inflation should move closely with the inflation trend rate. As 
example, when trend inflation rises, the core inflation should increase commensurately.  
In this paper, we regard a concept of the core inflation as a trend extraction problem. By 
this formulation, monetary inflation represents the signal and non-monetary inflation 
constitutes the noise. There are many techniques for depicting a trend (Gomez, V. [3]). 
For some purposes, relatively simple techniques such as moving averages can provide 
acceptable results. But, where data are volatile, or where the early identification of 
turning points is critical, it is necessary to use sophisticated mathematical techniques. In 
the following section, we discuss three concurrent methods widely evoked in statistical 
theory. 
 
 

2 Theoretical framework and estimation procedures 
 

Extraction of trend represents the most difficult tasks of time series analysis. This 
difficulty is due firstly to the fuzzy definition of trend, and secondly to the extreme 
variety of time series with their own time scales. With the rapid development of 
stationary time series theory, trend was considered as a simple deterministic component, 
to be subtracted out in order to obtain a stationary time series. Due to the usefulness of 
stochastic approaches and the unreality of deterministic assumption, deterministic 
behavior of trend has been surrendered recently. 
Trend is defined as the smoothest additive component of time series that contains 
information about global change. Unfortunately, this explanation of trend has not a 
practical interest. We can find generally several candidates which match this definition 
and then, the identification of trend appears as an ambiguous task. We note especially 
that the problem of trend extraction is similar to the problem of denoising. The major 
difference lies in the fact that in denoising, the zero mean component is usually assumed 
to follow one of the typical noise models as white noise, whereas in trend extraction, 
this component may follow much more general models. 
Literature gives many methods for trend extraction. These methods differ in their 
complexity and interpretability, as well as the mathematical tools that they use. It 
appears hard to determine the best method of trend extraction, since each method is 
superior to the others when applied within its intended context. The objective of this 
paper is to compare three methods and to test theirs performances to behave in the 
context of the core inflation. In the following, we present a theory foundation of these 
three methods.   
 

2.1 Trend filtering 
 

Time series �� , � � 1, . . , � is considered as sum of an underlying slowly varying trend �	  and a more rapidly varying random component 
	  . Estimation of �	  , called 
smoothing or filtering, can be considered as an optimization problem with two competing 
objectives: smoothness of �	 and smallness of 
	 (Gomez, V.[3]). 
Expecting that the signal �	 is smooth, it can be locally approximated by a polynomial of 

degree � on the time distance � between 	and its neighbors 	��: 
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 �	�� � �� � ��� � ⋯� ���� � �	�� 

 
Where �� ∈ � and �	 is assumed to follow a white noise process mutually uncorrelated 

with 
	 . The solution for ���	 provides the trend-cycle estimate �� � ��̂	  which 
equivalently consists in a moving weighted average: 
 

�̂	 � ! "�	#�
$

�%#$  

 
Trend filtering assumes that the fluctuation possesses generic stationarity properties, 
and that the trend can be found by an ad hoc smoothing operation using for example the 
Henderson filter or Hodrick–Prescott filter (Hodrick [5]), moving average filtering, 
exponential smoothing, band pass filtering and smoothing splines. The most widely 
used methods are moving average filtering, exponential smoothing, and H-P filtering, 
which is especially popular in economics and related disciplines since its application to 
business cycle theory .  
Trend filtering comes up in several applications and settings including macroeconomics, 
geophysics, financial time series analysis, social, biological and medical sciences. 
 
 

2.2 Wavelet transformation 
 

Wavelet analysis is considered as an interesting tool for analyzing time series variations. It 
consists to decompose a time series into time–frequency space, and then determine both 
the dominant modes of variability and how those modes vary in time. The oldest method to 
achieve this decomposition is the Fourier transform developed in 1807 by Joseph Fourier. 
Using short wavelets instead of long waves for the analysis function, is one of some major 
advantages over Fourier transform, this benefit makes wavelet analysis an interesting 
alternative for many applications. The Fourier transform is only useful for stationary and 
pseudo-stationary signals. It does not give satisfactory results for signals that are highly 
non stationary, noisy or a-periodic, whereas by wavelet transform, the signal is 
decomposed as a sum of a more flexible function, called wavelets. These functions are 
localized in both time and frequency. 
Practical details in applying wavelet analysis can be taken from Frage (1992), Weng and 
Lau (1994), and Meyers et al. (1993) where the wavelet transform has been regarded, 
particularly as an interesting diversion that produces colorful pictures. However, Wavelet 
analysis can be applied for various purposes which differ from numerical and signal 
analysis to medicine, finance, mechanical engineering, control and audio applications, 
geophysics atmospheric cold fronts, central England temperature and dispersion of ocean 
waves. 
A wavelet function &'�( is a small wave, which must be oscillatory in some way to 
discriminate between different frequencies. Figure1 shows an example of possible wavelets, 
known as the Haar and Daubechies wavelet. 
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Figure1: Examples of some wavelet functions: (a) Haar wavelet and Daubechies wavelets 
 

A function &'�( is classified a wavelet if it satisfied following conditions: 
1. The integrated squared magnitude of the analyzing function &'�( , must be finite 

) � *|&'�(|,�� - ∞∞

#∞  

The integral ) is called energy 
2. The mean of the wavelet &'�( must equal to zero.  

.Ψ � * /&�'0(/,0 �0 - ∞∞

�  

Where: Ψ'0( is the Fourier transform of the wavelet &'�( 
3. For complex wavelets, the Fourier transform Ψ'0( must be both real and vanish for 

negative frequencies. 

Let define the function	&1,2 by:        &1,2'�( � 1√�& 4� 5 "� 6, 
Where � ∈ 	�∗� is a dilation or scale parameter, and " ∈ 	� is a translation parameter. 

The factor �#�/, is a normalization constant such &1,2 has the same energy for all scales �. 

The continuous wavelet transform (CWT) of 0'�( ∈ 9,'�( is defined as: 

�:;0<'�, "( � 〈0, &1,2〉 � * 0'�(∞

#∞ &?1,2'�(�� � 1√� * 0'�(∞

#∞ &? 4� 5 "� 6�� 

&? denotes complex conjugation of & and 〈0, &1,2〉 is the scalar product in 9,'�(. The 

CWT measures the variation of 0  in a neighborhood of point ", whose size is proportional 
to �. 
If we are interested in reconstruction 0  from its wavelet transform, we applied the 
resolution of the identity formula: 

0'�( � 1.: * * �:;0<∞

#∞ '�, "(&1,2'�(∞

�
���"�,  
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Sometimes, data can be represented by a finite number of values. In this case, the discrete 
wavelet is employed. It consists to consider a discrete version of the CWT and to associate 
the wavelets with orthonormal bases of 9,'�(. 
The form of an arbitrary signal '�( on orthonormal wavelet basis is: '�( � !!	$&$,	'�(	$  

Where: 	$ � @ '�(&$,	'�(��∞#∞   and the orthonormal wavelet basis functions are related 

according to: &$,	'�( � 2$/,&'2$� 5 �(. 

Alexandrov et al. (2008) state that wavelets method figures among suitable modern 
approaches to face the problem of trend extraction. It is well suited for the determination of 
change-of-trend points, as well as the decomposition of the time axis in different time 
intervals. The strong point of wavelet analysis is that the wavelet transform generates only 
an alternative representation of time series. So, no information is lost and no information is 
added. For certain applications, we might expect that any sought-after information can be 
more easily detected in the transformed data.  
 

2.2 .1 Decomposition wavelet basic algorithms 

 
Basing on scales, which may be distinguished by different levels of resolution or sizes of 
detail, Wavelets analysis can generate phase space decomposition, where the phase space is 
defined by two parameters: scale, time or location. 
On a discrete level, every wavelet algorithm is defined by a dual pair (low pass, band pass) 
or Finite Impulse Response (FIR) filters, which allows a decomposition and reconstruction 
by symmetric convolution operators. 

Let B� � �B��, C � 0,1, … , F 5 1  the original time series.  

Step1: Convolve B� with a low pass �G�  and a band pass filter �H� . 
Step2: Subsample results of both filters by factor of 2 in order to reduce complexity. B�� � IB� � ∑ GKB,�#K�∞K%#∞ , ��� � LB� � ∑ HKB,�#K�∞K%#∞   
The result of the band pass filter �� is stored as the fine scale component of the original time 
series. 
Step3:  Repeat computations on the second step for a fixed number of M to produce a 

family of sequences, which represent details on different scales NB� , � � 1,… , MO , as well as 

a final version BP of the original sequence B� that is very smooth. B and � on the step � � 1 can be obtained from the ��Q step coefficient by: 

B���� � IB� � ! G,�#KB,K�
∞

K%#∞ , ����� � LB� � ! H,�#KBK�
∞

K%#∞ , � � 0,1,… , M 5 1 

Subsampling the overall number of coefficients to be stored is equivalent to the length of the 
original time series. 
By a symmetric algorithm, these dual filters allow an equally efficient reconstruction of the 
original time series from its multi-scale decomposition. 

B�� � IRB��� � LSB��� � ! G�#,KBK���∞

K%#∞ � ! H�#,K�K���∞

K%#∞ , � � M 5 1, M 5 2,… ,0 

The original series can be then obtained as: 
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B� � IRPBP � !I�#�LP
�%� ��  

As the basic procedures show, a wavelet algorithm is fully defined by the choice of the 
wavelet filters and the number of decomposition steps M. The choice of an appropriate filter 
bank for decomposition and reconstruction is crucial for the success of wavelet methods. So, 
filters need to satisfy some stability criteria in order to control reconstruction errors. 

 

2.2 .2 Trend extraction with wavelet methods 

 
As states classical decomposition model, the original series can be written as sum of trend 
component � , seasonal component T  and noise component U . Wavelet decomposition 
assign to each cited component a scale of detail. The different components �, T and U will 
be interpreted as sum of all details in the time series which live on prescribed scale. 
The noise component is assigned to the first fine scales, then the seasonal component is 
detected on the intermediate scales, and finally the trend component is given on the coarse 
scale components. Contrariwise to classical models, seasonality not refers only to purely 
periodic components, but also to models variations and non stationary seasonality. 
To extract trend with wavelet the following steps can be applied: 
Step1: Choose an appropriate wavelet filter bank 
Step2: Compute a wavelet decomposition up to scale M 
Step3: Delete all fine scales (scales of noise and seasonal components) 

Step4: Reconstruct the remaining additive component: �~IRPBP, T~∑ IR�#�P�%, LS��  and U � LS�� 
 

2.3 Empirical Mode Decomposition 
 

The Empirical Mode Decomposition (EMD) introduced by Huang et al.[6], is an 
adaptive technique derived from one simple assumption: any signal will be considered 
as a superposition local sums of oscillatory components, which can be extracted form 
upper and lower envelope, so-called Intrinsic Mode Functions (IMF). Formally, an 
Intrinsic Mode Function (IMF) is a function for which the upper and lower envelopes 
are symmetric, and the number of zero-crossings and the number of extremes are equal 
or differ at most by one. 
The EMD approach allows identifying various trends at different time scales (Ren, D. et 
al. [11]). This method is easy to implement, the IMFs which it use are fully data-driven 
and local in time, and finally it does not use any predetermined transforms which 
depend on the choice of a particular theoretical structure.  Usefulness of EMD is 
brought out by many different applications such as treatment of heart-rate data, vehicle 
braking performance inspection system and signal processing in Radar and Sonar 
communications. 
The algorithm for the extraction of IMFs from a given time series �� data is called 
sifting and it consists of the following steps: 
Step1: Initialize the residue 
� � ��, set H�'�( � 
�#�'�( and W � 1; the index of IMF C � 1. 
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Step2: Construct the lower minima X$Y	Z[\  and the upper X$1]Z[\  envelopes of the 

signal by the cubic spline method  
Step3: Calculate the mean values by averaging the upper envelope and the lower 

envelope. Set ^Y#� � ;X$1]Z[\ � X$Y	Z[\</2 

Step4:  Subtract the mean from the original signal	HY � HY#� 5 ^Y#� and W � W � 1, 

and repeat steps 2,3 and 4 until HY  being an IMF. If so, the C�Q  IMF is given by X_ �̀ � HY 
Step5: Update residue 
�'�( � 
�#�'�( 5 X_ �̀  . This residual component is treated as 
a new data and subjected to the process described above to calculate the next X_ �̀�� 
Step6: Repeat the steps above until the final residual component 
'�(  becomes a 
monotonic function 
Application of this algorithm leads to decompose the initial time series into K X_` 
components and a final residue: 

yb � !IMFf't( � r't(i
f%�  

Such decomposition offers the possibility to consider that  
'�( as estimate of the trend. 
Ren et al. (2006) state that end effect can affect the goodness fit of the trend extracted 
through EMD. The exact trend can be reconstructed by aggregation of the residue and the 
last or the last two IMFs. 
 
 

3 Simulation results 
 

Among used detrending methods, wavelet results are typically presented in a good 
visualization of the underlying non-stationary trend. This general statement is due to use 
of a semi-parametric trend model without any underlying model. In addition, wavelet 
offers a large variety filters suitable for many complex situations as boundary treatment 
and sharp changes.  We want to emphasize, by this simulation section, the evoked 
wavelet performances by treating different trend models. Two types of simulated trends 
were chosen for test, which could fall into line and more complex curves. The different 
types of trends were added to the non-trend component for reconstruction of artificial 
series, as shown in Fig.2. Then Classical trend filtering, EMD and wavelets detrending 
methods were use. Time series are simulated as sum of stationary series j� and trend ��. 
The following system resumes the different scenarios: 
 
 

k l� � j� � ��j�~F'm � 4, o � 2(p
	j�~F'm � 2, o � 10(�� � 2� � 5; 	p
	�� � 'log	'�((,MW� v'5 � w3( log'�(y	 
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Figure 2: Simulated time series and their corresponding trends. 
 
 

Figure 3 displays representations of extracted trends performed by filtering, EMD and 
wavelet. As this table shows, filtering performs well in the case of linear trend. In this 
simple and intuitive case, the trend extracted by wavelet transformation is smoother than 
that extracted by EMD and trend filtering. Figure2 highlights also EMD limitations at 
series boundaries, for which this method shows, unreasonably, an upward leaning in the 
end.  
 
In more complex situations as trend (b), wavelet performs well. We note particularly that 
limitations at series boundaries are more pronounced for the other methods.  
 
Wavelet algorithms are considered as a natural competitive method for EMD. Wavelets 
deal well with boundary effects, because they are based on a repeated application of linear 
filters using adapting filter coefficients. This is provides a suitable adjustment at the end 
of the given data series.  
 
Treatment of artifacts, commonly referred to an end, edge or boundary effects are crucial 
for the major of time series, particularly for inflation and Core inflation which will be 
considered as a case study in this paper. As simulation analyse highlights, end effects is 
one of the most important open problems related to the EMD (Empirical Mode 
Decomposition) method.  
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Method 
 

First case: Trend (a) Second case: Trend(b) 

 
 
 
 

Trend  
filtering 

 
 
   

 
 
 
 

EMD 
 

  

 
 
 
 
 

Wavelet 
 

 

 

 

 
Figure 3: Extraction of different types of trend with trend filtering, EMD and wavelet 

method 
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To achieve our simulation analyses, we compute Square Error (SE) to identify which 
extracted trend is close to the observed one. As this table shows, a wavelets method, which 
has the mean square error, performs well in the two cases. 
 

Adopted methods 
MSE for estimated 

Trend (a) Trend(b) 

Filtering Trend          1641,43 3465,07 

EMD 5404,30 4119,81 

Wavelets 944,21 3595,59 

 
Table1: Mean square errors of different extracted trend 

 
 

4 Discussions and conclusion 
 

Previous section provides simulation results for comparing performances of competing 
methods. We suggest applying these methods to an important economic time series, 
characterized by a very high volatility. The aim is to analyze how each method deals to 
extract US Core inflation. Figure 4 displays inflation along with the monthly changes of 
the Consumer Price Index (CPI), for all urban consumers in the U.S. The CPI 
(1982-84=100) is calculated monthly by the U.S. Bureau of Labor Statistics.  
 

 

 

 

 

 
Figure 4: U.S inflation rate corresponding to January 1990 to March 2012 

 

As this figure shows, U.S inflation series is very volatile. This is due to a lot of change in 
the U.S economic climate. As economic indicators exhibits, during the 1990s, the 
national debt increased by 75% and GDP rose by 69%. From 1994 to 2000 real output 
increased, inflation was manageable and unemployment dropped to below 5%, resulting 
in a soaring stock market. The economy worsened in 2001 with output increasing only 
0.3%, unemployment and business failures rising substantially. 
Through 2001 to 2007, the red-hot housing market across the United States fueled a false 
sense of security regarding the strength of the U.S. economy. In 2008 a perfect storm of  
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economic disasters hit the country and indeed the entire world.  In 2009, the bill provides 
$787 billion in stimulus through a combination of spending and tax cuts.  
To have a more clear vision, the core inflation is extracted from inflation series. Specially, 
in North America, the major measures of the core inflation are: CPI excluding food and 
energy or more than the two components, trimmed mean or median CPI. As fig.5 shows, 
wavelet-based measure do much better than others approaches. This method gives an 
indicator that can satisfactorily tracks trend inflation and predict future overall inflation. 
Unlike EMD and classical filtering, trend extracted by wavelet method meets well criteria 
of transparency construction, means similarity, tracking inflation trend rate and finally, 
explanatory content. 
Results confirm that wavelets method may be helpful to build an indicator which 
describes core price measure in a straightforward fashion. This indicator can explain 
past movements in the goal inflation series as well as provide information about 
potential future developments. For these reasons, we can conclude that wavelets are 
ideally suited to denoising non-stationary time series, and particularly, estimating the 
core inflation which presents one of badly behaved denoising time series.  
The use of filters, such as Hodrick and Prescott (HP) and Baxter and King (BK) 
(Maravall et al. [1]), is very widespread in research analysis of macroeconomic series. 
The challenge of such filters is to isolate tendency and cyclical component. However, 
the theoretical cyclical component is usually not known and if spectral density is too 
concentrated on low frequencies close to zero, classical filters (HP or BK) give a wrong 
view of reality. Empirical results highlighted the weaknesses of the HP and BK filters 
on macroeconomic data. Although the performance of the approach based on the 
wavelets remains overall comparable with that of the two filters HP and BK. Filtering 
by wavelets allows performing the temporal and frequency analyses of the cyclical 
component at the same time. For these reasons, wavelet filtering is more powerful on 
the core inflation series. Fig 5 shows particularly that trend filtering has a delayed effect 
when detecting turning points.  
 

 

 

 

 

Figure5: Extracted trend by different proposed methods 
 

Empirical mode decomposition (EMD), which represents a concurrent wavelet method, 
has recently been more and more popular as a new tool for time-frequency analysis 
method. Simulations performed by Pinle Qin et al. [9] shows that straightforward 
application of EMD method may run into mode mixing when the data contain 
intermittency, the IMFs will lose intrinsic physics sense, and then a suitable way should  
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be found to eliminate the mode mixing. Pinle Qin et al.[9] combine wavelet transform 
and translation invariance algorithm, which can suppress the artifacts caused by wavelet 
transform, to process original signal. Then, they execute empirical mode decomposition 
to the processed signal. In this way, we can eliminate mode mixing phenomenon to 
obtain excellent effect.  For further research, we will apply this new combining method 
to test their performances for measurement of the core inflation.  
Three periods are particularly identified on figure 5 to precise wavelets outperformance. 
We can easily note the ability of wavelets to detect turning points. In addition, extracted 
trend by wavelets presents a close behavior comparatively to observed series.  
To complete our analysis, we use estimated components (seasonality, residuals and 
trend) to reconstruct original series. This is can be very useful to forecast inflation in 
short term (Groen [4]). As figure 6 shows, series reconstructed by wavelets method 
presents a good forecasting. By wavelets, we can easily predict if inflation rate will 
present a rise or increase. Of course, wavelets analyses can be completed by other 
economic techniques to forecast rate and evolution together. 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 6: Reconstructed series versus observed inflation 
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