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Abstract

Heavy rains and floods are long considered critical societal concerns due to
adverse effects on society, environment, and economies. The best appropriate
identification for rainfall distribution is equally of significant concern to soci-
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ety and planners due to its application in the hydrological and water resources
management sectors, and agricultural planning. Two methods for extreme val-
ues theory namely the annual maximum (AM) series method and the peaks-
over-threshold (POT) method are generally employed for extreme values anal-
yses. This study therefore compared the results of both methods for ARC2 daily
rainfall data at Bamako-Senou station for the period 1991 - 2021. Five (05)
commonly used distribution functions, namely the Normal, Log-Normal (LN),
Gumbel type I, Gamma and Pearson type 3 (P3) distributions were used to fit
the AM data. The method of moments (MOM) and the method of maximum
likelihood estimation (MLE) were employed for parameters estimation in AM
analyses. The generalized Pareto (GP) distribution was also used to fit the peaks
over threshold (POT) method. The results indicated that the P3 distribution
gave better result than other distributions when parameters were estimated
with the MLE. The LN distribution was also best fit distribution to AM series
when parameters were estimated with the MOM. The P3 distribution gave
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higher quantile estimates than other distributions. The POT method gave bet-
ter results for quantiles estimation than the AM series. It is recommended that
further study should include various truncation levels and tests for the choice
of an optimal threshold in the POT method.

Keywords

Annual Maximum (AM) Series, Best Distribution Models, Extreme Values
Analysis and Peaks-Over-Threshold (POT) Method

1. Introduction

One of the major concerns for society is torrential rain and floods as their impacts
on the environment, society and economics are devastating (Panthou et al., 2012).
The design of reliable and effective hydraulic structures for managing flood can
be associated primary with a perfect understanding of future extreme conditions.
The estimation of return levels has considerable engineering importance espe-
cially in urban drainage system’s area. Many statistical methodologies for such
estimation have been developed in recent years. Generally, two main methods are
used to define extreme values (Thompson et al., 2009). First, the time period over
which the data are collected is divided into block, the most extreme value defined
in each block (monthly or daily maxima) is then used for future analysis (Thomp-
son et al., 2009). The second method is based on exceedances over a threshold or
excess over a threshold (Thompson et al., 2009).

Extreme events are those that have low occurrence in nature but have high se-
verity or impact (Sharma, 2016). Modelling such events occurrence and magni-
tude is defined by a statistical method called extreme value theory (EVT). For in-
stance, floodwalls are not designed for common occurrences, but rather for rare
and disastrous occurrences (Sharma, 2016). EVT is based on asymptotic results,
so, the used data to model events is often a relatively small subset of the whole
dataset generally above the 90" or 95" quantile (Sharma, 2016). Fisher and Tippett
(1928) indicated that the maximal behavior can be defined for a single process by
three asymptotic limits describing extremes distributions assuming the variables
are independent. Gumbel (1958) also codified this theory in a statistics book of
extremes, comprising the Gumbel distributions. An annual maximum (AM) sam-
ple is defined by the maximum peak flow of each year (Bezak et al., 2014). How-
ever, defining the sample in this manner can result in loss of information (Lang-
bein, 1949; Lang et al., 1999; Bacova-Mitkova & Onderka, 2010). For instance,
some peaks that were not AMs, but are nonetheless relatively high, are not taken
into account in AM analyses. Another limitation of the AM series is that the sam-
ple size is typically quite small (Bezak et al., 2014).

Probability distribution functions are defined to modeling magnitudes of ex-
ceedances in AM rainfalls at a single site (Kite, 1977; Hosking & Wallis, 1997;
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Stedinger et al., 1993). Though, more than one distribution may well fit the data,
the best model selection can be difficult (Salas et al., 2013). However, the model
selection remains one of the most challenges in engineering practice, since there
is no one-size-fits-all approach on which distribution (s) should be employed for
frequency analysis of extreme rainfalls (Bezak et al., 2014). Guidelines have been
developed by countries suggesting which distribution to use (Bezak et al., 2014).
However, finding the best method remains a challenge to engineers (Bezak et al.,
2014). The EVT is based on three (3) extreme event types of distribution often
used to model extreme values, the Gumbel, Frechet and Weibull models, some-
times referred to as type I, type II and type III distributions respectively. These
three (3) distributions can be linked by a single distribution called the Generalized
extreme values distribution (GEV). For extreme values distribution above a spe-
cific threshold, the peaks over threshold (POT) method is generally applied to ex-
treme random variables, and the method, which fits that distribution is generally
referred to as the Generalized Pareto (GP) distribution. Under certain conditions,
however, the GP distribution family has important connections with the GEV
family. However, the shape parameter is expected to be asymptotically the same
as the threshold # — o and other parameters can be found through theoretical
relations. For hydrological extreme events modelling, previous studies found that
fitting the GP distribution on a reasonable number of exceedances over a proper
threshold leads to more accurate extreme quantile estimates than fitting the GEV
distribution on annual maxima (Cunnane, 1973; Madsen et al., 1997).

Methods developed to estimate parameters for improved efficiency and robust-
ness of distributions include Maximum Likelihood Estimation (MLE), and the
Method of Moment (MOM), Probability Weighted Moments (PWM), and Linear
Moments (LM). Sankarasubramanian and Srinivasan (1999) compared the MOM
and the LM for parameter estimation of the generalized normal (GN), generalized
extreme value (GEV), Pearson type 3 (P3) and generalized Pareto (GP) distribu-
tions. The performance of the methods depended on the sample size and data
skewness. Ahilan et al. (2012) analyzed data from 172 gauging stations in Ireland
and investigated which of the EV distributions was most appropriate for flood
frequency analysis (FFA). The Gumbel distribution was preferred over two (2)
other types of EV distributions (type II or Frechet, and type III or Weibull). Again,
Seckin et al. (2011) made FFA on the data from 543 gauging stations in Turkey,
and the LM was used for the distribution parameters estimation. The GEV distri-
bution gave better goodness-of-fit values than the other distributions, such as the
generalized logistic (GL) and LP3 distributions. Rosbjerg et al. (1992) applied the
MOM and PWM for parameter estimation for partial duration series or the POT
method. When the parameters were estimated with MOM, they found that the
mean square error (MSE) was smaller than in the case of PWM.

In this study, the maximum likelihood estimation (MLE) was used to estimate
the GP distribution parameters. The method of moments (MOM) and the MLE

were used to estimate parameters in annual maximum (AM) series. The objectives
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of this study were: (a) to compare statistical distribution functions and explore the
best fit distribution to AM series; (b) to compare the POT and the AM series
method.

2. Materials and Methods

2.1. Data sources

The main data source for this study was the National Meteorological Agency of
Mali (MALI-METEO), which provided monthly rainfall data from Bamako-
Senou rain gauge station for a period 1991 - 2020. As extreme rainfalls are gener-
ally of daily rainfall series, African Rainfall Climatology version-2 (ARC2) data
was used to model extreme rainfalls in this study. Monthly rainfall data from
MALI-METEO was used to validate the gridded ARC2 data, the validation of
ARC2 with gauge data is given by (Sanogo et al., 2023). The location of Bamako-
Senou’s rain gauge station is provided in (Table 1).

Table 1. Bamako-Senou’s rain gauge characteristics.

Station 1D Longitude Latitude Elevation (m)

Bamako-Senou 61,291 7.95 "W 12.53 °N 380

Missing values presented in daily rainfalls data is of 68 out of 11 323 days. A
missing rate of 5% or less in the datasets is inconsequential (Schafer & Graham,
2002). The summary statistics of ARC2 data is presented in Table 2 below.

Table 2. Summary statistics of ARC2 data from 1991 to 2021.

Minimum 1% Quantile = Median Mean 3rd Quantile Maximum NA®
s
(mm) (mm) (mm) (mm) (mm) (mm)
0.00 0.00 0.00 2.621 0.00 178.8 68

2.2. Study area

As the capital and administrative center of the Republic of Mali located at 8°0'10"
W and 12°3821" N on both sides on the bank of Niger river (Figure 1), Bamako
has a 245 km? land area a population of about 1.3 million, and a population density
of 5300 people per square kilometer (Keita et al., 2020). Bamako has one rainy
season which usually lasts about six (6) months, beginning mid-May to October,
peaking usually in August. However, the dry season occurs between February and
the first two (2) weeks of May. The Intertropical Convergence Zone (ITCZ) largely
controls Bamako’s rainfall characteristics by oscillations across the North and
South of the African continent, which usually brings rainfall to South Mali be-
tween June and October each year (World Bank Group, 2011).

The average monthly rainfall in Bamako ranges from 54.1 mm in May to 290.2
mm in August, with a mean annual rainfall of 991.3 mm (Keita et al., 2020). The

warmest and coolest months are therefore April and May respectively, and De-
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cember to January representing the months without rain (Keita et al., 2020). Daily
maximum and minimum temperature of 40°C and 17°C respectively are recorded
in April and December, with an average annual temperature of 29°C usually rec-
orded in March. Floods are common in Bamako in the rainy season, as the city
can usually receive more than 600 mm of rainfall. Bamako is located in a valley
covered with sandstone deposits and has two (2) types of soil: the soil formed by
rock formation, and soil caused by lateralization and alluvial formation occupying
the primary and secondary riverbeds and tributaries (Keita et al., 2020). Bamako’s
vegetation is largely characterized by savannah forest and rivers (Keita et al,,
2020).
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Figure 1. Location of the Bamako area with climate station.

2.3. Methods

2.3.1. Quantile Method for Threshold Selection
The quantile of a distribution is a quantity O, such that a proportion p of the
population must be less than or equal to O,, . For instance, the quantile Q,, isthe
value such that 99% of the population is less than or equal to Q.

Consider a population of discrete values or a continuous population density,

the k—thq -quantile for a variable X can be written as:
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P[X<x]£% or, P[XZx]Zl—%&ndP[XSx]Z% (1)
The “ p—quantile” is based on a real number p with 0 < p <1then p replaces
% in the above formulas.

2.3.2. Generalized Pareto (GP) Distribution Method

The peaks over threshold (POT) was used to model the tail of the distribution, the
approach consisted in the analysis of the data that are considered as extreme ob-
servations, the data that surpass a threshold level u. Let us consider X,,..., X,

a sequence of independent and identically distributed random variables, having
distribution function F, the focus was on conditional probability such as:

F(y):P(XSu+y|X>u) then, E{(y):m%)(_ul;(u)

u

0<y<x.-u.

With x,. is the endpoint of F the following result gives an approximation to
this probability for high values of the threshold «. The distribution function of
(X —u),conditioned to X >u, is approximately by the generalized Pareto (GP)

distribution given as follows:
E,(y)=Geo (¥)su—e0

With

1—(1+QJ§ for £#0
G (¥)= o @)

l—exp[—ljfor =0
o

where y>0for £20and 0< y < zfor £<0, &ando are the shape and scale
of the GP distribution. d

Or
F(u+y)—F(u) F(x)-F(u)
F =—F=F =————~and F(x)=|1-F F F
()=t () - E i ()< [1- P ] ()P (0
Denotingby &, = P(X >u) and from the conditional distribution the expres-
sion of
x—u| x—u| "
P{X>x|X>u}: 1+¢& and therefore,P(X>x):5u 1+& 3)
o o)

The levels x, that is exceeded on average once every m observations is the

solution of

-1/g
%z@l {l+§(x”’_uj} then, x,, =u+%((m5u )5 —l) (4)

o

2.3.3. Fitting Probability Distributions to Annual Maximum (AM) Series
For fitting probability distribution to AM series, the Normal, Lognormal (LN),
Gamma, Pearson 3 and Gumbel distributions were fitted to AM series variables
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(Table 3).

Table 3. Summary table of distributions used to fit AM series in Bamako.

Distribution Pdf, equation for MOM and log-likelihood function Range

2
1 1 x—p,
X)=——=6exp| —
Normal /() o ~N2rm p[ 2( o, j] —00 < x <0

u, and oy, =0

lnL(,uX,O'x):—gln(Zﬂ)—nlnax—21 5 3 (xl.—,uX)2

x =l

¥

2

1 1 Inx—p,
X)=——F—exp| ——| ——=
f() xo ,N27 P 2[ o, J

- o= exP[ﬂy +U£2J o) =u’ep(o])-1]; . =3¢V, +CV; x>0

n

w3 (- )

. 1
InL (,uy,O'y) =—nin(27) - nino, - ;lnx,. pEy.

y =l

= 5] 5]

2
P3 a:[zJ ,ﬁ:—o*'zy*andc=yx—aﬂ B>0

x

n

(x,—c)

i=1

lnL(a,ﬂ,c) =—nin(p) —nln(F(a))—n(a —l)ln(ﬂ)+(a —I)Z;:ln(xi —c) —%

f(x) = r?;)x“’]exp(—ﬂx)
Gamma a—[ﬂ"] ,ﬂ:#»*z a>0;4>0
GX O-X

InL(a, )= nain(p)~nin(I(a))+(a - l)glnx, _'B,Z;:x"
O e ]

a
M. =6+0572a

Gumbel 202 —0 < X <
o= ”6"’ ~1.645a";y, =1.1396

n

InL(&,a) = —nin(c) —éZ(x,- —¢)- Zexp(_%j

i=1

where 4., o’ and y, are the mean, standard deviation and skewness of x,
respectively. Y =/nx ; parameters «, [ and c represent the shape, scale and lo-
cation respectively of the P3 distribution, and I' is the gamma function.

One of the purposes of this article was to explore which distribution functions
give the best fit with the AM series sample. The Chi-square test and the Kolmo-
gorov-Smirnov test were used to check the adequacy of the tested distribution
functions at 0.05 significance level. The root mean square error (RMSE), and the

Akaike information criterion (AIC) were used to define the best fit distribution.
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Table 4 below gives the test statistics for model selection.

Table 4. Test statistics for model selection.

. Best
Statistics Formula
Value

N

Root Mean Square Error RMSE = %Z(Q -PYy 0
i=1

AIC AIC = nlog (RMSE* ) + 2k Minimum
K-S D=max‘F(x)—]5(x)‘ -
AN2
Chi-square 7= iu -

where F is the actual cumulative relative frequency and F is expected cumu-
lative relative frequency. The estimated value for the test statistic should then be
compared with the critical value selected based on the significance level and the
number of data points. f; is the actual frequency and f, is the expected fre-
quency, i isthenumber of classesand & isthe total number of categories. This
estimation is close enough for testing the goodness-of-fit whenever the expected
frequency in any category is equal or greater than 5. y* is chi-square distributed
with k-1 degree of freedom. This form of AIC presented in Table 4 was used

by Karmakar and Smonovic (2008, 2009).

3. Results and Discussion
3.1. Threshold Estimation for Maximum Daily Rainfalls

The threshold estimation was done by the method of quantile, the mean excess
plot using the peak over threshold (POT) method was used to set the optimal
threshold. The percentage of missing values out of the number of rainy days was
0.6%. A missing rate of 5% or less in the datasets is inconsequential (Schafer &
Graham, 2002). The mean excess plot should be linear, and the parameter esti-
mates should be stable above the threshold at which the GP model becomes valid.
Confidence intervals were added to take account the effects of estimation uncer-
tainty in the evaluation of optimal threshold. From Figure 2(a), a threshold above
42.9 mm is not appropriate because the confidence bounds increase significantly.
This is visible in Figure 2(b) that there is not enough data above the threshold
42.9 mm. Meanwhile by taking a threshold below 33.8 mm, the variances in Figure
2(b) are too small, which means that the number of observations is too large, and
the asymptotic approximation will be violated in GP distribution. Therefore, it
can be approximated that the threshold should be around 33.8 - 42.9 mm. In this
case, the Poisson distribution may help define the optimal threshold. As the vari-
ance of the data is greater than the mean of the observed values, the Poisson dis-
tribution (in which the variance is equal to the mean) will not be a good candidate

leading to low p-values. In addition, as the mean residual plot must be approxi-
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mately linear with the threshold, the linearity still exists between 33.8 - 42.9 mm.
Therefore, the threshold which corresponds to 99" percentile of the data was cho-
sen (40.8 mm) as an optimal threshold. The number of exceedances for the thresh-
old 40.8 mm was 112 exceedances corresponding to on average 3.6 peaks per year.
When the quantile Q,; was chosen, the number of exceedances above the thresh-
old was 536, corresponding to on average 17.3 peaks per year. Moreover, when
the quantile Q,, was chosen the number of peaks per year on average was 36.3
peaks per year. However, various studies suggested the threshold value should be
high so that the model assumptions are not violated (Lang et al., 1999). Jenkinson
(1955) and Bernardara et al. (2014) showed some strategies to select the best
threshold. The best threshold should be at least greater than the mean but cannot
be too high (Henrique & Castro, 2019). Figure 2(c) and Figure 2(d) show the
number of peaks-over-threshold 40.8 mm and the generalized Pareto (GP) distri-
bution diagram of the threshold 40.8 mm.

. . Threshold
Mean Residual Life Plot
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Figure 2. (a) The mean excess plot; (b) the shape parameter of the GP distribution; (c) the peaks over the threshold u = 40.8mm
for the period 1991 - 202 and (d) the GP distribution diagram.

Fofana et al. (2022) on urban Flash flood and extreme values analysis in Bamako
revealed that the threshold at which flood may occur in Bamako was about 47
mm. Moreover, Panthou et al. (2014) showed that extreme thresholds in Sahel
regions were in most cases between 20 to 50 mm. Another study on the debilitat-
ing floods in Sahel countries, principally the flash flood which triggered in most

Sahel countries, predicted that most floods which occurred in Sahel countries
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were thresholds of 99" percentile (Sarr & Lona, 2018). Table 5 below gives param-
eters estimation of the GP distribution and the goodness-of-fit AIC value.

Table 5. GP distribution parameters estimation using the method of Maximum Likelihood
and the AIC value.

GP distribution parameters Estimate using the POT method

Threshold u 40.8
Number of Exceedances 112
Scale 15.1269
Shape 0.1852
AIC 877.9746

It is well documented that the specific choice of the threshold value would affect
the magnitude of exceedances beyond the selected threshold and the arrival time
of the extreme events (Zawiah et al., 2009). The threshold u =40.8mm should
be large enough to ensure that the observations are independent without loss of
appropriate information. Furthermore, choosing a low threshold value could in-
troduce serial dependence of both occurrence times and magnitudes, thereby vi-

olating the assumption of independence (Zawiah et al., 2009).

3.2. Best Fit Probability Distribution for Annual Maximum (AM)
Series

Several studies have been conducted over the year for the best model selection to
describe extreme rainfalls in various areas. To the best of our knowledge, we have
not been across any specific study online to describe the best model selection for
extreme rainfalls in Bamako area. Many probability distribution models have been
suggested for representing the distribution of annual hydrologic extremes at a sin-
gle site (Chow, 1964; Kite, 1977; Stedinger et al., 1993; Hosking & Wallis, 1997;
Rao & Hamed, 2000; Salinas et al., 2014a; Salinas et al., 2014b). Distributions such
as exponential, Gamma, Weibull, log-normal, logistic, Gumbel, GP and GEV dis-
tributions have been commonly employed in hydrological studies as referenced
by (Sharma & Singh, 2010; Hussain et al., 2022; Agbonaye & Izinyon, 2017; Oseni
& Ayoola, 2013; Alam et al., 2018; Coronado-Hernandez et al., 2020). For in-
stance, in an extreme rainfalls study in Bangladesh (Mahtab, 2024) found that the
Generalized Extreme Value (GEV), Generalized Normal (GNO) and P3 distribu-
tions are the best models that can be used for describing accurately the distribu-
tions of annual maximum rainfalls in Bangladesh. The national guidelines of dif-
ferent countries suggest the use of different distributions. For instance, Log-Pear-
son 3 has been recommended in the US in Bulletin 17B (Griffis & Stedinger, 2007).
The generalized extreme value (GEV) distribution is recommended in various
countries in Europe, including Australia, Germany, Italy, and Spain (Salinas et al.,
2014a). The GEV distribution and LP3 are also recommended in Australia (Ball
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et al., 2016). However, many other distributions have also been employed popu-
larly in various regions including the generalized Pareto (GP) distribution in Bel-
gium, Gumbel distribution in Finland and Spain and the generalized logistic
(GLO) distribution in the UK (Salinas et al., 2014a). In Canada, the choice of a
specific distribution is not mandatory, however, LP3, Log-normal three parame-
ters (LN3), GEV, Gumbel have been used popularly (Chow & Watt, 1992; Alila,
1999; Hansen, 2015). Recent study for instance in Kenya found that when apply-
ing the Normal, Lognormal, Weibull, GEV, Exponential, Gamma, Logistic, Gum-
bel, Uniform and the GP distributions to modelling maximum temperature and
total rainfall, the result showed that the GEV, Gamma, and Log-Normal distribu-
tions were well-suited for both maximum temperature and total rainfall datasets
(Otieno etal., 2025). In this study, five (5) commonly used probability distribution
functions namely, the Normal, Log-normal (LN), Gamma, Gumbel type 1 and
Pearson 3 (P3) distribution were used to fit the AM series. Figure 3 below shows
the empirical and density plots of various distributions using the MLE and MOM

as parameters estimations.

Distribution Using MLE
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3 O Gamma
$ o P3
o
o
o
g
S ] T 1
50 100 150
AM (mm)

Distribution Using MOM

/ \\ —— Normal
] D e, -+++ LogNormal
Sl S
.. o P )?\ - =  Gumbel
2 < | -4 . ... Gamma
= ¥ / N P3
a A NS

0.000
|

50 100 150
AM (mm)

Figure 3. Empirical and density plots of distributions using the MLE as parameters estima-
tion in the left and the MOM in the right.

The K-S, Chi-square test, AIC, and the RMSE tests were applied to the AM se-
ries data for the period 1991 - 2021. The results of the tests for the case when the
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parameters were estimated with the MLE and the MOM are shown in Table 6
below. All the distributions except the Normal distribution using both the MLE
and the MOM for parameters estimation were passed for the Chi-square test at
0.05 significance level. When parameters were estimated with the MLE, P3 gave
better result than other distributions followed the Gumbel distribution and the
LN distribution as third best fitted distribution, the gamma and the normal dis-
tributions gave weak results compared to other distributions. When the MOM
was used for parameters estimation, the LN distribution comes first as the best
fitted distribution followed by the P3 distribution as second and the Gumbel dis-
tribution as third, the Gamma and Normal distribution gave weak results com-
pared to other distributions. All the distributions passed the K-S test at 0.05 sig-
nificance level, the critical value for the K-S test when the number of categorical
intervals is 9 was 0.43001. The P3 distribution using the MLE and the LN distri-
bution using the MOM can be used for AM series frequency analysis in the study

area.

Table 6. Tests results for the AM method for the period 1991 - 2021 and parameters estimated with the MLE and the MOM, the
significance level for the test was chosen as 5%.

Distribution/Test

Normal
LN
Gumbel
Gamma
P3

Normal
LN
Gumbel
Gamma

P3

RMSE AIC K-S x x> P-values
Maximum Likelihood Estimation
34.16578 222.9359 0.1742684 21.683 0.005539
32.59133 220.0109 0.0702064 5.9374 0.6542
32.54013 219.9134 0.07495211 7.6818 0.4652
33.19853 221.1554 0.08578309 9.0084 0.3416
31.5673 220.0316 0.04129497 3.5636 0.8942
Method of Moments Estimation
34.10679 222.8288 0.1779364 20.175 0.009694
31.81689 218.5198 0.05945942 4.399 0.8195
32.08416 219.0385 0.07297036 5.1768 0.7385
32.23384 219.327 0.09177828 6.6278 0.5773
31.81689 220.5198 0.04275357 3.0146 0.9334

In comparing the peaks-over-threshold method and the annual maximum
method for flood frequency analysis, Bezak et al. (2014) found that when the dis-
tributions parameters were estimated with the MOM and L-moment, the LP3 dis-
tribution gave the best results in most of the applied tests. However, when the
distributions parameters were estimated using the MLE, the best results were ob-
tained using the P3 distribution, while the lognormal (LN) and LP3 distributions

were second and third respectively.

3.3. Comparison between the POT and AM Series Method

The comparison between the POT and the AM series was based on ARC2 daily
rainfall values for the period 1991 - 2021. The POT sample was 3.6 times higher
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than the AM sample. The truncation level selection is one of the disadvantages of
the POT method. Tavares and da Silva (1983) found that a POT sample with an
average of two peaks per year gave better results than the AM method. Cunnane
(1973) reported that an average of at least 1.65 peaks per year should be selected
in the POT method to gain advantage over the AM method. Moreover, Madsen
(1996) found that more than 0.91 peaks per year should be selected for the POT
model to have advantage over the AM method when the parameters are estimated
with the MOM. From Figure 4, for smaller return periods the POT method and
the AM method gave approximately similar results when parameters are esti-
mated with the MLE and the MOM. However, for higher return periods the POT
gave higher quantile rainfalls than the AM series method and described better
than the AM series. The P3 distribution when parameters are estimated with the
MLE and the MOM gave best and higher quantiles than other distributions in AM
method. The POT method using the GP distribution also gave best result for
quantiles estimation than the P3 distribution in AM series. In conclusion, there-
fore, the POT method gave best result than the AM series for estimating quantiles.
For flood frequency analyses (FFA) in the region, the POT method could be used
to inform the return periods of upcoming flash floods in Bamako. The design of
most urban water infrastructures mostly depends on return periods of extreme
events; this could also be an alternative using the POT method to design those

infrastructures in Bamako.
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Figure 4. Results of the POT and the AM series quantiles.
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4. Conclusion

Torrential rains lead to floods which are long known societal challenges due to the
adverse devastating effects on societies, economies, and the environment. Extreme
rainfall modelling is therefore critical in forecasting periods of extreme rainfall to
inform hydrological and water resources management policies direction. In this
study, extreme rainfall analyses were carried out with the AM and partial duration
series (POT). The threshold value selection was the main disadvantage of the POT
method. The quantile method was applied to ARC2 daily rainfall values and the
mean excess plot method was used to set the optimal threshold value. However,
the optimal threshold was approximated to be around 33.8 - 42.9 mm. A value
which corresponded to 99 percentile was chosen as optimal threshold. 40.8 mm
was found as optimal threshold and corresponds to on average 3.6 peaks per year.
The GP distribution was used to fit the POT method and the goodness-of-fit test
results were presented in Table 5. Different parameter estimation techniques were
used and five (05) commonly probability distribution functions were applied to
the AM data. The P3 distribution gave the best fit to AM data than other distribu-
tions when parameters were estimated with the MLE. The LN distribution also
gave the best fit to AM data when parameters were estimated with MOM. The
Gumbel distribution was the second best fit and the LN distribution was the third
best fit to AM data when parameters were estimated with MLE. The POT method
gave higher quantile values and described better extreme rainfalls than in the case
of AM series method. The P3 distribution in the case of AM series method gave
higher quantile estimates than other distributions using MLE and MOM as pa-
rameters estimations. For higher extreme rainfall frequency analyses quantiles es-
timation in Bamako-Senou station area, we suggest using the MOM MLE as pa-
rameter estimation technique and the P3 and Gumbel as distribution functions.
The LN can also be used as distribution function using the MOM as parameter
estimation technique in Bamako area. The POT method could also be used for
more extreme rainfall quantiles using the GP as distribution function. Different
truncation levels and tests should be applied to the data to find the optimal thresh-
old. We further suggest that, for AM method, the Log-Pearson type 3 (LP3) dis-
tribution and the generalized logistic (GL) distribution be used for extreme rain-
falls analyses and added the L-moment method for parameters estimation. Fur-
thermore, for more adequacy extreme rainfall analyses, similar analyses should
also be performed using different satellite rainfall data in various parts of the Bam-

ako area.
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