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Abstract

Empirical Mode Decomposition (EMD) is used to examine the relationship between precipitation and surface temperature

from six regions. Three regions are defined by physiography: world, ocean, and land. The other three regions are defined

by averaged precipitation: dry, normal and wet. Monthly averaged daily precipitation rate from the Global Precipitation

Climatology Project are compared with average monthly surface air temperature anomalies from the Goddard Institute for

Space Studies using EMD. The EMD process produces component time series referred to as intrinsic mode functions (IMFs).

Theses IMFs are ordered by frequency from high to low. Eight IMFs were produced for each the time series. The first three IMFs

corresponded to seasonal, semi-annual and annual variations, respectively. IMF 4 to 6 corresponded to a biennial, pentennial

and decadal climate signals, respectively. IMF 7 was related to the broad 20-30 year period, with the trend being revealed

in IMF 8. The time series spanned the period from January 1980 to December 2015 at monthly intervals. Temperature and

precipitation time series from six sampling regions were analyzed for evidence of correlation. Results from the analysis reveal

the following: (1) The EMD process reveals both linear and non-linear trends. The trends are not entirely consistent between

regions though they are highly correlated. (2) Apparent wave-to-wave interactions between high and low frequency components

appear to be observed in the IMF 1 and 2. These distortions appear to correspond to the troughs and peaks in the decadal cycle

captured in IMF 6 and may related to the solar cycle. (3) The correlation between precipitation and temperature increases

with increasing IMF number.
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Examining the Relationship Between Precipitation and Temperature Using Empirical Mode Decomposition

Introduction

Ø The relationship between global monthly mean precipitation and global
monthly mean surface temperature anomaly are examined using a data
driven analysis method called Empirical Mode Decomposition (EMD).

Ø The goal is to determine if there is a relationship between precipitation and
temperature in lower frequency bands that are not captured by traditional
analysis.

• Six Regions include:
−World (64800 samples),
−Ocean (43492 samples),
−Land (21308 samples,

• Precipitation Regimes
−Wet regions (3425 samples)

> 5 mm/day
−Normal regions (43487 samples)

1-5 mm/day
−Dry (17376 samples)

< 1 mm/day.

Ø Analysis Period: 1980-2015 

Ø Precipitation Data: Global Monthly Average Precipitation Data 
Global Precipitation Climatology Project (Adler et al. 2018)

Ø Global Monthly Average Surface Temperature NASA  (GISTEMP)
Hansen et al. (2010)

Ø GISTEMP and GPCP time series were deconstructed using an extended
version of EMD known as Ensemble Empirical Mode Decomposition (EEMD)

Ø The EMD Process generated eight Intrinsic Mode Functions.

Ø Each mode represents a unique frequency band with increasing mode number
representing lower frequency components of the original signal.

Ø Results reveal the following:

Ø The EMD process reveals both linear and non-linear trends.

Ø Correlations within regions increase with IMF mode number,

Ø Each IMF mode corresponds to a unique frequency band

− Mode 1 captures the monthly to seasonal variability.
− Mode 2 captures the semi-annual variability
− Mode 3 captures the annual variability.
− Mode 4 Biennial variability
− Mode 5 Pentadal variability
− Mode 6 Decadal variability
− Mode 7 20-30 year climate cycle
− Mode 8 Trend

Results Interpretation

Material and Methods

Conclusion

Ø All components show a strong correlation.
− World, Land and Dry regions show negative relationships COD values

ranging from 10 to 40%.
− Positive correlations are exhibited by the Ocean, Wet and Normal regions

with the wet region showing the strongest correlations (r = 0.94).

Ø Apparent wave-wave interactions between high and low frequency
components appear to be observed in the IMF 1 and 2.
− The low frequency component in these modes appears as distorted

amplitude-frequency modulations that emerge in about a 10-year cycle.
− Distortions appear to correspond to the troughs and peaks in the decadal

cycle captured in IMF 6.

Ø EMD appears to by a uniquely valuable analysis tool for deconstructing
signals from climate time series and comparing responses.

Ø EMD appears to capture relationships with physical meaning that are not
captured by other analysis methods such as Empirical Orthogonal Functions
and Fourier analysis
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Ø EEMD reduces a nonstationary,
nonlinear time series into a set
of derived oscillating time series
(Intrinsic Mode Functions-IMF)
of decreasing frequency until a
non-oscillating trend is reached.
This achieved by taking the
mean of the extrema envelope
of the initial data and
subtracting it from the original
time series then repeated until
no additional extreme envelopes
and only a final trend remains.

Ø Correlation analysis was performed on the decomposed GISTEMP and
GPCP time series segments.
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