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ABSTRACT 

In this study, a modified multi-dimensional ensemble empirical mode decomposition 

(MEEMD) is devised and employed to understand the temporal-spatial evolution of the sea 

surface temperature anomalies (SSTAs) of interannual timescales. We take the advantage of 

empirical orthogonal function (EOF) in lossy compression of temporal-spatially coherent data 

and decompose the data in the transformed EOF space using ensemble empirical mode 

decomposition (EEMD) to accelerate the computation of MEEMD. It is demonstrated that the 

modified MEEMD can eliminate temporally and spatially incoherent noise and recover 

accurately the temporal-spatial structures of SSTAs on interannual or longer time scales.  

The modified MEEMD is then applied to characterize the evolution of the observed El 

Niño-Southern Oscillation (ENSO) phenomenon for the period from 1880 to 2009. To identify 

the ENSO events through that period, an alternative and more consistent Niño 3.4 index is 

defined. 31 ENSO warm events are identified with this alternative index and the evolution of 

each event is examined. It is found that isolated SSTAs off Baja California can propagate 

southwestward to the equatorial region near dateline in about one year and then propagates 

eastward with amplification and a faster speed to shape up an El Niño event. In this sense, 

SSTAs off Baja California are instrumental to ENSO development, especially in triggering the so 

called central Pacific (CP) ENSO or ENSO Modoki after 1980.  
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CHAPTER 1 

INTRODUCTION 

The El Niño-Southern Oscillation (ENSO) is a quasiperiodic climate phenomenon of  

abnormal warming and/or cooling of surface ocean waters in the eastern tropical Pacific. ENSO 

depends significantly upon coupled interactions of the dynamics of both ocean and atmosphere. 

Typically, ENSO occurs every 2 to 7 years, providing the main source of the global interannual 

climate variability. For decades, ENSO has been the major focus of scientific research because of 

the resulting extreme and anomalous weather in many regions of the world. Studies of ENSO can 

be traced back to the early 1920s, when Brooks and Braby (1921) recognized a broad longitude 

belt of wet and dry regimes in the western and central equatorial Pacific associated with 

interannual variations of the surface wind. On the basis of their work and the landmark study of 

the Southern Oscillation by Walker (1924), Leighly (1933) deduced the fundamental relationship 

between sea surface temperature (SST) gradient, surface wind, and rainfall.  Understanding of 

ENSO then stagnated because during the next three decades, there was weak ENSO-related 

climate variability. Bjerknes (1969) suggested a self-sustained cycle in which SST anomalies 

(SSTAs) in the Pacific result in strengthened or slackened trade winds and thus in turn reinforce 

the original SSTA. Following his work, several studies focused on the evolution of the warm 

phase of ENSO [e.g., Wyrtki (1975) and Rasmusson and Carpenter (1982)], which led to a 

description of the evolution of a typical El Niño, dubbed by Cane (1983) as “canonical El Niño.” 

According to this description, during El Niño, the western Pacific is dominated by westerly 

anomalies, which deepen the thermocline in the eastern Pacific. Warm SSTAs gradually 

accumulate in the east and expand westward due to upwelling of warmer waters; the SST 

gradient along the equatorial Pacific is weakened, which results in weakened trade winds, 

meaning the intensification of the original westerly anomalies. On the other hand, during La 

Niña, stronger easterly trade winds are observed and the thermocline along the equator tilts more 

steeply, with an anomalously shallow thermocline in the east. Accordingly, cold SSTs occur in 

the eastern Pacific, increasing the SST gradient in the Pacific and reinforcing the easterly trade 

winds. 

 Bjerknes (1969) did not address the transition between ENSO phases (warm to cold or 

cold to warm). During the Tropical Ocean-Global Atmosphere (TOGA) program, an influential 
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theory, the delayed oscillator theory (Schopf and Suarez 1988; Suarez and Schopf 1988; and 

Battisti and Hirst 1988), was proposed to explain the oscillatory nature of ENSO. These studies 

used intermediate coupled models to argue that ocean subsurface adjustment processes due to 

individual free Kelvin and Rossby waves provide memory of the oscillation between warm and 

cold phases. Specifically, westerly anomalies in the western/central Pacific generate a 

downwelling Kelvin wave that warms the SST in the eastern Pacific. This reinforces the original 

wind anomalies through weakened SST gradients and thus instability of the coupled ocean-

atmosphere system is initiated. Meanwhile, the off-equatorial upwelling Rossby waves arrive at 

the western boundary and reflect as an upwelling Kelvin wave, which shoals the thermocline and 

cools the SST, shutting down the instability on arrival to the eastern Pacific. Jin (1997a and b) 

proposed the recharge-discharge oscillator mechanism to argue that recharge and discharge of 

equatorial heat content cause the system to oscillate. During El Niño, westerly anomalies 

produce a subsurface poleward Sverdrup transport through deepening the thermocline in the 

eastern Pacific. At the end of the discharge, the equatorial thermocline is anomalously shallower 

than climatology. This results in a cold SST in the eastern Pacific, which initiates the cold phase, 

and easterly anomalies that cause equatorward heat content recharge. Eventually, the equatorial 

thermocline is deeper than normal, which is associated with a warm SST in the east, and another 

cycle begins. Later, Galanti and Tziperman (2000) showed that one can include wave 

propagation in the recharge-discharge model and that the delayed oscillator model can be 

obtained from the recharge-discharge model if the SST adjustment time scale is neglected (i.e., 

the SST adjustment occurs instantaneously). 

The existence of a period during which ENSO-related variability is relatively weak 

suggests that a trigger is needed to generate ENSO instability. Wyrtki (1975) attributed the onset 

of SST warming to the forcing of an abrupt change in zonal wind stress that excites wave 

propagation and reflection at the boundaries, which was supported by several model simulations 

[e.g., McCreary (1976) and Busalacchi and O’Brien (1981)]. Clarke (1983, 1991, and 1992) and 

du Penhoat and Cane (1991) studied the reflections of Rossby waves at a western boundary and 

those of a Kelvin wave at an eastern boundary, considering a free unbounded ocean. It is 

observable in buoy data that westerly wind bursts (WWBs) on time scales of 1-3 weeks (Keen 

1982) cause downwelling Kelvin waves that propagate eastward. Therefore, WWBs are believed 

to be involved with the onset of El Niño events (e.g., Kerr 1987; McPhaden et al. 1988; 
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Lengaigne et al. 2004). Because of their short time scale, WWBs are generally treated as an 

external stochastic forcing of ENSO. Eisenman et al. (2005) used an intermediate coupled ocean-

atmosphere ENSO model to show that WWBs not only force ENSO, but also are modulated by 

the large-scale SST affected by ENSO.  

More recently, a new type of ENSO has been frequently observed, which is called, 

variously, the ENSO Modoki
1
 (Ashok et al. 2007), the central Pacific (CP) ENSO (Kao and Yu 

2009), or the Dateline ENSO (Larkin and Harrison 2005). For consistency, hereafter this type of 

ENSO will be referred to as the CP ENSO, and a warm episode will be referred to as the CP El 

Niño. In a CP ENSO event, the initial SST anomalies emerge in the central Pacific near the date 

line instead of off the South American coast. Some studies (e.g., Ashok et al. 2007; Kao and Yu 

2009; Yu et al. 2010) used statistical methods such as regression and empirical orthogonal 

function (EOF) analysis to distinguish between the different patterns of a canonical El Niño (i.e., 

an eastern Pacific El Niño, hereafter an EP El Niño) and a CP El Niño. In an EP El Niño event, 

the equatorial eastern Pacific is dominated by strong warm SSTAs, which can extend westward 

past the date line. A secondary local warming can be located near Baja California; the equatorial 

western Pacific is dominated by cold SSTAs, which straddle the warm SSTAs in the east, 

forming a horseshoe pattern. On the other hand, when a CP El Niño occurs, the equatorial 

western and eastern Pacific typically have negative SSTAs, while the equatorial central Pacific 

has warm anomalies, which extend eastward to the subtropics in both hemispheres. Furthermore, 

it is clear from the results of these studies that although an EP El Niño is still dominant, a CP El 

Niño explains a considerable amount of the total SST variability in the since approximately 

1980. Several studies (e.g., Ashok et al. 2007; Kim et al. 2009) explored the potential impact of a 

CP ENSO and showed evidence that a CP ENSO has quite a different impact from the EP 

ENSO. For instance, there are positive rainfall anomalies over the equatorial central Pacific 

during boreal summer and hurricanes tend to make landfall more frequently in the Atlantic.  

One noticeable commonality found in the patterns of an EP El Niño and a CP El Niño is that a 

warming off Baja California always seems to be in phase with the equatorial warming, a 

phenomenon that has not been discussed much. Vimont et al. (2001) first identified the “seasonal 

footprinting mechanism” (SFM) through which positive net heat flux anomalies are induced off 

Baja California during the previous winter; in the subsequent summer, warm SSTA footprints are 

                                                 
1
 “Modoki” is a classical Japanese word that means “similar but different.” 
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then imparted in situ and then extend southwestward to the equator. A companion study, Vimont 

et al. (2003), further indicated that midlatitude atmospheric variability plays a role in producing 

ENSO variability. Nevertheless, the method adopted by these studies, regression,  gives only a 

long-term mean pattern, which does not provide a clear result reflecting a cause-effect 

relationship. To examine the spatial-temporal evolution of equatorial Pacific SSTAs, especially 

the potential relationship between the SST footprint off Baja California and ENSO, a new 

adaptive data analysis method, the multidimensional ensemble empirical mode decomposition 

(MEEMD) method, will be an appropriate alternative. However, it generally takes 90 seconds to 

perform EEMD to decompose one time series (on a personal computer), which makes it 

computationally expensive when the dataset has a large multidimensional domain. Furthermore, 

quality control and categorizing the components sharing similar frequencies requires individual 

examination of the EEMD components of each grid point. This would be  a difficult task with a 

large spatial domain. To overcome these difficulties we devise a modified MEEMD, which 

employs EOF analysis as a means of lossy data compression
2
 to reduce the number of signals on 

which EEMD will be performed.  

The remainder of the paper is organized as follows. Chapter 2 gives a brief introduction 

of the data used for this study. A review of the methods is given in Chapter 3. Chapter 4 covers 

finding a possible trigger for ENSO warm events based on the results. Chapter 5 provides a 

summary and discussion. 

 

                                                 
2
 In information technology, "lossy" compression is a data encoding method that compresses data by discarding 

(losing) some of it. 
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CHAPTER 2 

DATA 

In this study, the monthly analysis of the Extended Reconstructed Sea Surface 

Temperature version 3b dataset (ERSST.v3b, Smith et al., 2008) over the tropical Pacific Ocean 

(120°E–74°W, 30°S–30°N) is analyzed. ERSST.v3b is generated using in situ SST data based on 

the International Comprehensive Ocean-Atmosphere Data Set (ICOADS) release 2.4, and 

combined with statistical methods to ensure stable reconstruction with sparse data. Note that 

ERSST.v3b does not include satellite data to avoid residual cold biases. The dataset has 2°×2° 

spatial resolution and dates back to 1854. However, to prevent a damped signal during the early 

years due to sparse data, only the segment from January 1880 through December 2009 (130 yr) 

of the data is used for this study.   

Since EOF analysis requires input data to be mean-removed (Monahan et al., 2009), we 

first compute monthly SSTAs at all grid points by removing the long term mean with respect to 

the period of 1880–2009, which covers the entire period of the available data. There are several 

advantages of this anomaly definition. First, subjective partition of the climatology, which might 

cause confusion in ENSO identification (discussed in detail in chapter 4), is absent here. Second, 

since EEMD is involved, the trend (low-frequency signal) in SSTAs is separated from other 

frequency components and the changes in mean climate state will be reflected by the lowest 

frequency component of EEMD. This allows us to study SST variability on other time scales 

without worrying about the changes in background climate. Third, although incorporating future 

data will indeed affect the total SSTAs, it does not necessarily affect the resulting components 

from EEMD. Here, we experiment with the SST at the grid point (178°E, 0°) and compute two 

sets of anomalies that have base periods of 1880-1979 (first set) and 1880-2009 (second set). We 

perform EEMD on the two sets of anomalies; results show the difference between each pair of 

the components is relatively larger near the ending point of the first set of anomalies (Fig. 2.1). 

This is associated with the so-called “data end effect” that commonly exists in data analysis 

methods and. The “data end effect” of EEMD has been demonstrated to be smallest among data 

analysis methods. Other than that, the difference is trivial between each pair of components, 
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considering the standard deviation (Std_dev), which is on the order of 10
-2
�. Therefore, adding 

future data does not alter the EEMD components of the total anomalies. 

 

 

Figure 2.1 Stacked plot of EEMD components of SSTA time series based on the periods 1880-

1979 (blue curves) and 1880-2009 (red curves) at (178°E, 0°).  
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CHAPTER 3 

METHODS 

A modified MEEMD is devised to resolve the practical issues of the traditional MEEMD. 

Specifically, EOF analysis is performed for data compression and EEMD is employed to extract 

SSTA temporal evolution on different time scales. The remainder of this chapter will provide a 

review of each method applied and the concept of the modified MEEMD� 

3.1 EEMD 

The empirical mode decomposition (EMD), a fundamental part of the Hilbert-Huang 

transform (HHT), was proposed by Huang et al. (1998). The EMD is designed to decompose 

time series �����into a finite and often small number of intrinsic mode functions (IMF), 
�	 , such 

that 

                                                               
1

( ) ( ) ( )



� 


�

� � 	 � � �
=

= +∑   ,                                                 (3.5) 

where 
�	  represents simple oscillatory modes of certain frequencies and 
�  is the residual of the 

data ����. In EMD a sifting process connects all the local extrema with a cubic spline as upper 

and lower envelopes and takes the difference between the data and the local mean of the two 

envelopes. This sifting process stops when 
� , the residual of the data, becomes a monotonic 

function or a function that  has only one extremum. The EMD is a temporally local and adaptive 

data analysis without any ������� subjective criterion. It works particularly well with nonlinear 

and nonstationary time series, and has been applied in many disciplines such as chemistry and 

chemical engineering, finance, and image processing. In spite of EMD’s advantages over 

traditional data analysis methods, it encounters a serious “mode mixing” problem:  an intrinsic 

mode function (IMF) might consist of oscillations of disparate scales. Also, since real data 

inevitably contain some naturally occurring random noise, the EMD would be sensitive to the 

included noise and become unstable because it is based solely on the distribution of local 

extrema. Later, Wu and Huang (2005, 2008) developed the ensemble EMD (EEMD), which 

resolves the EMD’s problems and maintains the aforementioned exceptional properties of EMD. 

Specifically, white noise is used in EEMD to provide a relatively uniform reference scale 
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distribution and to extract scale-consistent signals. Instead of altering the true signals, the added 

white noise series simply cancel each other after ensemble siftings and facilitate extraction of 

meaningful signals. In this sense, EEMD qualifies for the noise-assisted data analysis (NADA) 

method. The major steps of the EEMD method are as follows: 

1.� add a white noise series to the targeted data; 

2.� decompose the data with added white noise into IMFs; 

3.� repeat steps 1 and 2 as many times as is required until the envelopes are symmetric with 

respect to zero (note that each time a different white noise series is added);  

4.� obtain the ensemble means of the corresponding IMFs of the decompositions as the final 

result. 

In implementing the EEMD method for PCs resulting from EOF analysis, this study uses 

400 ensembles with an added noise-signal amplitude of 0.4 Std_dev of the original PCs. The 

decomposition results in 10 components and 2 components fall on the interannual time scale, 

with the first one having a period of 2–3 yr and the second one having a period of 4–6 yr. 

In reality, it is not uncommon for various frequencies of oscillations to co-exist in climate 

variables (e.g., SSTAs) that are subject to nonlinear forcing and exhibit nonstationary behavior. 

The aforementioned advantages of EEMD make it possible to decompose any time series of 

climate variables into different frequency components without assuming a linear or stationary 

dataset, or subjectively prescribing any basis functions. The separation of oscillations with 

different frequencies enables us to focus separately on components that are relevant to the 

research interest. Most importantly, MEEMD, which is the application of EEMD on data with 

multi-dimensional domain, can yield multi-dimensional evolution of the signal on different time 

scale. Here we will illustrate this concept using two-dimensional data. Figure 3.2 left column 

shows the original SSTAs of (160°E, 160°W) along the equator. We can perform MEEMD to the 

SSTA time series of each grid point. The corresponding resultant components (e.g., 3
rd

 and 6
th

 

component in the middle and right column, respectively, in Fig. 3.2) can be gathered among grid 

points and used to project to spatial-temporal domain, from which the spatial-temporal evolution 

on a specific time scale can be clearly seen. In this sense, MEEMD is particularly appropriate for 

this study, whose goal is to examine the spatial-temporal evolution of SSTAs during ENSO 

warm events. However, practical issues, e.g., computation efficiency, are obstacles to directly 
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performing MEEMD on the SSTAs data. This leads us to employ an equivalent solution 

involving EOF analysis to accomplish data compression. 

3.2 EOF analysis 

EOF analysis was developed and first applied to statistical weather forecasting by Lorenz 

(1956). This analysis can be applied to decompose a two-dimensional dataset into one dimension 

in which we look for structure, and a second dimension in which realizations of this structure are 

sampled. In most cases, we use space as the structure dimension and time as the sampling 

dimension. The dominant spatial structures and their corresponding PCs are obtained using the 

orthogonal functions of time determined from the data and maximizing the explained variances. 

In this sense, the original dataset can be represented by linear combination of the projections of 

each structure and its temporal coefficients.  

The computation of EOFs starts with the covariance matrix for a set of mean-removed 

data. For the data matrix X with 
�time steps, the covariance matrix, C, is calculated as follows: 

                                                                     
1 �



=C XX   ,                                                          (3.1) 

where �X is the transpose matrix of the data matrix. The covariance matrix C, which is then 

symmetric, can be decomposed through diagonalization, or eigenanalysis,  

                                                                      CY=YΛ     ,                                                           (3.2) 

  

where Y is the PCs matrix with eigenvectors, �e , as its columns, and Λ is the matrix with 

eigenvalues, λ � , along its diagonal; elsewhere, the values in the matrix are zero . The spatial 

matrix, V, is obtained as follows:  

                                                                        V=XY   .                                                              (3.3) 

In addition, multiplication of the spatial matrix and the PCs matrix returns to the original data 

matrix, i.e., 

                                                                       X=VY   .                                                               (3.4) 

Because of its efficiency in investigating the time-space relationships of data, EOF 

analysis has been used in many disciplines under a variety of different names, especially in 

atmospheric science (e.g., Weare et al. (1976); Thompson and Wallace (1998)). Despite the 

advantages of EOF analysis, one should also bear in mind the disadvantages when using this 
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method in research. For example, the linear assumption of data does not always work on real-

world data. Another major drawback of EOF analysis is that it gives only stationary patterns, 

which lack information on previous and subsequent evolutions of particular patterns, where the 

physical meanings usually reside. In this sense, EOF analysis, by itself, is helpful to find the 

dominant features of the data, but it does not help much with physical interpretation of these 

features. Traditionally, other studies directly interpreted the results from EOF analysis. In this 

study, the EOF analysis is used as a tool to eliminate the incoherent part of the data before 

further analysis. It is worth noting that this does not work on all datasets.  By using EOF 

analysis, one presumes certain time-space relationships within the data. This assumption might 

seem straightforward, but it is crucial when adopting EOF analysis to compress data. If the data 

are nothing but noise, it would be impossible to apply EOF analysis for data compression 

because no meaningful signals could be identified. On the other hand, if the presumed spatial 

patterns do exist, using fewer projections of the structures and their corresponding temporal 

coefficients would still be accurate enough to represent the original dataset. Figure 3.1 presents a 

geometrical demonstration of this concept using SSTAs and generated random time series. 

SSTAs are governed by air-sea interaction, which tends to have broad spatial and temporal 

scales. These broad scales guarantee that SSTAs over a certain region will not behave like noise, 

but will be spatially and temporally correlated. In this case, EOF analysis is able to find out how 

many oscillations (variations) occur in a certain direction, and identify those directions in which 

most oscillations (variations) can be found. In Figs. 3.1a-c, the selected SSTA time series are 

from three neighboring grid points and they tend to behave consistently over time. Thus, a 

dominant oscillation can be immediately identified (Fig. 3.1a). When viewed from other angles, 

oscillations in the remaining directions are relatively insignificant, or even trivial, in terms of 

total oscillations (Figs. 3.1b-c). On the other hand, when we are dealing with random time series 

(or noise), it is expected that variations are evenly distributed across the directions and that no 

significant signal can be identified (Figs. 3.1g-i). Note that the time-space correlation within 

SSTAs between the grid points is weakened as the spatial domain increases in size, so it becomes 

more difficult to find the dominant signal(s) (as shown in Figs. 3.1d-f). In this sense, we have to 

retain more modes to account for the same amount of variance, which is contrary to the purpose 

of data compression; if we choose to retain fewer modes in this case, the quality of data 

compression would be worsened.  
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In summary, the time-space correlations existing in SSTAs data make it possible to use 

EOF analysis as a tool of lossy data compression by eliminating the insignificant or trivial 

signals that can be regarded as either incoherent signals or noise. Nevertheless, the spatial 

domain under consideration has to be small enough for high-quality compression with EOF 

analysis. 

3.3 A modified MEEMD 

To facilitate discussion, the major steps for combining the modified MEEMD are 

illustrated graphically with a flowchart (Fig. 3.3). By means of EOF analysis, we obtain pairs of 

dominant spatial patterns, V�, and their corresponding PCs, Y�, of SSTA evolutions. The first 40 

modes are retained for frequency extraction, the justification of which will be provided in 

chapter 4. EEMD is performed on each of the 40 PCs, decomposing them into components on 

different time scales, i.e., Y��.  Each of the components sharing similar averaged frequencies 

across the different modes (i.e., components sharing the same subscript of �) is multiplied by the 

spatial matrix of the same mode (i.e., the same subscript of �). The summation of this 

multiplication yields the SSTA evolutions on a certain time scale. 

In the modified MEEMD, we introduce EOF analysis as a tool of data compression, 

retaining only the first few modes that contribute most to the explained variances. Thus, we have 

to perform EEMD only on these first few modes. In this way, we substantially reduce the number 

of EOF modes and EEMD components that we have to deal with (and therefore reduce 

computation time), while preserving the essence of the signal. Meanwhile, quality control and 

components categorization can be done easily.  Next, we demonstrate that the modified MEEMD 

is equivalent to conducting traditional MEEMD. We apply the modified MEEMD method and 

traditional MEEMD to analyze SSTA at (180°, 0°), and the resulting components produced by 

each method are shown in Fig. 3.4. Altogether, there are 10 resulting components for each 

method. However, Wu and Huang (2005, 2008) pointed out that the EEMD components are not 

necessarily IMFs. Therefore, we sum the 2nd and 3rd original components to obtain the complete 

annual components (second pair of components in Fig. 3.4). Similarly, the sums of the 7th 

through 10th original components give the multidecadal components (last pair of components in 

Fig. 3.4). It is clear that the Std_dev of the difference between each pair of components is 

relatively larger in the first two pairs. This is understandable since EOF analysis is employed to 

remove the incoherent and noise-like signals that tend to have higher frequency in the modified 
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MEEMD. Overall, the difference in the results using the two different methods is mostly 

negligible, confirming that the modified MEEMD is indeed equivalent to traditional MEEMD on 

the time series of SSTAs. 

3.4 Validation 

To guarantee a better compression quality, the tropical Pacific is divided into two parts, 

i.e., tropical western Pacific (120°E−170°W, 30°S−30°N, hereafter TWP) and tropical eastern 

Pacific (180°−74°W, 30°S−30°N, hereafter TEP). The accumulative variance explained by the 

first 40 modes of the EOF analyses in TWP and TEP is 99.93% and 99.83%, respectively. No 

well-organized spatial patterns are shown by the 41
st
 mode (Fig. 3.5a) onward in each of the 

basin, meaning there is little physical information in the latter modes. Therefore, only the PCs 

from the first 40 modes are further processed, and the remaining insignificant modes are 

eliminated.  

According to EEMD, the sum of all components should be approximately equal to the 

original signal. To evaluate whether this is still true for the modified MEEMD, all the projections 

of different frequencies are summed and the results (referred to as reconstructed SSTA hereafter) 

are compared with the original SSTA time series at randomly selected grid points in the TWP 

and TEP as shown in Figs. 3.6a and c, respectively. Particularly, the SSTA reconstruction in the 

overlapping region of TWP and TEP is based on the local mean of reconstruction in each of the 

basin. Note that for better visual display, only a randomly selected period of time (i.e., January 

1972–December 1991) is shown, but the statistical quantities calculated and displayed in Table 

3.1 apply to the entire temporal domain. It is evident in Figs. 3.6a and c that the tropical Pacific 

generally has an amplitude of total SST variability of about ±1~2 ºC. The annual cycle dominates 

in total SST variability, with interannual oscillation superimposed. Visually, the reconstructed 

SSTAs are consistent with the original SSTAs, except at local extrema. Table 3.1 shows that he 

difference between the reconstructed and original SSTAs generally has a mean and Std_dev both 

on the order of 10
-2
�. The Std_dev of the difference is about 1% of the total SSTA signal, 

which guarantees the signals eliminated by data compression are indeed trivial. Furthermore, the 

lagged auto-correlation coefficients of the difference (Fig. 3.6b and d) between reconstructed and 

original SSTAs mostly fall within the 99.8% significance level, except for the first few months 

lag. Note that the lagged auto-correlation coefficients of those first few months lag are also 
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substantially reduced from previous results. In this sense, the difference mostly behaves like 

white noise.  

Next, we examine the spatial consistency of the SSTA reconstruction with the original 

SSTAs. We plot the original (Fig. 3.7) and reconstructed (Fig. 3.8) SSTAs over the tropical 

Pacific Ocean during a randomly selected period (i.e., August 1990–March 1991) as an example. 

It is evident that the reconstructed SSTAs accurately represent the spatial-temporal evolution of 

the original counterpart. Specifically, the decay of local maximum warming off Baja California 

and the decay of cooling over the cold tongue towards the end of 1990, in addition to the 

emergence of the SST warming over equatorial eastern Pacific during the beginning of 1991, are 

well reproduced. Other localized patterns are also recovered. 

In summary, the reconstructed SSTAs are qualitatively identical to the original SSTAs in 

terms of both time and space. The signals that are removed during data compression are 

spatially-temporally inconsistent, and mostly behave like white noise that is unpredictable. In 

this sense, the reconstructed SSTAs are without noise contamination, enabling us to look at the 

“true” behavior of the SST evolution on certain time scales. Additionally, the computation time 

is expected to considerably decrease as the result of data compression. The computation time for 

EOF analysis is about 8 seconds (on a personal computer); the averaged computation time for 

EEMD is about 90 seconds. If we conduct traditional MEEMD for every grid point in the 

tropical Pacific without compressing the data, it takes ~60 hours to complete the calculation. 

Alternatively, when we use the modified MEEMD retaining first 40 EOF modes, it takes only 

about 1 hour to complete the equivalent calculation in the tropical Pacific, which substantially 

boosts computation efficiency. 
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Table 3.1 Relevant statistical quantities during data compression and reconstruction. The 

difference between reconstructed and original SSTA is defined as reconstructed SSTA minus 

original SSTA. 

 

� �������	�


�������

��������

�������

�������	��

��������

���������

������

Accumulative variance of 

first 40 modes 

99.93% 99.83% 

 

Mean difference between reconstructed 

and original SSTA 

at (140°E, 10°N)  

0.009 

 

— 

Mean difference between reconstructed 

and original SSTA 

at (140°W, 10°N) 

— 0.012 

 

Std_dev of the difference between 

reconstructed and original SSTA 

at (140°E, 10°N) 

0.03 — 

Std_dev of the difference between 

reconstructed and original SSTA 

at (140°W, 10°N) 

— 0.07 
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Figure 3.1 Graphical demonstration of EOF analysis. The position of each point in the 

three-dimensional space is determined by: (a-c) SSTA of three neighboring grid points 

(178°E, 0°), (180°, 0°) and (178°W, 0°) at a certain time step; (d-f) SSTA of three grid 

points (88°E, 0°), (180°, 0°) and (92°W, 0°) at a certain time step; (g-i) generated random 

numbers. Each point is then connected with straight lines. Each subplot within the same 

row is exactly the same but viewed from different angles. 

d) 

g) 

e) f) 

h) i) 

  a) b)   c) 
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Figure 3.2 Schematic of analyzing SSTAs along the equator using traditional MEEMD. 

The left column shows the original SSTAs; the middle column shows the 3
rd

 resultant 

component from MEEMD; the right column shows the 6
th

 resultant component from 

MEEMD. Units are ºC. 

 

 

 

Figure 3.3 Flowchart for the modified MEEMD. V and Y denote the spatial matrix and 

the principal components (PCs) matrix from EOF analysis, respectively. The subscripts ��

(�=1, 2, 3, …, 40) denotes the �th mode; and the subscripts � (�=1, 2, 3, …, 10) denotes  

the �th component from EEMD of a certain frequency.    
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Figure 3.4 Stacked plot of resultant components of SSTA of grid point (180°, 10°N) by 

traditional MEEMD (red curves) and the modified MEEMD. The numbers shown on the 

y-axis are the standard deviations of the difference between each pair of components. 

Units are ºC. 

 

 

 

 

 

 

Figure 3.5 The spatial patterns of the 41
st
 mode of EOF analysis in (a) the tropical 

western Pacific (TWP), (b) the tropical eastern Pacific (TEP). The values are spatial 

coefficients without units.

a) b) 
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Figure 3.6 (a) Comparison between original (blue curves) and reconstructed SSTA (grey 

curves) at (140°E, 10°N) and (140°W, 0°) in the tropical Pacific. The red curves denote 

the difference between the two. Units are ºC. (b) The auto-correlation coefficients of the 

difference (red curves in panel (a) and (c)) with a time lag of 1 to 100 months. The 

magenta straight lines denote an auto-correlation coefficient of ±0.08, which is at the 

99.8% significance level of the Monte Carlo test.  

a) b) 

c) d) 
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Figure 3.7 Original SSTAs of the tropical Pacific Ocean, August 1990–April 1991. Units 

are ºC.  
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Figure 3.8 Same as Fig. 3.7 but for reconstructed SSTAs. 
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CHAPTER 4 

SSTAS OFF BAJA CALIFORNIA:  

A POSSIBLE TRIGGER FOR ENDO 

The modified MEEMD described above is applied to the evolution of ENSO warm 

events, with particular focus on the relationships between the local SSTAs off Baja California 

and equatorial Pacific SSTAs. First, we define an alternative index to identify ENSO episodes. 

Second, we examine the spatial-temporal evolution of these warm events and locate a warm 

signal source off Baja California that is instrumental to the development of El Niño, especially 

the so-called CP El Niño. 

4.1�ENSO identification with an alternative index 

Identification of ENSO warm and/or cold events depends on various indices. Hanley et 

al. (2003) evaluated several SST-based and pressure-based indices and found no one index to be 

superior in classifying ENSO events. Some commonly used indices, (e.g., Southern Oscillation 

Index (SOI) and the Niño 3.4 index) are defined in terms of SSTA; an event is classified as 

ENSO when the anomaly exceeds a certain value for several consecutive months. One drawback 

common to these indices is the use of subjectively identified climatology base periods, on which 

the anomalies are calculated.  The justification for choosing these base periods remains unclear. 

It is obvious that when the base periods change or future data are added, the mean value over a 

certain base period will change and so will the anomalies. This could lead to inconsistency in 

ENSO events identification.  For example, if the data are partitioned into 30-year base periods 

starting at 1930 (i.e., 1930–59/1960–89) or 1940 (i.e., 1940–69/1970–99), when we calculate 

spatially averaged SSTA over the Niño 3.4 region over time we cannot identify a La Nina event 

in 1980–81; however, for base periods starting at 1950 (i.e., 1950–79/1980–2009) we can 

identify a La Niña event in 1980–81 (Fig. 4.1a). Likewise, when we add 10 years of “future” 

data commencing with 1990 in the base period of 1970–99, the phase originally classified as 

neutral in 1978–79 can now be classified as a cold phase (Fig. 4.1b). This inconsistency in 

defining ENSO episodes could lead to confusion in our efforts to understand ENSO-related 

physical mechanisms.
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Involving EEMD in the analysis enables us to develop an alternative index for classifying 

ENSO episodes without subjectively defining a particular base period. We sum all the 

components whose averaged periods are longer than one year and calculate an alternative index 

by averaging this sum over the Niño 3.4 region. An ENSO warm or cold episode is defined when 

the index exceeds 0.5± � for at least 5 consecutive months. Figure 4.2 gives a comparison 

between the alternative index and the conventional Niño 3.4 index.  Overall, the alternative index 

is consistent with the conventional Niño 3.4 index, but the relative strength of some events is 

altered. The alternative index removes higher frequency signals from the conventional Niño 3.4 

index. Although performing the running mean can also smooth out the high-frequency signals, 

with the approach adopted here, no data are lost at the beginning and the end of the time series. 

Besides, the physical meaning of the alternative index is clear: it is a combination of several 

oscillators that are on different time scales. With the alternative index, we are able to identify 31 

El Niño events from 1880 to 2009, mostly consistent with the warm episodes classified by 

NOAA’s Climate Prediction Center. 

4.2�A possible trigger for ENSO 

Since the ENSO signal is robust on an interannual time scale, we examine the spatial-

temporal evolutions of each warm event in two interannual components. The first interannual 

component (FIC) has a period of 2 to 3 years; the second interannual component (SIC) has a 

period of 4 to 6 years. We find that a warming source off Baja California is instrumental to El 

Niño development. Such signal propagation can be seen during the development stage of an EP 

El Niño in 1957–58, as shown in Fig. 4.3. Warming anomalies first arise in the cold tongue 

region in December 1956. Subsequently, a local warming occurs off Baja California in February 

1957. This warming then propagates southwestward, approximately following the path from A to 

B (dashed line), while the warm anomalies off the South American coast intensify. The arrival of 

the warm signal from Baja California enhances the strength of the anomalies on the equator and 

the SSTAs in the TEP undergo considerable amplification in the subsequent months. The SSTAs 

off Baja California might even serve as a trigger for the recently recognized CP El Niño. An 

example of a CP El Niño in 1991–92 is shown in Fig. 4.4. At the end of 1990, local warm 

anomalies occur off Baja California while the South American coast is still dominated by cold 

anomalies. The warm signal propagates southwestward and arrives at the equator in the central 

Pacific in February 1990. The signal propagation continues during the subsequent months while
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the warming anomalies in the central Pacific intensify in situ and then eventually expand 

eastward to the South American coast. Another El Niño event in 2002–03 (Fig. 4.5) shows a 

similar evolution of warming anomalies off Baja California leading to the emergence of warm 

anomalies in the central Pacific. On the other hand, the 2001–02 El Niño also displays 

characteristics of an EP El Niño, during which warm anomalies occur off the South American 

coast and expand westward. However, the emergence of the warm anomalies in the cold tongue 

region appears to be independent of the warm signal in the central Pacific.  

To present a clearer demonstration of a possible trigger for a CP El Niño, we select the 

grid points along the path (dashed line from A→B→C in Figs. 4.3–4.5) and examine their 

interannual evolutions with respect to time for the post-1980 period. Note that linear 

interpolation is performed for those grid points not having available data. The possible trigger is 

most robust in FIC, as shown in the top panels of Fig. 4.6.  It can be seen that a warming signal 

at point A (off Baja California) originates in mid-1981 and propagates (southwestward) to B 

(Dateline) where the signal amplifies and is followed by a major ENSO warm episode during 

1982–83. A warm source off Baja California can also be found preceding other warm episodes 

(i.e., 1986–87, 1991–92, 1994–95, 2002–03, and 2006–07), most of which have been classified 

as CP El Niños by Philander (2004) and Lee and McPhaden (2010). For all these warm phases, it 

takes about one year for the initial signal from Baja California to arrive at the equator near the 

Dateline. Once the warm signal arrives at the equator, the warm anomalies tend to expand 

eastward at a faster speed to the South American coast. The eastward warm anomalies 

propagation is more obvious in SIC and the largest anomalies are in the eastern Pacific where the 

thermocline is shallower (bottom panels of Fig. 4.6). This indicates that although the possible 

trigger generally has a period of 2 to 3 years, once El Niño instability is triggered, the subsequent 

development on the equator will follow El Niño natural variability, which tends to have a strong 

period of 2 to 5 years. Table 4.1 shows the frequency of El Niño events pre- and post-1980. 

During 1880–1979, 8 out of the 21 El Niño events are associated with warm SSTAs off Baja 

California; 6 of these 8 events are EP El Niño events, for which the warm SSTAs off Baja 

California enhance the warming development; the remaining 2 events show CP El Niño-like 

evolution. On the other hand, post-1980, 6 out of 10 El Niño events are associated with warm 

SSTAs off Baja California, all of which are CP El Niño events. In all the CP El Niño events, the 
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spatial-temporal evolutions of SSTAs indicate that a warm signal off Baja California might serve 

as a trigger initiating the instability in the tropical Pacific. 

 

Table 4.1 Frequency of El Niño events pre- and post-1980.  

� ���	������������	�
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�����������	������������

����������
������
���������	���

���������� �	��������

���������� ���	�

����!	�"���������

1880-

1979 

21 8 2 

1980-

2009 

10 6 6 

 

 

 

          

 

Figure 4.1 (a) SSTAs averaged over the Niño 3.4 region using different climatology base 

periods. The red lines indicate the threshold of 0.5±  ºC. When the anomalies exceed the 

threshold for 5 consecutive months, ENSO warm (cold) events can be identified. (b) Same as (a) 

but for the 1970-1999 base period. 

b) 

a) 
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Figure 4.2 The alternative index (top) and the conventional Niño 3.4 index from NOAA’s 

Climate Prediction Center (bottom). The red lines indicate the threshold of 0.5±  ºC.  



 

26 

 

 

Figure 4.3 SSTA evolutions in FIC over the equatorial Pacific preceding the 1957–58 EP 

El Niño. Point A is at (120°W, 20°N); point B is at (180°, 0°); and point C is at (80°W, 

0°). The black dashed line depicts a path of warming signal propagation from A→B→C. 

Units are ºC. 



 

27 

 

 

 

 

Figure 4.4 Same as Fig. 4.3 but preceding the 1991-92 CP El Niño.  
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Figure 4.5 Same as Fig. 4.3 but preceding the 2002-03 CP El Niño. 
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Figure 4.6 Warm SSTA temporal evolutions of the grid points along the path depicted in Figs. 

4.3–4.5 in FIC (top panels). In total, 81 grid points are selected and the �-axis denotes the �th 

(�=1, 2, …, 81) grid point following the path from A→B→C. Units are ºC. Bottom panels are the 

same as top panels but for SIC. 
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CHAPTER 5 

SUMMARY AND DISCUSSION 

5.1 Summary 

To examine the spatial-temporal evolution of ENSO, especially the relationship between 

the signal off Baja California and equatorial eastern Pacific warming, a modified MEEMD is 

developed and employed to analyze SSTAs in the equatorial Pacific spanning the period of 

1880–2009. In the modified MEEMD, EOF analysis is introduced as a means of lossy data 

compression that eliminates the insignificant and spatially incoherent signals in SSTAs, and then 

EEMD is performed on the PCs of the preserved modes to decompose them into components on 

different time scales, enabling us to study the quasiperiodic behavior of ENSO on different time 

scales. Through validation, it is shown that the difference between the reconstructed SSTA based 

on the modified MEEMD and the original SSTA time series are mostly white noises, both 

spatially and temporally incoherent.  

We develop an alternative index, based on the results of the modified MEEMD, that 

gives a more consistent and physical identification of ENSO. Altogether 29 El Niño events are 

classified, and the spatial-temporal evolution of SSTAs in each event is examined. It is found 

that isolated SSTAs off Baja California can enhance the instability in the equatorial Pacific for 

an EP El Niño. In particular, SSTAs off Baja California can propagate southwestward to the 

equatorial region near the date line in about one year and then expand eastward with 

amplification and develop an El Niño event. In this sense, SSTAs off Baja California are 

instrumental to El Niño development, especially for the so-called CP El Niño after 1980. 

5.2 Discussion 

A question has been raised about the reason for the higher occurrence of CP ENSO in the 

past few decades. On the basis of an analysis of climate change models from the Coupled Model 

Intercomparison Project phase 3 (CMIP-3), Yeh et al. (2009) showed that the increased requency 

of CP ENSO occurrence is caused by anthropogenic greenhouse gas forcing. Nevertheless, 

McPhaden et al. (2011) showed that with more frequent occurrences of CP ENSO, trade winds 

strengthen and the thermocline tilts more steeply toward the western Pacific, opposite to what we 

should expect from greenhouse gas forcing. They further interpreted the results as the naturally 

varied characteristics of El Niño being projected onto changes in the 
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background state. However, our results reproduce CP El Niño structures without including the 

low frequency trend, suggesting that there is no direct connection between the higher occurrence 

of CP El Niño and the changes in the background state. Furthermore, it is worth noting that the 

seemingly higher occurrence of CP El Niño post-1980 might be simply because of sparse 

observations in the central Pacific pre-1980; during this period the data fail to represent the 

actual evolution of SST.   

We demonstrate that the warming signal off Baja California might trigger CP El Niño by 

southwestward propagation. This raises a fundamental question:  What causes this precursor 

signal off Baja California? Vimont et al. (2003) proposed that this signal is the SST footprint 

imparted by the North Pacific Oscillation (NPO), which induces westerly anomalies in the 

western or central Pacific. However, the method they used, regression, gives only a mean picture 

over a long period and does not reflect cause-effect relationship. The deficiency in the method 

renders the SFM obscure. Besides, the possible trigger off Baja California is found to be robust 

on a time scale of 2 to 3 years, instead of a decadal signal associated with NPO. Another 

important question is why this warming signal has a preferred southwestward propagation path. 

To better understand the potential triggering mechanism for the CP ENSO, further examination 

of other relevant variables in air-sea interaction (e.g., surface wind, thermocline, etc.) is 

necessary. 
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