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Due to climate change, extreme rainfall and drought events are becoming more and more frequent in 
several regions of the globe. We investigated the suitability of employing statistical and fractal (or scaling) 
methods to characterise extreme precipitation and drought events. The case of the island of Mauritius 
was considered, for which monthly mean rainfall data for the period January 1950 to December 2016 
were analysed. The generalised extreme value distribution was used to extract the 10- and 20-year 
return levels and the Standardised Precipitation Index (SPI) was used to identify anomalous wet and 
dry events. A log-term correlation analysis was also performed to characterise the relationship between 
maximum rainfall and its duration. The results indicate that the 10-year return level is approximately 
between 500 mm and 850 mm and the 20-year return level is between 600 mm and 1000 mm. Results 
also show that the extreme maximum rainfall events occur mostly during austral summer (November to 
April) and could be related to the effects of tropical cyclones and La Niña events, while anomalous dry 
events were found to be significantly persistent with very long periods of drought. Moreover, there was a 
strong correlation between maximum rainfall and its duration. The methodology used in this work could 
be very useful in similar studies for other Small Island Developing States.

Significance:
• We show the usefulness of both statistical and fractal methods to understand occurrences of extreme

precipitation events.

• We identify anomalous wet and dry events in rainfall time-series data using the Standardised Precipitation 
Index.

Introduction
Recent events occurring worldwide, such as the global heat record in 2016, major flood events in different parts 
of the world, the rapid melting of glaciers and sea level rise, among others, are reminders that the climate is 
changing more rapidly than in preceding centuries. The warming of our atmosphere and its effects on our natural 
and ecological systems are unavoidable and already palpable. Among the various natural disasters which affect 
humankind, heavy rainfall and long periods of drought have been reported to be detrimental to the environment, with 
disastrous consequences on the ecosystem, agriculture, and infrastructure as well as on the people facing such 
extremes.1 For instance, in 2012, people in the central and western USA had to live in abnormally dry conditions 
due to persistent heat waves. This calamity put the health and safety of these people at risk and caused more than 
USD30 billion in damages.2 Heavy rainfall can contribute to flash floods, resulting in water accumulation in flood 
prone areas, which is very dangerous. The year 2018 marked the occurrence of several deadly flash floods such 
as those in India, France and Vietnam, which caused several casualties.3,4 

Heavy rainfall and severe droughts are global phenomena that affect major parts of the world, and are even seen 
to impact regions like Small Island Developing States.5,6 Small Island Developing States are found mostly within 
the tropical belt and are very vulnerable to these calamities which are becoming increasingly frequent.7 Moreover, 
with the growing populations on these islands and the increasing demand for a higher standard of living, it is 
important that decision-makers and urban planners have knowledge of extreme weather occurrences for better 
water resources management. To our knowledge, no rigorous study has been undertaken to quantify the statistical 
distributions of these calamities for Small Island Developing States. Results of statistical analyses of extreme events 
are necessary to help develop methods and strategies for flood disaster mitigation. We, therefore, aimed to reduce 
this void by employing statistical and fractal (or scaling) methods to characterise extreme precipitation and drought 
events. Our focus was on the island of Mauritius, and this study can serve as an example for similar islands. 

Mauritius is a small island of volcanic origin and has a highly complex topography with an elevated central plateau. 
The geographical positioning of the island in the South West Indian Ocean region makes it vulnerable to diverse 
meteorological phenomena. Its prevailing weather is, however, mainly dominated by the monsoon regime and 
trade winds. The island is also subjected to the recurrent formation of tropical cyclones, thunderstorms and 
lightning as well as heavy rainfall in the summer seasons.8-11 Mauritius’ history is marked by unprecedented flash 
flood events which occurred in March 2008, February and March 2013, January 2015, February 2016, January 
2018, December 2018 and, more recently, in January and February 2019. Some of these torrential rainfall events 
unfortunately caused the loss of human life and major property damage. The Mauritius Meteorological Services 
(MMS) characterise torrential rain conditions over the island as ‘a prevailing weather which generates 100 mm of 
widespread rainfall in less than 12 hours and when such rainy conditions are likely to persist for several hours’12. 
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Another hazard in the aftermath of heavy rainfall is landslides, which 
can occur on hill or mountain slopes which are considered high-risk 
areas. The MMS has pointed out that, during recent years, heat waves 
are lasting longer and the intensification trends of cyclones are steeper.12 
Hence, the impacts of climate variability in the form of extreme drought 
and rainfall events have become an issue of great concern due to 
the increasing dependence on rain-fed agricultural activities and the 
problem of water accumulation in some regions. Dhurmea et al.13 
presented a multi-temporal drought climatology for Mauritius for the 
period 1953–2007 using the Standard Precipitation Index (SPI). They 
produced high-resolution maps showing regions more prone to drought 
occurrence as well as regions with a rainfall surplus. Seebocus et al.11 
studied the statistical distribution of the rainfall data for Mauritius for the 
period 1950–2016 as well as the trend in the data using the Ensemble 
Empirical Mode Decomposition method. Their results indicate that three 
distributions – the log-normal, inverse Gaussian and the generalised 
extreme value (GEV) distribution – can be used to study the rainfall trend 
for Mauritius. The Ensemble Empirical Mode Decomposition analysis 
revealed that rainfall is strongly correlated to different meteorological 
phenomena such as tropical cyclones, quasi-biennial oscillations and 
the El-Niño Southern Oscillation (ENSO). 

Raja and Aydin10 analysed the rainfall variation of Mauritius by using 
data from 53 meteorological stations over a period of 30 years. The 
non-parametric Mann–Kendall and Spearman’s rho statistical tests were 
used in the study to characterise the variation in annual precipitation. 
The results indicated both increasing and decreasing trends in the 
precipitation pattern across the island. It was noted that the majority of 
regions experienced a decrease in rainfall in the time interval 1996 to 
2000, which was attributed to the 1998–2000 drought event contributed 
by the influence of a moderate La Niña event. Overall, an increase in 
the precipitation pattern was observed throughout the island. Raja and 
Aydin14 extended their work to determine the regional rainfall trend of 
Mauritius using data collected at 52 meteorological stations for the period 
1981 to 2010. Principal cluster analysis, cluster analysis and Kriging 
techniques were used to characterise the rainfall trend over the island. 
Their results indicated a decrease in rainfall between the southeast and 
northwest, which was attributed to the southeast trade winds and the 
altitudinal difference between the coastal areas and the central plateau. 

Understanding the characteristics of heavy rainfall and drought at both 
temporal and spatial scales and estimating the return period associated 
with their occurrence is crucial in flood monitoring processes as well 
as in preparedness for severe drought events. It is also important to 
know the inter-relationship between these events and large-scale ocean–
atmospheric processes. 

Methodology
The study area and its climatic conditions
The island of Mauritius (Figure 1) is situated at latitude -20.2 and 
longitude 57.3. The island is influenced by tropical weather with two 
seasons, namely austral summer (November to late April) and austral 
winter (June to September), with May and October being transition 
months. The wet season extends from November to April (austral 
summer) with a farthest south position of Inter-Tropical Convergence 
Zone (ITCZ) resulting in strong convective rainfall activity. Conversely, 
from June to September (austral winter), active trade winds occur 
over Mauritius with more stable atmospheric air and less rainfall.12,15 
In addition, the precipitation is modulated on an inter-annual time scale 
(greater than one year) in relationship with the influence of large-scale 
circulation patterns such as the El-Niño Southern Oscillation, Indian 
Ocean Dipole and tropical cyclones. 

According to the MMS, studies have confirmed an increasing trend 
in the occurrence of extreme weather and climate events in the South 
West Indian Ocean region.16 The increase in temperature has impacted 
the hydrological cycle over the island. Long-term time series of rainfall 
amounts over the past century show a decreasing trend in annual rainfall 
over Mauritius; however, over the last two decades, there has been a 
significant increase in the frequency of severe weather events such as 
extreme precipitation causing flash floods due to water accumulation in 
flood prone areas and the formation of more intense tropical cyclones.12 

Material and methods
Monthly mean rainfall data (CRU TS 4.01 data sets) for the period 1950–
2016 obtained from the Centre for Environmental Data Analysis17 were 
used for the analysis. This data set is a gridded satellite data product, 
on high-resolution (0.5×0.5 degree) grids, which is publicly available, 
and covers the period 1901–2016. The data includes climatic variables 
such as cloud cover, diurnal temperature range, frost day frequency, 
precipitation, daily mean temperature, monthly average daily maximum 
temperature, water vapour and wet day frequency. The data were checked 
for homogeneity using the Pettit test18 and it was found that all data 
values before 1950 were redundant and were therefore omitted. Figure 2 
shows the yearly rainfall pattern over Mauritius during the 1950–2016 
period. It indicates the quasi-periodic behaviour of the rainfall distribution 
over the island. Figure 2 also includes occurrence of tropical cyclones 
during the period of study and the amount of precipitation received 
under the influence of the tropical cyclones. Table  1 highlights some 
characteristics of the data used for the study. 

Figure 1:	 Location of Mauritius in the South West Indian Ocean region (left) and its topography (right). The different weather stations over the island are also 
shown.14
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Table 1:	 Characteristics of data used in the study

Statistic Estimate

Number of records (n) 804

Minimum value (mm) 10.6

Maximum value (mm) 1126.5

Mean (mm) 164.8

Standard deviation (mm) 134.6

Skewness (mm) 2.03

Kurtosis (mm) 9.22

Extreme value analysis
Extreme value theory is the study of extreme and rare events based on 
the Fisher–Tipett theorem, which can be regrouped into two categories: 
the block maxima and the peaks over threshold. The block maxima 
method consists of distributing the data set into equal non-overlapping 
periods and determining the maximum that occurs in each period, 
thus restricting the analysis to only maximum values. The peaks-over-
threshold method defines a threshold value and deals with all values that 
exceed the threshold.19,20 As explained in the work of Ferreira and De 
Haan20, the block maxima method is more efficient than the peaks-over-
threshold method as it produces the least associated mean square error 
and smallest difference between the extreme value index and the quantile 
estimator. Seebocus et al.11 showed that the frequency distribution of 
rainfall data for Mauritius (see Figure 3) can be represented using the GEV 
distribution. In this study, the block maxima method is used with the GEV 
distribution, where the cumulative distribution function is formulated as21:

F(x; μ, σ, k) = exp ( - [1 + k 
(x - μ)

σ
]
-1

/
k ) 	 Equation 1

where µ is the mean, σ is the standard deviation and k is the shape 
parameter. The aim of fitting the GEV distribution to the extreme rainfall 
data is to determine the return level of extreme events for specific return 
periods. The return level provides an estimate of the maximum rainfall 
that might occur at a specific time.21 

The calculation procedure of the block maxima method and the return 
level estimation using the GEV distribution are summarised as follows22:

Assume the data series X1, X2, ... ..., Xn) is independent and identically 
distributed. 

The maximum data point Mn obtained from the data series is assumed to 
be the data corresponding to the extreme event, and it is represented as 

Mn = Max (X1, X2, ... ..., Xn)	 Equation 2

Using the block maxima method, the cumulative distribution function can 
thus be written as indicated by Equation 3, where F(x) represents the 
GEV cumulative distribution function.

P(Mn ≥ x) = [F(x)]n	 Equation 3

The GEV distribution is fitted to the maximum data set Mn obtained and 
the GEV parameters (µ, σ, k) and the confidence intervals are estimated 
using the maximum likelihood estimation technique. The maximum 
likelihood estimation method is preferred as it is relatively simple to use 
compared to the Bayesian technique and it can be used to estimate the 
parameters of large data sets and their associated confidence intervals 
with little uncertainty.23

The return level occurring at a specific period can be estimated through 
interpolation of the results obtained.

Drought and flood analysis
Drought is a natural process, which occurs due to the lack of moisture 
in the atmosphere, which in turn results in a deficiency in precipitation 
for a prolonged time and this evolves slowly with time.24 The effect of 
drought is worsened by other external factors such as high temperature, 
high wind speed and low moisture content. The impacts and duration of 
drought events are expected to increase due to the exacerbating effect 
of climate change.25 

As identified by Wilhite and Glantz26, drought events can be categorised 
into six types: meteorological, climatological, atmospheric, agricultural, 
hydrologic and water management. Drought behaviour is not the same 
for different water resources and keeps varying at different timescales, 
which make its analysis difficult. 

Figure 2:	 Yearly range (maximum minus minimum) of mean monthly rainfall over Mauritius during the 1950–2016 period. The asterisks indicate the 
occurrence of tropical cyclones.
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The SPI was proposed by McKee et al.24 as the best drought monitoring 
index as it can be used to monitor all stages of a drought event from 
its onset to its completion for different water resources at different 
timescales. The SPI is a relatively simple tool which requires only 
precipitation data for a period of at least 30 years as the input parameter. 

The SPI is calculated as follows24,27:

Fit the rainfall data to the Gamma probability distribution function which 
is given as: 

g(x) = 
βαγ(α)

1  xα-1 exp (- x
β

) for x > 0	 Equation 4

where α is the shape parameter, β is the scale parameter, x is the 
precipitation amount and γ(α) is the Gamma function defined by 
γ(α) = ∫ox

 α - 1 exp (x) dx
∞

. 

Determine the timescale of i periods, where (i = 1,2,3,…..,72 months) 
which depicts the number of months for which the drought will be 
investigated. 

Estimate the corresponding parameters of the Gamma probability 
distribution function using the maximum likelihood estimation method. 

Transform the result obtained to the standardised normal distribution to 
estimate the Z-distribution. This normalisation process is done as rainfall 
follows a skewed distribution as shown in Figure 3. 

A drought event, as explained by McKee et al.24, occurs when the SPI is 
continuously negative. A value less than -2 indicates extremely dry conditions. 
When the SPI becomes positive it indicates the end of dry conditions, and 
when it becomes greater than 1, wet conditions begin. Therefore, as the SPI 
is standardised, it can be used to monitor both dry as well as wet events at 
any timescales and locations and it is unaffected by topology.25,28 

Scale and log-term correlation analysis
Rainfall data exhibit both spatial and temporal variations, which can be 
studied using fractal (or scaling) theory. The fractal patterns of rainfall 
data vary differently in both cases; at spatial resolution, the pattern is 
affected by geography of the study areas, while at temporal resolution 
the pattern is affected mainly by climatic conditions.29 Jennings30 was 
the first to propose a scaling law between the global maximum of rainfall 
and duration. The exponent of the power law discovered by Jennings 
was 0.5 for rainfall durations between 1 min and 1 year. 

Rescaled range analysis (R/S), originally introduced by Hurst31 is useful 
to measure the persistence and autocorrelation in time series. Such 
analysis assesses the Hurst exponent (H) of the power relationship 
between R/S parameter and duration. The Hurst exponent (H) is used 
as a measure of long-range dependence in time series.32 As stated by 
Ceballos and Largo32, there are different ways to determine the Hurst 
exponent, namely: adjusted rescale range analysis, detrended fluctuation 
analysis, and variance time plot analysis.

Discussions about these methods are beyond the scope of this work. 
The interested reader is referred to Ceballos and Largo32. These three 
methods have been tested and the results obtained confirmed that the 
adjusted rescale range analysis returned the lowest mean square error 
for all the estimated parameters. Hence it was employed in this work. 

The Hurst exponent (H) is a statistical method commonly used to 
classify time series.33 It has been used in diverse application areas 
such as biomedical signal processing, the financial sector, and climate 
change.34 The Hurst exponent ranges between 0 and 1 and is classified 
into three categories as defined by Qian and Rasheed33 and Valle et al.29:

0 ≤ H < 0.5 (Indicates an anti-persistent time series)

0.5 < H ≤ 1 (Indicates a persistent time series)

H = 0.5 (Indicates a random time series)

The first two categories represent the fractal Brownian movement while 
the third one represents the white noise or classic Brownian movement. 
A Hurst exponent of 0.5 indicates that there is no dependence between 
past and future values of the rainfall data under analysis and these types 
of data series are classified as unpredictable. It should be noted that 
the larger the value of H, the stronger will be the trend of the time series 
which increases as H approaches the value of 1.0.29 The estimation of 
the Hurst exponent (H) is based on the work of Weron35, whereby two 
different maximum likelihood estimation methods based on the peaks 
over threshold and the Block Maxima were used.32 

Results and discussion
Return level estimation using the GEV distribution
As mentioned in the methodology section, the GEV distribution was used 
to determine the 10- and 20-year return levels and the block maxima 
method was used to extract the maximum rainfall data for each year 
during the period January 1950 to December 2016. 

Figure 3:	 Monthly rainfall over Mauritius exhibits a skewed distribution with a heavy tail.
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The maximum likelihood estimation equations used to estimate the 
parameters of the GEV distribution are given by Equations 5–811,36:

1 1 - σ - (yi)∑i=1k

1
σ

yi

n
= 0	 Equation 5

n 1
+-

1 - σ - (yi) xi - μ∑i=1k k

1
σ

yi yi

n
= 0

	 Equation 6

1 ln(yi) +-
1 - σ - (yi)1 - σ - (yi)

xi - μ∑i=1σ2

1
σ1

σ
yi

k
n

= 0σ
		

	 Equation 7

yi = [1 - ( σ
k ) (x - μ)]	 Equation 8

Table 2 summarises the result of the GEV parameters and the lower and 
upper bounds of the confidence intervals estimated using the maximum 
likelihood estimation method. The graph of return period against return 
level is shown in Figure 4. The 10- and 20-year return levels were 
interpolated from Figure 4; the 10-year return level was approximated 

to be between 500 mm and 850 mm and the 20-year return level was 
approximated to be between 600 mm and 1000 mm. 

Table 2:	 Generalised extreme value (GEV) parameters estimated using 
the maximum likelihood estimation method

GEV Parameter Confidence interval

µ = 96.1227 µ- = 90.6817 µ+ = 101.5637

σ = 67.4783 σ- = 62.8824 σ+ = 72.4102

k = 0.3529 k- = 0.2826 k+ = 0.4233

The temporal variation in monthly rainfall and the 10- and 20-year return 
levels are depicted in Figure 5. The occurrence of extreme wet events was 
mainly due to the influence on the local weather of tropical cyclones – Alix 
(January 1960), Beryl (December 1961), Louise (March 1970), Yacinthe 
(January 1980), Gabrielle (February 1982), Anacelle (February 1998), 
Hennie (March 2005) and Diwa (March 2006) and three strong El Niño 
events in the years 1982/1983, 1987/1988 and 1997/1998. The results 
show that the extreme maximum rainfall events are more prone to occur 
during austral summer seasons (November–April) as it is during this season 
that there are more cyclonic activities in the South West Indian Ocean region. 

Figure 4:	 Yearly return level under generalised extreme value distribution over Mauritius during the period 1950–2016.

Figure 5:	 Monthly rainfall distribution and extreme events under 10- and 20-year return times.
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Figure 6:	 Standardised Precipitation Indices for rainfall over Mauritius during the period 1950–2016.
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Drought analysis using the SPI
The SPI was estimated at several timescales (3, 6, 12, 24, 36 and 48 
months) as shown in Figure 6. Drought events are characterised by 
negative values on the graphs; as soon as the line goes below zero, it 
marks the start of a drought event and the end of the drought is marked 
as soon as the line goes above zero again.24,37 The results indicate that 
the 1995–1999 period was the longest period of drought for Mauritius 
(SPI< -2.0). Such an extremely dry event is noticeable on the overall 
timescale and could be considered as a significantly persistent event. 
The dry conditions could be related to the 1994/1995 and 1997/1998 
La Niña events. For shorter timescales (3 and 6 months), extremely wet 
events could be related to cyclonic activities and El Niño events. The 
results obtained indicate that for the 36- and 48-month time scales, the 
frequencies of the dry events and wet events are almost the same, but 
the occurrence of dry events is higher than the occurrence of wet events, 
as indicated by the SPI graphs. 

As explained in the work of Bordi et al.38, the occurrence of dry conditions 
could be explained as a result of the influence of parameters such as 

orographic effect, land coverage, marine influence and altitude on the 
rainfall variability over the island. 

Scale and log-term correlation
The scaling phenomena for the rainfall data is displayed in Figure 7. 
Superimposed over Figure 7 is the plot of the world record rainfall 
measurements of Zhang39. The best-fit lines indicate the relationship 
between maximum rainfall and duration. For the case of Mauritius, within 
a range of 1 month to 1 year, the maximum precipitation duration law 
exponent is 0.44 as compared to 0.9 (which indicates a random process 
with persistence) or the long-time range duration (>1 year). 

Figure 8 displays the power law relationship between the R/S parameter 
and duration (log(R/S) versus log(d)). The Hurst exponent (H=0.6) 
derived from the graph indicates that the time series was found in the 
persistent regime range, as H was found in the range 0.5 < H ≤ 1. 
As stated in the literature, time series having larger H values can be 
predicted more accurately than those having an H value close to 0.5. 
The result obtained confirms that the Hurst exponent provides a good 
measure of predictability. 

Figure 7:	 Rainfall-duration law scale observed over Mauritius during the period 1950–2016.

Figure 8:	 R/S versus duration to determine the Hurst exponent.
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Conclusion
We have presented the analysis of return levels in extreme rainfall 
events occurring in Mauritius during the period 1950–2016. The GEV 
distribution was used to determine the 10- and 20-year return levels 
of extreme events. The GEV distribution was selected as the statistical 
tool for the estimation of the return level following the work of Seebocus 
et al.11 who demonstrated that the GEV distribution best fitted the rainfall 
data for Mauritius, and could thus be used for statistical analysis. 

The SPI was also employed to identify anomalous wet or dry events 
and to characterise the relationship between maximum rainfall and its 
duration. It was found that extreme maximum rainfall events occurred 
mostly during austral summer (November to April) and could be related 
to tropical cyclones and associated with dry conditions in the study 
region. The results identified the severe drought events which occurred 
from 1998 to 1990 due to the influence of the La Niña event. The SPI 
trends demonstrated that drier conditions occur more frequently than 
wet events over Mauritius. In addition, anomalous dry events were found 
to be significantly persistent with very long periods of drought and there 
was a strong correlation between maximum rainfall and its duration. Our 
findings demonstrate the usefulness of using both statistical and fractal 
methods to understand occurrences of extreme precipitation events. 
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