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EXECUTIVE SUMMARY 

 

The work that was originally planned (Report on the performance of the algorithm for 

computing the exceedance probabilities for either hurricanes of windstorms) could not 

be carried out because of internal changes in the company Guy Carpenter that required a 

change of the co-supervisor of ESR7, Mr. Riccardo Sinili. Prof. Barrerio (Universidad de 

la Republica, Uruguay) has accepted to co-supervise Silini’s thesis.  

 

Under the co-supervision of Profs. Masoller (UPC) and Barreiro, the ESR is developing 

novel machine learning algorithms to be used for analysis of climatological data. The 

work has focused on the prediction of the Madden-Julian Oscillation (MJO) due to the 

fact that the MJO has an important influence on tropical weather, it is a main source of 

intra-seasonal fluctuations in monsoon systems and modulates the development of 

tropical cyclones. 

 

This deliverable summarizes the results obtained, that will soon be submitted for 

publication. Key points: 

 

− We have used two types of Artificial Neural Networks (ANNs) to predict the 

Madden-Julian Oscillation. 

− We have obtained a prediction skill of about 45 days for boreal winter, 31 days for 

summer, 23 days in spring and 17 days in fall, which are competitive with the 

prediction skill that can be obtained with state-of-the-art weather models that are 

much more computationally demanding. 

− We have performed a detailed analysis of how the initial MJO phase influences the 

prediction skill. 
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Abstract
Climate extremes such as heat waves, drought, extreme precipitation or cold surges
have huge social and economic impacts that are expected to increase with climate
change. Forecasting of such extreme events on the sub-seasonal time scale (from 10
days to about 3 months) is very challenging because of the poor understanding of
phenomena that may increase predictability at this time scale. The Madden-Julian
Oscillation (MJO) is the dominant mode of variability in the tropical atmosphere
on sub-seasonal time scales and can also promote or enhance phenomena such as
monsoons and hurricanes in other regions of the world. Forecasting the MJO phase is
important as it can improve the predictability of weather extremes. Here we show that
artificial neural networks can lead to a very competitive MJO prediction. While our
average prediction skill is about 26-27 days (which competes with that obtained with
computationally demanding state-of-the-art models), in optimal conditions –boreal
winter with an initial MJO phase of 5– our prediction skill grows up to 100 days.

1 Introduction

The Madden-Julian Oscillation (Madden & Julian, 1971, 1972) is a main sources of
weather predictability the subseasonal time-scale (Lau et al., 2012; Zhang et al., 2013).
It has an important influence on tropical weather (Vitart, 2009), it is a main source of
intraseasonal fluctuations in monsoon systems (Taraphdar et al., 2018) and modulates
the development of tropical cyclones (Camargo et al., 01 Oct. 2009). For this reason,
a lot of efforts have focused on forecasting the MJO.

MJO prediction with empirical techniques used to have higher skill than numerical
models (Waliser, 2006a, 2006b). Then, studies showed that MJO prediction of some
numerical models exceeded the skill of empirical models (Lau & Waliser, 2011; Lee et
al., 2017). This improvement is mainly due to advances in theoretical understanding
and significant improvements of the dynamical forecasting systems (D. Kim & Maloney,
2017). Of the dynamical models considered in H. Kim et al. (2018), the ensemble-mean
prediction skill is highest for ECMWF (28 days) and ABOM2 (24 days) and is in the
15–20-day range for most of the other models.

Machine Learning (ML) algorithms are nowadays being massively used in science and
technology. A main problem in which ML improvements are expected is the repre-
sentation of unresolved processes (e.g., clouds, ocean mixing) in weather prediction
models and in global climate models. ML has also been used to forecasts important
climate phenomena, such as the El Niño-Southern Oscillation (ENSO) (Dijkstra et al.,
2019), and it has been used to reconstruct the historical MJO index (?, ?); however,
to the best of our knowledge, ML algorithms have not yet been used to predict MJO.

To fill this gap, here we use ML techniques for predicting the Real-time Multivariate
MJO (RMM) index, developed by (Wheeler & Hendon, 2004). Training two differ-
ent neural networks, namely a feed-forward (FFNN) and a recurrent neural network
(RNN) and comparing them to a baseline and autoregressive integrated moving aver-
age (ARIMA) model, we are able to obtain a prediction skill of about 26-27 days, and
we also unveil the influence of the considered season and starting phase for the pre-
diction. Our results reveal a higher prediction skill in boreal winter and summer than
spring and fall. In particular we find a prediction skill using the bivariate correlation
coefficient of about 45 days for boreal winter, 31 days for summer, 23 days in spring
and 17 days in fall. Moreover we find a large variability of the prediction skill in a
single season depending on the MJO starting phase, especially in boreal winter and
fall.

–2–



manuscript submitted to Geophysical Research Letters

The paper is organized as follows: Section 2 describes the data and its preprocessing,
as well as the methods and models used, section 3 shows the main results and analysis,
and section 4 is devoted to the conclusions.

2 Data, Methods and Models

2.1 RMM Data

We use the Real-time Multivariate MJO (RMM) index (Wheeler & Hendon, 2004),
which is the most popular index used for MJO prediction studies. The first and
second principal components of the combined empirical orthogonal functions (EOFs) of
outgoing longwave radiation (OLR), zonal wind at 200 and 850 hPa averaged between
15◦N and 15◦S are labeled RMM1 and RMM2. Using these two variables in a phase
diagram it is possible to define the MJO phase and amplitude. The phase is classified
in one of 8 sectors of the phase diagram defining the observed MJO life cycle, while
an amplitude smaller than 1 corresponds to absence of MJO. RMM1 and RMM2, as
well as the phase and amplitude since 1st June 1974 are freely available (RMM data,
2021).

Due to missing data in the first years we limit to 1st January 1979 to 31st December
2020, which, after being normalized, we split into a set from 1.1.1979 to 30.11.2015 and
a test set from 1.12.2015 to 31.12.2020, corresponding to approximately 10% of the
full set. The first 90% set is then split into train set from 1.1.1979 to 30.11.2006 and
a validation set from 1.12.2006 to 30.11.2015. For this reason the trained models are
always validated and tested on observations happening chronologically in the future, to
have a realistic forecast. In a second moment we also use a restricted dataset, namely
the extended winters set, which corresponds to observations from December to March
(DJFM).

2.2 Prediction skill

The prediction skill is usually quantified with the anomaly correlation coefficient
(COR) and the root-mean-square error (RMSE) (Lin et al., 2008; Rashid et al., 2011):

COR(τ) =

∑N
t=1[a1(t)b1(t, τ) + a2(t)b2(t, τ)]√∑N

t=1[a21(t) + a22(t)]
√∑N

t=1[b21(t, τ) + b22(t, τ)]
, (1)

RMSE(τ) =

√√√√ 1

N

N∑
t=1

[|a1(t)− b1(t, τ)|2 + |a2(t)− b2(t, τ)|2], (2)

where a1(t) and a2(t) are the verification (observation or reanalysis) RMM1 and RMM2
at time t, while b1(t, τ) and b2(t, τ) are the respective forecasts for time t with a lead
time of τ days, and N is the number of predictions. COR is equivalent to a spatial
pattern correlation between observation and forecast when they are reconstructed from
the two leading EOFs (Lin et al., 2008). COR=0.5 and RMSE=1.4 are usually being
used as skill thresholds (Rashid et al., 2011): the RMM prediction skill refers to the
time at which the COR falls below 0.5 and RMSE grows above 1.4.

2.3 ARIMA

Autoregressive integrated moving average (ARIMA) models are among the most used
approaches for time series forecasting.

An ARIMA model is defined by 3 parameters (p, d, q), where p is the order of the
autoregressive model, d is the degree of differencing and q is the order of the moving-
average model. To implement the model we created an embedding matrix where each
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row is a moving window of the time series of 360 points and split each row in a train
and test set of 300 and 60 data points respectively.

In order to find the optimal parameters, we tested the stationarity and for each index
we perform an automatic grid search using pmdarima.auto arima function to each
row of the embedding matrix and we select the parameters allowing to minimize the
Akaike information criterion (AIC). We trained the model using the previous 300 data
points to predict the future 60. The selected parameters are (2, 1, 2) in accordance
with Hermawan et al. (2017).

2.4 Artificial Neural Networks (ANNs)

With hundreds daily papers on machine learning, it is difficult to figure out how many
different shades of ANN there are. In this study we use two well-known ANNs: a feed-
forward neural network (FFNN) and a recurrent neural network (RNN). The FFNN is
a dense network composed of a input layer of 300 units, one hidden layer of 64 units and
an output layer of τ units fully connected, where τ = 5, 10, . . . , 60 is the leading time.
As RNN we used a Gated Recurrent Unit (GRU) (Cho et al., 2014) layer composed
by 64 units. Instead of predicting the entire output sequence in a single step, with this
recurrent network we decompose the prediction into individual time steps that are fed
back into the network. The activation function is a rectified linear activation function
(ReLU), which is responsible for transforming the summed weighted input from the
node into the activation of the node or output for that input. The Mean Squared Error
(MSE) is used as loss, which is the default loss used for regression problems. Finally,
the Adam optimizer is used to train the model, on maximum 10 epochs, with a batch
size of 16.

3 Results and Analysis

We begin by computing the COR and RMSE as a function of the leading time τ for
four models. The first is a baseline, which corresponds to a persistence model using
as prediction the last known value, the second model is the ARIMA, the third one is
the FFNN and the fourth one is the GRU. Averaging over all seasons we obtain Fig 1,
where we display the COR as a function of the leading days τ = 5, 10, . . . , 60 for a
starting RMM amplitude larger than 1. It is possible to notice the large improvement
provided by the adoption of machine learning methods with respect to ARIMA, and
how FFNN performs similarly to GRU. The GRU seems to perform slightly better
than FFNN up to 10 days prediction, after which, the two curves overlap up to 50
days, where the latter starts providing a better prediction. From the COR, we can
find a prediction skill of about 12-13 days for ARIMA, while it improves to about
26-27 days for both machine learning methods, which is comparable to the best known
prediction obtained from models (H. Kim et al., 2018). For what concerns the RMSE,
ARIMA crosses the 1.4 threshold around 13-14 days, while machine learning methods
never cross the threshold up to 60 days.

We perform the same analysis for the dataset restricted to each season, obtaining
Fig 2. We can notice a large difference in prediction skill between different seasons.
As expected, boreal spring (MAM) and autumn (SON), the transition seasons, are the
least predictable with COR prediction skills of 16-17 days and 23-24 days respectively.
Boreal summer (JJA) prediction skill is around 31 days, while winter (DJF) is found
at about 45 days. Looking at the RMSE we can argue that the DJF is worse than
the other 3 seasons although being the best for the COR. This means that while the
prediction correlates well with the observations, the actual distance is quite large,
meaning that the variance of the prediction is larger than the other seasons. JJA on
the contrary has a very low RMSE, which, even if it has a lower COR than DJF, is
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Figure 1. Left (Right) panel shows the COR (RMSE) averaged over all seasons as a function

of the forecast lead time τ . The color indicates the forecast model and the dotted lines indicate

the thresholds.

Figure 2. As as Fig 1, but the lines indicate the prediction skill for different seasons obtained

using FFNN.

more reliable. The transition seasons sit in the mid, with SON being worse than MAM
in accordance with the previous observations with the COR.

Finally we study the dependence of the COR prediction skill as a function of the MJO
initial phase and the season, Fig 3. In boreal winter (DJF, in blues), we can notice
that starting from phase 1, 5 and 8 the prediction skill is very high, in fact, it is of
85, 100 and 75 days respectively, while we fall below 20 days for phase 7. This large
variability was also noticed when looking at the difference between COR and RMSE
prediction skills. For boreal fall (SON, in oranges) we see a large variability as well,
but way lower (around 50 days) prediction skill peaks at phase 4 and 7, while all other
starting phases lead to prediction skills lower than 20 days. Boreal spring (MAM, in
greens) and summer (JJA, in reds) are more regular across different initial phases,
which lead to low RMSE, but the highest prediction skill achieved is around 40 days,
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Figure 3. Bivariate correlation coefficient (COR) as a function of the initial MJO phase and

forecast lead time τ . Each plot corresponds to a different season: boreal winter (DJF, blues),

spring (MAM, greens), summer (JJA, reds) and fall (SON, oranges).

and the minimas (below 20 days) are at phase 1, 3, 8 and 1, 5, 8 respectively. In the
ensemble we can notice that phase 1, 5 and 8 find a very high prediction skill only in
boreal winter, while they are quite low in all other seasons, except phase 5 in spring
which gets around 35 days. Starting from phase 2, we pass the 35 days of prediction
skill from December to May, while phase 3 highest prediction skill (around 40 days)
is found in winter and summer Phase 4 leads to a peak in the transition seasons and
phase 5 leads to the highest peak overall in winter, it is a minima in summer. Phase 6
skill is quite high from March to August , while phase 7 gives a prediction skill above
40 days from June to November.

4 Conclusions

We employed an ARIMA model and two types of ANNs to predict the phase of the
MJO. We applied these methods to the Real-time Multivariate MJO indices, RMM1
and RMM2, from the 1st January 1979 to the 31st December 2020. First we considered
the whole daily dataset, and in a second step we considered only the extended winter
period, reducing the data set to December-March period (DJFM). In order to quantify
the prediction skill we used the bivariate correlation coefficient (COR) and the root-
mean-square error (RMSE) as a function of the leading time τ with thresholds 0.5 and
1.4 respectively.

For the full dataset, using COR we found a prediction skill of 13-14 days with ARIMA,
and 26-27 days with the two ANNs, the latter comparable to the best dynamical models
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known up to date. Using the RMSE, ARIMA prediction skill is found around 13-14
days, while with the ANNs, is up to 60 days.

Consistent with previous studies we found significant differences between seasons. As
expected, boreal spring and autumn, being transition seasons, have the lowest predic-
tion skill, sitting at 16-17 and 23-24 days respectively. In accordance with Rashid et
al. (2011), and differently from (Wu et al., 2016), we found the highest prediction skill
around 45 days in boreal winter (DJF), while in boreal summer (JJA) the prediction
skill is about 31 days.

The prediction skill could potentially be improved by training the neural networks for
each season (here we have trained the ANNs on all seasons and test them on a single
season).

We have also studied the dependence of the skill prediction as a function of the initial
MJO phase. We found a large variability in prediction skill in boreal winter and fall,
that can arise from a quite high RMSE. In the best conditions, in boreal winter with
an initial MJO phase of 5 we obtained a prediction skill above 100 days. The results
suggest that the most difficult conditions to predict MJO is in the fall having an intial
MJO phase 1.

To sum up, we have shown that ANNs can lead to a very competitive prediction of
MJO, opening the doors to an alternative to the computationally highly demanding
state-of-the-art models. We hope that our work will motivate researchers to investigate
in this direction, as many questions are still open and a lot of work can still be done
for improving the prediction.
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