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Abstract  

Global warming and climate change are the mayor concerns of scientists, engineers and policy makers because they 

affect every aspect of nature and human life. Rainfall and air temperature are the most important variables used to detect 

climate change, through the statistical analysis of set of indices that describe temperature and rainfall extremes. Over 

the last decades concepts and methods from complex system science were applied in analysis of hydrological data to 

describe variability of hydrological processes on multiple temporal and spatial scales. In this work we analyzed daily 

rainfall temporal series in Recife, Brazil (during the period from 1962 to 2019) using Multifractal Detrended Fluctuation 

analysis (MFDFA) in order to study long term correlations in subsets of small and large rainfall fluctuations. We 

calculated multifractal parameters (that quantify position of maximum, width and asymmetry of multifractal spectrum) 

which are related to different properties of rainfall fluctuations. By comparing the values of these parameters for two 

subperiods of 29 years, we found that after 1990, rainfall dynamics changed towards stronger persistency, weaker 

multifractality and decreased dominance of small fluctuations. 

Keywords: Rainfall; Climate change; Multifractal. 

 

Resumo  

O aquecimento global e as mudanças climáticas são as principais preocupações dos cientistas, engenheiros e 

legisladores, porque afetam todos os aspectos da natureza e da vida humana. A precipitação e a temperatura do ar são 

as variáveis mais importantes para detectar as alterações climáticas, através da análise estatística de um conjunto de 

índices que descrevem os extremos de temperatura e precipitação. Nas últimas décadas, conceitos e métodos da ciência 

de sistemas complexos foram aplicados na análise de dados hidrológicos para descrever a variabilidade dos processos 

hidrológicos em múltiplas escalas temporais e espaciais. Neste trabalho, analisamos séries temporais de precipitação 

diária em Recife, Brasil (durante o período de 1962 a 2019) usando a análise Multifractal Detrended Fluctuation 

Analysis (MFDFA) a fim de estudar correlações de longo prazo em subconjuntos de pequenas e grandes flutuações de 

chuva. Calculamos parâmetros multifractais (que quantificam a posição de máximo, largura e assimetria do espectro 

multifractal) que estão relacionados a diferentes propriedades das flutuações da precipitação. Ao comparar os valores 

desses parâmetros para dois subperíodos de 29 anos, descobrimos que, após 1990, a dinâmica da chuva mudou para 

uma persistência mais forte, multifractalidade mais fraca e diminuição da dominância de pequenas flutuações. 

Palavras-chave: Precipitação; Mudança climática; Multifractal. 

 

Resumen  

El calentamiento global y el cambio climático son las principales preocupaciones de los científicos, ingenieros y 

políticos porque afectan todos los aspectos de la naturaleza y la vida humana. Las precipitaciones y la temperatura del 

aire son las variables más importantes que se utilizan para detectar el cambio climático, mediante el análisis estadístico 

de un conjunto de índices que describen los extremos de temperatura y precipitación. Durante las últimas décadas, se 

aplicaron conceptos y métodos de la ciencia de sistemas complejos en el análisis de datos hidrológicos para describir la 

variabilidad de los procesos hidrológicos en múltiples escalas temporales y espaciales. En este trabajo analizamos series 

temporales de lluvia diaria en Recife, Brasil (durante el período de 1962 a 2019) utilizando el Multifractal Detrended 

Fluctuation Analysis (MFDFA) para estudiar las correlaciones a largo plazo en subconjuntos de fluctuaciones de lluvia 

pequeñas y grandes. Calculamos parámetros multifractales (que cuantifican la posición de máximo, ancho y asimetría 

del espectro multifractal) que se relacionan con diferentes propiedades de las fluctuaciones de las precipitaciones. Al 

comparar los valores de estos parámetros para dos subperíodos de 29 años, encontramos que después de 1990, la 
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dinámica de la lluvia cambió hacia una persistencia más fuerte, una multifractalidad más débil y una dominancia 

disminuida de pequeñas fluctuaciones. 

Palabras clave: Precipitación; Cambio climático; Multifractal. 

 

1. Introduction  

Rainfall is the primary input of hydrological cycle and its temporal and spatial variability affects other hydrological 

components as surface runoff, groundwater flow, interception, evaporation and soil moisture. Rainfall variability occurs at wide 

range of temporal and spatial scales which (directly or indirectly) can impact electricity production, agriculture, ecosystems, and 

human health (Arvor et al., 2014; Haines et al., 2006; Kabo-Bah et al., 2016; Weltzin et al., 2003).  

While classical statistical methods remain the main tool in rainfall studies, by providing valuable information about 

rainfall regime as probability distribution, extreme values and trends, over the last decades considerable scientific effort was 

made to use methods from complex system science in order to access properties that emerge from nonlinearity and complexity 

of rainfall dynamics (Herr & Krzysztofowicz, 2005; J. Park et al., 2011; Sa’adi et al., 2019).  

These methods are based on concept of fractals and multifractals, chaos theory, information theory and complex 

networks (Douglas & Barros, 2003a; Fuwape et al., 2017; Jha & Sivakumar, 2017a; Xavier et al., 2019). It is well known that 

hydrological time series exhibit long term correlations at multiple temporal scales which is characteristic of multifractal processes 

(Douglas & Barros, 2003a; Tan & Gan, 2017). Multifractal methods were extensively used in analysis of rainfall data, the 

reported results include empirical studies, delineation of homogeneous rainfall areas, extreme values and validation of rainfall 

models (Adarsh et al., 2020; Douglas & Barros, 2003b; A. P. García-Marín et al., 2015; Amanda P. García-Marín et al., 2008; 

Langousis et al., 2009; Svensson et al., 1996).  

Recently Krzyszczak et al. 2019, analyzed meteorological data, including rainfall, from four locations (two in Poland 

and two in Bulgaria that are located in varying climatic zones) and showed that multifractal analysis is sensitive to the observed 

climate shifts: the changes in parameters that describe the shape of singularity spectrum indicate which properties of the 

underlying stochastic process were changed due to climate shift.  

The objective of our work is to investigate if the preliminary results presented in that indicate that singularity spectra 

were susceptible to climatic shift, stand for different climate condition, in this case tropical sub humid which is present in coastal 

area of Pernambuco, Brazil (Krzyszczak et al., 2019).  

 

2. Methodology  

In this work we use the methodology Multifractal Detrended Fluctuation Analysis, which was developed to quantify 

multifractal correlations in nonstationary temporal series (Movahed et al., 2006). The data used in this work are daily rainfall 

temporal series recorded from 1962 to 2019 in Recife (Latitude: -8,06; Longitude: -34.96) provided by National Institute of 

Meteorology (Instituto Nacional de Meteorologia – INMET), obtained from site Recife (CURADO) 82900 with 11,3 m of 

altitude. 

 

2.1 Detrended Fluctuation Analysis (DFA) 

Detrended Fluctuation Analysis (DFA) is based on root-mean-square analysis of a random walk. It was introduced by 

Peng et al. (1994) to detect long-term correlations in non-stationary time series.  

The DFA method can be summarized in 5 steps (Peng et al., 1994): 

i) The original time series 𝑥(𝑖), 𝑖 = 1, 2, … , 𝑁 is integrated, 

http://dx.doi.org/10.33448/rsd-v10i2.12424


Research, Society and Development, v. 10, n. 2, e15410212424, 2021 

(CC BY 4.0) | ISSN 2525-3409 | DOI: http://dx.doi.org/10.33448/rsd-v10i2.12424 
 

 

3 

𝑦(𝑘) = ∑ 𝑥(𝑖) − 〈𝑥〉, 𝑘 = 1, … , 𝑁

𝑘

𝑖=1

                                                                       (1) 

where, 〈𝑥〉 is the mean value of the series 𝑥(𝑖). 

ii) The integrated series 𝑦(𝑘) is divided into 𝑁𝑛 = 𝑖𝑛𝑡[𝑁/𝑛] non-overlapping windows of length 𝑛 and each window 𝑤 =

1, … , 𝑁𝑛 the local trend 𝑦𝑛,𝑤(𝑘) is calculated using linear or polynomial fit. 

iii)  In each window the local variance is determined as 

𝐹2(𝑛, 𝑤) =
1

𝑛
∑ [𝑦(𝑘) − 𝑦𝑛,𝑤(𝑘)]

2
𝑤𝑛

𝑖=(𝑤−1)𝑛+1

                                                               (2) 

 

iv) The detrended variance at scale n is then calculated as  

𝐹2(𝑛) =
1

𝑁𝑛
∑ 𝐹2𝑁𝑛

𝑤=1 (𝑛, 𝑤)                                                                             (3)  

v) This calculation (i-iv) is repeated for different window sizes which provides the relationship between the fluctuation 

function )(nF  and window size n . If long-term correlations are present in the original series, )(nF  increases with n  

according to a power law: 

𝐹(𝑛)~𝑛𝛼                                                                                                 (4) 

The scaling exponent   (also called DFA exponent) can be obtained as the slope of the linear regression of )(log nF  

versus nlog  and for is equal to Hurst exponent H which describes correlations in original series: the value 5.0=  

indicates the absence of correlations (white noise), 5.0  indicates persistent long-term correlations meaning that large 

(small) values are more likely to be followed by large (small) values, 5.0  indicates anti-persistent long-term correlations, 

meaning that large values are more likely to be followed by small values and vice versa. The value 1< indicates fractional 

Brownian motion with increments described by Hurst exponent H =  (J. S. Park et al., 2011; Peng et al., 1994).  

 

2.2 Multifractal Detrended Fluctuation Analysis (MF-DFA) 

Multifractal detrended fluctuation analysis (MFDFA) was introduced by Kantelhardt et al. (2002) and has been widely 

used to analyze data in physiology, geophysics, ecology, climatology and finances (da Silva et al., 2020; De Benicio et al., 2013; 

Movahed et al., 2006; Telesca & Toth, 2016; Zorick & Mandelkern, 2013; Zunino et al., 2008).  

The first four steps (i-iv) in MFDFA method are the same as for DFA (Kantelhardt et al., 2002).  

The average value of local variance (2) is calculated on all windows to obtain the fluctuation function of order 𝑞 

𝐹𝑞(𝑛) = {
1

𝑁𝑛

∑[𝐹2(𝑛, 𝑠]
𝑞
2

𝑁𝑛

𝑤=1

}

1
𝑞

                                                                                   (5) 

where, 𝑞 can be any real value, except zero. For 𝑞 = 0, 𝐹𝑞(𝑛) is calculated as[𝐹𝜀(𝑛) + 𝐹−𝜀(𝑛)]/2, where 𝜀 → 0. This calculation 

is repeated for different segment sizes, providing the relationship between the fluctuation function 𝐹𝑞(𝑛) and the size of the 

segment 𝑛. If the series 𝑥𝑖 has the long-range correlations, the fluctuation function 𝐹𝑞(𝑛) increases with 𝑛, as a power law, 

𝐹𝑞(𝑛)~𝑛ℎ(𝑞)                                                                                                 (6) 

The scaling exponent ℎ(𝑞) is obtained as the slope of the linear regression of log 𝐹𝑞(𝑛) versus log 𝑛. The power law exponent 

ℎ(𝑞) is called the generalized Hurst exponent; for stationary time series, ℎ(2) is identical to the well-known Hurst exponent 𝐻, 

and MFDFA reduces on DFA. For multifractal series ℎ(𝑞)is the decreasing function of 𝑞, while for monofractal time series ℎ(𝑞) 

10  
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is independent of 𝑞. 

For positive values of 𝑞, ℎ(𝑞) describes the scale invariance of the segments with large fluctuations, for negative values 

of 𝑞, ℎ(𝑞) describes the scale invariance of the segments with small fluctuations. Generalized Hurst exponents ℎ(𝑞) are related 

to the Renyi exponents 𝜏(𝑞) defined as 𝜏(𝑞) = 𝑞ℎ(𝑞) − 1. For monofractal series 𝜏(𝑞) is a linear function of 𝑞, and for 

multifractal series 𝜏(𝑞) is a nonlinear function of 𝑞. A multifractal process can also be characterized by the singularity spectrum 

𝑓(𝛼) which is related to 𝜏(𝑞) through the Legendre transform: 

𝛼(𝑞) =
𝑑𝜏(𝑞)

𝑑𝑞
 ,                                                                                              (7) 

𝑓(𝛼(𝑞)) = 𝑞𝛼(𝑞) −  𝜏(𝑞) ,                                                                                (8) 

where 𝑓(𝛼) is the fractal dimension of the support of singularities in the measure with Lipschitz-Holder exponent 𝛼. The 

singularity spectrum of monofractal series is represented by a single point in the 𝑓(𝛼) plane, whereas the multifractal series 

yields a single humped function (Movahed et al., 2006). 

 A set of parameters can be extracted from the multifractal spectra for the characterization of process complexity 

(Shimizu et al., 2002; Stošić et al., 2015). The singularity spectra are fitted to a fourth-degree polynomial: 

𝑓(𝛼) = 𝐴 + 𝐵(𝛼 − 𝛼0) + 𝐶(𝛼 − 𝛼0)2 + 𝐷(𝛼 − 𝛼0)3 + 𝐸(𝛼 − 𝛼0)4                                               (9) 

and the multifractal spectrum parameters are found as the position of maximum 𝛼0, width of the spectrum 𝑊 = 𝛼𝑚𝑎𝑥 − 𝛼𝑚𝑖𝑛 , 

obtained from extrapolating the fitted curve to zero, and the skew parameter 𝑟 = (𝛼𝑚𝑎𝑥 − 𝛼0)/ 𝛼0 − 𝛼𝑚𝑖𝑛) where 𝑟 = 1 for 

symmetric shapes, 𝑟 > 1 for right-skewed shapes, and 𝑟 < 1 for left-skewed shapes. 

The parameter 𝛼0 is the position of the maximum of 𝑓(𝛼), and provides an estimate of the overall Hurst exponent in 

which, a value of 𝛼0 >  0,5 indicates a correlated or persistent process, 𝛼0 < 0,5 an anti-correlated or anti-persistent process and 

𝛼0 = 0,5 indicates a totally random process. The parameter 𝑊is the width of the spectrum, and measures the amplitude of fractal 

exponents required to describe the signal. The larger the width of the spectrum means the stronger multifractality of the process.  

The asymmetry parameter 𝑟, which can be calculated as serves to measure the dominance of small and large fluctuations 

in the multifractal spectrum. If 𝑟 = 1, the spectrum is symmetrical and both large and small fluctuations contribute equally to 

multifractality, 𝑟 > 1 means that the spectrum is asymmetrical to the right, indicating that subsets with small fluctuations have 

a greater contribution to the multifractal spectrum and 𝑟 < 1 means that the spectrum has a left asymmetry, indicating that 

subsets with large fluctuations have a greater contribution to the multifractal spectrum (Shimizu et al., 2002; Stošić et al., 2015). 

We analyzed long daily rainfall record collected in meteorological station in Recife during the period 1962-2019. We 

applied DFA method on magnitude and sign series which carry information about the nonlinear and linear properties of the series 

respectively. We applied MFDFA on deseasonalided series and calculated multifractal parameters (that quantify position of 

maximum, width and asymmetry of multifractal spectrum). We compared the values of these parameters related to different 

properties of rainfall fluctuations, for two 29 years sub periods.   

 

3. Results and Discussion  

We analyze deseasonalized series (anomalies) of daily rainfall 𝑥(𝑡) 

𝑋(𝑡) =
𝑥(𝑡) − 𝜇𝑡

𝜎𝑡

                                                                                           (10) 

where 𝜇𝑡 is the mean daily rainfall calculated for each calendar date by averaging over all years in the record, and 𝜎𝑡 is 

the standard deviation of 𝑥(𝑡), also calculated for each calendar date [8]. We apply DFA method on daily anomaly series and 

two derived series: magnitude 𝑀(𝑡) = |∆𝑋(𝑡)| and sign 𝑆(𝑡) = 𝑠𝑖𝑔𝑛[∆𝑋(𝑡)]. The magnitude series carries information about 
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the nonlinear properties of the series, while the sign series relates importantly to linear properties (Jha & Sivakumar, 2017b). 

Original, anomalies, magnitude and sign series are shown on Figure 1.  

 

Figure 1. Daily series of (a) original rainfall data, (b) anomalies, (c) magnitude and (d) sign for Recife station.  

 

Source: Authors. 

 

We apply DFA analysis on entire series (1962-2019) and on two sub periods:1962-1990 and 1991-2019 in order to 

identify possible climatic changes. The DFA graphs for anomalies, magnitude and sign for entire series are shown in Figure 2 

and for two sub series in Figure 3, where clear linear relationship between fluctuation function and window size on log-log scale 

is observed, indicating the existence of long-term correlations.  
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Figure 2. DFA graphs for (a)anomalies, (b)magnitude and (c) sign series for daily rainfall data at Recife. 

 

Source: Authors. 
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Figure 3. DFA graphs for (a) anomalies, (b) magnitude and (c) sign series for daily rainfall data for Recife for two subperiods: 

1962-1990 and 1991-2019. 

 

Source: Authors. 

 

The values of DFA exponents (calculated as slope of the linear regression of )(log nF  versus nlog ) are shown on 

Table 1, where it is seen that anomalies and magnitude series show persistent long-term correlations (α>0.5), while sign series 

are anti persistent (α<0.5). Persistence in the magnitude series indicates that an increment with large (small) magnitude is more 

likely to be followed by an increment with large (small) magnitude.  

Anticorrelation in the sign series indicates that a positive (negative) increment is more likely to be followed by a 

negative (positive) increment. For entire series and for two sub periods, the values of DFA exponents are very close and don’t 

reveal relation with climatic changes. The persistence of magnitude series indicates that the original series (in our case rainfall 

anomalies) has multifractal properties (Jha & Sivakumar, 2017b).  

The persistence in magnitude series and anti-persistence in sign series indicate that a large increment in the positive 

direction is more likely to be followed by a large increment in the negative direction, and this holds over a broad range of time 

scales from several days to three years.  
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Table 1. DFA exponent values for anomalies, magnitude and sign series for daily rainfall data for Recife station. 

Period Anomalies Magnitude Sign 

1962-2019 0,614 0,631 0,391 

1962-1990 0,628 0,646 0,387 

1991-2019 0,610 0,622 0,372 

Source: Authors. 

 

The results of multifractal analysis (with MFDFA method) for two sub periods are shown in Figure 5 and Figure 6 

respectively, where it is seen that all graphs, fluctuation functions 𝐹𝑞(𝑛), generalized Hurst exponent ℎ(𝑞), Rényi exponent 𝜏(𝑞) 

and multifractal spectrum 𝑓(𝛼), show that rainfall anomalies series are generated by multifractal process: 𝐹𝑞(𝑛) is linear function 

on logaritmic scale, ℎ(𝑞) is decreasing function, 𝜏(𝑞) is nonlinear function m and 𝑓(𝛼) is a single humped function (Movahed 

et al., 2006).  

The values of multifractal spectrum parameters, the position of maximum 𝛼0 , width W and asymmetry parameter 𝑟 are 

shown on Table 2 where we observe changes in rainfall regime towards stronger persistency (higher 𝛼0) weaker multifractality 

(lower 𝑊 ) and the equal dominance of both small and large fluctuations (𝑟~1).  

Before 1990 multifractality of rainfall anomalies was mostly caused by the scaling behavior of small fluctuations (𝑟 >

1), indicating that extreme events that produce large fluctuation with respect to linear trend become more frequent, leading to 

the loss of right asymmetry of multifractal spectrum.  

Oliveira et al. (2017) performed trend analysis of occurrence and intensity of extreme events of precipitation in 

subregions of Northeast Brazil (NEB). They analyzed daily rainfall data of 148 rain gauges recorded during the period from 

1972 to 2002 and used quantiles technique to define weak, normal and heavy rainfall events. They found that in coastal region 

the rainy period is characterized by more intense and more frequent rainfall, while the dry period is characterized by less intense 

and less frequent rains (Oliveira et al., 2017).  
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Figure 5. Multifractal analysis of daily rainfall anomalies between 1962 and 1990, at Recife station: (a) fluctuation functions 

𝐹𝑞(𝑛) versus box size (𝑛); (b) generalized Hurst exponent ℎ(𝑞); (c) Rényi exponent 𝜏(𝑞); (d) Multifractal spectrum 𝑓(𝛼) 

together with fourth degree polynomial fit (red line).  

 

Source: Authors. 

 

The changes in values of the multifractal parameters after 1990 are in agreement with these results: the decrease of 

dominance of small fluctuations in multifractality of rainfall anomalies, which also exhibits stronger persistence indicating more 

regular dynamics. Krzyszczak et al. (2019) performed multifractal analysis (using MFDFA) for meteorological time series 

recorded in stations located in varying climatic zones in Poland and Bulgaria.  

They compared multifractal spectra between the two sub-periods, namely 1980–2001 and 2002–2010 and found that 

for precipitation data from some stations the values of 𝛼0 change only slightly and are greater in the second sub-period, while 

the width of multifractal spectrum decreases.  
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Figure 6. Multifractal analysis of daily rainfall anomalies between 1991 and 2019, at Recife station: (a) fluctuation functions 

𝐹𝑞(𝑛) versus box size (𝑛); (b) generalized Hurst exponent ℎ(𝑞); (c) Rényi exponent 𝜏(𝑞); (d) Multifractal spectrum 𝑓(𝛼) 

together with fourth degree polynomial fit (red line).  

 

Source: Authors. 

 

Most consistent changes were observed in the case of the asymmetry, for all stations this parameter is generally lower, 

the spectrum tends to be more symmetrical or the asymmetry changes from right to left-skewed which means that more extreme 

events can be observed for this sub-period. Although the climate at the location of Recife is very different that in Poland and 

Bulgaria, the changes in multifractal spectrum after 1990 indicate similar shift in rainfall regime: stronger persistency, weaker 

multifractality and lower asymmetry, indicating that after 1990 more extreme events are present in the rainfall time series.  

 

Table 2. Complexity parameters 𝛼0 , W and r of the multifractal spectrum 𝑓(𝛼) of the daily rainfall anomalies two sub periods: 

1962-1990 and 1991-2019.  

Period 𝛼0 W r 

1962-1990 0,683 0,806 1,362 

1991-2019 0,709 0,724 0,986 

Source: Authors. 
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4. Final Considerations  

In this work we investigated the change of rainfall regime in coastal region of Pernambuco, Brazil by using multifractal 

analysis. We analyzed daily rainfall temporal series recorded at Recife station during the period 1962 – 2019. By applying the 

well-established method of Multifractal Detrended Fluctuation Analysis (MFDFA), we calculated multifractal spectrum and 

determined its complexity parameters (position of maximum, width and asymmetry) that are related to different properties of 

rainfall fluctuations.  

The changes in the values of multifractal parameters for two 29 years sub periods indicated following changes in 

rainfall dynamics: i) stronger persistency (position of maximum of multifractal spectrum shifts towards higher value); weaker 

multifractality (width of the spectrum decreases) and increased dominance of larges fluctuation (the spectrum loses asymmetry 

to the right). These results showed that multifractal spectra were sensitive to climatic shift, as indicated by the changes of spectra 

parameters.  

Future studies should involve larger number of meteorological series, particularly long-term rainfall and temperature 

data in order to investigate if multifractal analysis (along classical statistical methods) can be useful to detect some aspects of 

climate changes. 
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