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Abstract 
 

Long-term prediction of customer preferences is becoming essential for effective product portfolio design in broad 

industrial sectors such as automotive, aerospace, consumer electronics, where typical concept-to-release times are 

long (24-60 months). However, nonlinear and nonstationary evolutions of customer preferences hinder accurate 

prediction of the futures of customer preferences. This paper presents a two-step prediction approach based on 

Empirical Mode Decomposition (EMD) to forecast customer preferences over extended time-horizons. The 

advantage of EMD is that this method can be used to decompose a nonstationary time series into a finite number of 

components called intrinsic mode function (IMF). This property helps in isolation of trend and noise components 

(detrending and denoising) from a nonstationary process. However the presence of edge artifacts limits the use of 

EMD for prediction applications. A key aspect of our approach is that it takes advantage of the linear phase property 

of Hilbert-Huang Transform (HHT) to address this artifact, thus extend EMD for long-term prediction applications. 

The empirical results suggest that EMD based prediction can significantly improve prediction accuracy in terms of 

RMSE (36%) and R
2
 (30%) for long-term prediction, compared to classical and advanced time series techniques. 
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1. Introduction 
During the last decade, U.S. manufacturers have lost a significant market share to foreign competitors. Train [1] 

investigated the reasons behind the loss of the U.S. automakers’ market share using a model of the influence of 

vehicle attributes on customer preference, and found that tracking customer preferences is essential to effective 

design of product portfolios. Oftentimes, customer preferences are expressed in terms of willingness-to-pay (WTP) 

metric [2], which refers to the maximum monetary amount a consumer is willing to pay for a good or service. 

Marketing researchers have used choice models to capture WTP and predict market share under certain varying 

market conditions [3, 4]. However, many of the existing choice models of customer preferences [5, 6] assume time 

invariant behavior of the customer. They seldom consider the evolving nature of customer choice over time. For 

complex product systems (e.g., automobile) where the concept-to-release time takes approximately 24-60 months, 

customer preferences evolving over time may have a large impact on market performance. Here, WTP can be 

estimated for each of the attribute of the product. Inputs from prospective customers elicited form on-line portals, 

social networks and blogs, as well as product clinics are being considered for the estimation of WTP [7]. For 

example, the major attributes of an automobile product consist of brand, fuel economy, durability, safety, 

workmanship, initial reliability, etc. The WTP data in this study is the set of daily estimate of three Fuel Economy 

WTP attributes during a period of 24 months (731 data points). This dataset is a hypothetical WTP data capturing 

the trends of a typical automotive product. Fig. 1 shows one of the WTP of fuel economy attributes and its 

autocorrelation. As shown in the figure, the series exhibits strong levels of nonstationary. Since WTP evolves over 

time, one would expect that the design or estimate using past customer preferences (WTP) may perform sub-

optimally in terms of market shares in the future. A solution to this issue might be to forecast the future values of 

WTP. However, typically long (24-60 month) concept-to-release time, coupled with nonstationary characteristic of 

WTP pose significant challenges to long-term prediction. Very few efforts [8, 9] have addressed forecasting for 

long-term horizons. For stationary processes, unbiased long-term forecasting would reduce to invariant first- and 

second moment estimation. In case of nonstationary processes, long-term forecasts would be dominated by trend 

curves [10]. Currently, no simple approach or general theory exists for long-term forecasting under nonstationarity.   
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(a) 
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Figure 1: (a) Typical trend of WTP of a fuel economy attribute (b) Autocorrelation of WTP attribute 

 

This study presents a new prediction approach based on Empirical Mode Decomposition (EMD) technique. EMD 

aims to decompose a nonstationary signal into a finite number of components called intrinsic mode functions (IMF). 

EMD allows perfect reconstruction of the original signal using IMFs. This property leads to an application of 

determining trend from an original series. Since WTP exhibits nonstationary characteristic, EMD technique can be 

extended for long-term forecasting of WTP. Our investigation indicates that EMD prediction can improve the 

forecasting of WTP over 12-15 weeks horizon by about 30% (R
2
), compared to other methods tested. The 

organization of this paper is as follows: section 2 presents EMD in details. In this section, an instantaneous phase 

property of Hilbert-Huang transform for prediction application is presented. Section 3 is EMD based prediction 

approach section. The details of two-step algorithm approach using EMD are given in this section. The empirical 

results of EMD based prediction are shown in Section 4. Conclusion and suggested future work are presented in the 

last section of this paper. 

 

2. Empirical Model Decomposition 
Empirical mode decomposition (EMD), first proposed by Huang [11], aims to represent a nonlinear, nonstationary 

signal x(t) as a superposition of a finite number of components called intrinsic mode functions (IMF) as 
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where sn(t) are the IMFs and rL+1(t) is the residual from the decomposition. The IMFs provide local characteristic 

time scales and adaptive basis for EMD. Consequently, IMFs can be used to capture drifts and nonlinear modes of 

any nonlinear and nonstationary processes.  Also, the adaptive basis of EMD does not require parametric functional 

form for the original series. The characteristic of IMF is that it has only one extreme between zero crossings, and has 

a mean value of zero. The following procedure of EMD called sifting process is used to extract IMFs from a time 

series x(t): 

(1) Identify all local minima and maxima ( )(*

max itx and )(*

min jtx ) of  x(t), where i = 1, …, n and  j = 1, …, m 

(2) Use a cubic spline interpolation to define an upper u(t) and lower envelope v(t) from the extreme points [12] as  
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The process to define lower envelope v(t) is similar to Eq. 2-5 when )()( tvtv i
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(3) Compute the mean envelope m(t)  

2/)]()([)( tvtutm                                              (6) 

(4) Compute the IMFs sp(t) iteratively through a series of reductions 
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Here, hk(t) is treated as the series, and mk(t) is computed as the mean of the upper and lower envelopes of hk(t). 

The process will repeat all the steps until the following stoppage criterion (SD) is reached 
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(5) Obtain the residue rp(t) 
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The process continues till the number of the extreme points of rp(t) is not larger than two. Hilbert-Huang Transform 

(HHT) may be used to represent the time-frequency content of the IMFs as [13] 
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following property of instantaneous phase provides some key benefits for long-term prediction. 

 

Remark: The instantaneous phase )(tn extends linearly over time, i.e., ttn   0)( . 

Consequently, if the amplitude envelope is predicted, one can develop an extended prediction of the series. Fig. 2 

shows the amplitude envelope and instantaneous phase of IMF1. In the case of higher order IMFs (See Fig. 3), 

amplitude envelopes tend to change slowly overtime. Fig. 3 shows the amplitude envelop of IMFs 2-9 for WTP of 

fuel economy attribute. 

 

 
(a) 

 
(b) 

 

Figure 2: (a) Amplitude Envelope and (b) Instantaneous Phase of IMF1 

 

 
 

Figure 3: Amplitude Envelope of IMFs 2-9 
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Although, EMD provides a convenient representation of data from nonlinear and nonstationary processes, the 

following issue arising from the mathematical construct of the EMD algorithm hinders its application to 

nonstationary process prediction. The cubic splines used in EMD process are very sensitive to the end points over 

which they are parametrized. The end effects of EMD can significantly affect the estimation of the mean function 

(m(t)) and the IMFs. Several possible fixes [13] have been studied to address current algorithms for the end effects 

issue. They mostly involve extending the record of maxima and minima. However, most of the algorithms reported 

in the literature, such as statistical extrapolation and mirror image extension [14, 15] do not consider the true 

extension of the signals. Consequently addressing the end effects issue remains an area of active research. We 

present a two-step procedure to address this limitation. 

 

3. EMD based Prediction Procedure 
The prediction approach for WTPs based on EMD consists of two steps. The first step involves estimating the long-

term trend component, and reduce noise components in the signal [16]. In the second step, the prediction result from 

the first step is then used to reduce the end effects of EMD by decomposing the concatenation of original WTP and 

the step 1 predictions to obtain new IMFs and residue. The prediction based on linear extension of instantaneous 

phase is then applied to each of the new IMFs and residue. The final prediction values are obtained using 

reconstruction of the signal from the predictions of all new IMFs and the residue. 

 

3.1 The First Step   

 

 

 

    

 

 

Figure 4: The First Step Procedure 

 

The procedure of the first step of an algorithm is shown in Fig 4. EMD allows a perfect reconstruction of the 

original series, x(t), using IMFs and residue as given in Eq. (1). This property of EMD allows the estimation of both 

trend and noise (detrending and denoising) in a nonstationary process. Wu and Huang [17, 18] proposed a method to 

assign statistical significance of information content for IMF components derived from noisy data using the 

relationship between the energy density and the average period of IMFs. They defined a spread function using white 

noise references of identical length with the target dataset. If the energy density of IMFs lies outside upper and 

lower bound of the spread functions, those IMFs should be treated to be containing information. Flandrin et al. [16] 

used an elegant method to remove undesirable components by partially reconstructing the original series, x(t), as the 

following function: 
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where D is the largest IMF index considering to be noise IMF. In this approach, the IMFs 1 to D are considered to 

be noise. Those higher index IMFs are considered to be containing information. Theoretically, IMFs should have a 

mean value of zero. However, the average of an IMF may have a value that may be a small non-zero quantity. To 

select D, each of the IMFs is initially estimated. Then the series of average IMFs is standardized with µ=0 and σ=1. 

A rule for choosing D is to observe the evolution of the (standardized) empirical mean of )(ˆ txd as a function of a 

test order d, and to identify for which d = D it departs significantly from zero. Fig. 4 illustrates the procedure to 

select order d of IMF from Eq. (11). The order d = 7 (IMF 7) is selected as the change point. Therefore, the 

detrended series in Fig. 4(c) is obtained from the partial reconstruction with IMFs 1 to 7.  

 

As shown in Fig. 5, the trend component of WTP of the specified attribute consists of IMFs 8 through 11 and the 

residue. The original IMFs and residue are individually extended using stepwise autoregressive method. This 

STEPAR initially fits an autoregressive model and then removes all autoregressive parameters with large p-values. 

STEPAR(q) model can be represented as                                                          

                                                          t

q

i nin itsaats  


*

10 )()(                          (12) 

Extend the trend 

IMFs and residue 

using STEPAR 

Select order D to 

obtain trend IMFs 

Decomposition of 

the original signal 

using EMD 

 

OUTPUT 

 

 

INPUT 

DENOISING STEPAR

RR 

EMD 



 Sa-ngasoongsong, Bukkapatnam  

where lags order i=1 to q* are sequentially selected using stepwise procedure. In this two-step approach, the 

maximum number of autoregressive parameters (lag order) is set to twelve.  

 

 
(a) 

 
(b) 

 
(c) 

 

Figure 5:  Detrending operation by observing the change point. (a) standardized mean for each IMF order, (b) trend 

and original series (WTP of fuel economy attribute), (c) detrended series from detrending operation 
 

3.2 The Second Step  

In the second step, the predicted trend component is reconstructed from the predicted IMF components using Eq. 

(11). The predicted trend is concatenated with the original data to obtain the extended signal. New IMFs and residue 

are obtained using EMD on the extended signal. The number of new IMF components can differ from that of the 

original signal, depending upon the length of the prediction step, new local minima and maxima in predicted trend, 

etc. Regardless of the end effects issue, the prediction of trend component in the first step can be considered as a 

variant of classical time series techniques where a separate analysis if applied to each IMF component.  The result of 

the first step can significantly outperform classical and advanced time series techniques for the nonstationary series 

whose long-term trend is nonlinear, and exhibits multiple frequency contents. However, the end effects problem of 

EMD limits the use of IMFs for prediction as shown in Fig. 6a. Every IMFs begin and end with zero value. With the 

second step procedure, 13 new IMFs and residue can be obtained without this end artifacts. Fig. 6b shows the new 

trend IMFs from the first step procedure.  

 

 
(a) 

 
(b) 

 

Figure 6: (a) Original trend IMFs and (b) New IMFs from the first step procedure 

 

A noteworthy issue in using IMFs for prediction is that some IMFs may be more influential than others for long-

term prediction. These are usually the IMFs with longest range and not necessarily the highest order IMF (e.g., IMF 

9 in Fig. 6a and IMF13 in Fig. 6b). To avoid the effect of these dominant IMFs, the prediction horizon should be 

restricted to the period where prediction results are equally influenced by each trended IMF. Based on the definition 

of EMD, Wu and Huang [17] described the definition of averaged period ( nT ) each IMF calculated from any given 

spectrum of the Fourier spectrum function for the n
th

 IMF. This average period value is almost identical to the 

number of points divided by number of peaks (local maxima) or zero crossings. Since the focus is on long-term 

prediction, the suggested prediction horizon in this study is one fourth of the averaged period of lowest-order trend 

IMF as stated in the following: 
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Remark: The effective prediction horizon for p
th

 IMF may be estimated as   
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where pTS , is the Fourier spectral component of period T for the p
th

 IMF.  

For example, IMF 8 is the lowest-order trend IMF with the averaged period of 56.23 (number of zero crossings = 

13). Therefore the suggested prediction horizon is 14.06 (≈14). As mentioned in Section 2, the advantage of 

instantaneous phase is that it extends linearly overtime which facilitates long-term predictability. However, 

amplitude envelope prediction must also be accounted for to receive an accurate prediction of the series. In the 

second step of the prediction algorithm, amplitude envelope prediction is received from computing the amplitude of 

new IMFs and residue from the first step result. The linear extension of instantaneous phase is then applied to each 

of the new IMFs and residue. The prediction equation is shown in Eq. (14).  
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where Re is the real part, p = 1,
 

ttn   0)(ˆ and L+1 order represents the residue term of EMD.  

 

4. Empirical Results 
 

4.1 The First step  

The two-step algorithm approach is applied to WTP of the fuel economy attributes. The first step of two-step 

algorithm approach provides the long-term trend prediction of WTP which can be used to solve the end effects 

problem of EMD. To present an effectiveness of EMD based prediction model, exponential smoothing, winter 

additive method, STEPAR and ARIMA are selected to compare the prediction accuracy in terms of RMSE and R
2
. 

Prediction comparison (the first step of two-step algorithm approach) for WTP attributes is summarized in Table 1. 

Comparing five prediction models in Table 1, the first step of EMD based prediction is the best model to train (1-

step ahead) the original WTP attributes in terms of RMSE (267.25) and R
2 
(0.868), followed by STEPAR, ARIMA, 

Winter Additive and Exponential Smoothing. From Table 1, applying STEPAR and ARIMA models directly to the 

original WTP yields similar prediction accuracy (R
2 
≈ 75%). Using STEPAR with trend IMFs and residue in the first 

step of two-step algorithm approach yields a significant improvement in terms of RMSE (≈25%) and R
2
 (≈12%), 

compared to STEPAR (the second best model). 

Table 1: Prediction Comparison (the first step of two-step approach)

 

4.2 The Second Step 

The prediction result in the first step is used to solve the end effects problem of EMD. The results in the second step 

are obtained by applying Eq. (13) with all new IMFs and the residue. The second step of two-step algorithm 

approach provides long-term trend prediction as well as short-term prediction of WTP. Prediction comparison (the 

second step of two-step algorithm approach) for the original WTP attributes is summarized in Table 2. Comparing 

six prediction models, the second step of EMD based prediction is the best model to train (1-step ahead) the original 

WTP attributes in terms of RMSE (191.81) and R
2 

(0.932). From Table 2, applying the second step of EMD based 

prediction improves the prediction accuracy in terms of RMSE (46%) and R
2 

(≈20%). The improvement of 

prediction accuracy results from both short-term IMF components (detrended components) and instantaneous phase 

predictions. Table 3 shows the prediction RMSE and R
2
 with 1-5 (short-term), 6-10 (mid-term) and 11-15 (long-

term) steps prediction with validation data. The RMSE and R
2
  values in Table 3 are received from applying 

Model RMSE R2 

Exponential Smoothing 458.18 0.554 

Winter Additive Method 382.11 0.709 

Stepwise Autoregressive 356.22 0.746 

ARIMA 356.63 0.745 

1-step of EMD based prediction 267.25 0.868 
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different models with training data of three WTP attributes, and then validating these models with validation data. 

The results show that EMD based prediction (the second step) is the best model for all short-, mid- and long-term 

predictions in terms of RMSE and R
2
. For long-term prediction, the two-step algorithm approach yields a significant 

improvement in terms of RMSE (36%) and R
2
 (30%), compared to the average RMSE and R

2
 of other four models 

in Table 3. 

 

Table 2: Prediction Comparison (the second step of the two-step algorithm approach) 

 

 

 

Table 3: Comparison of prediction accuracy with the validation data set 

 

 

 

 

 

 

 

 
5. Conclusions 
Long-term prediction of customer preferences is becoming essential for effective product portfolio design in broad 

industrial sectors such as automotive, aerospace, consumer electronics, where typical concept-to-release times are 

long (24-60 months). However, nonlinear and nonstationary evolution of customer preferences hinders accurate 

prediction of the futures of customer preferences. Empirical Mode Decomposition (EMD), as a nonlinear and 

nonstationary signal processing method, offers the advantage of capturing nonstationarity in the signal by 

determining trend and noise components. However, the end effects problem limits the use of EMD for prediction 

applications. In this study, a new two-step prediction approach based on EMD is presented to facilitate long-term 

prediction of highly nonstationary evolution of customer preferences. The first step is used for predicting the long-

term trend component of the customer preference series (expressed in terms of WTPs). In this step, EMD 

decomposes the original series into multiple IMFs (about 11 in most cases investigated) and a residue. The long-

term trend is found to be embedded in IMFs 8 through 11, and the residue. The empirical results show that the first 

step of the two-step approach yields a notable improvement in terms of RMSE (25%) and R
2
 (12%), compared to 

STEPAR. The first step of the two-step algorithm prediction result does not just provide better prediction accuracy, 

but it can also be used to reduce the end effects problem of EMD. In the second step of two-step algorithm, EMD is 

again used to decompose an extended series obtained from concatenating the original series with prediction result 

from the first step. In this step, EMD provides new IMFs and residue without the end effects problem. The 

utilization of linear phase extension is then applied to all new IMFs and residue. The empirical results show that 

applying the second step of EMD improves both in terms of RMSE (46%) and R
2 
(≈20%) the accuracy of predicting 

WTP over extended time horizons. The improvement of prediction accuracy results from both short-term IMF 

components (detrended components) and instantaneous phase predictions. Overall, the two-step prediction approach 

Model RMSE R2 

Exponential Smoothing 458.18 0.554 

Winter Additive Method 382.11 0.709 

Stepwise Autoregressive  356.22 0.746 

ARIMA 356.63 0.745 

1-step of EMD based prediction 267.25 0.868 

2-step of EMD based prediction  191.81 0.932 

 Short-term Mid-term Long-term 

Model RMSE R2 RMSE R2 RMSE R2 

Exponential Smoothing 370.450 0.636 445.074 0.519 750.362 0.132 

Winter Additive Method 400.253 0.575 486.639 0.425 818.762 0.053 

Stepwise Autoregressive  307.275 0.749 370.654 0.666 488.422 0.435 

ARIMA 377.757 0.621 476.234 0.449 824.921 0.046 

EMD based prediction  210.135 0.883 323.381 0.746 456.872 0.471 
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based on EMD appears to be suited well for the prediction of nonstationary processes. However, in this study, the 

underlying process and related indicators of WTP are assumed unknown. In principle, the prediction should not be 

done with the past historical data (autoregressive components) alone. Exogenous variables that affect the signals of 

interest are needed. To improve the prediction accuracy, the future work of the prediction based on EMD involves 

incorporating exogenous variables into the model.  
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