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Prediction of the Indian Ocean Dipole using Deep Learning Method
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Abstract: The Indian Ocean Dipole (IOD) is the strongest interannual variability in the tropical Indian Ocean
in autumn. It will influence the climate in many parts of the world through atmospheric teleconnection. The
current coupled climate model has very limited IOD forecasting skills, which are far lower than the forecasting
skills of El Nifio events in the tropical Pacific. Due to super capability of deep learning in processing data, we
use the convolutional neural network (CNN) of the deep learning and the multi-layer perceptron (MLP) of the
artificial neural network, respectively, to perform IOD prediction. In order to explore the forecasting
capabilities of CNN, this article only uses three initial conditions in the boreal spring which has the low
prediction skill, namely January- February-March (JFM) and February-March-April (FMA)), March-April-
May (MAM), to forecast the Indian Ocean Dipole Index (DMI), East Pole Index (EIO), and West Pole Index
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(WIO) for the next seven months. The results show that the CNN model can make useful prediction for the
DML, EIO and WIO at least 6-month ahead. Compared with the current state-of-the-art general coupled model,
the CNN model can significantly improve the prediction skills of DMI index and EIO index, but has little
improvement for WIO prediction skill. The CNN model is able to predict the strong IOD events in 1994, 1997
and 2019 well for the lead time longer than 7 months. In general, because of the CNN is better than the
traditional neural network MLP for the IOD prediction due its strong capability in capturing the spatial
structure characteristics of the Indian Ocean SST.

Key words: the Indian Ocean Dipole; Deep Learning; Convolutional neural network; Climate prediction
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Fig.1 The architecture of CNN model.
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Fig. 2 With JEM, FMA, and MAM as the initial conditions, the correlation coefficient and root mean square error between the forecasted and

observed DMI by the CNN models (a) and the MLP models (b), respectively.
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Fig. 3 Normalized observation and forecast of the averaged DMI in boreal autumn (September and October).
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Fig. 4 With JFM, FMA, and MAM as the initial conditions, the correlation coefficient and root mean square error between the forecasted and
observed EIO by the CNN models (a) and the MLP models (b), respectively.
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Fig. 5 Normalized observation and forecast of the averaged EIO in boreal autumn (September and October).
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Fig.6 With JFM, FMA, and MAM as the initial conditions, the correlation coefficient and root mean square error between the forecasted
and observed WIO by the CNN models (a) and the MLP models (b), respectively.

B 7 45 T DB EEREEAWIMEE, CNN AR AL eRAk T (9 AF1 10 ) ~F ks WIO #&
HBER T R . BRI IR, DL MAM /EAIIRIRAS, CNN BERLE AR 1 F 21 WIO 44,
1 1996 4F B & S LA S 2015 4FF0 2019 4F (g A . BEAE S RIS () A A 4G, CNN BN WIO H Tk £ 77 38 T
BEA, JFEL7E 21 AW I TR Z R, X T58 WIO FF (41 1996, 2015 A1 2019 4£), CNN HAL g
Bl SANHBAE (BLFMA NRIEA 1) iRt .

—e— CNN-JFM(0. 58) CNN-FMA (0. 60) —o— CNN-MAM(0. 62) —h— WA

HEAL WIO

L

1990 1992 1994 1996 1998 2000 2002 2004 2006 2008 2010 2012 2014 2016 2018
Fhy

B 7. AR RO AT TR A LRI (9. 10 B) P WIO $a3BE R AR 2RAL .

Fig. 7 Normalized observation and forecast of the averaged WIO in boreal autumn (September and October).
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