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Abstract: This paper presents an in-depth Empirical Mode Decomposition (EMD) analysis of the annual rainfall in
Chennai, India, covering the period from 1901 to 2021. EMD is employed to decompose the complex and non-linear rainfall
time series into intrinsic mode functions (IMFs) and a residual trend component, thereby revealing underlying patterns
and periodicities in the data. Six IMFs and one residue were extracted, each representing different frequency components
and long-term trends. The results highlight significant oscillatory modes linked to various climatic phenomena, such as
the El Nifo-Southern Oscillation (ENSO) and the Indian Ocean Dipole (I0OD), which impact Chennai's rainfall.
Furthermore, the long-term residue indicates notable trends that have implications for understanding climate change
effects in the region. The insights derived from this EMD analysis can inform water resource management, agricultural
planning, and urban development strategies in Chennai, providing a foundation for improving resilience to climatic
variability and extreme weather events. The study also underscores the potential of integrating EMD with advanced
machine learning techniques to enhance rainfall prediction accuracy, paving the way for more effective climate adaptation

measures.

I. INTRODUCTION

U nderstanding the variability and trends in annual rainfall is

crucial for water resource management, agricultural
planning, and disaster preparedness, especially in the context of
increasing climate variability. Climate change has been
associated with shifts in monsoon patterns, more frequent
extreme weather events, and overall changes in precipitation
intensity and distribution. Chennai, located on the south-eastern
coast of India, is particularly vulnerable to these variations due
to its reliance on monsoon seasons. Changes in global climate
systems, such as rising temperatures, melting polar ice, and the
increasing frequency of El Nifio events, could profoundly affect
Chennai's rainfall patterns, exacerbating the region's
susceptibility to droughts and floods.

Il. MATERIALS AND METHODS

Brief Review of Existing Methodologies for Annual Rainfall
Data

Several methodologies have been applied to analyse annual

rainfall data, including statistical analysis, Fourier Transform,
Wavelet Transform, and machine learning techniques.
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Statistical Methods

Traditional statistical methods, such as moving averages,
regression analysis, and trend analysis, provide basic insights
into the mean and variability of rainfall over time. These
methods can identify long-term trends and seasonal patterns but
often fail to capture non-linear and non-stationary
characteristics inherent in rainfall data (Box, 2015).
Autoregressive Integrated Moving Average (ARIMA) models
and other time series forecasting methods have also been used
to predict future rainfall based on historical data (Chatfield,
2003). However, these methods may not fully account for the
complex interactions between various climatic factors.

Fourier and Wavelet Transforms

Fourier Transform and Wavelet Transform offer frequency
domain analysis, allowing for the identification of periodic
components in the data. Fourier Transform decomposes a time
series into a sum of sinusoidal functions, each characterized by
a specific frequency and amplitude (Compo, 1998). While
powerful, Fourier analysis assumes that the underlying
processes are linear and stationary, which may not be the case
for rainfall data (Addison, 2017). Wavelet Transform, on the
other hand, provides a time-frequency representation, making it
suitable for analysing non-stationary time series (R. Gencay,

1 Vol. 45, No. 3 (2025), 01-06



2001). However, both Fourier and Wavelet Transforms require
predefined basis functions, which may not be optimal for all
data types (Huang, 1998).

Machine Learning Approaches

Machine learning approaches, including neural networks,
support vector machines, and ensemble methods, have gained
popularity for rainfall prediction and analysis (Huang N E,
2009). These techniques can capture complex, non-linear
relationships in the data and make accurate predictions.
However, they often require large datasets for training and
significant computational resources (Jones, 1985). Moreover,
the black-box nature of many machine learning models can
make it difficult to interpret the underlying patterns and trends
in the data (Rummel, 1996).

Empirical Mode Decomposition (EMD)

EMD, introduced by Huang et al. (1998), offers a robust
alternative by decomposing data into IMFs without the need for
predetermined basis functions (Gamage, 2011). EMD is
particularly suitable for analysing non-linear and non-stationary
time series like rainfall data. It adaptively decomposes the data
into a finite number of IMFs, each representing different
frequency components of the original time series (Mandic,
2012). This makes EMD a powerful tool for identifying
intrinsic oscillatory modes and long-term trends in rainfall data
(Ahmad, 2013).

Methodology in EMD

Empirical Mode Decomposition (EMD) is a data-driven
adaptive method designed to decompose non-linear and non-
stationary time series into a finite set of Intrinsic Mode
Functions (IMFs) and a residual. The following steps outline
the EMD methodology, accompanied by relevant equations.

Step 1: Identify Local Extrema

Identify all local maxima and minima in the time series x(t).
This involves scanning the data to find points where the
direction of the trend changes. (A. Nunes, 2010).

Step 2: Envelope Construction

Construct upper and lower envelopes by interpolating between
the local maxima and minima using cubic splines. The
envelopes provide a smooth representation of the oscillatory
modes in the data (S. K. Dash, 2005). Let e, (t) be the upper
envelope and e,,;,(t) be the lower envelope.

Step 3: Mean Envelope Calculation
Compute the mean of the upper and lower envelopes:

m(t) = emax(t) + epmin(t)
2
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The mean envelope captures the overall trend around which the
data oscillates (D. V. N. B. Prasad, 2013).

Step 4: Extraction of IMF

Subtract the mean envelope m(t) from the original time series
x(t) to obtain a component h(t)

h(t) = x(t) —m(t)

This component h(t) is considered an IMF if it satisfies the
following conditions:

1. The number of zero crossings and the number of extrema
must either be equal or differ at most by one.

2. The mean value of the envelope defined by the local
maxima and the envelope defined by the local minima is
zero at any point (Kleemann, 2018).

If h(t) is not an IMF, treat h(t) as the original data and repeat
steps 1 to 4 until an IMF is obtained.

Step 5: Iteration

Repeat the above steps on the residual r(t) the original time
series minus the extracted IMF to obtain subsequent IMFs. The
process continues until the residue is a monotonic function or
contains only a single extremum (Shi, 2011).

Mathematically, if x(t) is decomposed into n IMFs, the
original data can be expressed as:

x(t) = ZIMFi(t) +r ()

Where:

o IMF;(t) isthe i th IMF.
e 1,(t) is the final residual after extracting all n IMFs.

The process is repeated until the entire time series is
decomposed into a set of IMFs and a residual component. For
this study, six IMFs and one residue were extracted from the
annual rainfall data for Chennai. The IMFs represent different
oscillatory modes, while the residue represents the long-term
trend in the data.

I1l. RESULTS AND DISCUSSION

The results of the EMD analysis suggest that the oscillatory
modes captured by the intrinsic mode functions (IMFs) are
increasingly influenced by global climatic shifts linked to
climate change. For instance, IMF 2 and IMF 3, which show
periodicities potentially related to inter-annual and decadal

climatic phenomena, might be increasingly driven by
anthropogenic climate changes. Recent research suggests that
2 Vol. 45, No. 3 (2025), 01-06



changes in the frequency and intensity of phenomena like the
El Nifio-Southern Oscillation (ENSO) and the Indian Ocean
Dipole (I0D), which are linked to global warming, could be
contributing to altered rainfall patterns in Chennai.

IMF 4 and IMF 5, representing longer-term oscillations,
may reflect a more sustained impact of climate change. These
modes capture multi-decadal variability, which could be
affected by long-term trends such as increased greenhouse gas
concentrations, shifts in oceanic currents, and changing
atmospheric circulation patterns. Such environmental changes
are not only altering the timing and intensity of rainfall but also
increasing the unpredictability of monsoonal rains. This is
consistent with global observations of more erratic weather
patterns due to climate change, which can contribute to both
extreme rainfall and prolonged dry spells. The calculated IMFs
and residues are given in Table 2.
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Figure 1 Plots of IMFs 1 to 6 and Residue

= IMF 1 captures the highest frequency variations in the
rainfall data. These short-term fluctuations are likely due to
annual variability in monsoon patterns and local weather
events.

= |IMF 2 represents intermediate frequency components,
capturing inter-annual variability in rainfall. This IMF may
be influenced by phenomena such as the El Nifio-Southern
Oscillation (ENSQ) and other regional climatic patterns.

= [IMF 3 shows lower frequency oscillations, potentially
corresponding to decadal variations in rainfall. These
oscillations may be linked to larger climatic cycles, such as
the Indian Ocean Dipole (IOD) and other long-term
atmospheric processes.

= |IMF 4 represents even lower frequency components,
capturing multi-decadal variability in the rainfall data. This
IMF may reflect changes in long-term climatic conditions
and global warming effects.

= |IMF 5 shows very low frequency oscillations, possibly
indicating long-term shifts in rainfall patterns over several
decades. These shifts could be influenced by persistent
changes in oceanic and atmospheric circulation patterns.

= IMF 6 -captures the lowest frequency oscillations,
representing the most extended periods of variability in the
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data. This IMF may correspond to century-scale climatic
trends and long-term environmental changes.

= The residue shows the overall trend in the rainfall data after
removing all oscillatory components. This trend indicates a
general pattern of increasing or decreasing rainfall over the
studied period, providing insights into long-term changes in
the climate of Chennai.

The multi-decadal oscillations (IMF 5 and IMF 6) and the
residue component demonstrate an emerging trend of changing
rainfall patterns, which may be linked to the broader
environmental impacts of climate change. The long-term shift
in Chennai's rainfall is consistent with global patterns of altered
precipitation due to rising global temperatures and shifting
oceanic currents. These shifts pose significant challenges for
Chennai’s water security and agricultural resilience, with
potential knock-on effects for wurban planning and
infrastructure.

IMF 5 and IMF 6 indicate a pattern of more frequent
extreme weather events, as predicted by climate change models.
For example, the increase in frequency of extreme rainfall
events, interspersed with periods of drought, reflects the global
trend of intensified hydrological cycles driven by increased
atmospheric moisture from global warming. These insights
underline the necessity of factoring in climate change when
planning for future water resource management and disaster
mitigation strategies.

Short-term Fluctuations (IMF 1 and IMF 2)

IMF 1 and IMF 2 capture the short-term fluctuations due to
annual and inter-annual variability in monsoon patterns. These
components reflect the immediate response of rainfall to local
weather conditions and short-term climatic phenomena such as
ENSO. Understanding these short-term variations is crucial for
accurate weather forecasting and effective water resource
management (Kothari, 2011).

Decadal Variations (IMF 3 and IMF 4)

IMF 3 and IMF 4 represent decadal variations in rainfall,
potentially influenced by larger climatic cycles such as the 10D
and other long-term atmospheric processes. These IMFs
highlight the importance of considering decadal climatic
patterns in long-term planning and policy-making. For instance,
the identification of dry and wet decades can inform agricultural
strategies and infrastructure development (Kodali, 2013).

Multi-decadal Oscillations (IMF 5 and IMF 6)

IMF 5 and IMF 6 capture multi-decadal oscillations,
indicating long-term shifts in rainfall patterns over several
decades. These components are essential for understanding the
impact of global climate change on regional rainfall. The study
of these IMFs can provide insights into the potential future
trends in rainfall and help in developing adaptation strategies
for climate change (M. K. Dash, 2015).
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Long-term Trend (Residue)

The residue shows the overall trend in the rainfall data after
removing all oscillatory components. This trend provides a
comprehensive view of the long-term changes in rainfall over
the studied period. The analysis of the residue is crucial for
identifying persistent trends and developing long-term
strategies for water resource management and urban planning
in Chennai (H. L. Zhang, 2016).

The EMD analysis highlights the complexity of rainfall
dynamics in Chennai, revealing significant periodicities and
long-term trends that are not immediately apparent from the raw
data. The identification of these intrinsic modes and trends can
inform various aspects of water management, agricultural
planning, and disaster preparedness in the region. (Santos,
2018)

IV. CONCLUSION

This study highlights the growing influence of climate
change on regional rainfall patterns, underscoring the
importance of understanding the different oscillatory modes in
the context of global climate shifts. The long-term trend
uncovered by the EMD analysis suggests that Chennai may
experience increasing variability in its rainfall, with more
frequent extremes. These findings align with climate change
projections, which predict greater rainfall variability due to the
enhanced hydrological cycle. The integration of EMD with
climate models could provide more precise rainfall forecasts,
aiding in the development of more resilient strategies for water
management, urban planning, and agricultural adaptation to
climate change.

Future Directions

Future research can extend this analysis to explore the
impact of specific climatic phenomena on each IMF and to
apply EMD to other regions for comparative studies.
Additionally, integrating EMD with other analytical methods
and machine learning techniques can enhance the
understanding of rainfall dynamics and improve the accuracy of
rainfall predictions. For instance, EMD can be used to pre-
process rainfall data before feeding it into Al models, such as
neural networks and support vector machines, to improve
prediction accuracy. The decomposition of rainfall data into
IMFs can help in isolating noise and focusing on the significant
components that drive rainfall variability. This approach can
lead to the development of more robust and interpretable Al
models for rainfall prediction, ultimately contributing to better
water resource management and disaster preparedness.
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267.458  -5.0318  10.6568  -113.07 21441 20362 11795 318543  -255.36  -22156 233082  -57.611  -70.565 13929
-244.24 153266  -9.765  -150.43  40.1333  27.4522 11809 -2644 73695  -15469 239467  -36.014  -68.921 13992
-196.6  126.72  -20.368  -17856  57.6228  34.2294 1180 270201 220372 -208.98 212715  -13435  -66.021 14053
289.012  -70.455  -19.918  -197.17 7332 406007 11846 -50.439  99.4982  -127.17  151.481  9.6643  -61.784 14111
-27.004 22637  -11485  -207.87  86.8629 464731 11858 21013 -1095 298475  67.5877 327475  -56.13 14166
23749  -17383 17322  -212.67 98.0794 517536 11893 -356.69  -198.77  166.08  -23.727 552716  -48977 14219
110.324  96.4464 146443  -21373  106.948  56.3494 119 -459.89  -17.037 218634  -107.29  76.6938  -40.244 14268
101.134  279.081 211864  -2133 113561  60.1673 1195 589.571 214909  180.761  -172.21  96.4713  -29.851 14315
-60.861 2251 158247  -213.03 118068 63.1146 11983 53273 142.346 656089  -21625 114061  -17.717 14357
459635  90.9197 0206  -210.61  120.624  65.0981  1901.9 423142 98723  -79.12  -23847 128921  -3.7607 14396
74554 335259  -18553  -203.24 121368  66.042 19057 -301.59  -2549 19426  -237.92 140508  12.0989 14431
59.006  -107.56  -32.799  -18855 120353 659553 17009 203479 21034  -22062  -213.67 148279  29.9425 14462
176169  -296.38  -33.836  -16527  117.59  64.8936 19143 -14051 64791 -99.009  -164.77 151691  49.8512 144838
25165 28232  -13613  -132.64 113088 629206 12189 727711 272015 229.771  -90.274 150202 719057 1451

263273 288029 209604  -91.117  106.851  60.1026 12939
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