
Model Forecast Error Correction Based on the Local
Dynamical Analog Method: An Example
Application to the ENSO Forecast by
an Intermediate Coupled Model
Zhaolu Hou1 , Bin Zuo1, Shaoqing Zhang1,2,3 , Fei Huang1, Ruiqiang Ding4 ,
Wansuo Duan5 , and Jianping Li1,2

1Frontiers Science Center for Deep Ocean Multispheres and Earth System (FDOMES)/Key Laboratory of Physical
Oceanography/Institute for Advanced Ocean Studies, Ocean University of China, Qingdao, China, 2Laboratory for Ocean
Dynamics and Climate, Pilot Qingdao National Laboratory for Marine Science and Technology (QNLM), Qingdao, China,
3International Laboratory for High‐Resolution Earth System Model and Prediction (iHESP), College Station, TX, USA,
4State Key Laboratory of Earth Surface Processes and Resource Ecology, Beijing Normal University, Beijing, China, 5State
Key Laboratory of Numerical Modeling for Atmospheric Sciences and Geophysical Fluid Dynamics, Institute of
Atmospheric Physics, Chinese Academy of Sciences, Beijing, China

Abstract Numerical forecasts always have associated errors. Analog correction methods combine
numerical simulations with statistical analyses to reduce model forecast errors. However, identifying
appropriate analogs remains a challenging task. Here, we use the Local Dynamical Analog (LDA) method to
locate analogs and correct model forecast errors. As an example, an El Niño–Southern Oscillation
(ENSO) intermediate coupled model forecast error correction experiment confirms that the LDA method
locates high quality analogs of states of interest and improves the model forecast performance, which is due
to the initial and evolution information included in the LDA method. In addition, the LDA method can
be applied using a scalar time series, which reduces the complexity of the dynamical system. The LDA
method is a promising method to locate dynamic analogs and can be applied to existing numerical models
and forecast results.

Plain Language Summary Earth‐science models are important tools in the analysis of physical
processes and in forecasts of future conditions. However, numerical models always contain forecast
errors. Model forecast error in historical data may appear again. Thus, the historical model forecast error can
be used to correct the forecast results of focused states, which can reduce the model forecast error
without building the new numerical model. The key question is how to locate suitable historical model
forecast errors for the focused states. In this paper, we use the Local Dynamical Analog (LDA) method to
locate the model forecast error and firstly correct the model forecast results. In the ENSO prediction
experiment by an intermediate coupled model, the LDA is proved the advantage over other analog‐locate
methods to find analogs and improve the whole forecast skill and the ENSO event forecast. The
improvement from the LDA method in the root squared mean error skill is significant, and the forecast
intensity of ENSO events is closer to observation than that of the uncorrected forecast.

1. Introduction

Earth‐science models are important tools in the analysis of physical processes and in forecasts of future con-
ditions. For example, theElNiño–SouthernOscillation (ENSO) system, an important atmosphere–ocean cou-
pling process, is routinely simulated by many dynamical and statistical models for forecast and research
purposes (e.g., McPhaden et al., 2006; Tang et al., 2018). Despite improvements in modeling capabilities
and the growing availability of computational resources, model forecasts remain limited by model errors.
In recent decades, extensive efforts have beenmade to reducemodel errors by improving physical parameter-
izations, andmodel prediction initialization by developing advanced data assimilation techniques (e.g., Duan
et al., 2014; Zhang, 2011a, 2011b; Zhang et al., 2007, 2012; Zhu et al., 2012; Zhu, Kumar, Lee, 2017; Zhu,
Kumar, Wang, 2017). However, model forecast errors cannot be entirely eliminated using these strategies
alone. Model forecast error correction can be used to further improve forecast accuracy. Methods to correct
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model forecast errors can be divided into state‐independent and state‐dependent groups (Danforth &
Kalnay, 2008). State‐independent corrections can reduce systematic error, and are frequently used, which
include methods such as model output statistics (MOS) (Carter et al., 1989; Glahn & Lowry, 1972).
However, system error accounts for about 20% of the total model forecast error, while non‐systematic error
accounts for about 80% of the total error (Dalcher & Kalnay, 1987). Other results have indicated that State‐
independent or “systematic error” correction,which does not depend on state and is held constant throughout
the integration, does not improve the forecast skill of the model (DelSole et al., 2008; Delsole & Hou, 1999).
Therefore, state‐dependent corrections are needed to reduce the remaining nonsystematic error components.

Earth science has benefited from the proliferation of satellite data, in situ monitoring, and numerical simu-
lations in recent decades. The availability of such data sets facilitates the identification of states analogous to
a dynamic system of interest (Lorenz, 1969). Analogs have been demonstrated to be applicable in inversions
and estimations of the evolving trajectories of a dynamic system (Hamill & Whitaker, 2006; Lguensat
et al., 2017). Ren et al. (2006) showed that state‐dependent model forecast errors of analogous model states
selected according to their initial states are to some degree similar to those of the states of interest and pro-
posed a corresponding analog correction method. An important feature of analog correction methods is that
they do not require new models to be built and can be applied to existing numerical models and forecast
results (Liu & Ren, 2017; Ren et al., 2006; Ren & Chou, 2007). A key challenge in the application of analog
correction methods is how to identify analogous model states. One method currently used to select analog
states is based on the spatial correlation coefficient between present and historical initial field anomalies
(Bergen & Harnack, 1982; Liu & Ren, 2017; Van den Dool, 1987). However, this method is based solely on
the similarity of the initial states and does not consider similarities in evolution. In addition, the spatial
region used to calculate the correlation has a large effect on the analog quality. Thus, more effective analog
selection schemes based on dynamics are needed.

In the field of predictability research, the nonlinear local Lyapunov theory also involves using analogs to
estimate system predictability (e.g., Li et al., 2018; Li & Ding, 2011, 2013, 2015). Li and Ding (2011) proposed
the Local Dynamical Analog (LDA) method and demonstrated the benefits of this approach in locating ana-
logous states in comparison with other analog location methods. The LDA method ensures similarity
between the dynamical evolution of both states in addition to requiring similarity in their initial states.
Therefore, the LDA method is more effective in finding analogous trajectories than are other techniques
and can improve analog‐based model error corrections.

Thus, we apply the LDAmethod to model forecast error corrections using analogs and explore the benefits of
the LDAmethod compared with other analog selection schemes. The methods and model used in this study
are introduced in the next section. The performance of selected analogs is presented in section 3, and the
model forecast correction procedure and results are described in section 4. Section 5 presents the main con-
clusions and a related discussion.

2. Methodology and Model
2.1. Method

Model forecasts are typically based on the following discrete state equation:

yf ; j tið Þ ¼ Mi → i þ jð Þ ya tið Þð Þ; (1)

where Mi → (i + j) is the dynamical forecast from initial time ti to final time ti + j; y is the system state; a
multidimensional vector, ya(ti), represents the observational state of the dynamical system at time ti,
which is used as the forecast initial state; j � Δ is the forecast lead time (Δ represents model output interval
time and j is the model output step); and yf, j(ti) is the forecast state at time ti + j. However, because of
model deficiency, the forecast state yf, j(ti) includes some error compared with its observation ya(ti + j).
The model forecast error from the initial time ti to time ti+j can be described as follows:

ej tið Þ ¼ yf ; j tið Þ − ya ti þ j
� �

: (2)

Analog‐based correction methods for model forecast errors make use of forecast errors from analogs in his-
torical data. For the state ya(ti), its analog state ya(tk) has the forecast state yf, j(tk), and its corresponding
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model forecast error ej(tk) can be obtained (as shown in Figure 1). Thus, the focused forecast state yf,j(ti) at
time ti + j can be corrected by the known error ej(tk). The corrected forecast can be calculated as

byf ; j tið Þ ¼ yf ; j tið Þ − a � ej tkð Þ þ b
� �

; (3)

where a, b is the undetermined parameters, which can be obtained by the linear regression method based
on the historical training data. In an operational environment, the model forecast results of multiple ana-
logous states can be used to offset the uncertainty of a single forecast state.

The general approach of the LDA method is to find local analogs of a pattern of state evolution in an obser-
vational time series. For state ya(ti) and its analog ya(tk) in the historical data, the initial distance di between
the two states is given by di= |ya(ti)− ya(tk)|. Within the evolutionary interval L, the evolutionary distance de

is given by de ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
L
∑L

l¼1 ya ti − lð Þ − ya tk − lð Þj j2
r

. The total distance dt, considering both the initial distance

and the evolutionary distance, is found by adding di and de. If dt is very small, it is highly likely that the states
ya(ti) and ya(tk) are analogous. Thus, the LDA method locates analogs using information from both the
initial state and its evolution. In contrast, traditional approaches to locating analogous states only consider
similarities in initial spatial structures, ignoring dynamic information. Although the equations of the LDA
method are expressed by the multidimensional field variable ya(ti), the LDA method can also be applied
to scalar time series.

2.2. Model and Data

To evaluate the LDA method, we correct the forecast results of the Zebiak–Cane (ZC) model from January
1856 to December 2018, specifically the Niño 3.4 index time series. The initial field for the model uses
sea‐surface temperature anomalies (SSTa) from the Kaplan data set (Kaplan et al., 1998), and the forecast
lead time is 0–12 months. The ZC model has been widely used in predictions and predictability studies of
ENSO (e.g., Chen et al., 2004; Duan & Zhao, 2015; Hou et al., 2018; Mu et al., 2007). The development of
the ZC model is ongoing, with continual improvements to ENSO predictions. Chen et al. (2004) carried
out the first retrospective forecast experiment spanning the past 150 years, using only reconstructed SST data
for model initialization. Note that the MOS scheme is already used to correct state‐independent forecast

Figure 1. Schematic representation of model forecast correction using analogous data. The black lines represent
observational data. ya(ti) is the focused observational state at the time ti and ya(tk) represents its analog in historical
observational data. The blue curve is the forecast results from ya(ti) and the green curve is that from ya(tk). yf, j(ti) is the
forecast at the lead time of j from the initial state ya(ti), which is the forecast of ya(ti + j). yf, j(tk) corresponds to that
from the initial state ya(tk), which is the forecast of ya(tk + j). ej(tk) is the difference between ya(tk + j) and yf, j(tk). ej(ti) is
that between ya(ti + j) and yf, j(ti). When forecasting the future states from ya(ti) at the time ti, we can obtain the
forecast error ej(tk) of its analog state in advance and correct the forecast yf, j(ti) with ej(tk).
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errors in this model. Here, we use the same configuration as Chen et al. (2004) to forecast SST and apply the
state‐dependent correction from 1856 to 2018.

3. Identifying Analogous States

The first step in forecast error analog correction is to locate analogs. Here, we describe how we identify ana-
logous states for the ZC model and assess its performance.

3.1. Configuration of Analog Location Methods

The LDAmethod is used to locate analogs based on scalar time series observational data sets of the Niño 3.4
index (average SSTa over the region 5°N–5°S, 170°W–120°W) from January 1856 to December 2018, which
corresponds to a total of 1956 states. In the ZC model, Δ is 1 month and the evolutional interval L is set to
3 months due to the autocorrelation coefficient (greater than 0.8) (Li & Ding, 2011). The temporal distance
between a state and its analogs must exceed 24months to avoid similarities caused by the persistence of data.
The analogs must also be from the same season as the state of interest. Forecast error of a single analog
includes certain random parts. Thus, the average of forecast errors from the five best analogs located by
the LDA method is applied to correct the forecast of the focused state, to reduce instability of the correcting
performance.

For comparison, the field correlation method (Liu & Ren, 2017) is also used to locate analogs. For two vector
states ya(ti) and ya(tk), the spatial correlation coefficient r, which can describe the similarity between them, is

written as
ya tið Þ; ya tkð Þh i
ya tið Þj j ya tkð Þj j, where ⟨,⟩ represent a vector inner product, || is vector norm. In the ZCmodel, ya(ti)

is the SSTa field over the Niño 3.4 region of the observational data. The maximum correlation between ya(ti)
and ya(tk) is used to select analogs. This scheme is referred to as the SST field analog (SFA). Other elements
of the SFA method are consistent with those of the LDA method.

In order to highlight the importance of evolutionary information, the analogs are located just by the initial
distance di, which is refined as the local analog (LA) method. Other elements of the LA method are consis-
tent with those of the LDA method.

3.2. Analog Performance

Here, we evaluate the performance of the analogs selected using the LDA, LA, SFA methods. Because two
states that are close to each other in phase space should, to some degree, evolve in a similar fashion, we focus
our analysis on whether the observed states retain similar features over time. We also check whether this
similar feature in the observation data can be reflected on the model forecast states and model forecast error.

For each state ya(ti) and its analog ya(tk), we consider a 12‐month Niño 3.4 index sequential observational
time series from the initial time as the observational trajectory (ya(ti + j), j = 0,1,2,…,12) and (ya(tk + j),
j= 0,1,2,…,12).The similarity of the focused state and its analog can be determined using the correlation coef-
ficient and the root‐mean‐squared error (RMSE) of the whole period (from January 1856 to December 2018)
for different lead times. The correlation coefficient and RMSE can be calculated as follows:

Corr obsð Þj ¼
Cov ya ti þ j

� �
; ya tk þ j

� �� �
Var ya tð Þð Þ ¼ ∑N

i¼1 ya ti þ j
� �

− ya
� � � ya tk þ j

� �
− ya

� �
∑N

i¼1 ya tið Þ − yað Þ2 ; (4)

RMSEj ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑N

i¼1 ya ti þ j
� �

− ya tk þ j
� �� �2

N

s
; (5)

where i represents the focused state and k is its analog, N is the total number of the states considered,
equal to 1956 from January 1856 to December 2018, j = 0,1,2,…,12, is the lead time (month). Noting,
the state ya(tk) is the average results of the five best analogs for the state ya(ti).

The correlation and RMSE for the evolution of observational data are shown in Figures 2a and 2b. The cor-
relations from different methods are all positive, although decreasing with lead time (Figure 2a). This sug-
gests that similar features between the state of interest and its analogs are maintained during the
subsequent evolution. Noting, the correlation from the LDA method is about 0.2 larger than that of the
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Figure 2. The performance of analog from different method: (a) Correlation coefficient and (b) RMSE between
observational Niño 3.4 states and their analogs from the LDA (red line), SFA (blue line), and LA (green line)
methods. (c, d) as the same with (a, b) but for model forecasts. (e, f) as the same with (a, b) but for model forecast errors.
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SFAmethod and the differences using statistical bootstrapping differences are significant at the α= 0.1 level.
The RMSE of the LDA and SFAmethods increases with lead time (Figure 2b) and that of the LDAmethod is
smaller than the SFA method for all lead times. The LA method is also better than the SFA method in both
correlation and RMSE (Figures 2a and 2b; green line). This can be attributed to the low dimensionality of the
Niño 3.4 index time series used to locate analogs with the LDA/LA method. In contrast, the Niño 3.4 area
field used by the SFA method is of higher dimension, meanwhile high correlation between SSTa over
Niño 3.4 region may have worse performance of Niño 3.4 index time series due to the feature of correlation
formula. The performances of the LDA and LA methods also are different. At a 0‐month lead time, the ana-
log from the LA method outperforms that from the LDA method in terms of RMSE. This is because the LA
method puts more importance on similarities in the initial state. However, with increasing lead time, the
RMSE from the LDA method falls below that of the LA method and the correlation from the LDA method
becomes larger, which highlights the importance of evolutionary information in locating analogs. Figures 2c
and 2d show the correlation and RMSE between model forecast results for an initial state and its analogs at
different lead times, which also indicates that analogs selected from observational data maintain their simi-
larity for model forecast results. The comparison of the LDA and LA methods further shows the important
role of evolutionary information in locating analogs. In summary, the LDA method has better performance
than does the SFA method, which is due to the high‐quality analogs located by the LDA method.

The analog performance between the forecast error of the state and its analogs at different lead times is
shown (Figures 2e and 2f). The correlations from the LDA method are ~0.2 greater than those of the SFA
method for all lead times and using statistical bootstrapping differences are significant at the α = 0.1 level.
Due to random fraction in forecast error, correlation does not always consistently decrease as lead time
increasing. The noticeable variation of the LDA correlation with lead time is caused by the fact that model
forecast errors are affected by many factors. Comparing to the LA and SFA methods, we find that the LDA
method has better performance in correlation and RMSE skill, which is consistent with the results from the
observation trajectories (Figures 2a and 2b) and model forecast trajectories (Figures 2c and 2d). This indi-
cates that the higher‐dimensional SFA method finds fewer high‐quality analogs than does the LDA, which
operates on a lower‐dimensional system, with the same amount of data. We also check the influence of the
parameters of the LDA method on the analog performance, and the results show that the LDA method
always have some advantages over other methods (shown in the supporting information).

In summary, the analog location methods investigated here can retrieve analogs of model forecast errors
from observations. The performance of the LDA method is better than that of the SFA and LA method in
both correlation and RMSE skill. Unlike the LA method, the LDA method considers evolution information
of the dynamical system and has the best similarity in the forecast error trajectories. Thus, historical analog
forecast errors from the LDA method may have the capacity to improve model forecast skill.

4. Forecast Error Correction

After identifying the analogous states and their corresponding forecast errors, we next correct the forecast
errors of states of interest. The analog‐based error correction process is as follows: Firstly, for state ya(ti),
locate its five best analogous states ya(tk) with the LDA method. Secondly, obtain the average of observation
trajectories and forecast trajectories from the five best analogous states, then calculate the difference as the
forecast error of the analogs ej(tk). Thirdly, use ej(tk) to correct the model forecast yf, j(ti) by linear regression.
The linear regression parameters a, b are obtained by a least‐square fitting between ej tokð Þ and ej(to) in his-
torical training data.

The forecast skill for uncorrected and corrected Niño 3.4 index is verified by calculating correlation and
RMSE between model forecasts and observations. Figure 3a shows the correlation skill for Niño 3.4 index
during 1856–2018, where the shade area represents the confident level of 10% to 90% by bootstrapping
(10,000 times resampling). The results for the LDA method are consistently higher than those of the raw
forecasts, with the biggest improvements seen at the lead times of 6–12 months. Correlation coefficients
averaged over 1–12 lead months are 0.729 for the LDA‐corrected forecasts and 0.717 for the raw forecasts.
The LDA‐corrected forecast has higher correlation scores, but those scores are not statistically significant
at the α = 0.1 level based on bootstrapping. The RMSE scores are shown in Figure 3b. The RMSEs for the
corrected forecasts from the LDA methods are smaller than the raw forecast: The average RMSE values

10.1029/2020GL088986Geophysical Research Letters

HOU ET AL. 6 of 10



over 1–12 lead months are 0.519 for the raw forecasts, and 0.474 for the LDA method, whose difference
passes the significant level of 0.1 with bootstrapping. The LDA method reduces the RMSE by 0.05°C for
lead times of 10–12 months compared with the raw forecasts.

Because the ENSO forecast skill shows a clear interdecadal variation (e.g., Kirtman & Schopf, 1998; Tang
et al., 2018), we assess the skill performance of the corrected forecast results using a 21‐year running win-
dow. As SST data since 1950 are of higher quality, we focus on the period from January 1950 to December
2008. Figures 3c and 3d show the correlation and RMSE skill during different decadal periods at the lead
time of 6 months, respectively. The LDA correction method can improve the performance of model forecasts
during different decades, as is particularly evident in RMSE skills with the decrease by 0.05°C. The RMSE
skill differences between the LDA‐correcting and raw model forecast pass the significant level of 0.1 over
nearly the whole periods. The correlation skill of the LDA‐corrected forecast are always larger than that
of the raw model forecast but are not statistically significant at the α = 0.1 level based on bootstrapping.
The forecast skill for the Niño 3.4 index has declined since the 1990s, most noticeably in the 21st century,
as is reflected in the decreasing correlation coefficient (0.8 to 0.6) and the increasing RMSE (0.55 to 0.70).

The Niño 3.4 index provides information about ENSO events. ENSO events consist of cold and warm events
that significantly impact the global climate (e.g., Wang et al., 2017). Thus, we evaluate the performance of
the analog correction for ENSO event forecasts. We selected strong ENSO events which the intensity is over
1.5°C since 1950. El Niño events comprise of 1957/1958, 1965/1966, 1972/1973, 1982/1983, 1987/1988, 1991/
1992, 1997/1998, 2015/2016. La Niña events include 1973/1974, 1975/1976, 1988/1989, 1998/1999, 1999/
2000, 2007/2008, 2010/2010. The forecast results at the lead time of 6 months are shown in Figure 4. For
the composited El Niño event, the raw forecast values are lower than observation in the developing phases
and greater in the decaying phases. Through corrected by the LDA method, the forecast results are slightly
improved in the developing phases. For the El Niño decaying phase, the higher forecast values also are
reduced by the LDA method. Specially, the El Niño mature value from the corrected forecast is closer to
observation. For the composited La Nina event, the correction from the LDA method also improves the

Figure 3. The skill performance of the raw and LDA‐corrected model forecast: (a) Correlation coefficient skill and (b)
RMSE skill for the raw model forecast (gray line), the LDA‐corrected model forecast (red line) for January 1856 to
December 2018; (c,d) are the forecast skill at the 6‐month lead time since 1950 using a 21‐year running window. Raw is
the uncorrected model forecast results.
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forecast performance of the ZC model. These results show that the LDA method can improve the ENSO
event forecast performance.

In additional, we choose two recent strong events, El Niño event (2015/2016) and La Niña event (2010/2011),
to assess forecast results from the raw forecast and LDA‐corrected forecasts (Figures 4c and 4d). As ENSO
forecast suffers from a spring predictability barrier (e.g., Jin et al., 2008), we focus on forecast results starting
in March. For 2015/2016, the raw forecast shows a weak El Niño occurring in winter, However, the forecast
Niño 3.4 value is far less than the observational value in December. The corrected forecast from the LDA
method is more consistent with observations and reduces the weakening of the raw forecast in winter.
For the 2010/2011 event, the raw forecast also underpredicts the Niño 3.4 index in winter, and the analog
correction improves the La Niña intensity. Compared with the SFA and LA method, the LDA method also
performs better in correcting model forecast (shown in the supporting information). In summary, for both
mean forecast skills and ENSO events, the analog correction improves the forecasts of the ZC model.

5. Conclusions and Discussion

This works explores the application of the LDAmethod tomodel forecast corrections. The approach assumes
that the forecast field can be regarded as a small disturbance superimposed on historical analogous states,
and that it is possible to incorporate statistical forecasting results into numerical forecasts (Huang et al., 1993;
Ren & Chou, 2007). We locate analogous states from the historical data using the LDA method. Similarities
exist between a state and its analogous states, in observations, model forecasts, and model forecast errors.
This ensures that unknown forecast errors can be estimated using known forecast errors of analogous states
from historical data.

Here, we choose the ENSO forecast results of the ZC model for an analog‐based correction experiment.
Results show that the LDA method performs better than does a traditional analog method in obtaining
high‐quality analogs which is due to evolution dynamical information included and low‐dimensional
corrected object focused in the LDA method. LDA is a promising method to locate dynamic analogs. The
application of analogs in model forecast error correction demonstrates the potential for improving forecast
performance using the LDAmethod. The LDA improvements are always positive in different lead times and
evaluation decades. While correlation improvements are not statistically significant at 90% of confidence

Figure 4. The ENSO event results of the raw and LDA‐corrected model forecast: (a) is the composited strong El Niño event since 1950 (1957/1958, 1965/1966,
1972/1973, 1982/1983, 1987/1988, 1991/1992, 1997/1998, 2015/2016) and (b) corresponds to the composited strong La Nina event (1973/1974, 1975/1976,
1988/1989, 1998/1999, 1999/2000, 2007/2008, 2010/2010). (c) is the model forecast results of the 2015/2016 El Niño event and (d) is that of the 2009/2010 La Niña
event, beginning in March 2015 and March 2010, respectively. Raw is the uncorrected model forecast results.
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level in Figures 3a and 3c, RMSE skill and ENSO events demonstrate significant positive improvements from
the LDA method. The improvement quality from the LDA method is dependent on the evaluation period
and indicators. For correlation skill, the improved quality in the last decade is more obvious than that in
the other decades, which is interesting for operational ENSO forecast. The improvement also depends on
model. Applied to Climate Forecast System version 2, the improvements of correlation skill of Niño 4 index
pass 90% of confidence level in the lead time of 2 to 9 months over the period of January 1982 to December
2018 (no shown). The LDA method has the advantages of convenient calculation, time saving, and wide
application range. In the following study, the LDA method will be applied to more operational model
forecasts.

Data Availability Statement

The Kaplan data are available at the website (https://www.esrl.noaa.gov/psd/data/gridded/data.kaplan_sst.
html). We acknowledge the support of the Center for High Performance Computing and System Simulation,
Qingdao Pilot National Laboratory for Marine Science and Technology.

References
Bergen, R. E., & Harnack, R. P. (1982). Long‐range temperature prediction using a simple analog approach. Monthly Weather Review,

110(8), 1083–1099. https://doi.org/10.1175/1520‐0493(1982)110<1083:LRTPUA>2.0.CO;2
Carter, G. M., Dallavalle, J. P., & Glahn, H. R. (1989). Statistical forecasts based on the National Meteorological Center's numerical weather

prediction system. Weather and Forecasting, 4(3), 401–412. https://doi.org/10.1175/1520‐0434(1989)004<0401:sfbotn>2.0.co;2
Chen, D., Cane, M. A., Kaplan, A., Zebiak, S. E., & Huang, D. (2004). Predictability of El Niño over the past 148 years. Nature, 428(6984),

733–736. https://doi.org/10.1038/nature02439
Dalcher, A., & Kalnay, E. (1987). Error growth and predictability in operational ECMWF forecasts. Tellus A, 39(5), 474–491. https://doi.org/

10.1111/j.1600‐0870.1987.tb00322.x
Danforth, C. M., & Kalnay, E. (2008). Impact of online empirical model correction on nonlinear error growth. Geophysical Research Letters,

35, L24805. https://doi.org/10.1029/2008GL036239
Delsole, T., & Hou, A. Y. (1999). Empirical correction of a dynamical model. Part I: Fundamental issues.Monthly Weather Review, 127(11),

2533–2545. https://doi.org/10.1175/1520‐0493(1999)127<2533:ECOADM>2.0.CO;2
DelSole, T., Zhao, M., Dirmeyer, P. A., & Kirtman, B. P. (2008). Empirical correction of a coupled land‐atmosphere model.Monthly Weather

Review, 136(11), 4063–4076. https://doi.org/10.1175/2008MWR2344.1
Duan, W. S., Tian, B., & Xu, H. (2014). Simulations of two types of El Niño events by an optimal forcing vector approach. Climate Dynamics,

43(5–6), 1677–1692. https://doi.org/10.1007/s00382‐013‐1993‐4
Duan, W. S., & Zhao, P. (2015). Revealing the most disturbing tendency error of Zebiak–Cane model associated with El Niño predictions by

nonlinear forcing singular vector approach. Climate Dynamics, 44(9–10), 2351–2367. https://doi.org/10.1007/s00382‐014‐2369‐0
Glahn, H. R., & Lowry, D. A. (1972). The use of model output statistics (MOS) in objective weather forecasting. Journal of Applied

Meteorology, 11(8), 1203–1211. https://doi.org/10.1175/1520‐0450(1972)011<1203:tuomos>2.0.co;2
Hamill, T. M., & Whitaker, J. S. (2006). Probabilistic quantitative precipitation forecasts based on reforecast analogs: Theory and applica-

tion. Monthly Weather Review, 134(11), 3209–3229. https://doi.org/10.1175/MWR3237.1
Hou, Z. L., Li, J. P., Ding, R. Q., Feng, J., & Duan, W. S. (2018). The application of nonlinear local Lyapunov vectors to the Zebiak–

Cane model and their performance in ensemble prediction. Climate Dynamics, 51(1–2), 283–304. https://doi.org/10.1007/s00382‐
017‐3920‐6

Huang, J. P., Yu, Y., Wang, S., & Chou, J. F. (1993). An analogue‐dynamical long‐range numerical weather prediction system incorporating
historical evolution. Quarterly Journal of the Royal Meteorological Society, 119(511), 547–565. https://doi.org/10.1002/qj.49711951111

Jin, E. K., Kinter, J. L. III, Wang, B., Park, C. K., Kang, I. S., Kirtman, B. P., et al. (2008). Current status of ENSO prediction skill in coupled
ocean‐atmosphere models. Climate Dynamics, 31(6), 647–664. https://doi.org/10.1007/s00382‐008‐0397‐3

Kaplan, A., Cane, M. A., Kushnir, Y., Clement, A. C., Blumenthal, M. B., & Rajagopalan, B. (1998). Analyses of global sea surface tem-
perature 1856‐1991. Journal of Geophysical Research, 103(C9), 18,567–18,589. https://doi.org/10.1029/97JC01736

Kirtman, B. P., & Schopf, P. S. (1998). Decadal variability in ENSO predictability and prediction. Journal of Climate, 11(11), 2804–2822.
https://doi.org/10.1175/1520‐0442(1998)011<2804:DVIEPA>2.0.CO;2

Lguensat, R., Tandeo, P., Ailliot, P., Pulido, M., & Fablet, R. (2017). The analog data assimilation. Monthly Weather Review, 145(10),
4093–4107. https://doi.org/10.1175/MWR‐D‐16‐0441.1

Li, J. P., & Ding, R. Q. (2011). Temporal‐spatial distribution of atmospheric predictability limit by local dynamical analogs. Monthly
Weather Review, 139(10), 3265–3283. https://doi.org/10.1175/MWR‐D‐10‐05020.1

Li, J. P., & Ding, R. Q. (2013). Temporal‐spatial distribution of the predictability limit of monthly sea surface temperature in the global
oceans. International Journal of Climatology, 33(8), 1936–1947. https://doi.org/10.1002/joc.3562

Li, J. P., & Ding, R. Q. (2015). Weather forecasting: Seasonal and interannual weather prediction. In Encyclopedia of atmospheric sciences
(2nd ed., pp. 303–312). London: Elsevier. https://doi.org/10.1016/B978‐0‐12‐382225‐3.00463‐1

Li, J. P., Feng, J., & Ding, R. Q. (2018). Attractor radius and global attractor radius and their application to the quantification of predict-
ability limits. Climate Dynamics, 51(5–6), 2359–2374. https://doi.org/10.1007/s00382‐017‐4017‐y

Liu, Y., & Ren, H. L. (2017). Improving ENSO prediction in CFSv2 with an analogue‐based correction method. International Journal of
Climatology, 37(15), 5035–5046. https://doi.org/10.1002/joc.5142

Lorenz, E. (1969). Atmospheric predictability as revealed by naturally occurring analogues. Journal of the Atmospheric Sciences, 26(4),
636–646. https://doi.org/10.1175/1520‐0469(1969)26<636:APARBN>2.0.CO;2

McPhaden, M. J., Zebiak, S. E., & Glantz, M. H. (2006). ENSO as an integrating concept in earth science. Science, 314(5806), 1740–1745.
https://doi.org/10.1126/science.1132588

10.1029/2020GL088986Geophysical Research Letters

HOU ET AL. 9 of 10

Acknowledgments
This work was supported by the
Fundamental Research Funds for the
Central Universities (201962009) and
National Natural Science Foundation of
China (NSFC) Project (41530424;
41775100), and the Fundamental
Research Funds for the Central
Universities (202013031).

https://www.esrl.noaa.gov/psd/data/gridded/data.kaplan_sst.html
https://www.esrl.noaa.gov/psd/data/gridded/data.kaplan_sst.html
https://doi.org/10.1175/1520-0493(1982)110%3C1083:LRTPUA%3E2.0.CO;2
https://doi.org/10.1175/1520-0434(1989)004%3C0401:sfbotn%3E2.0.co;2
https://doi.org/10.1038/nature02439
https://doi.org/10.1111/j.1600-0870.1987.tb00322.x
https://doi.org/10.1111/j.1600-0870.1987.tb00322.x
https://doi.org/10.1029/2008GL036239
https://doi.org/10.1175/1520-0493(1999)127%3C2533:ECOADM%3E2.0.CO;2
https://doi.org/10.1175/2008MWR2344.1
https://doi.org/10.1007/s00382-013-1993-4
https://doi.org/10.1007/s00382-014-2369-0
https://doi.org/10.1175/1520-0450(1972)011%3C1203:tuomos%3E2.0.co;2
https://doi.org/10.1175/MWR3237.1
https://doi.org/10.1007/s00382-017-3920-6
https://doi.org/10.1007/s00382-017-3920-6
https://doi.org/10.1002/qj.49711951111
https://doi.org/10.1007/s00382-008-0397-3
https://doi.org/10.1029/97JC01736
https://doi.org/10.1175/1520-0442(1998)011%3C2804:DVIEPA%3E2.0.CO;2
https://doi.org/10.1175/MWR-D-16-0441.1
https://doi.org/10.1175/MWR-D-10-05020.1
https://doi.org/10.1002/joc.3562
https://doi.org/10.1016/B978-0-12-382225-3.00463-1
https://doi.org/10.1007/s00382-017-4017-y
https://doi.org/10.1002/joc.5142
https://doi.org/10.1175/1520-0469(1969)26%3C636:APARBN%3E2.0.CO;2
https://doi.org/10.1126/science.1132588


Mu, M., Xu, H., & Duan, W. (2007). A kind of initial errors related to “spring predictability barrier” for El Niño events in Zebiak‐Cane
model. Geophysical Research Letters, 34, L03709. https://doi.org/10.1029/2006GL027412

Ren, H. L., & Chou, J. F. (2007). Strategy and methodology of dynamical analogue prediction. Science in China, Series D: Earth Sciences,
50(10), 1589–1599. https://doi.org/10.1007/s11430‐007‐0109‐6

Ren, H. L., Zhang, P. Q., Li, W. J., & Chou, J. F. (2006). New method of dynamical analogue prediction based on multi‐reference‐state
updating and its application. Acta Physica Sinica, 55(8), 4388–4396. https://doi.org/10.7498/aps.55.4388

Tang, Y., Zhang, R. H., Liu, T., Duan, W., Yang, D., Zheng, F., et al. (2018). Progress in ENSO prediction and predictability study. National
Science Review, 5(6), 826–839. https://doi.org/10.1093/nsr/nwy105

Van den Dool, H. M. (1987). A Bias in skill in forecasts based on analogues and antilogues. Journal of Climate and Applied Meteorology,
26(9), 1278–1281. https://doi.org/10.1175/1520‐0450(1987)026<1278:abisif>2.0.co;2

Wang, C., Deser, C., Yu, J.‐Y., DiNezio, P., & Clement, A. (2017). El Niño and southern oscillation (ENSO): A review. In Coral reefs of the
eastern tropical Pacific (pp. 85–106). Dordrecht: Springer. https://doi.org/10.1007/978‐94‐017‐7499‐4_4

Zhang, S. Q. (2011a). A study of impacts of coupled model initial shocks and state‐parameter optimization on climate predictions using a
simple pycnocline prediction model. Journal of Climate, 24(23), 6210–6226. https://doi.org/10.1175/JCLI‐D‐10‐05003.1

Zhang, S. Q. (2011b). Impact of observation‐optimized model parameters on decadal predictions: Simulation with a simple pycnocline
prediction model. Geophysical Research Letters, 38, L02702. https://doi.org/10.1029/2010GL046133

Zhang, S. Q., Harrison, M. J., Rosati, A., & Wittenberg, A. (2007). System design and evaluation of coupled ensemble data assimilation for
global oceanic climate studies. Monthly Weather Review, 135(10), 3541–3564. https://doi.org/10.1175/MWR3466.1

Zhang, S. Q., Liu, Z., Rosati, A., & Delworth, T. (2012). A study of enhancive parameter correction with coupled data assimilation for cli-
mate estimation and prediction using a simple coupled model. Tellus, Series A: Dynamic Meteorology and Oceanography, 64(1), 10963.
https://doi.org/10.3402/tellusa.v64i0.10963

Zhu, J. S., Huang, B., Marx, L., Kinter, J. L., Balmaseda, M. A., Zhang, R. H., & Hu, Z. Z. (2012). Ensemble ENSO hindcasts initialized from
multiple ocean analyses. Geophysical Research Letters, 39, L09602. https://doi.org/10.1029/2012GL051503

Zhu, J. S., Kumar, A., Lee, H. C., & Wang, H. (2017). Seasonal predictions using a simple ocean initialization scheme. Climate Dynamics,
49(11–12), 3989–4007. https://doi.org/10.1007/s00382‐017‐3556‐6

Zhu, J. S., Kumar, A., Wang, W., Hu, Z. Z., Huang, B., & Balmaseda, M. A. (2017). Importance of convective parameterization in ENSO
predictions. Geophysical Research Letters, 44, 6334–6342. https://doi.org/10.1002/2017GL073669

10.1029/2020GL088986Geophysical Research Letters

HOU ET AL. 10 of 10

https://doi.org/10.1029/2006GL027412
https://doi.org/10.1007/s11430-007-0109-6
https://doi.org/10.7498/aps.55.4388
https://doi.org/10.1093/nsr/nwy105
https://doi.org/10.1175/1520-0450(1987)026%3C1278:abisif%3E2.0.co;2
https://doi.org/10.1007/978-94-017-7499-4_4
https://doi.org/10.1175/JCLI-D-10-05003.1
https://doi.org/10.1029/2010GL046133
https://doi.org/10.1175/MWR3466.1
https://doi.org/10.3402/tellusa.v64i0.10963
https://doi.org/10.1029/2012GL051503
https://doi.org/10.1007/s00382-017-3556-6
https://doi.org/10.1002/2017GL073669


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends false
  /DetectCurves 0.1000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize false
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage false
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /PDFX1a:2001
  ]
  /PDFX1aCheck true
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError false
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (Euroscale Coated v2)
  /PDFXOutputConditionIdentifier (FOGRA1)
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <>
    /CHT <>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF che devono essere conformi o verificati in base a PDF/X-1a:2001, uno standard ISO per lo scambio di contenuto grafico. Per ulteriori informazioni sulla creazione di documenti PDF compatibili con PDF/X-1a, consultare la Guida dell'utente di Acrobat. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 4.0 e versioni successive.)
    /JPN <>
    /KOR <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die moeten worden gecontroleerd of moeten voldoen aan PDF/X-1a:2001, een ISO-standaard voor het uitwisselen van grafische gegevens. Raadpleeg de gebruikershandleiding van Acrobat voor meer informatie over het maken van PDF-documenten die compatibel zijn met PDF/X-1a. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 4.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENG (Modified PDFX1a settings for Blackwell publications)
    /ENU (Use these settings to create Adobe PDF documents that are to be checked or must conform to PDF/X-1a:2001, an ISO standard for graphic content exchange.  For more information on creating PDF/X-1a compliant PDF documents, please refer to the Acrobat User Guide.  Created PDF documents can be opened with Acrobat and Adobe Reader 4.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /HighResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


