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1 What is El Niño? Setting the Context.  
 
 
The El Niño Southern Oscillation (ENSO) comprises the El Niño 
warm phase, the neutral and the La Niña cold phase. The SO can be 
described as a bimodal variation in sea level barometric pressure 
between Darwin and Tahiti, where these are gauged (NOAA, 2015). 
During the neutral phase high pressure at Tahiti flows towards the 
low-pressure region at Darwin and hence the air circulates from 
East to West, pushing warm surface waters westward. This brings 
precipitation to Australia and the Western Pacific. In the Eastern 
Pacific, rich fishing grounds are sustained due to a shallower 
thermocline, which allows for upwelling of cold, nutrient rich water 
(NOAA, 2015).  
The precise initiating causes for ENSO events are not clear, but sea 
surface temperatures (SST) and atmospheric pressure are closely 
related. During an El Niño event, Eastern trade winds weaken, 
slowing the ocean current and reducing upwelling, as well as  
flattening out the thermocline; as a result, warm surface waters to 
build up in the eastern basin (Figure 1).  
 

 

Monitoring of ENSO conditions primarily focuses on four geographic 
regions (see Figure 2). According to NOAA, anomalies of >= 0.5°C 
in the Niño3.4 region are indicative of El Niño (NOAA, 2015). The 
anomaly values are averaged over 3 months and if conditions are 
sustained for 5 such periods consecutively, NOAA declares an ENSO 
event occurring.  

Figure 1: on the left side a pool of warm water off Australia, Indonesia and 
Papua New Guinea is visible. On the right hand side El Niño conditions are 
depicted, where this pool of warm water has migrated eastward across the 
Pacific. –  courtesy NASA/JPL-Caltech (JPL/Caltech, 2015).   



 

 
The Pacific and Indian Ocean regions are affected much stronger by 
El Niño patterns than the Atlantic region and Europe in particular. 
Apart from differences in effects between regions, the same region 
can also be affected differently in various years. Regions with 
mainly precipitation related effects tend to be more predictable as 
such effects tend to be more robust.  

 
 

Figure 2:  showing the Niño 3.4 region and three other geographic regions 
of interest for monitoring purposes – courtesy of Illinois State Water 
Survey (2009).   

Figure 3: World Map showing tendencies of El Niño effects in various regions 
during the peak phase – courtesy of NOAA/ National Weather Service (2012). 



 
2 Rationale for the Project 

 
El Niño, although localized, is a far-reaching phenomenon with 
environmental, social and economic implications; for instance, the 
1997-8 ENSO event alone cost the USA an estimated $25 billion 
(Terra Daily, 2002). Forecasting is not only a means of predicting 
the future and informing policies and actions on natural hazards. It 
also serves as a feedback tool to check accuracy, where the 
strengths and weaknesses of models lie. This project was motivated 
by the opportunity to gain an insight into a graduate research 
environment and an overview of current model abilities and issues.  
 
 

3 Methodology 
 
The variables used were sea surface temperature (SST) and 
atmospheric surface temperatures (TS), which should be very 
similar to one another. Predictions were obtained from TS data of 
the NMME project, model “FLORB-OI” on a monthly basis from 1982 
to 2009. Observations were obtained from SST data of the NMME 
project, model “CanCM3” on a monthly basis over the same time 
frame as the TS data. Both data formats are NetCDF.  
The predictions for every year start in May and end in April of the 
following year, minimizing the impact of the spring predictability 
barrier (SPB). The model data were obtained from Earth System 
Grid and provided by NOAA GFDL.  
 
Probabilistic predictions are based on an ensemble of forecasts by 
means of coupled GCMs. The members of the ensembles differ in 
the initial conditions from which the forecasts start. They also differ 
in that each model generates its own atmospheric noise (Stan, 
2008).  
Each of the two models (SST and TS) is comprised of 12 ensemble 
members. 
 
  
4 Results 
 
First, the two time series were visually checked. The onset of an 
ENSO event in the observed time series occurred more rapidly than 
predicted and during the intervals between two events the 
temperatures tended to be overestimated and more uniform than in 
the observations. In general, however, the predictions closely relate 
to the observations, with the peaks of the 1982-3, 1997-8 El Niño 
visible and the 2010 El Niño apparent (Figure 4).  
 



 

 
 
Next, the correlation coefficient between the predicted and 
observed surface temperatures was calculated, with the lowest 
correlation in April, and the highest in May. From May onwards it 
deteriorates, but stays above the average of 0.74 until the end of 
December (Table 1 and Figure 5).  
 

Month Correlation Coefficient 
January 0.71 
February 0.65 
March 0.57 
April 0.55 
May 0.96 
June 0.86 
July 0.83 
August 0.80 
September 0.74 
October 0.76 
November 0.74 
December 0.77 
Yearly mean 0.74 
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Figure 4: depicted above is the predicted time series along the observations for 
visual comparison.  

Table 1: correlation coefficients by month averaged over 28 years.  



 

 
 
In order to see how well the model predicts El Niño’s peak phase, 
the standard deviations of every month were calculated. The largest 
standard deviation was predicted in June (1.2) and occurred in 
December (1.4) (see Table 2).  
 

Month Predicted  Observed 

January 1.003277 1.263873 

February 1.028428 0.9511376 

March 1.026186 0.762117 

April 0.8736975 0.7111969 

May 1.070889 0.8533854 

June 1.203537 0.8400435 

July 1.10323 0.8356874 
August 1.081051 0.8899863 
September 1.080409 0.9561177 
October 1.10481 1.097447 
November 1.150106 1.277242 
December 1.140406 1.391027 
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Figure 5: In the bar plot, the decrease in correlation between observations and 
predictions is visible. The red line marks the mean averaged over the year.  

Table 2: Standard deviations of predicted and observed values 
by month.   



The root mean square error (rmse) measures the differences 
between estimated and observed data. When they are calculated, 
such differences are called residuals; out-of-sample they are called 
prediction errors. The rmse sums up the extent of errors in 
predictions for various times into one quantity of predictive power. 
It is used in meteorology to see how effectively mathematical 
models predict the behavior of the atmosphere. A large rmse can 
occur even if a model predicts El Nino successfully. The rmse is 
concerned with uncertainty regarding the magnitude of the event. 
The unit is Degrees Centigrade (°C) (Hyndman, 2006).  
 

Month RMSE  

January 0.8763485 

February 0.8210123 

March 0.8469197 

April 0.7467737 

May 0.3299249 

June 0.6266631 

July 0.6157197 

August 0.6372996 
September 0.7329355 
October 0.7564032 
November 0.8707046 
December 0.8805924 
overall 0.7432248 

 

 
Table 3 shows that the rmse in May (when the prediction started) is 
smallest (0.33°C). The period of highest uncertainty is between 
November and January (0.87°C, 0.88°C, 0.88°C), which is depicted 
visually in Figure 6.  
 

Table 3: the root mean square error by month, over 28 years.  



 
 
 
 
 
 
5 Discussion 
 
 
Starting a prediction in May provides the advantage of a long 
interval undisturbed by the spring predictability barrier, as the 
model’s ability to predict anomalies into the future declines as time 
progresses. The temporal pattern of predictions follows that of the 
observations closely and whether or not an ENSO event is going to 
occur can be predicted quite reliably. Although El Niño’s peak phase 
is generally observed during December and therefore expected to 
be found there within the predicted data, it is at first glance 
surprising to find it predicted in June. It seems, that the model 
might experience problems with seasonal phase locking, as the 
model predicts the peak phase in a year to occur during June, 
whereas usually the preferential peak season is in winter 
(November-December). However, as Neelin et al. (2000) noted, the 
warm phase is broader than often assumed and scattered behavior 
during the onset and termination of El Nino warm phases can be 
observed, too. They observed that their hybrid model (HCM) had a 
tendency to phase-lock in June-August when no surface-layer 
parameterization was applied (Neelin et al., 2000). Further, several 
studies have looked into possible impacts of atmospheric noise on 
phase locking behavior. Jin et al. (1996), Chang et al. (1996), and 
Blanke et al. (1997) found the preferred season for the warm phase 
to be similar with and without weather noise (Neelin et al., 2000).  
Thus, the predicted June peak may be a more complicated issue 
than merely a model insufficiency in predicting the timing of an 
ENSO event.  
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Figure 6: visualization of the root mean square error throughout a year, 
over 28 years.  



With regards to predicting the magnitude of an event, the root 
mean square error (rmse) was looked into.  
The error scale throughout the year, with the exception of May, 
could support the notion of more peak phase variability than 
commonly assumed. 
Whether these rmse values are high compared to other models, 
cannot be said without preparing data for such. However, 
considering that a sustained anomaly of merely 0.5°C is enough for 
an ENSO event to be officially declared by NOAA, 0.88°C 
uncertainty do seem to be a large value to arise during the peak 
time of the event.  
 
Overall, the model is capable of predicting that an ENSO event is 
going to occur but would benefit from improvements of parameters 
concerning timing and magnitude of the event. This presents a 
challenge, as ENSO is a phenomenon resulting through the 
interaction of two systems, where the development of an event 
depends on even small and indirect interactions. 
Thus, very refined and accurate representations of the involved 
systems are necessary to improve models; much looked at 
components include upper-ocean temperature anomalies and the 
influence of wind forcing, whereas for instance salt as a mediator of 
such interactions is a relatively new field of study(Rienecker, 2015). 
Further, although localized, ENSO is nevertheless a very large-scale 
phenomenon, not driven by a few but many different factors 
influencing its vast area of development. 
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6 Appendix 1 
 
 
 

Variable name Content 
Atm. Surf. °C data vector (TS) TS<-prelim$predict[1:332] 
SSt data vector (SST) SST<-prelim$observ[5:336] 
Dataframe of TS and SST (nino3) nino3<-data.frame(TS, SST) 
Built-in tmeseries of predicted 
data 

predict_bits<-ts(TS, start=c(1982, 
5), frequency = 12) 

Built-in timeseries of observed 
data 

observ_bits<-ts(SST, start=c(1982, 
5), frequency = 12) 

Predicted February °C pfeb<-TS[seq(10, length(TS),12)] 
Observed February °C ofeb<-SST[seq(10, length(SST),12)] 
Correlation coefficient monthly FEB<-cor(pfeb, ofeb) 
Cor coeff vector 
(month_cor_coeff) 

month_cor_coeff<-c(MAY, JUN, JUL, 
AUG, SEP, OCT, NOV, DEC, JAN, FEB, 
MAR, APR) 

Bar plot of monthly correlation 
coefficients  

coefficients_bar<-
(barplot(month_cor_coeff, 
ylab="correlation coefficient", 
xlab="Month", names=c("May", 
"June", "July", "August", 
"September", "October", "November", 
"December", "January", "February", 
"March", "April"))) 
> abline(h=0.74, col="brown1") 

Predicted timeseries °C predict_ts<-ts(TS) 
Observed timeseries °C observ_ts<-ts(SST) 
Monthly standard deviation of 
predicted data 

FEBp_sd<-sd(pfeb) 

Monthly standard deviation of 
observed data.  

FEBo_sd<-sd(ofeb) 
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