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Abstract By superimposing initial sea temperature disturbances in neutral years, we determine the pre-
cursory disturbances that are most likely to evolve into El Nino and La Nina events using an Earth System
Model. These precursory disturbances for El Nino and La Nina events are deemed optimal precursory distur-
bances because they are more likely to trigger strong ENSO events. Specifically, the optimal precursory dis-
turbance for El Nino exhibits negative sea surface temperature anomalies (SSTAs) in the central-eastern
equatorial Pacific. Additionally, the subsurface temperature component exhibits negative anomalies in the
upper layers of the eastern equatorial Pacific and positive anomalies in the lower layers of the western
equatorial Pacific. The optimal precursory disturbance for La Nina is almost opposite to that of El Nino. The
optimal precursory disturbances show that both El Nino and La Nina originate from precursory signals in
the subsurface layers of the western equatorial Pacific and in the surface layers of the eastern equatorial
Pacific. We find that the optimal precursory disturbances for El Nino and La Nina are particularly similar to
the optimally growing initial errors associated with El Nino prediction that have been presented in previous
studies. The optimally growing initial errors show that the optimal precursor source areas represent the sen-
sitive areas for target observations associated with ENSO prediction. Combining the optimal precursory dis-
turbances and the optimally growing initial errors for ENSO, we infer that additional observations in these
sensitive areas can reduce initial errors and be used to detect precursory signals, thereby improving ENSO
predictions.

1. Introduction

ENSO is an irregular interannual oscillation that alternates between the warm (El Nino) and cold (La Nina)
phase as a result of coupled ocean-atmosphere interactions in the tropical Pacific [Rasmusson and Carpenter,
1982; Philander, 1983, 1990]. ENSO has a far-reaching impact on climate through teleconnections; hence,
accurate ENSO predictions are essential for producing meaningful seasonal climate predictions globally
[Ropelewski and Halpert, 1987; Trenberth et al., 1998]. In recent decades, ENSO predictions have made signifi-
cant progress. Skillful predictions can be made 1 year in advance in hindcast experiments [Chen and Cane,
2008; Jin et al., 2008]. However, considerable uncertainties still exist in real-time ENSO forecasting [Kirtman
et al, 2002; Tippett et al., 2012], especially those associated with poor predictive ability during the ENSO
onset period. One approach utilizes precursory signals that precede the onset of ENSO events. These signals
can be used to predict ENSO events with significant lead times [Yu and Paek, 2015].

Multiple studies have investigated the precursors of ENSO events using optimal perturbations. For example,
Moore and Kleeman [1996] explored the precursors of ENSO using the linear singular vector (LSV) approach.
They demonstrated that a downward-perturbed thermocline pattern in the equatorial Pacific has the poten-
tial to develop into an El Nino event [also see Xue et al., 1994; Palmer et al., 1994]. Thompson [1998] obtained
similar results using the LSV approach. In addition, Newman et al. [2011] and Vimont et al. [2014] used linear
inverse models (LIM) to determine optimal initial conditions for an El Nino event. Specifically, a positive,
basin-wide thermocline anomaly centered in the central-eastern Pacific and an SSTA along the coast of
Peru will likely evolve into an El Nino event. The opposite conditions provide optimal initial conditions for a
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La Nina event. However, these results are based on a linear approximation of the nonlinear, tropical ocean-
atmosphere system. This approximation is incapable of depicting the effects of nonlinearities associated
with the relevant nonlinear physical processes. Therefore, the linear approach is limited when used to
describe the precursory disturbances for ENSO events.

To overcome the limitations of linear approaches, Mu et al. [2003] proposed a novel approach of conditional
nonlinear optimal perturbation (CNOP). This method involves nonlinearity and can be used to describe the
nonlinear evolution of finite-amplitude initial perturbations. CNOP represents the optimal initial perturba-
tion that has the largest nonlinear evolution at the end of the optimization. If CNOP is superimposed on a
climatological annual cycle, it acts as an initial anomaly that is most likely to evolve into a climate event, i.e.,
the optimal precursory disturbance for the climate event. In terms of ENSO, CNOP can represent an optimal
precursory disturbance. Duan et al. [2013] applied the CNOP approach to the Zebiak-Cane model of inter-
mediate complexity [Zebiak and Cane, 1987] to identify the optimal precursory disturbances for El Nino
events. They illustrated that the SSTA component of the optimal precursory disturbance associated with El
Nino exhibits a zonal dipole pattern with positive anomalies in the eastern equatorial Pacific and negative
anomalies in the central equatorial Pacific, plus a deepening thermocline depth along the equatorial Pacific.
In particular, the thermocline depth fluctuation precedes the SST changes in the equatorial Pacific, which
has also been observed in previous studies [Wyrtki, 1975, 1985; Mu and Li, 2000; Duan et al., 2004]. Neverthe-
less, the Zebiak—Cane model is a simple anomaly model and is unable to address some observed processes,
such as wind anomalies in the western North Pacific and seasonal variations of the mean thermocline depth
in the equatorial Pacific [An and Wang, 2001]. Consequently, the model possesses limitations associated
with reproducing ENSO events, especially nonphase-locked La Nina events. Therefore, results obtained
using the Zebiak—Cane model should be verified by a more complete Earth System Model. In particular, the
precursory disturbances for La Nina events are expected to be accurately determined. The Community Earth
System Model (CESM) of the National Center for Atmospheric Research (NCAR) is adopted in this paper to
explore the precursory disturbances for El Nino and especially reveal precursors for La Nina events. These
findings are then compared with those obtained using the Zebiak-Cane model.

In addition, uncertainties in ENSO predictions are caused by initial errors, forecast model flaws and stochastically
driven errors [Chen and Cane, 2008; Lopez and Kirtman, 2014; Larson and Kirtman, 2015]. Many studies have
explored the impact of initial errors on ENSO predictions [Moore and Kleeman, 1996; Samelson and Tziperman,
2001; Chen et al,, 2004; Mu et al., 2007a, 2007b; Duan et al., 2009; Yu et al,, 2009]. Duan and Hu [2015] explored
the optimally growing initial errors (OGEs) that often cause a significant “spring predictability barrier” (SPB) for El
Nino events and determined the sensitive areas for ENSO prediction using the CESM model. They demonstrated
that there are two types of OGEs. One type exhibits negative SST anomalies in the central-eastern equatorial
Pacific and a basin-wide dipolar pattern of the subsurface temperature anomaly, with negative anomalies in the
upper layers of the eastern equatorial Pacific and positive anomalies in the lower layers of the western equatorial
Pacific. The other type consists of an SSTA component with positive anomalies in the southeastern equatorial
Pacific and a large-scale zonal dipole pattern of the subsurface temperature anomaly, with positive anomalies in
the upper layers of the eastern equatorial Pacific and negative anomalies in the lower layers of the central-
western equatorial Pacific [see Duan and Hu, 2015, Figure 6]. To facilitate the following discussion, we refer to
the former error pattern as a type-1 OGEs and the latter as a type-2 OGEs. On the basis of OGEs, Duan and Hu
[2015] identified the sensitive areas for target observations associated with El Nino prediction as the lower layers
of the western equatorial Pacific and the upper layers of the eastern equatorial Pacific. Numerical experiments
have confirmed that El Nino forecasting can be greatly improved when the initial errors in these sensitive areas
(as compared with other regions) are eliminated. Are precursory disturbances for ENSO events related to these
OGEs? If so, what useful information can their relationships provide for improving ENSO forecasting? To address
these questions, we first characterize the precursory disturbances for ENSO events. We then explore their rela-
tionships with the OGEs of ENSO prediction and present the associated implications.

The remainder of the paper is organized as follows. Section 2 includes a brief description of the CESM
model and a validation for the tropical Pacific. Section 3 reviews the CNOP approach and introduces the
specific experimental strategy implemented using the CESM model. Section 4 presents the precursory dis-
turbances for El Nino and La Nina events. Section 5 investigates the relationship between the precursory
disturbances and OGEs as well as the associated implications. Finally, a conclusion and a discussion are pre-
sented in Section 6.
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Figure 1. (a) Climatology of SSTs (°C) over the tropical Pacific during ND(0)J(1) based on the CESM 100 year simulations and 1952-2011 observations from the Extended Reconstructed
Sea Surface Temperature version 3 (ERSST V3) data set [Smith et al., 2008]. The thick black lines indicate the 28°C isotherm. (b) Standard deviation of SST anomalies (°C) from the CESM
100 year simulations and 1952-2011 ERSST V3 observations.

2. Model Description and Validation

The Earth System Model adopted in this study is the Community Earth System Model (CESM), which com-
bines the Parallel Ocean Program version 2 (POP2) ocean model of Los Alamos National Laboratory and the
Community Atmosphere Model version 4 (CAM4) atmospheric model. CAM4 and POP2 are further com-
bined with the Community Land Model version 4.0 (CLM4) [Oleson et al., 2010], the Los Alamos sea ice
model, referred to as the Community Ice CodE version 4.0 (CICE4) [Hunke and Lipscomb, 2008], and a
dynamic ice sheet model known as Glimmer-CISM [Rutt et al., 2009; Lipscomb et al., 2013] through the ver-
sion 7 coupler (CPL7) [Craig et al., 2012]. The standard horizontal resolution of POP2 is approximately 1°
(longitude) X 1° (latitude) with a displaced pole grid. However, a local transformation is applied to the grid
in the tropics to refine the meridional resolution to approximately 0.27° at the equator. The model has 60
vertical levels. The layer spacing is 10 m in the upper 160 m and increases to 250 m by a depth of approxi-
mately 3500 m. The spacing remains constant below this depth. CAM4 has a finite-volume (FV) dynamical
core with 26 vertical layers. The horizontal resolution of the regular longitude-latitude grid is 0.9° (longi-
tude) X 1.25° (latitude) [Neale et al., 2013]. The CESM consists of component models that can be combined
in different configurations, creating a wide variety of options for different model configurations and resolu-
tions [Hurrell et al., 2013]. More details of the CESM coupling infrastructure are given in Craig et al. [2012].

In this study, a 150 year control integration was performed using CESM. Tracer gases, insolation, aerosols
and land cover during the year 2000 were used as forcing parameters. The last 100 years of integrations are
used in this study, allowing for an initial adjustment during the model simulation. Figure 1 shows the winter
mean SST and standard deviation of interannual SST anomalies in November-January, which encompasses
the peak phase of ENSO events. The simulated SST and interannual variability are comparable to observa-
tions; however, the typical systematic bias associated with the warm pool extends too far east of the date-
line. Additionally, the area of strong CESM variability shifts slightly westward. These issues are common in
coupled global climate models [AchutaRao and Sperber, 2002]. In addition, Figure 2 illustrates the Nino3
(150°W-90°W; 5°N-5°S) SST anomalies as well as the warm water volume (WWV) anomalies based on the
CESM simulations. The depth of the 20°C isotherm, denoted by Z20, is used to estimate the thermocline
depth. The WWV is determined by spatially integrating Z20 over the region of 5°N-5°S and 130°E-85°W.
The warm and cold phases of ENSO occurred irregularly, with a dominant period of 3 years based on the
wavelet analysis (not shown). As in the observations [Meinen and McPhaden, 2000; McPhaden, 2003], the
WWV anomalies generally precede Nino3 SST variations (Figure 2a). The peak correlation occurs with WWV
leading Nino3 by 8-9 months, as observed in the cross correlation between the two time series (Figure 2b).
The lead-lag correlations between the equatorial Z20 and SST anomalies averaged at 5°S and 5°N are also
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Figure 2. (a) Monthly Nino3 SST (red) and WWV (blue) anomaly time series from the 100 year model simulation. Time series have been
smoothed using a 5 month running mean filter. (b) Cross correlation of monthly WWV and Nino3 SST anomalies. Positive lag suggests that
WWV leads SST. (c) Lead-lag correlation coefficient between Z20 and SST anomalies averaged between 5°S and 5°N. Positive lag suggests
that Z20 leads SST.

presented in Figure 2. Consistent with observations, the Z20 anomalies lead SST variations in time, with the
time lag of the maximum positive correlations increasing westward (Figure 2¢) [e.g., Zelle et al., 2004; Wen
et al, 2014; Zhu et al., 2015]. In the eastern Pacific, the Z20 and SST anomalies vary almost simultaneously,
while a time lag of approximately 1 year exists between the Z20 and SST anomalies in the central Pacific.

3. Approach and Experimental Strategy

To explore the precursory disturbances for ENSO events, we use the CNOP approach [Mu et al., 2003; Duan
and Mu, 2009]. CNOP can be used to determine the initial anomalies that are most likely to evolve into
ENSO events [Duan and Mu, 2009; Duan et al., 2013]. CNOP is an extension of LSV in a nonlinear regime. LSV
cannot distinguish the effects of nonlinear physical processes. In addition, the method can only describe
sufficiently small initial perturbations. CNOP is derived directly from the nonlinear model without approxi-
mations; thus, it can effectively describe the nonlinear evolution of finite-amplitude initial perturbations.
CNOP exhibits significantly larger growth than LSV. In addition, the spatial patterns of CNOPs and those of
LSVs are different due to the effects of nonlinearities. In terms of ENSO, Duan et al. [2004, 2013] demon-
strated that because LSV does not recognize the fastest growing initial perturbation of the nonlinear ENSO
system, the precursory disturbance obtained by LSV evolves into a much weaker ENSO event compared to
the disturbance obtained by CNOP. In addition, compared to the large-scale spatial patterns of CNOP, LSV
generally covers a narrower SSTA region and possesses a relatively smaller thermocline depth anomaly in
the Zebiak-Cane model [Duan et al., 2013]. Therefore, LSV is not the most sensitive initial perturbation, limit-
ing the identification of the optimal precursory disturbance for ENSO. CNOP is generally more capable of
determining the nonlinearities associated with ENSO and optimal ENSO precursors. In the following para-
graphs, we will briefly review the CNOP methodology.

Let M; be a propagator (i.e., numerical model) of a nonlinear model that propagates an initial value to future
time t. A basic state U(t) that is a numerical solution to the nonlinear model must satisfy U(t)=M,(U,) at
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time t, with Uy being the initial value of U(t). If an initial perturbation ug is superimposed on the basic state,
then the following relationship is produced:

U(t)+u(t)=Mr(U0+u0), (1)
where u(t) describes the evolution of the initial perturbation uy.

CNOP, denoted by ugs, can be obtained by solving the following nonlinear optimization problem:

J(ugs) = max J(uo) = max [[M(Uo+uo)—=M:(Uo)|, @
[luo|l<o [[uoll <o
where ||uo|| < ¢ is the constraint condition defined by the chosen norm || - ||, which constrains the ampli-

tude of initial perturbations. We use the norm and the related inequality to define the constraint condition.
The constraint condition could also be established based on the physical laws of a functional set that the
initial perturbation satisfies.

Generally, by considering the negative cost function J(up) to transform equation (2) into a minimization
problem, the CNOP can be computed using some ready solvers, such as the Sequential Quadratic Program-
ming (SQP) [Powell, 1982] and Spectral Projected Gradient 2 (SPG2) solvers [Birgin et al., 20001, which are
used to solve nonlinear minimization problems. These solvers require the gradient of the modified cost
function. The adjoint of the corresponding model is typically used to obtain the gradient. However, most
complex coupled global climate models, including CESM, do not have adjoints. As a result, it is difficult for
the complex models to directly calculate CNOP using the adjoint model. Duan et al. [2009] proposed an
ensemble-based algorithm to approximate CNOP without using adjoint models. The Zebiak-Cane model
results are physically reasonable and are similar to the CNOP results produced using adjoint models. This
indicates that the ensemble-based algorithm provides a practical method for extending the central con-
cepts of CNOP to complex models. In this study, we pay attention to identifying the initial perturbations
that are more likely to result in the onset of ENSO and develop into typical events, when starting from Janu-
ary. The CNOP approach is applied to the CESM model using the algorithm proposed by Duan et al. [2009].
The main objective is as follows.

The precursory disturbances for ENSO refer to the initial perturbations that develop into typical El Nino or
La Nina events, which tend to onset in boreal spring and peak in late autumn or winter. To obtain the pre-
cursory disturbances, a number of initial sea temperature perturbations are superimposed during the neu-
tral years, in which the absolute values of the Nino3 SST index are not greater than 0.5°C for 5 consecutive
months; hence, no ENSO events exist. As such, 10 neutral years are selected, and the associated time series
of the Nino3 SST index are shown in Figure 3. Each neutral year is integrated for 12 months beginning in
January, with initial values being the initial sea temperature fields of the neutral year plus the initial pertur-
bations. The initial perturbations are generated by taking the differences between the sea temperature in
January of the neutral year and the temperatures in each of the 25 years before and after the neutral year.
Thus, 50 different initial perturbations are obtained for each neutral year. However, an absolute Nino3 SST
index value greater than 0.5°C may indicate that an ENSO event has begun. In this case, treating the corre-
sponding initial perturbation as the precursory ENSO disturbance does not make sense. Therefore, among
the 50 initial perturbations for each
neutral year, only those with absolute

15 — NR,,

e NR, Nino3 values smaller than 0.5°C are

1.0 NR, selected for the experiments. Table 1

G %5 NR, lists the numbers of initial perturba-

ot 00 NR, tions used in each neutral year. A total

e —NR, of 269 initial perturbations were used
Z 05 NR:  for the 10 neutral years.

NR

1.0 e e _NRZ The 269 initial perturbations of sea

A5 —— NR, temperature cover the tropical Pacific
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Figure 3. Time-dependent Nino3 indices of the 10 neutral years from the 100 . . .
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smaller than 0.5°C and no ENSO events occur. mately the bottom of the thermocline
HU AND DUAN OPTIMAL PRECURSORY DISTURBANCES FOR ENSO 5



@AGU Journal of Geophysical Research: Oceans

10.1002/2015JC011386

Table 1. The Numbers of Initial Perturbations Superimposed During Each Neutral Year and the Numbers of Perturbations That Evolve
Into El Nino and La Nina Events®

NR; NR> NRs3 NR4 NRs NRs NR; NRg NRy NRqo total

Perturbations 27 36 21 25 23 24 25 30 23 35 269

El Nino 6 18 1 11 6 2 1 5 0 31 81

La Nina 6 1 12 1 0 6 7 15 14 0 62
NR; (i = 1,...10) denotes the 10 neutral years. There are 269 initial perturbations for the 10 neutral years. Eighty-one evolve into El

Nino events and 62 evolve into La Nina events.

over the western equatorial Pacific. As mentioned, a 12 month integration is performed for each initial per-
turbation to determine if an initial perturbation evolves into an El Nino or a La Nina event. We then identify
the precursory disturbance that is most likely to evolve into an ENSO event. In this case, the resultant pre-
cursory disturbance is CNOP, which acts as the optimal precursory disturbance for ENSO. We examine two
indices, denoted as T-Nino3 and F-Nino3. The indices represent monthly SST anomalies averaged over 5°N-
5°S and 150°W-90°W. The former SST anomaly is computed relative to mean climatological values from the
100 year control run. The latter SSTA is calculated relative to each neutral year. El Nino (or La Nina) events
are thought to occur when both T-Nino3 and F-Nino3 of an integration are greater than 0.5°C (or smaller
than —0.5°C) for more than 5 consecutive months. Furthermore, if both indices peak in late autumn or win-
ter, then the corresponding initial perturbation is deemed a precursory disturbance for warm or cold ENSO
events. According to the definition of CNOP, an initial perturbation can serve as the optimal precursory dis-
turbance for a climate event if and only if it exhibits the largest nonlinear growth. In this context, the precur-
sory disturbance that produces the strongest ENSO event may represent the optimal precursory
disturbance for an El Nino/La Nina event. In the following section, we explore the characteristics of precur-
sory disturbances for El Nino and La Nina events using the CESM model and attempt to identify the optimal
precursors.

4. The Precursory Disturbances for El Nino and La Nina Events

According to the methodology described above, we analyzed 269 initial perturbations from 10 neutral years
and identified 81 precursory disturbances for El Nino events and 62 precursors for La Nina events (Table 1).
The corresponding time-dependent T-Nino3 and F-Nino3 indices are shown in Figure 4. Both indices are
greater than 0.5°C (and smaller than —0.5°C) for more than 5 months. Additionally, their peak values gener-
ally appear at the end of the year, indicating the occurrence of typical El Nino (and La Nina) events. To
explore the spatial characteristics of these precursory disturbances, we conduct a combined empirical
orthogonal function (CEOF) analysis. The leading CEOF represents 23.0% (and 34.0%) of the total variance
for the precursory disturbances of El Nino (and La Nina). The time series PC1 indicates that some precursory
disturbances for El Nino (and La Nina) exhibit spatial patterns similar to those of CEOF1, while others are
opposite to those of CEOF1. In this sense, the precursory disturbances for El Nino and La Nina can be classi-
fied into two groups according to the sign of PC1. Members of the first group exhibit positive PC1 values,
while members of the other group correspond to negative PC1 values. Specifically, of the 81 precursory dis-
turbances of El Nino, we classify 37 precursory disturbances in the positive group and 44 in the negative
group. Similarly, the 62 precursory disturbances of La Nina are classified into 33 positive disturbances and
29 negative disturbances. Then, a composite analysis was used to obtain two types of composite patterns
associated with the precursory disturbances for El Nino and La Nina, including SSTAs and subsurface tem-
perature anomalies in the equatorial Pacific (Figures 5 and 6). For El Nino, one type of precursory disturban-
ces possesses a wide range of positive SST anomalies over the equatorial Pacific. In addition, the subsurface
temperature component exhibits positive anomalies in the upper layers of the eastern equatorial Pacific
and negative anomalies in the lower layers of the western equatorial Pacific (Figure 5a; hereafter referred to
as an E-type1 precursory disturbance for El Nino). The other type of precursory disturbance consists of an
SSTA component with negative anomalies in the central-eastern equatorial Pacific, negative subsurface
temperature anomalies in the upper layers of the eastern equatorial Pacific and positive anomalies in the
lower layers of the western equatorial Pacific (Figure 5b; hereafter referred to as an E-type2 precursory dis-
turbance for El Nino). Regarding the two types of precursory disturbances for La Nina, their spatial structures
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Figure 4. Time-dependent T-Nino3 and F-Nino3 indices of the 81 integrations for (a) El Nino and the 62 integrations for (b) La Nina events. The thick black lines are the ensemble means

of individual indices.

Depth(m)

are similar to the E-type1 and E-type2 precursory disturbances of El Nino, but with opposite signs. These dis-
turbances are denoted as L-type1 and L-type2 (Figure 6).

The evolutionary mechanisms of precursory disturbances are addressed by tracking the time-dependent
evolutions of SSTAs, sea surface wind anomalies and subsurface temperature anomalies caused by the ini-
tial precursory perturbations. The neutral year is subtracted from the aforementioned 12 month integrations
to obtain the evolution of each initial perturbation. Figure 7 plots the composite evolutions of the SSTA, sea
surface wind anomaly and subsurface temperature anomaly components of the E-typel1 and E-type2 pre-
cursory disturbances for El Nino. The L-type1 and L-type2 precursory disturbances for La Nina are presented
in Figure 8. Both the E-type1 and E-type2 precursory disturbances evolve into typical El Nino events, and
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Figure 5. Composite two types of precursory disturbances for El Nino events, denoted as (a) E-type1 and (b) E-type2. Top plots show the SSTA component, while lower panels show the
equatorial (5°S-5°N) subsurface temperature anomaly (units: °C). Dotted areas indicate that the composites exceed the 95% significance level, as determined by a t test.
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Figure 6. Same as Figure 5, but for precursory disturbances of La Nina events, denoted as (a) L-type1 and (b) L-type2.
both the L-typel and L-type2 disturbances evolve into typical La Nina events. Specifically, in the case of the

E-type2 and L-type2 precursory disturbances, the eastward propagation of the initial subsurface tempera-
ture anomalies in the western equatorial Pacific and the subsequent expansion to the sea surface in the
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Figure 7. Composite evolutions of SSTAs (units: °C) and sea surface wind anomalies (units: m/s) over the tropical Pacific Ocean as well as equatorial (5°S-5°N) subsurface temperature anomalies
(units: °C) for (a) E-type1 and (b) E-type2 precursory disturbances of El Nino. Dotted areas indicate that the composites exceed the 90% significance level, as determined by a t test.
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Figure 8. Same as Figure 7, but for the (a) L-type1 and (b) L-type2 precursory disturbances of La Nina.

eastern equatorial Pacific result in ENSO events. The initial positive (negative) subsurface temperature
anomalies increase (decrease) the depth of the thermocline in the western Pacific and induce a downwel-
ling (upwelling) Kelvin wave that travels eastward to increase (decrease) the thermocline depth in the east-
ern Pacific. This process favors the upward entrainment of warm (cold) subsurface water and the
subsequent emergence of a positive (negative) SSTA. The warm (cold) SSTA in the Nino3 region is then
amplified continuously by Bjerknes’ positive feedback [Bjerknes, 1969], ultimately resulting in the develop-
ment of El Nino (La Nina) events. For the E-type1 precursory disturbance, the initial patterns of sea tempera-
ture anomalies in the tropical Pacific are not persistent after 1 month (i.e., “Jan” in Figure 7a). One month
later, positive sea temperature anomalies gradually reappear in the subsurface layers of the western equato-
rial Pacific, possibly due to the atmospheric westerly anomalies. Subsequently, these anomalies exhibit
growth behaviors similar to those of E-type1. Thus, the evolution of the E-type2 precursory disturbance can
be used to more effectively track the evolution of El Nino events compared to the evolution of the E-type1
disturbance. Additionally, E-type2 displays a much earlier signal associated with the occurrence of El Nino.
Unlike the E-typel precursory disturbance, the initial negative sea temperature anomalies in the upper
layers of the eastern equatorial Pacific for L-typel1 are maintained throughout the year. These anomalies
constantly grow due to the upwelling of cold subsurface water and Bjerknes’ positive feedback between
SSTAs and zonal wind anomalies [Bjerknes, 1969]. Nevertheless, comparing the L-typel and L-type2 precur-
sory disturbances, the evolution of L-type1 is similar to the late phase evolution of L-type2, particularly after
May (Figure 8b). Similarly, the precursory disturbance associated with the L-type2 spatial structure also
exhibits a much earlier signal for the occurrence of La Nina events, favoring prediction of La Nina events
with a longer lead time compared to the L-typel precursory disturbance. However, do the E-type2 and
L-type2 precursory disturbances represent the optimal precursory disturbances for El Nino and La Nina
events, respectively?
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Figure 9. The F-Nino3 indices, composite SSTAs and subsurface temperature anomalies of six precursory disturbances for (a) El Nino and (b) La Nina. These six precursory disturbances
induce the strongest El Nino/La Nina events in the corresponding neutral years. The remaining 4 neutral years are not considered because few precursory disturbances occurred and the
associated ENSO events were weak.

As stated earlier, the optimal precursory disturbance for a climate event refers to the initial perturbation
that is most likely to evolve into the climate event. CNOP is the initial perturbation that has the largest non-
linear growth during a prediction period and can act as the optimal precursor for a climate event [Mu et al.,
2003]. In terms of ENSO, the initial perturbation that induces the strongest ENSO event may represent the
optimal precursory disturbance for an El Nino/La Nina event. Therefore, among the precursory disturbances
identified above, we further explore those that exhibit the largest peak values of F-Nino3 (and T-Nino3). For
different neutral years, the precursory disturbances with the largest peak values of F-Nino3 share similar
spatial structures for both El Nino and La Nina. Figure 9 illustrates the composite of these precursory distur-
bances for El Nino and La Nina as well as the resultant F-Nino3 time series. Six precursory disturbances in
the related neutral years are used in this composite analysis because few precursory disturbances occurred
in the remaining 4 years and those disturbances were associated with weaker El Nino/La Nina events (see
Table 1). The composite SST and subsurface temperature anomalies exhibit spatial patterns similar those of
the E-type2 and L-type2 precursory disturbances shown in Figures 5b and 6b. In addition, these anomalies
also grow in a manner similar to the growth behaviors of the E-type2 and L-type2 precursory disturbances
(Figure 10). Thus, the initial perturbations with spatial characteristics of E-type2 and L-type2 precursory dis-
turbances are more likely to develop into El Nino and La Nina events. In addition, these disturbances gener-
ally induce stronger ENSO events. Therefore, we consider the E-type2 and L-type2 precursory disturbances
to be the optimal precursory disturbances for El Nino and La Nina events, respectively.

Figure 9 illustrates that the El Nino events are generally stronger than the La Nina events, which is often
referred to as El Nino-La Nina amplitude asymmetry [An and Jin, 2004; Im et al., 2015]. An and Jin [2004] and
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Figure 10. Composite evolutions of SSTAs (units: °C) and sea surface wind anomalies (units: m/s) over the tropical Pacific Ocean as well as the equatorial (5°S-5°N) subsurface
temperature anomalies (units: °C) for the (a) El Nino and (b) La Nina precursory disturbances in Figure 9.

Duan and Mu [2006] suggested that nonlinearity is responsible for the amplitude asymmetry of ENSO, par-
ticularly the dynamic heating due to nonlinear temperature advection, which enhances El Nino and sup-
presses La Nina. CNOP can potentially resolve this issue and identify the asymmetric characteristics of El
Nino and La Nina, which cannot be sufficiently revealed by traditional linear methods [Duan and Mu, 2006].
Examination of Figure 9 shows that the SST tendencies induced by nonlinear temperature advection are
positive for both El Nino and La Nina, as has been previously revealed using simple models [Duan and Mu,
2006]. Furthermore, we examine the subsurface temperature anomalies of realistic ENSO events using the
Simple Ocean Data Assimilation product version 2.1.6 (SODA) from 1970 to 2008 [Carton and Giese, 2008] to
verify the theoretical results of the CNOP approach. A composite analysis is conducted for the 1972-1973,
1976-1977, 1982-1983, 1986-1987, 1997-1998 and 2006-2007 El Nino events, and the 1973-1974, 1975-
1976, 1984-1985, 1988-1989, 1999-2000 and 2007-2008 La Nina events, as shown in Figure 11. Prior to
peaking during boreal winter, the typical subsurface temperature anomalies associated with El Nino/La
Nina are well established in January in the western equatorial Pacific. This trend qualitatively agrees with
the optimal precursory disturbances for El Nino and La Nina events obtained in our study. The subsurface
temperature anomalies extend eastward over time and influence the overlying SST in the eastern Pacific,
eventually inducing the occurrence of El Nino/La Nina events. Meinen and McPhaden [2000] and McPhaden
[2003] have reported that these subsurface temperatures can improve ENSO predictions when used to pro-
duce initial subsurface conditions in the equatorial Pacific. The consistency between our results and obser-
vations suggests that CNOP is physically applicable within the CESM framework. The difference is that the
CNOP can identify the optimal precursory disturbances that are more likely to evolve into stronger ENSO
events.
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Figure 11. Composite evolution of the subsurface temperature anomalies along the equatorial Pacific (5°S-5°N) for observed (a) El Nino
and (b) La Nina events. The composites span from November (—1) before the El Nino/La Nina year to November (0) of the El Nino/La Nina
year.
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5. Relationship Between Optimal Precursory Disturbances and OGEs Associated
With ENSO and Implications to Target Observation

The “target observations” or “adaptive observations” strategies refer to processes in which additional obser-
vations are prioritized in specific localized areas to better predict an event. Additional observations in these
specific areas, generally called “sensitive areas,” are expected to have a large contribution to reduce the
associated prediction errors. The determination of sensitive areas is a key problem in target observations
[Snyder, 1996; Mu, 2013; Mu et al., 2015]. Additional observations in these sensitive areas are assimilated
using a data assimilation system, providing a more reliable initial state for the model and a more accurate
prediction. Target observations offer an economical and efficient way for improving predictions of weather
and climate events. Due to the high costs of field observations over the ocean, focusing on “sensitive areas”
may represent an economical and efficient strategy for improving the prediction of ENSO events. Duan and
Hu [2015] identified two types of optimally growing initial errors (OGEs) for ENSO predictions using the
CESM model, namely, type-1 and type-2 OGEs. They suggested that the sensitive areas are the lower layers
of the western equatorial Pacific and the upper layers of the eastern equatorial Pacific. The elimination of
initial errors in sensitive areas using target observations can greatly improve ENSO forecasting.

In section 4 of this study, we have demonstrated that two types of precursory disturbances exist for El Nino
and La Nina events using the CESM model. E-type2 and L-type2 represent the optimal precursory disturban-
ces for El Nino and La Nina events, respectively. However, what is the relationship between the optimal pre-
cursory disturbances for ENSO and the two types of OGEs obtained in Duan and Hu [2015]? The optimal
precursory disturbances for El Nino and La Nina events, namely E-type2 and L-type2 in Figures 5b and 6b,
exhibit structures that are similar to those of type-2 OGEs [see Duan and Hu, 2015, Figure 6b]. The similar-
ities between the optimal precursory disturbances and the type-2 OGEs can be examined using the follow-
ing similarity coefficient:

m no_,p
(T TP) Zi=1 Zj=1 TiiTi

r: =
TNl MmN (NI =t (p)2
Z:‘:1 Zj:1 (T;> Z:‘:1 ij] (Tll>

where the optimal precursory disturbances and the OGE fields are assumed to be vectors T*=(T),,.., and
T/f=(7',]’.g)an, respectively. T and T,f represent the sea temperature values at different grids, and (i, j) are
the grid points in the tropical Pacific. The results show that the optimal precursory disturbance for El Nino is
negatively correlated with the type-2 OGEs, while that of La Nina is positively correlated with the type-2
OGEs. For the entire tropical Pacific ranging from 20°S to 20°N and from the surface to 165 m, the similarity
index value between the optimal precursory disturbance for El Nino/La Nina, i.e., the E-type2/L-type2 pre-
cursory disturbance, and the type-2 OGEs is —0.62/0.62. If averaged over the area between 5°S and 5°N of
the equatorial Pacific, a higher degree of similarity exists, with an index value of —0.90/0.94 between the E-
type2/L-type2 precursory disturbance and the type-2 OGEs. In addition to the similar spatial patterns
between the optimal precursory disturbance for El Nino/La Nina and the type-2 OGEs, the related error
growth behavior associated with El Nino forecasting is similar to the growth behaviors of the E-type2 and
L-type2 optimal precursory disturbances. In this study, we show that the occurrence and development of El
Nino/La Nina is mainly dependent on the sea temperature anomalies in the areas associated with the sub-
surface layers of the western equatorial Pacific and the surface layers in the eastern equatorial Pacific, espe-
cially in the Nino3 region. These two key areas for ENSO development are the same sensitive areas for
target observations determined by Duan and Hu [2015]. Therefore, combining the optimally growing initial
errors and the optimal precursory disturbances for ENSO, we can infer that adding observations in sensitive
areas and assimilating them into the initial field can not only decrease the initial errors but also better
detect precursory signals of ENSO, which can greatly improve ENSO forecasting.

6. Conclusion and Discussion

This study uses the CESM model to reveal the precursory disturbances that develop into typical El Nino and
La Nina events. Furthermore, the optimal precursory disturbances for El Nino and La Nina events are identi-
fied according to the definition of CNOP. Specifically, we examine the relationship between the optimal pre-
cursory disturbances and the optimally growing initial errors associated with ENSO prediction. Two types of
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precursory disturbances exist for El Nino and La Nina events. In the case of El Nino, the E-typel precursory
disturbance exhibits a wide range of positive SST anomalies over the equatorial Pacific. In addition, the sub-
surface temperature component exhibits positive anomalies in the upper layers of the eastern equatorial
Pacific and negative anomalies in the lower layers of the western equatorial Pacific. E-type2 consists of an
SSTA component with negative anomalies in the central-eastern equatorial Pacific as well as negative sub-
surface temperature anomalies in the upper layers of the eastern equatorial Pacific and positive anomalies
in the lower layers of the western equatorial Pacific. The two types of precursory disturbances associated
with La Nina, L-type1 and L-type2, are opposed to those of El Nino.

The resultant SSTA in the Nino3 region generally occurs in the spring and peaks at the end of the year, indi-
cating the occurrence of typical El Nino and La Nina events. For the E-type2 and L-type2 precursory distur-
bances, the initial anomaly signals in the subsurface layers of the western equatorial Pacific gradually
propagate eastward and then grow in the equatorial eastern Pacific. The initial patterns of the E-type1l pre-
cursory disturbance are not persistent and evolve in a manner similar to the growth of E-type2 after 1
month. L-type1 exhibits a locally constant growth associated with temperature anomalies, which initially
occur in the upper layers of the eastern equatorial Pacific. Compared with E-type1 and L-type1, the E-type2
and L-type2 precursory disturbances exhibit much earlier signals for El Nino and La Nina events. Further-
more, according to the definition of CNOP, we identify the precursory disturbances that are most likely to
evolve into El Nino and La Nina events. These precursory disturbances are similar to the E-type2 and
L-type2 precursory disturbances. Thus, the E-type2 and L-type2 precursory disturbances may represent the
optimal precursory disturbances for El Nino and La Nina events, respectively. These theoretical results are
qualitatively verified for the observed El Nino and La Nina events.

We found that the optimal precursory disturbances for El Nino and La Nina events are similar to the opti-
mally growing initial errors associated with ENSO prediction. The related growth behaviors are also similar.
The onset of an ENSO event caused by the optimal precursory disturbance is mainly attributed to sea tem-
perature anomalies in the subsurface layers of the equatorial western Pacific and their subsequent growth
in the surface layers of the eastern equatorial Pacific. The optimally growing initial errors indicate that these
two areas represent sensitive areas of target observations associated with ENSO prediction. Therefore, com-
bining the optimal precursory disturbances and the optimally growing initial errors for ENSO suggests that
the observation network should be improved by target observations in sensitive areas. These improvements
will benefit precursory signal detection, avoid false predictions and decrease initial errors in sensitive areas,
thereby enhancing ENSO forecasting.

Duan et al. [2013] explored the optimal precursory disturbances for El Nino events using the CNOP
approach in the Zebiak-Cane model. They observed a zonal SSTA dipole pattern with positive anomalies in
the eastern equatorial Pacific and negative anomalies in the central equatorial Pacific as well as a deepening
thermocline depth along the equatorial Pacific. Using the Zebiak—-Cane model, Mu et al. [2014] further dem-
onstrated that the optimally growing initial errors of El Nino predictions are similar to the optimal precur-
sory disturbances for El Nino and La Nina events. This study used the CESM model to obtain the optimal
precursory disturbances for El Nino and La Nina events, namely, E-type2 and L-type2 in Figures 5b and 6b.
In addition, we illustrated the similarities between these precursors and the optimally growing initial errors.
Unlike the simple Zebiak-Cane model, complex coupled models such as CESM do not include an oceanic
variable associated with the thermocline depth anomaly. Nevertheless, a deepening thermocline depth
along the equatorial Pacific generally suggests that warm subsurface water has accumulated in the equato-
rial Pacific, corresponding to the positive subsurface temperature anomalies. Accordingly, the results of this
study were compared with those obtained using the Zebiak-Cane model. The optimal precursors in the
Zebiak-Cane model mirror the patterns of the E-typel and L-typel precursory disturbances for El Nino and
La Nina. Nevertheless, the above analysis revealed that the E-type2 and L-type2 precursory disturbances,
compared to E-typel and L-type1, present a much earlier signal associated with the occurrence of El Nino
and La Nina. Additionally, these types are similar to the precursory disturbances identified by the definition
of CNOP, representing the optimal precursory disturbances for ENSO events. Therefore, the optimal precur-
sory disturbances obtained by the CESM model precede those obtained using the Zebiak—-Cane model and
are helpful for ENSO forecasting with much longer leading times.

In addition to the CESM model used in this study, ENSO behavior and relevant perturbation growth have
been documented by the NCAR Community Climate System Model version 4 (CCSM4), the predecessor of

HU AND DUAN

OPTIMAL PRECURSORY DISTURBANCES FOR ENSO 14



@AGU Journal of Geophysical Research: Oceans

10.1002/2015JC011386

Acknowledgments.

The authors are grateful for the useful
comments provided by the two
anonymous reviewers. This work was
jointly sponsored the National Natural
Science Foundation of China (grants
41525017 and 41230420) and the
National Programme on Global
Change and Air-Sea Interaction grant
GASI-IPOVAI-06. The ERSST V3 data
used in this study are available at
http://www.ncdc.noaa.gov/data-
access/. The SODA data can be
obtained from http://soda.tamu.edu/
data.htm.

the CESM model. Deser et al. [2012] examined the seasonal evolutions of ENSO based on a 1300 year prein-
dustrial control simulation using CCSM4. These evolutions can be explained mechanistically by the delayed
oscillator and recharge/discharge oscillator, particularly for the linear aspects of El Nino and La Nina. With
the same simulation data sets, Dinezio and Deser [2014] further illustrated that the nonlinearity of the
delayed thermocline feedback is responsible for the multiyear persistence of La Nina, contributing to the
asymmetrical durations of El Nino and La Nina. Combined with the results in this study, the precursory roles
of the equatorial subsurface anomalies are highlighted by the ENSO variations. Anderson and Perez [2015]
suggested that the subsurface anomalies across the equatorial Pacific may be forced by trade wind varia-
tions in the extratropical North Pacific due to a trade wind charging (TWC) mechanism rather than the
ENSO cycle itself. However, it is beyond the scope of this study to identify the origins of initial precursory
disturbances. In addition, Larson and Kirtman [2015] demonstrated that coupled instabilities alone can cause
large growth of SST perturbations, in the absence of ENSO itself, subsurface precursors and large-scale
atmospheric triggers. These results indicate that no specific precursors or triggers can solely determine the
initiation and development of ENSO. Thus, the onset of ENSO is difficult to accurately predict.

In this study, the optimal precursory disturbances of ENSO were obtained using the CNOP approach by the
ensemble-based method [Mu et al., 2003; Duan et al., 2009]. These disturbances were identified from an
ensemble of initial perturbations generated by taking the sea temperature differences in the tropical Pacific
between a particular month and the starting month. However, this strategy may not guarantee that the
constructed initial perturbations encompass all kinds of initial patterns. Hence, the optimal precursory dis-
turbances obtained in the present study may only approximate the theoretical disturbances. Therefore, a
more effective algorithm must be developed to compute CNOP in complex models. In addition, we empha-
size the role of sea temperature anomalies in the equatorial Pacific 1 year in advance in leading to occur-
rence of ENSO events. However, in addition to these anomalies, the onset of ENSO may also need to be
triggered by atmospheric variations, such as westerly wind anomalies in the equatorial western Pacific
[Lengaine et al., 2004; Lian et al., 2014]. ENSO precursors have also been shown to exist outside the tropical
Pacific, including the SST and wind variations in the Indian Ocean [Clarke and Van Gorder, 2003; Izumo et al.,
2014] and Atlantic Ocean [Rodriguez-Fonseca et al., 2009; Dayan et al., 2014] as well as in the subtropical
Pacific, such as SST variations described by the Pacific Meridional Mode [Chang et al., 2007; Larson and Kirt-
man, 2013, 2014]. These results suggest that combining different factors may improve the predictabilities of
both the El Nino and La Nina onsets.

Furthermore, in addition to the traditional “Eastern Pacific El Nino” (EP-El Nino) events examined in this
study, “Central Pacific El Nino” (CP-El Nino) events have become more frequent and common during the
late twentieth century, especially after the 1990s [Ashok et al., 2007; Kao and Yu, 2009; Kug et al., 2009]. The
evolution of CP-El Nino events is mainly due to zonal advective feedback rather than thermocline feedback.
Consequently, what are the characteristics of optimal precursory disturbances for CP-El Nino events? Addi-
tionally, what, if any, relationship exists between these events and EP-EI Nino events? Such questions must
be answered in future studies.
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