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A B S T R A C T

This study investigated the scaling characteristics of daily rainfall time series over India and their spatio-tem-
poral variability using Multifractal Detrended Fluctuation Analysis (MF-DFA) method. In the study, fine re-
solution gridded (1ox1o) dataset of daily rainfall for the period 1951–2016 was used for the analysis. The scaling
characterization using MF-DFA shows that rainfall data of most of the grid points (over 87%) display short term
persistence. The analysis of spatial variability of multifractal characteristics shows that the multifractal strength
is strongest in the western and central India while the strength is the lowest in the north east region. Further, the
evaluation of multifractal properties of rainfall time series of pre and post 1976/77 period of Pacific climate shift
shows that there is a clear reduction in the multifractal strength and complexity for the post 1976/77 with
contrasting behavior for the persistence. Finally, the association of daily rainfall with mean, maximum,
minimum temperature values and the diurnal temperature range (DTR) time series of the 1951–2016 period
were investigated using Multifractal Detrended Cross Correlation analysis (MF-DCCA). The nature and strength
of association between the two variables of rainfall and temperature differs with time scales and it was found
that the joint persistence of these variables lies between individual persistence property. There is a distinct
difference in the persistence cross-correlation properties at the Peninsular region and coastal belts when com-
pared with other regions in India and the difference is most perceptible in the Tmin-rainfall link.

1. Introduction

The estimation of local fluctuations of hydrologic time series is one
of the challenging problems in hydrologic time series analysis. In 1970s,
the researchers identified fractal behavior of time series which is the
property of a fragmental geometrical object that can be subdivided into
parts each of which is a reduced size copy of the whole (Mandelbrot,
1982). Over the years, a large number of methods evolved for estima-
tion of fractality of time series data. They include, double trace mo-
ments (Tessier et al., 1996), Fourier spectral analysis (Hurst, 1965;
Pandey et al., 1998), extended self similarity (ESS) principles (Dahlstedt
and Jensen 2005), wavelet transform modulus maxima (WTMM)
(Kantelhardt et al., 2003), arbitrary order Hilbert spectral analysis
(AOHSA) (Huang et al., 2009; Adarsh et al., 2018). Peng et al., (1994)
proposed an efficient method namely Detrended Fluctuation Analysis
(DFA) to perform the fractal analysis based on a detrending procedure.
Kantelhardt et al., (2002) proposed the multifractal extension of DFA
procedure, popularly known as multifractal DFA (MF-DFA). For hy-
drological time series, the multifractal description can be regarded as a

‘fingerprint’ of the time series and it serves as an efficient nontrivial test
bed for the performance of state-of-the-art rainfall-runoff models
(Kantelhardt et al., 2006).

Description of multifractal behavior of daily rainfall fields was one
of the major domains of research among hydrologists in the past two
decades and the researchers used a multitude of techniques for such
analysis (Olsson and Niemczynowicz, 1996; Tessier et al., 1996;
Kantelhardt et al., 2003; Yu et al., 2014; Krzyszczak et al., 2018; Garcia-
Marin et al., 2019). In one seminal work by Kantelhardt et al., (2006),
the authors investigated the multifractal behavior of 99 long term daily
precipitation records and 42 long term daily runoff records from dif-
ferent parts of the world. They found that the precipitation generally
shows short term persistence and runoff time series show long term
persistence with a mean scaling exponent of ~0.73 for runoff and
~0.53 for precipitation records. The development of MF-DFA method
was a major breakthrough in the multifractal characterization of rain-
fall fields (Yu et al., 2014; Tan and Gan 2017; Krzyszczak et al., 2018).
Even though several studies performed fractal analysis employing MF-
DFA procedure worldwide, according to the authors’ knowledge, no

https://doi.org/10.1016/j.jhydrol.2020.124913
Received 15 January 2020; Received in revised form 14 March 2020; Accepted 30 March 2020

⁎ Corresponding author at: University of Tabriz, 29 Bahman Ave., Tabriz 5166616471, Iran.
E-mail address: nourani@tabrizu.ac.ir (V. Nourani).

Journal of Hydrology 586 (2020) 124913

Available online 01 April 2020
0022-1694/ © 2020 Elsevier B.V. All rights reserved.

T

http://www.sciencedirect.com/science/journal/00221694
https://www.elsevier.com/locate/jhydrol
https://doi.org/10.1016/j.jhydrol.2020.124913
https://doi.org/10.1016/j.jhydrol.2020.124913
mailto:nourani@tabrizu.ac.ir
https://doi.org/10.1016/j.jhydrol.2020.124913
http://crossmark.crossref.org/dialog/?doi=10.1016/j.jhydrol.2020.124913&domain=pdf


comprehensive study on the multifractality of rainfall time series of
India and the spatio-temporal variability of the multifractal parameters
are reported. Rainfall is a complex phenomenon gets resulted from the
favorable conditions of a large number of meteorological variables like
temperature, humidity, wind velocity and large scale circulations.
Being a multiscale process, understanding the teleconnections of rain-
fall with such variables in different time scales will be giving better
insights to the associated physical processes (Adarsh and Janga, 2016).
Multifractal theory is a useful alternative to investigate such tele-
connections of non-stationary time series in multiple time scales. De-
trended cross-correlation analysis (DCCA), proposed by Podobnik and
Stanley (2008) was one of the initial attempts to investigate cross
correlations between two dependent time-series signals of non-sta-
tionary characteristics. Its multifractal extension namely MF-DCCA
proposed by Zhou (2008), which involves a procedure quite similar to
the MF-DFA algorithm, except for the capability to handle two candi-
date series simultaneously. The method could gain wide popularity in
the analysis of hydro-meteorological time series (e.g., Hajian and
Movahed 2010; Wu et al., 2018; Dey and Mujumdar 2018). However, so
far no study reported the rainfall-temperature cross correlations in a
multifractal framework.

In view of the above review, the specific objectives of this paper can
be stated as: (i) to determine multiftactal properties of daily gridded
rainfall data of India and to investigate their spatio-temporal changes;
(ii) to investigate the cross-correlation between rainfall and four tem-
perature time series (minimum, maximum, mean and diurnal tem-
perature range (DTR)) using the MF-DCCA method. In section 2, the
overall framework followed and algorithms of methodologies used in
the study are described. In section 3, the details of study area and data
are presented. In section 4, the results supporting the stated objectives
of the study are presented. Section 5 presents the possible applications
and scope for future studies and in the final section, important con-
clusions of the study are presented.

2. Materials and methods

This study firstly provides a generalized framework which can be
followed for multifractal analysis of any two correlated time series. The
potential of MF-DFA can be used for the detection of multifractality of
the time series of concern and the information on scaling behaviour and
the parameters obtained may eventually help for performing multi-
fractal modelling (Cadenas et al., 2019). Apart from the above, ana-
lysing the spatio-temporal variability of the prominent multifractal
parameters may help in capturing the significant changes in persistence
or multifractal properties over different time spells, which in-turn may
infer non-stationarity of the time series. Subsequently, non-stationarity
modelling approaches can be followed to get promising results against
the modelling with stationarity assumptions. The detection of multi-
fractality will help to investigate the mutual association between two
correlated time series in multiple time scales in a multifractal per-
spective using robust methods like MF-DCCA. The procedure followed
in this study involves the conjunctive use of two popular and widely
accepted methods like MFDFA and MF-DCCA for getting improved
understanding of the rainfall characteristics of Indian subcontinent and
for getting new insights into the rainfall-temperature cross correlations.
In short, the methodology followed is a general one, the algorithms
used are well accepted by the scientific community and it can be ap-
plied for any complex time series datasets irrespective of the regional
differences. The flowchart of the procedure followed is presented in
Fig. 1 and the details of the MF-DFA and MF-DCCA are provided in
subsequent sections.

2.1. Multifractal detrended Fluctuation analysis (MF-DFA)

MF-DFA is a popular mathematical tool for detection of the scaling
characteristics and multifractality of time series datasets. The steps of

MF-DFA algorithm can be presented as given below (Kantelhardt et al.,
2002; Li et al., 2015; Adarsh et al., 2019):

(i) For a time series X (x1, x2… xN), determine the cumulative de-
viation of the time series known as its ‘profile’

∑= −
=

P i x x( ) [ ¯]
k

i

k
1 (1)

where i = 1, 2,….…,N, x̄ and N are the mean and length of the time
series,

(ii) Subdivide the profile P(i) into =N N sint( / )s non-overlapping
segments of length ‘s’, which is the segment sample size (popularly
called as scale) and int() refers the integer part. As N needs not to be an
integer multiple of s, to avoid the possible exclusion of data points from
the tail end of the series, the division needs to be performed starting
from the tail end also, which will lead to a total of 2Ns segments in the
calculations,

(iii) Estimate the local trend for each of the 2Ns segments by the
method of least squares (Kantelhardt et al., 2006)
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Here pυ(i) is the fitting polynomial of any appropriate order in
segment υ,

(iv) Find out the fluctuation function (FF) for any generic statistical
moment order q as follows:
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Here, any real value except zero can be assigned to the moment
order q.

For the zeroth moment order, FF can be computed by a logarithmic
averaging procedure as given below (Kantelhardt et al., 2002):
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(v) Determine the scaling characteristics of the FFs for different
moment orders, by analysing the logarithmic plots of Fq(s) versus s. Fq
(s) bears the relation Fq(s) = sh(q), if the time series is power-law cor-
related. The power h(q) is designated as generalized Hurst exponent
(GHE). For stationary time series, 0 < h (q= 2) less than 1, is identical
to the classical Hurst exponent (H). If < ⩽H0.5 1, the time series
possess long term persistence (long memory); if ⩽ <H0 0.5, the time
series possess short term persistence (short memory) and if H = 0.5, the
time series is uncorrelated. Long term persistence implies a positive
auto correlation in the time series (i.e., the effect of an observation on
future observations remains significant for a long period of time). The
selection of scale (s) range, the type of polynomial chosen etc. are some
of the key issues while applying the MF-DFA method. Their appropriate
selection involves a trial and error procedure and some thumb rules can
be found in literature (Ihlen 2012; Wang et al. 2016).

The Hurst exponent (h(q = 2)) basically helps to comment on
persistence of the time series while the derived exponents such as q-
order mass exponent (τ(q)) and singularity exponent (α) helps to com-
ment on the multifractality of the time series. These exponents can be
mathematically calculated as (Li et al., 2015):

= −τ q qh q( ) ( ) 1 (6)
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=α
dτ q

dq
( )

(7)

and

= −f α qα τ q( ) ( ) (8)

Where the plot of f(α) vs α is called as the singularity spectrum. The
base width of the spectrum ( = −α α αΔ max min) depicts the degree of
multifractality (DoMF) of the time series. A wider singularity spectrum
indicates a higher DoMF and vice versa. If the time series is multifractal,
the singularity spectrum will be an inverted parabola. Asymmetry Index
(R) is another useful parameter for multifractal analysis derived from
the shape of the multifractal spectrum (Drożdż and Oświecimka, 2015):
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where = −α α αΔ left 0 min and = −α α αΔ right max 0are respectively, the
width of left- and right-hand wings of the multifractal spectrum; their
values describe the distribution patterns of high and low fluctuations
andα0 is the singularity exponent (known as Holder exponent) for
q = 0. R ranges from −1 to 1. R = 0 represents a symmetrical mul-
tifractal spectrum; R > 0 suggests a left-hand deviation of the multi-
fractal spectrum, resulted from the time series with local high fluc-
tuations; R less than 0 suggests a right hand deviation with local low
fluctuations.

2.2. Multifractal detrended cross correlation analysis (MF-DCCA)

In order to quantify the inter-relationships between different hydro-
meteorological variables, different statistical measures are used out of
which most popular and simplest one is the Pearson correlation coef-
ficient. However, the robustness of this coefficient is debatable in the
presence of outliers and if the data is of non-linear and non-stationarity
in character (Piao and Fu 2016). For the real field data (which often
possess non-linear and non-stationarity characteristics) spurious cor-
relation may be reported as they always characterized by trend. Be-
cause of this, an estimation measure supported by the detrending op-
eration such as MF-DCCA is advisable. The different steps involved in
MF-DCCA computational procedure can be described as follows:

(i) For two time series xi of yi and (i = 1,2,…,N); determine the
profiles as :
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where, i = 1,……., N ; and x̄and ȳare the means of two time series,
(ii). Divide X k( ) and Y k( )into Ns non overlapping segments, thus

2Ns segments are obtained,
(iii). Calculate the local trend of X k( ) and Y k( ) for each of 2Ns

segments, and determine the covariance:
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(iv). Calculate detrended covariance by summing over all over-
lapping segments of length as:
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F(s) behaves as a power-law function of s (the scaling behavior),
where s is the segmental sample size as F(s) ~ sλ(q). The cross-correla-
tion exponent λ(q), designed as scaling exponent, can be obtained by
deriving the slope of log–log plot of F(s) versus s by the method of least
squares.

Cross-correlation coefficient is defined as the ratio between the
detrended covariance function FDCCAxy and the detrended variance
functions FDFAxand FDFAyas (Zebende 2011; Vassoler and Zebende 2012;
Oświecimka et al., 2014; Kwapień et al., 2015) :

=ρ
F

F F.DCCA
DCCAxy

DFAx DFAy (14)

Theoretically, the value of ρDCCA ranges as − 1 ≤ ρDCCA ≤ 1. The
values range between ± 0.666 to ± 1 ,± 0.333 to ± 0.666,± 0
to ± 0.333 show respectively strong positive (negative), medium and
weak cross correlations (Brito et al., 2018).

3. Study area and database

The daily gridded rainfall time series at 1ox1o resolution (one-time
series over each cell) for the period 1951–2016 received from India

Fig. 1. Methodology of multifractal analysis of rainfall and temperature data.
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Meteorological Department (IMD) were used in the present study. A
total of 286 grid points where long and continuous data were available
and identified for performing the analysis. Brief statistics of the rainfall
of different grid points are given in Table 1.

The spatial variability of multifractality was investigated by con-
sidering five rainfall homogeneous regions in India. The non-over-
lapping rainfall homogeneous regions have been defined by Indian
Institute of Tropical Meteorology (IITM) Pune. The five regions include
North West India (NWI), South Peninsular India (SPI), North East India
(NEI), Central North East India (CNEI) and Western Central India
(WCI). These regions are defined by rainfall homogeneity, by grouping
the different meteorological subdivisions. The map showing rainfall
homogeneous regions in India is presented in Fig. 2.

For investigating the cross correlation of rainfall with temperature
time series, 1ox1o gridded extreme temperature (Tmax and Tmin), mean
temperature (Tmean) and diurnal temperature range (TDTR, which is the
difference between maximum and minimum temperature values) da-
tasets at the same period (1951–2016) were used in this study.

4. Results and discussion

This section first presents the results of MFDF analysis of daily
rainfall time series of different grid points along with the spatial
variability. To examine the temporal change in multifractal properties
of rainfall, the time series was partitioned into two periods with respect
to the well recognized global climatic shift of 1976/77 and the results of
MF analysis of the pre and post 1976/77 periods are presented here.
Subsequently, the results of MF-DCCA between four different pairs of
temperature-rainfall time series are presented.

4.1. Spatial variability of multifractal properties of rainfall

The MFDF analysis of daily gridded rainfall data for 1951 to 2016
was performed by considering a moment order of −4 to 4 (Drożdż
et al., 2019). It should be noted that long and consecutive zero values
are present in each grid points and with percentage varies between 44
and 92, in different grids (Table 1). This needs special attention while
performing MF-DFA analysis, to avoid any possible conclusions on long
term persistency in the datasets, which may be a spurious and erro-
neous interpretation. To avoid any possible bias or misinterpretations
because of the long and consecutive zero values in the records, the
minimum scale was chosen greater than the longest stretch of con-
secutive zero values in each time series (Drożdż et al., 2019). Different
multifractal parameters like Hurst exponent, the spread of Generalized
Hurst exponent plot (Δh(q)), spectral width, Holder exponent (α0),
asymmetry index (R), difference between singularity spectrum plot (Δf
(α)) etc were determined for all identified 286 grid points over India.
The spatial distributions of different multifractal parameters of rainfall
data are presented in Fig. 3. The PDF and CDF of the parameters were
estimated using the non-parametric kernel density estimator and pre-
sented in Fig. 4.

Fig. 3 shows that the persistence and multifractal behavior of
rainfall data is evident in gridded rainfall data of India. In most of the
grid points (over 87%), the Hurst Exponent (H) values are less than 0.5
(indicating short term persistency). The mean value of Hurst exponent
was found to be 0.385, which is also in line with the short term

persistency of rainfall records of different parts of the globe reported
earlier (Kantelhardt et al., 2006; Yu et al., 2014). To evaluate the de-
gree of multifractality, Δh(q) values were estimated. Higher value of Δh
(q) indicates a steeper GHE plot, in which variability in the distribution
of high and low fluctuations is increased and the time series will be
more complex and heterogeneous (Hou et al., 2018). Similar inference
can also be made from the values of spectral width; the higher values of
spectral width infer the high degree of multifractality. The mean value
of Δh(q) spectral width was found to be 0.498 and 0.873. In about 55%
of the grid points, the value of Δh(q) was found to be less than 0.5. The
spectral width of majority of the points (about 74%) lies in the range
0.5 to 1. This may be because the rainfall process in India is highly
intermittent and the time series of rainfall contains long and continuous
zero values. About 94% of rainfall data have positive asymmetry index
(R) value, which suggests left hand deviation with local low fluctua-
tions. The negative value of asymmetry index was noted in the hilly
terrains of northern India and few localized grids. The value of Holder
exponent (α0) indicates the complexity of the time series, and in this
study the mean value of Holder exponent was found to be 0.44. Inter-
estingly, the values of Holder exponent and Hurst exponent were well
correlated with correlation value of 0.968. This is in agreement with the
association between the two parameters reported by Burgueño et al.,
(2014) for the temperature time series. The difference between max-
imum and minimum values of singularity (Δf(α)) provides an estimate
of the spread in changes in fractal patterns. Since Δf(α) denotes the
frequency ratio of the largest to the smallest fluctuations, a positive
value of Δf(α) means that the largest fluctuations are more frequent
than smallest fluctuations. The Δf(α) value was positive in most of the
regions and a negative value of Δf(α) was noted only in the hilly terrains
of the north and north-eastern parts of India.

Also to get an insight into multifractal property of rainfall data of
different geographical regions, the rainfall time series of all grid points
were segregated into that of five rainfall homogeneous regions. A total
of 60, 67, 50, 69 and 40 grid points were identified respectively for the
five rainfall homogeneous regions NWI, CNEI, NEI, WCI and PI. The
multifractal properties estimated by the MF-DFA method were clustered
into five groups and the PDFs and CDFs of different parameters were
developed and presented in Fig. 5. The statistical properties of promi-
nent multifractal parameters (Hurst exponent, spectral width and
Holder exponent are presented in Table 2)

From Fig. 5, it is clear that the values and variability of Hurst ex-
ponent and spectral width are high in the North West India (NWI). It is
well evident that the rainfall magnitude in regions like Rajasthan lo-
cated in NWI India is so small and pattern is more predictable and
homogeneous when compared to many of other regions of India. Also,
higher persistence is noted in the rainfall of NEI region, which receives
higher amount of rainfall within a typical year. The behavior of spread
of GHE plot is in line with that of spectral width. The values of Holder
exponent (α0) (which is indicative of data complexity), is the highest in
the NWI region and in the CNEI also, the rainfall pattern is complex in
character. No specific pattern could be noted from the asymmetry index
and Δf(α) of the rainfall data of different regions. From Table 2, it is
noted that highest mean multifractal degree is noted in NWI and CNEI
and overall variability in multifractal degree is the highest in NEI. On
considering All India (AI), the variability in spectral width is con-
siderably low than that of complexity and Hurst exponent. It is further
noted that the variability of the persistence is the lowest at PI and NWI.

In order to verify the universality of this relationship, least square fit
was made between Hurst exponent and Holder exponent, for All India
(AI) and the five homogeneous regions and scatter plots of the same are
presented in Fig. 6. Further, the correlations between the two exponents
are found to be 0.98, 0.987, 0.979, 0.986 and 0.986 respectively for
NWI, CNEI, NEI, WCI and PI. The high value of correlation confirms the
universal property in the association between two multifractal ex-
ponents of rainfall datasets of geographical locations of India.

Table 1
Descriptive statistics of rainfall values of daily gridded data.

Property Range

Maximum (mm) 69.5–874
Mean (mm) 0.565–11.51
Standard deviation 3.52 – 26.5
Zero values 10520–22037
% Zero values 44.31–92.82
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4.2. Temporal variability of multifractal properties of rainfall

To evaluate the temporal variability of the multifractal properties of
rainfall, the time series of each grid point were partitioned into two sub-
series with respect to the much debated Pacific climate shift of 1976/77
(Miller et al., 1994). It is well evident that the climatic shift influenced
the pattern of Indian summer monsoon considerably (Sahana et al.,
2015). The MFDFA was performed for the pre and post 1976/77 per-
iods. The PDFs and CDFs of different multifractal parameters of rainfall
time series for pre and post 1977 Pacific climatic shift are presented in
Fig. 7.

From Fig. 7, it is clear that the multifractality and persistenace heve
been affected by the climate shift of 1977. It is evident that there is a
clear decrease in spectral width for rainfall after 1977, indicating the
decrease in multifractality, while the persistence (indicated by Hurst
exponent) and the complexity (indicated by the Holder exponent) have

increased after this shift. On quantifying this change, it is noticed that
104 grid points showed a reduction persistance, none of the grid points
displayed a swithover from short term to long term, while only three
grids showed a swithover from long term to short term. The complexity
of 132 grids and spectral width of 174 (61% grids) grid points displayed
a reduction. The mean Hurst exponnet was 0.351 and spectral width of
0.82 for the pre 1977 period, while it was found to be 0.382 and 0.751
after the shift. There was a marginal difference in the mean of the
complexity (0.43 and 0.446 for the pre and post 1977 periods respec-
tively). The change in multifractal properties could also be connected
with the change of the different multifractal properties of standardized
precipitataion index (SPI) time series of post 1976/77 period computed
based on spatially averaged rainfall dataset (Adarsh et al., 2019). But
there is no such clear and consistent reduction in asymmetry index of
rainfall time series of different grid points. In certain grid points, the
spectral assymetry was changed from positive to negative and vice

Fig. 2. Five rainfall homogeneous regions of India.
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versa in certain other grid points. i.e., there is no consistent increase or
decrease in extremes at different grid points, but it displays spatial di-
versity. To investigate the change in multifractal properties, the four
temperature time series were analysed by partitianing the data and the

results are presented in Fig. 8.
The behaviour of temperature time series was quite contrasting to

that of rainfall, as for temperature also there is a clear reduction in
persistence and multifractality after the climate shift of 1977. The

Fig. 3. Spatial distributions of multifractal parameters of rainfall data (a) Hurst exponent; (b) spread of generalized Hurst exponent (Δh(q)); spectral width; (d)
asymmetry index (R); (e) spread of singularity spectrum (Δf(α)); (f) Holder exponent (α0).

Fig. 4. PDFs of different multifractal parameters of rainfall data (a) Hurst exponent; (b) spread of generalized Hurst exponent (Δh(q)); spectral width; (d) asymmetry
index (R); (e) spread of singularity spectrum (Δf(α)); (f) Holder exponent (α0).
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increased urbanization might have a key role and it might have wea-
kened the multifractality of the temperature time series by creating
more irregular profiles and smoothening the time series (Karatasou and
Santamouris 2018) which in turn have severe influence on the multi-
fractality of rainfall time series in the recent years.

The multifractal properties of rainfall could be linked with the
physical mechanisms leading to the rainfall. Apart from the global
parameters like terrestrial radiations and temperature, the local factors
like the latitude, oceanic and atmospheric circulations, topography and
local processes may influence the multifractality of the rainfall time
series. The rainfall of India is highly intermittent in character which
leads to high degree of multifractality. Also, one cannot ignore the in-
extricable link between the precipitation and temperature of the region
in the non-linear multifractal character of these time series and such
links in the multifractality were analyzed in this study using the de-
trended cross-correlation analysis.

4.3. MF-DCCA between rainfall and temperature time series

The most readily and directly available meteorological variable in-
fluencing the rainfall process of the country is the temperature. The
temperature extremes and the diurnal temperature range have re-
markable roles in rainfall process of India (Vinnarasi et al., 2017; Ross
et al., 2018). In this study, the cross correlation between four

temperature datasets of Tmax, Tmean, TDTR and Tmin with rainfall were
evaluated using the MF-DCCA method, considering the maximum scale
as complete length of the time series in order to avoid any possible
inconsistency in estimation of the scaling exponents. In order to get the
reliable interpretations, because of long and continuous zero values in
the records, the minimum scale was chosen much shorter than the
longest stretch of consecutive zero values while performing the MF-
DCCA. Figs. 9–12 show the spatial distribution of scaling exponent and
different correlation coefficients obtained by the DCCA of rainfall and
temperature time series. The correlation coefficients at two spatial
scales corresponding to 90 days (termed as seasonal cross correlation)
and those corresponding to 365 days (termed as annual cross correla-
tion) along with overall correlation were considered in this analysis.
Similarly, the individual scaling exponents of each variable along with
the joint exponent were estimated for elucidating the persistence in
different time series.

From the DCC analysis of Tmax-rainfall link, it is noted that the
scaling exponent of rainfall varies between 0.54 and 0.74 and that of
maximum temperature varies between 0.8 and 0.99 and in all cases, λ
value of temperature is more than that of rainfall. There is a dominancy
of medium persistence (0.601–0.663) in the rainfall time series and
such grid points are distributed in West Central, CNEI and NWI. The
persistence values are relatively lower in the Peninsular India, even
though all λ values are showing long term persistence. Very high and

Fig. 5. PDFs and CDFs of different multifractal properties of rainfall data over different rainfall homogeneous regions (a) Hurst exponent; (b) spread of generalized
Hurst exponent (Δh(q)); spectral width; (d) asymmetry index (R); (e) spread of singularity spectrum (Δf(α)); (f) Holder exponent (α0).

Table 2
Statistical properties of prominent multifractal parameters of rainfall time series of All India and the homogeneous regions.

Region Hurst exponent Spectral width Holder exponent
Mean SD CV (%) Mean SD CV (%) Mean SD CV (%)

AI 0.378 0.183 48.29 0.490 0.099 20.13 0.427 0.213 50.04
NWI 0.430 0.088 20.56 0.622 0.166 26.72 0.497 0.099 19.96
CNEI 0.372 0.103 27.77 0.551 0.131 23.81 0.429 0.113 26.38
NEI 0.400 0.093 23.29 0.409 0.151 36.74 0.434 0.099 22.72
WCI 0.321 0.085 26.51 0.409 0.113 27.70 0.360 0.089 24.85
PI 0.384 0.078 20.51 0.432 0.127 29.33 0.424 0.082 19.44
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very low persistence of Tmax time series are noticed in the eastern coast
and north western regions, respectively.

At all grid points, the value of joint scaling exponent is nearly half of
the scaling exponent of individual time series. i.e., the joint persistence
is in between the individual persistence of the candidate variables
(rainfall and temperature). This is in agreement with the universal
property proven by the researchers considering the sunspot-streamflow
linkages (Hajian and Movahed 2010). Except in the Peninsular India
and western coast, the seasonal correlation is negative. But at annual

scale, the negative correlation is displayed in the NWI and some parts of
CNEI and WCI. In the Peninsular region and coastal belts of India in
particular, the rainfall-Tmax correlation is positive with relatively larger
magnitude. The influence of large scale climatic oscillations from In-
dian Ocean (such as Equatorial Indian Ocean Oscillation), Arabian Sea
and Bay of Bengal could be linked with the rainfall and temperature
conditions of the coastal belts. Overall, negative association between
rainfall and Tmax also displays a similar spatial distribution pattern as
that of annual cross correlation.

Fig. 6. PDF and CDF of multifractal properties of rainfall time series for pre and post 1977 Pacific climatic shift.

Fig. 7. Relation between Hurst Exponent and Holder exponent in different macro regions in India (a) AI; (b) NWI (c) CNEI 9d) NEI (e) WCI (f) SPI.
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According to Fig. 10, it is evident that strong persistence of mean
temperature exists in most of the regions and among which the stron-
gest persistence is displayed at the coastal belts and Peninsular India,
while the weakest persistence exists in the NWI. In this case also for all
grid points, the joint persistence lies between that of rainfall and Tmean

time series. The seasonal cross correlation is negative at all regions
except some parts of Peninsular India and upper Himalaya. At annual

scale, relatively higher correlations are noted in the Tmean - rainfall link
when compared with the Tmax - rainfall link (positive correlation up to
0.78). In this case also, the strong positive correlations are clustered in
the Peninsular India and the coastal belts, while negative association is
noted only in the NWI and few localized grids of WCI. Again, the spatial
distribution of overall correlation is identical to that of annual corre-
lation except with a lesser magnitude in the correlations.

Fig. 8. PDFs and CDFs of multifractal properties of four temperature time series for pre and post 1977 Pacific climatic shift (a) Hurst exponent; (b) spread of
generalized Hurst exponent (Δh(q)); spectral width; (d) asymmetry index (R); (e) spread of singularity spectrum (Δf(α)); (f) Holder exponent (α0).

Fig. 9. Spatial distributions of scaling exponent and cross correlation values of rainfall and Tmax time series. λR and λTmax denote the individual persistence of rainfall
and maximum temperature time series, whereas λRT denotes the joint persistence of rainfall and temperature. ρSeasonal and ρAnnual are the correlation coefficients
at seasonal and annual scales and ρ denotes the overall correlation between temperature and rainfall time series.
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Fig. 10. Spatial distributions of scaling exponents and cross correlation parameters of rainfall and Tmean time series. λR and λTmean denote the individual persistence
of rainfall and maximum temperature time series, whereas λRT denotes the joint persistence of rainfall and temperature. ρSeasonal and ρAnnual are the correlation
coefficients at seasonal and annual scales and ρ denote the overall correlation between temperature and rainfall time series.

Fig. 11. Spatial distributions of scaling exponents and cross correlation parameters of rainfall and TDTR time series. λR and λTDTR denote the individual persistence of
rainfall and maximum temperature time series, whereas λRT denotes the joint persistence of rainfall and temperature. ρSeasonal and ρAnnual are the correlation
coefficients at seasonal and annual scales and ρ denotes the overall correlation between temperature and rainfall time series.
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From Fig. 11 it is noted that for the DTR time series, the strongest
persistence is in the North West India. In the spatial distribution of joint
persistence, the WCI and CNEI (the eastern coast in particular) display
the highest persistence along with the NWI region. The seasonal cor-
relation and overall correlation are found to be negative except in the
Western Himalayan and southern Peninsular regions. At annual scale
also, the positive correlation is noted only in these regions. The

temperature difference has distinctly different influence on the rainfall
pattern when compared with other temperature time series.

The association between minimum temperature and rainfall is un-
ique when compared with other links. The strongest persistence prop-
erty is noticed for the Tmin time series (minimum of 0.849 to maximum
of 0.997 with a mean of 0.971) when compared with other three
temperature time series. The seasonal correlation is negative in the NWI

Fig. 12. Spatial distributions of scaling exponents and cross correlation parameters of rainfall and Tmin time series. λR and λTmin denote the individual persistence of
rainfall and maximum temperature series, whereas λRT denotes the joint persistence of rainfall and temperature. ρSeasonal and ρAnnual are the correlation coef-
ficients at seasonal and annual scales and ρ denotes the overall correlation between temperature and rainfall time series.

Fig. 13. PDFs and CDFs of seasonal correlation, annual correlation and overall correlation of (a) rainfall-maximum temperature link; (b) rainfall-minimum tem-
perature link; (c)rainfall-mean temperature link; (d) rainfall-DTR link.
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and majority of the parts of NCI and CNEI. There is a clear switchover in
the nature and strength of association in the Tmin-rainfall link at annual
scale. It is also noted that some geographical regions of India, the
correlation changes from negative (at seasonal scale) to positive
(even > 0.5 at annual scale). The Peninsular region and coastal belts
of India display the highest persistence property, the influence of which
is reflected also in the mean temperature time series (see Fig. 10). Pe-
ninsular region of India is bounded by the Bay of Bengal in the east,
Indian Ocean in the south and Arabian sea in the west. This oceanic
proximity plays a dominant role in the precipitation of the country,
which is influenced by the temperature anomalies and local surface
warming. Global and regional temperature and precipitation variability
is influenced by ENSO phenomenon (Davey et al., 2014). Also, it is well
proven that other large scale atmospheric circulations such as Quasi
Biennial Oscillation (QBO), Equatorial Indian Ocean Oscillation
(EQUINOO), North Atlantic Oscillation (NAO), Atlantic Multi Decadal
Oscillation (AMO) etc. are all playing major roles on seasonal rainfall.
The co-existence of multiple oscillations also may modulate the process
(Gadgil et al., 2004) and one cannot separate the rainfall and near
surface temperature states in India. It is hard to find a universal pattern
such as how the scaling exponents change with latitude, altitude or
distance from the coast (Yu et al., 2014). Also attributing the reason for
multifractality to single indicator is quite impossible as the Indian
monsoon system is quite complex and many local processes and details
like moisture, terrain, vegetation effects may influence the regional
precipitation variations. The PDFs and CDFs of DCCA parameters of
rainfall and four temperature time series links are presented in Fig. 13.

Considering the Tmax- rainfall link, the mean values are 0.63 and
0.87 respectively for rainfall and Tmax time series and the joint persis-
tence lies between that of individual persistence (with a mean of 0.76).
For 234 grid points, the seasonal correlation is negative and for 119
points, annual correlation is negative. It is found that almost 39% of
ρAnnual values lay between −0.2 and 0.2. Also 35% of ρAnnual values
lay between 0.2 and 0.6 and remaining 26% of ρAnnual values lay
between −0.6 and−0.2. Except for 69 points, the annual correlation is
more than that of seasonal correlation while the overall correlation is
positive for 150 points. The relative magnitude of persistence of the
rainfall, Tmax and joint persistence is clear from Fig. 11 and follows the
universal property in their relative magnitudes (Hajian and Movahed
2010). The scaling exponent of mean temperature varies between 0.83
and 0.99. The persistence of rainfall time series found to be less than
that of temperature in all grid points (with a mean of 0.63 and 0.95,
respectively) while the joint persistence is nearly half of individual
persistence values (with a mean of 0.78). In 79% the grid points (227
out of 286), the correlation is negative at seasonal scale while the
correlation is positive at annual scale for 231 grid points (80.8% of
grids). Except for 31 grid points, annual correlation is greater than that
of seasonal correlation. Also it is noted that for 55% of grids ρAnnual
lies between 0 and 0.4 and for 15% grids, the correlation lies between
0.4 and 0.8. For 208 grid points, the overall correlation between rainfall
and Tmean is weakly positive and the overall mean correlation is found
to be around 0.08.

In the TDTR-rainfall link, it was found that the mean scaling ex-
ponent of temperature time series is around 0.87 and the mean value of
joint persistence was found to be 0.75. In this case also, for all grid
points the joint persistence is between those of individual persistence of
rainfall and temperature. Except for 17 grid points, the overall corre-
lation is negative with a mean of −0.237. Similar response is noted for
annual and seasonal correlations. i.e., for 260 and 240 grid points, the
rainfall-temperature association is negative at these time scales. But
annual correlation is strongly negative (with overall mean of −0.89)
while seasonal correlation is weakly negative (with overall mean of
−0.27). At annual time scale, the positive correlation varies up to 0.49,
while at seasonal scale, it varies only up to 0.11. The scaling exponent
of minimum temperature varies between 0.85 and 0.99 with a mean of
0.97, which infers very strong persistence. The joint persistence clearly

lies between the individual persistence, with a mean scaling exponent
of 0.8. Interestingly, the seasonal correlation was found to be negative
in 210 grid points (73.4% of grid points) with an overall mean value of
−0.192, but at annual scale, the correlation was strongly positive in
268 grid points (out of 294). The mean correlation value is 0.426 (with
minimum of −0.21 and maximum of 0.8). This is a clear evidence of
change in the scale dependent nature of association in the minimum
temperature- rainfall link. In this case, the overall correlation was also
found to be positive in 263 grid points with a mean value of 0.156
(varies between −0.05 and 0.46).

5. Discussion on applications and future scope

This study examined the multifractal properties of daily rainfall
field over India to get an insight into the complexity and persistence
properties of the variable. The spatio-temporal variability of the mul-
tifractal properties adduced some interesting judgments and possible
reasons for their diversity. Ascertaining the role of persistence is vital to
the development of hydro-meteorological studies and the changes in
the persistence over the time spell should be investigated. Any sig-
nificant change in the persistence may lead to erroneous predictions
and the situation is quite analogous to the use of a stationarity as-
sumption under a non-stationary environment in a changing climate
scenario. The high degree of complexity and multifractality of rainfall
in regions like NWI demands the multifractal modeling in such areas for
specific applications. The predictability could be well assessed by the
persistence and the predictions in regions like NEI this information
could have an added value in devising new paradigms for accurate
modeling of rainfall. The temporal change in the properties of rainfall
with respect to the pacific climatic shift is not supporting the urgent
need of non-stationary modeling in the country as a whole, even though
a reduction in complexity and multifractality along with an increase in
persistence is noted in majority of the grid points. However, localized
analysis using station-wise data may give improved understanding on
the modeling practices to be followed for the management of the water
resources. The rainfall-temperature cross-correlation studies in a mul-
tiscale-multifractal framework provided remarkable insights in the be-
havior of rainfall in Indian subcontinent. The nature of association of
each temperature time series with rainfall in India is quite different
from that of the other. Despite these differences, the persistence and
correlation properties of the dataset of Peninsular India and Coastal
belts show distinctly different behavior than the rest parts of the
country. More emphasis should be given on multifractal and non-sta-
tionary frameworks for modeling hydrological variables in these re-
gions, which may eventually help in accurate management of the water
resources.

Understanding the multifractal properties of rainfall time series may
help for multifractal modeling, simulation and synthetic generation of
rainfall fields, de-noising etc. (Deidda et al. 1999; Deidda 1999, 2000;
Serinaldi 2010), which are some promising domains for subsequent
researches. The scaling exponents can be used for derivation of In-
tensity-Duration-Frequency curves by rainfall disaggregation
(Veneziano and Furcolo 2002; Huang et al. 2014; Garcia-Marin et al.,
2019). The space–time disaggregation of rainfall is a possible applica-
tion for the scaling exponents developed (Deidda 2000; Hubert 2001;
Pathirana et al. 2007). Potential applicability of decomposition
methods such as wavelet transforms can be conjunctively used along
with multifractal properties in the space–time disaggregation studies
(Nourani et al., 2013, 2017; Roushangar et al. 2019). The derived
multifractal properties may help in performing the catchment classifi-
cation or regionalization and subsequent predictions in ungauged ba-
sins, by coupling with different clustering techniques (Sharghi et al.,
2018; Baghanam et al., 2019). To get a more comprehensive picture of
the multifractal properties of rainfall fields, similar studies can be
performed using more fine resolution data (say 0.25ox0.25°) and cross
correlations with other hydrological variables (like station-wise
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streamflow) can be analyzed in a multifractal perspective. This study
provided an overall picture of multifractal characteristics of the rainfall
and temperature datasets in India. In-depth studies using the real field
datasets are highly recommended, in coastal and peninsular India in
particular. While accepting the constraints on rainfall time series of
longer stretch, it is always advisable to perform similar studies using the
real-time datasets.

6. Conclusions

In this study, the multifractality of 1ox1o daily gridded rainfall fields
over India was evaluated using MF-DFA method and its link with the
four different temperature datasets was investigated using the MF-
DCCA method. The daily gridded rainfall data of 87% grid points pos-
sessed short term persistence and most of the time series showed strong
multifractal behavior. The highest multifractal degree and persistence
was noted in the NWI followed by NEI, where the rainfall pattern is
more homogeneous in characteristics. There is a clear reduction in
multifractal degree of rainfall time series of India for the post 1976/77
Pacific climatic shift period. The joint persistence of rainfall and tem-
perature was nearly half of the persistence of individual time series in
all of the combinations of rainfall-temperature linkages. The nature and
strength of cross correlation between temperature and rainfall dis-
played spatio-temporal diversity. The correlation properties between
rainfall and temperature were unique in the Peninsular and coastal
belts of India, when compared to other regions, which could be at-
tributed to the effect of large scale climatic circulations resulting from
oceanic proximity.
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