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1: Introduction

With the ongoing changing climate, it is important to closely monitor weather patterns, especially rainfall. In Eu-
rope and developed countries, rainfall data is often easy to collect and analyze. However, in less developed coun-
tries, such data, particularly from rain gauges, can be limited, disorganized, or both. Without a clear understand-
ing of past rainfall events, it is difficult to implement effective flood protection measures.

This paper aims to analyze rainfall series in the Sirba Basin, situated in the east of Burkina Faso, using hydrologi-
cal statistical techniques.

The Polytechnic University of Turin has contributed to the ANADIA 2.0 project, between April 2017 and August
2021 [1], and fo its successor, the SLAPIS Project (acronym for the French Systéme Locale d’Alerte Précoce pour
les Inondations au Sahel, in English Local Early Warning System for Floods in the Sahel), aimed at building an
early warning system for floods in the Sirba Basin [1]. It has been operative since 2019 and tested in 2020 for the
said basin, the Niger River and the city capital of Niger, Niamey [1]. Many researchers from this institution have
contributed, and continue to contribute, to work on this region, through various academic papers, making them a
reliable source of information.

The Sahel region is particularly sensitive to weather conditions. Between 1970 and 1990, the region experienced
severe droughts, followed by a recovery of precipitation [2]. This return to wetter conditions became evident with
an increase in annual rainfall, which partly led to an increase in streamflows in Sahelian rivers [2]. However, the
rise in rainfall alone cannot fully explain the frequency and intensity of flood events, as the current rainfall trend
remains below pre-1970 levels [2] [3]. This phenomenon is referred to by some authors as the “Sahelian Para-

dox” [2] [4] [5].

The analysis of cause-and-effect factors is complex, but there are some contributing causes to this phenomenon.
Many researchers argue that global climate change and uncontrolled land use are the main drivers [2] [3] [6].

The Sahel is home to many countries experiencing population growth, leading to increased demand for cropland
and new settlements, which is often obtained through the clearing and deforestation of the natural habitat to make
way to rain-fed cereal cultures, such as millet [2] [3] [6]. These land-use changes raise the runoff coefficient and
reduce the soil’s capacity to refain water, as Descroix et al. argue in [6], thus inducing more severe floods. The
rivers’ morphology, characterized by shallow and large river beds with light slopes [3], intensifies this problem,
because in cases of even light rain the river beds are easily filled up.

Some authors analyze the problem through the climate change frame, finding a correlation between the rainfalll
and discharge series of the last three decades, as Aich et al. did in [7]. Nevertheless, the extent of causality is not
fully understood, and further studies with improved data are necessary.

The area is also experiencing an aridification process. According to the study by Somé et al. [8], the Sirba Basin
region has shown increasing temperature trends over the past few decades, leading to higher rates of evapotran-
spiration. While the number of rainy days appears to be growing, the region's water supply issues stem from high
evaporation rather than a lack of rainfall. Solutions to address this issue include reforestation, underground water-
works, and methods to reduce albedo [8].

The objective of this paper is to conduct an Annual Maxima (AM) statistical analysis using station and grid data.
The process begins with data sorting, followed by the extraction of annual maxima values. Next, moments are
computed, and plotting positions are determined. Distribution fitting is then performed, selecting the best candi-
dates for the entire region. Following this, Depth-Duration-Frequency (DDF) and Intensity-Duration-Frequency (IDF)
curves are plotted. Finally, a data correction is applied to align the station and grid data, whose Moments and
Rainfall Quantiles will be interpolated for the said basin.



2: Context & data
2.1: Study area
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Figure 1: Regional administrative map of the Sahel, North-Western Africa.

The study area is the Sirba River basin, a major tributary of the Niger River, located in eastern Burkina Faso and
partly in Niger (Figure 1 & Figure 2): 93% of its surface is into Burkina Faso while the rest is in Niger. These two
countries are part of the region commonly known as the Sahel, thus the basin shows the typical Sahelian land-
scape in terms of land covering and vegetation, such as fallow savannah and shrub bushes [2].

The Sahel, as a region, cannot have fixed latitudinal limits because it is subject to changes driven by rainfall pat-
terns. Today, the term "Sahel" also refers to a geopolitical entity called CLISS (French acronym for Permanent Inter-
state Committee for Drought Control), which includes nations like Burkina Faso and Niger, among many others.
The member nations share not only climatic conditions and culture but also livelihood systems such as agriculture
and livestock herding [9].

Given the vicinity with the Sahara Desert, the Sirba Basin has a semi-arid climate with considerable temperature
fluctuations and distinct seasonal rainfall. Average temperatures typically range from about 20°C during the
cooler months of December to February, rising to around 40°C in the hottest months of April to June. Rainfall is
concentrated from June to September, with annual totals varying between 200 mm and 600 mm. Some argue that
the notion of ‘normal rainfall’ may no longer be relevant in the context of the Sahel, given the frequency of ex-
treme events. Droughts occur with varying severity in two out of every five years [9].

In the 20th century, the Sahel experienced three major droughts: 1910-1916, 1941-1945, and the prolonged
"desiccation" from the 1970s to the 1990s. The 1983-1984 droughts were particularly severe, with some of the
lowest rainfall ever recorded, affecting countries from Mauritania to Ethiopia and the southern Sahel [9].

The Sirba Basin is largely rural, with few urbanized areas. The communities here depend primarily on traditional
activities such as farming, livestock raising, and fishing, rather than urban or industrial employment. The dry envi-
ronment favors these rural livelihoods over city life, and population density remains low [10] [11].
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Figure 2: Local administrative map of the Sirba basin region.

Small towns and villages are scattered along the Sirba River, where people rely on seasonal floods or rainfalls to

irrigate crops and support fishing. Some of the main settlements in and near the basin,

lation censuses [10] [11], have the flowing number of inhabitants:
+ Aribinda: 45818;
 Bogande: 21443;
*  Boulsa: 24200 (urban area only);
*  Yalgo: 26340;
« Barsalogho: 98553 (with some rural surroundings);
« Pissila: 146671 (includes surrounding areas);
+ Gayéri: 76218;
+  Sebba: 34881;
+  Gotheye: 7512.

relative to the latest popu-

Most of these settlements are smalll, with larger urban areas typically located outside the basin itself. While urban
migration has increased across Burkina Faso, the Sirba Basin remains predominantly rural. This dynamic places

additional demands on resources, especially water, which is needed for both local agriculture and the growing ur-
ban populations elsewhere, like for the capital cities of Ouagadougou and Niamey.

Since most farming relies on seasonal rainfall, societal systems in this region are heavily dependent on the ability

to adapt to fluctuating water supply. Environmental pressures include expanding farmland, soil degradation, and
climate variability, all of which affect water availability and the seasonal flooding essential for the basin's commu-

nities.



2.2: Station data

The data is gathered from pluviometers installed by the Burkina Faso and Niger State Meteorological Services,
and also used by the SLAPIS Project. While many gauge stations were installed over the decades (some even re-
cently as 2022), only a few provide continuous data due to frequent malfunctions and accessibility issues. These
stations measure daily rainfall (a few at 15-minute infervals), temperatures, pressures, and relative humidity. For
this paper, only daily precipitation data will be used.

Table 1: Descriptive table of the pluviometers' locations and time spans, that measure the daily
rainfalls. Latitudes and longitudes are relative to the WGS1994 Reference System. Some
stations were omitted due to insufficient data and for brevity also, given their high number.

Stations Latitude [°] Longitude [°] First Year Llast Year  Discarded Years  N° of years

Kogho 12,65 -0,67 2022 2023 2024 2
Salogo 12,45 -0,62 2022 2023 2024 2
Zeguedeguen 12,97 0,45 2022 2022 2022 None
Bogande 12,98 0,16 1982 2022 None 41
Manni 13,25 -0,21 1980 2021 2009 41
Aribinda 14,23 -0,87 1960 2021 2003, 2004 60
1950" 2000' 2001,
2014, 2015
Barsalogho 13,42 -1,06 1960 2022 None 63
2001, 2002, 2004,
Boulsa 12,66 -0,57 1960 2019 2005, 2006 55

1979, 1980, 1981,
1982, 1983, 1984,

Bouroum 13,62 0,65 1968 2022 1985, 1990, 2002, 4]
2005, 2006, 2008,
2020, 2021
Dakiri 13,29 0,26 1962 2021 1976, 1978 58
1980, 1981, 1982,
Gayeri 12,65 0,49 1971 2022 1990, 1994, 1996, 43

1997,1998, 2017
2004, 2005, 2006,

Kossougoudou 12,94 0,23 1961 2021 2007, 2008, 2009, 53
2010, 2011

Piela 12,70 0,13 1961 2022 2001, 2020 60
1984, 1986, 1987,

Sebba 13,44 0,52 1960 2022 2001, 22%%%1, 2003, 56

Gotheye 13,86 1,57 1994 2023 2010 29

Karma 13,67 1,81 1994 2015 2006, 2007, 2008 19
2002, 2003, 2004,

Namaro 13,68 1,71 1994 2019 2005, 2006, 2007, 17

2015, 2016, 2018




For a better understanding, the time spans of the considered stations, were plotted also:
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Figure 4: Map of the considered rainfall gauges (stations) relative to the Sirba basin.




Initially, the data was in a .xIsx file with a single sheet containing the headers: Station, Day, Month, and Rainfall
(mm). The datasets were divided into sheets by station name (using the name of the locality for simplicity) for eas-
ier use. This division is useful because, for the SLAPIS Project, the towns of Bogande, Manni and Sebba are key lo-
cations, due to their population numbers and vicinity to the rivers.

As a rule of thumb, for each station, years with less than 10% of data (36 days with missing rainfall data) were
discarded, as indicated in Table 1 & Figure 3.

This is particularly important fo note, as the study area shows a pattern in rainfall distribution. In this part of the
Sahel, the rainy season (or Monsoon season) usually spans from June to September (often from May to October).
In most cases, inferruptions do not occur during the Monsoon season, so useful data is not lost. The excluded
years, in the majority of cases, show inferruptions lasting 2 to 4 months, in some cases during the rainy season,
making them unreliable.

The aim of this paper is to investigate the series of Annual Maximums (AM) of daily rainfall, thus the stations indi-
cated in the previous table, such as Kogho, Salogo and Zeguedeguen among many others, unfortunately cannot
be used because of insufficient data (see Table 1 & Figure 4). The small number of rainfall gauges will inevitably
represent a serious challenge to map rainfall statistics, with various methods (see Spatial interpolation).

To get a general idea of how rainfall is distributed across all stations and years, some simplified plots can be gen -
erated. For each station, the mean cumulative monthly rainfall is calculated for each month over all available
years, which helps avoid overly detailed and repetitive yearly plots for each station.

Here, only the two plots for the stations with the maximum and minimum cumulative rainfall peaks are shown to
avoid an excess of graphs. The remaining plots are included in the Annex.
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Figure 5: Averages of monthly cumulative rainfall: Figure 6: Averages of monthly cumulative rainfall:
Salogo, with the min. cumulative rainfall peak. Gayeri, with the max. cumulative rainfall peak.

As shown in Figure 5 and Figure 6, and for all stations also, the most important months in terms of cumulative
rainfall are July, August, and September. However, it is not guaranteed that these months will always yield the an-
nual maximum daily rainfall (also known as Annual Maxima). It is evident that the months of May, June, and Oc-
tober typically show lesser amounts of rainfall compared to the previously mentioned months, highlighting the fact
that the rainy season does not have a fixed period across all years.

The same approach can be applied to the maximum of daily rainfall values for each month across all years, pro-
viding insights into monthly extremes, but here the plots are omitted for brevity, though they are included in the
Annex.



Table 2: Averages of yearly
cumulative rainfalls, across the
available years.

Avg. Yearly
Stations Cumulative
Rainfalls [mm]

Kogho 693.85
Salogo 441.60
Bogande 619.38
Mane 666.50
Aribinda 463.43
Bani 511.20
Barsalogho 588.46
Boulsa 690.64
Bouroum 581.99
Dakiri 555.84
Gayeri 682.92
Kossougoudou = 627.45
Piela 651.58
Sebba 577 .83
Gotheye 457.80
Karma 511.46
Namaro 503.75

Also, the averages of cumulative rainfalls are computed across the available years. They display values between
400 and 700 mm, in line with the previously mentioned annual values in the region. The averages for Kogho and
Salogo are relative to two years of data (see Table 1).

For a better understanding of rainfall evolution, individual yearly trends are included in the Annex section Yearly
Cumulative Rainfalls.



2.3: Grid data: ERA5

A second type of data set is to be introduced.

ERAS is the fifth generation ECMWF reanalysis that provides global climate and weather data from 1940 onward,
replacing ERA-Interim. Reanalysis combines model data with global observations using data assimilation to create
consistent datasets, similar to weather forecasting, but over longer periods and with reduced resolution. ERA5 of-
fers hourly estimates of atmospheric, ocean-wave, and land-surface data, with uncertainty measured by a 10-
member ensemble every three hours. The dataset is updated daily, with a five-day latency. It includes regridded
data on a regular lat-lon grid and is divided into hourly and monthly products on pressure and single levels. This
entry covers ERA5 hourly data on single levels from 1940 to the present [13].

Among the many variables available, the total precipitation one will be used. This parameter measures the total
accumulated liquid and frozen water, including rain and snow, that reaches the Earth's surface. It combines large-
scale precipitation, generated by the cloud scheme in the ECMWF forecasting system, and convective precipita-
tion, generated by the convection scheme. Large-scale precipitation forms due to atmospheric changes on larger
spatial scales, while convective precipitation represents smaller-scale convective processes [13].

This parameter excludes fog, dew, and precipitation that evaporates before reaching the ground. Accumulation is
measured over specific time periods: 1 hour for reanalysis data and 3 hours for ensemble data. The values are ex-
pressed as water depth in meters, averaged over the model grid box, and should be compared cautiously with lo-
calized observations [13].
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Figure 7: ERA5 Grid, overlapped with the Sirba basin.

As shown in Figure 7, the grid extent ranges from -2° to 2.25° longitude and 11.5° to 15° latitude, relative to the
RS WGS1984 (EPSG 4326) coordinate system, providing ample coverage for the Sirba basin. The initial plan was
to add two grid points beyond the basin's extents for additional coverage.

Since the dataset contains 270 points, no chronological rainfall plots will be made, only comparative box plots of
statistical values between the dataset and the station data (see Initial data comparison).



The points are named simply by numbers on rows, with the number one assigned to the point situated in the north-
western corner of the grid.

The chosen dataset can be easily downloaded from the Copernicus Catalog in batches of 12-13 years, in two dif-
ferent data formats: GRIB or NetCDF4 (.nc extension). The latter was chosen as it easy to import into Matlab. The
data comes with three particularities: 1) the grid resolution is 0.25° lat-lon; 2) the time is measured in the standard
UNIX system, the Epoch format, as seconds from January 1st, 1970; 3) the total precipitation values for each grid
point are in meters, to be converted to millimeters. The batches of .nc files can be grouped together into a larger
file that includes hourly gridded data from 1940 to 2023.

In simple terms, a .nc file can be conceptualized as a four-dimensional matrix: on the x-axis, the longitude; on the
y-axis, the latitude; on the z-axis, the precipitation; and on the t-axis, the time in Epoch format, which can be con-
verted info American format date.

To avoid multiple plots of the total precipitation, a single map for a specific date can be extracted through linear
interpolation, for illustrative purposes. The most recent year has been chosen, with a month and day in the midst of
the monsoon season, when there is a high chance of observing high values of hourly cumulative precipitation.
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Figure 8: Example of ERA5 Grid values of total precipitation at a certain date.

As was done for the stations, for each grid point, the Annual Maxima of the daily total precipitation series can be
extracted for the years 1940 and 2023, by using a 1 day time window. For each series, both Ordinary Moments
and L-Moments can be calculated.

For the purposes of this paper, no distribution fitting, nor DDF and IDF curves, will be performed on the grid
points. Instead, the grid points will be used solely for data correction (between the stations, as the reference, and
the grid data itself) and spatial interpolation, given their regular configuration on a uniform grid.

The ERAS5 grid shows some differences compared to the stations’ data. Notably, the temporal span is larger and
has no gaps in the data. However, the grid is a reanalysis dataset.



This type of dataset is computed using various variables, such as temperature, pressure, and humidity, among
many others, and is spatially and temporally averaged to fit the 0.25° grid. While this approach effectively cap-
tures rainfall variations at a regional level, such as across the entire Sahel, aligning the data with regional trends,
it may overlook local variations that can only be identified through ground data.

Yearly Cumulative Total Precipitation by Latitude, 1960-2023
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Figure 9: Yearly cumulative precipitation trends by latitude of the ERA5 local grid, between 1960
and 2023.

Some basic comparisons can be made using the average yearly rainfall. Evidently, the ERA5 grid underestimates
the cumulative average yearly rainfall at smaller scales, such as the current basin, even when shorter time spans
(from 1960 onward) are considered. Station values may also be higher because their time spans are shorter than
those of the grid. This, at least in part, justifies the need to correct the grid data relative to the station measure-
ments. Further explanations will be given in the sections Data correction and Discussion: Spatial interpolation.

Table 3: Average yearly cumulative rainfall of the closest ERA5 points to the
stations, between 1960 and 2023. Note the difference from those in Table 2.

Closest ERAS | 0 4o [°]  Longitude [°] Average Yearly

Stations

Point Precipitation [mm]
Kogho 168 12.75 -0.75 513.87
Salogo 187 12.50 -0.50 515.08
Bogande 152 13.00 -0.25 451.81
Mane 134 13.25 -0.25 403.63
Aribinda 60 14.25 -0.75 321.27
Bani 98 13.75 -0.25 345.55
Barsalogho 113 13.50 -1.00 399.03
Boulsa 169 12.75 -0.50 487.31
Bouroum 114 13.50 -0.75 397.41
Dakiri 134 13.25 -0.25 403.63
Gayeri 173 12.75 0.50 462.03
Kossougoudou 152 13.00 -0.25 451.81
Piela 170 12.75 -0.25 476.97
Sebba 119 13.50 0.50 352.59
Gotheye 105 13.75 1.50 274.38
Karma 105 13.75 1.50 274.38
Namaro 106 13.75 1.75 280.14
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3: Methods

3.1: River geometries

The basins and river geometries can be obtained using a Digital Terrain Model (DTM), also known as a Digital Ele-
vation Model (DEM).

The one used in this case is the Africa Soil Information Service (AfSIS) Hydrologically Corrected/Adjusted SRTM
DEM (AfrHySRTM), sourced from NASA's EarthData catalog in .tif format, a raster file [12].

The Africa Soil Information Service’s Hydrologically Corrected/Adjusted SRTM DEM (AfrHySRTM) is a 90-meter
resolution elevation raster in which depressions from the original DEM have been filled, allowing for internal
drainage in certain landscapes [12]. Null cells were added to depressions over 20 meters deep with at least
1,000 pixels. This dataset, produced by the World Agroforestry Centre (ICRAF) in Nairobi, serves a wide user
community for predicting soil properties and assessing erosion and landslide risks across Africa [12].

The original raster covered the northwestern part of Africa, including the Sahel region, so it was clipped for the
specific study area.

GRASS GIS, a geographic information system application, provides a straightforward set of commands for basin
and river network extraction. With the clipped raster, flow accumulation, drainage direction, and raster river net-
work maps can be created using the r.watershed command. The level of detail is manually specified through
the minimum size of the exterior watershed (for low detail, 100,000 pixels; for high detail, 10,000 pixels). This
level of detail will apply to subsequent commands.

Once the drainage direction and raster river network maps are created, individual basins can be easily extracted
using the r .water.outlet command by selecting the coordinates of the outlet point (a good approach is to use
the river raster map as a visual reference, zoom in until the specific pixel is visible, and select it by clicking on it).
The Sirba Basin and its sub-basins were obtained in this way.
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Figure 10: Sirba River and its major sub-basins, extracted using GRASS GIS.
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The river network raster can be immediately converted to a vector format (such as a .shp file) or, for better results,
by using the flow accumulation map through the r . stream.extract command to export a vector file. Any ex-
cess lines outside the larger basin can be trimmed off as needed. For simplicity, the Niger river and its basin were
taken form the SLAPIS Project data catalog [14] [15]. The sub-basin’s subdivisions displayed in Figure 10, take
reference from Wikipedia [16] and the article written by Tiepolo et al. [17].

3.2: General statistics: Annual Maxima

Without further ado, the coding process must be explained. Most of the operations in this paper were performed
using MATLAB, with data organized into .xlsx files.

In hydrology, for rainfall extraction, two methods are commonly used: the Annual Maxima and the Peak Over
Threshold approaches.

For the Annual Maxima (AM), the main obijective for each station (or grid point of the NetCDF dataset) is to obtain
series of data relative to time windows. Since the maximum daily rainfall is being investigated, multiple moving
windows were applied, ranging from 1 to 10 days, to exiract the maximum cumulative values for each year, for
each time window. This is crucial to understand, as the same format will be used for subsequent operations, from
CDF fitting to the DDF and IDF curves. For each station, by having the yearly series of daily maximum rainfall, it is
possible to compute some values and parameters that are going to be subsequently used for distribution fitting.

Since the ERAS local grid contains 270 points, the tables for the ordinary moments and L-moments will be omitted.
A general idea of the values will be given through a series of box plots (see Results: Initial data comparison).

The Peak Over Threshold (POT) approach looks at all rainfall events that exceed a set threshold, rather than focus-
ing on just the largest event each year. This method can capture more extreme rainfall events within a year and is
useful in regions with frequent or variable rainfall patterns. However, this approach was avoided because the data
clearly distinguishes between the rainy and dry seasons, and rainfall on one day tends to influence nearby days,
even when using different separation periods.

3.2.1: Ordinary Moments

French mathematician Pierre-Simon Laplace introduced the concept of conventional moments in the late 18th cen-
tury, using them to explore characteristics of probability distributions, a foundational step for probability and sta-
tistics. Later, in the late 19th and early 20th centuries, Karl Pearson expanded on Laplace's work, formalizing mo-
ments as essential tools for describing distribution shapes, including key measures such as skewness and kurtosis.

Here are the formulas used to calculate the some basic stats and ordinary (or conventional) moments.

Table 4: Expressions of the ordinary moments.

=X, 1y2if nis odd  or

Mean: __1 _ Median: X joF X(io1nt e
U= e =" 22 s even
E 2
n Unbiased n
] . 2_ 1 \2 2 1 2
Variance: 9 =0 (xi=X) variance: Tb=1T (xi=x)
i=1 i=1
Standard n Coefficient
. _|1 ( ,_—)2 e ¢.=<x100%
deviation: =\ & XX of variation: X
n 3 n 4
Skewness: 1 Z (x;—X) Kurtosis: 1 Z(X,’—)—()
S:_l:1 K:_l:’ _3
n ()‘3 n ()“1
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3.2.2: L-Moments

L-moments (or PWMs, Probability Weighted Moments) were introduced by James R. Hosking in 1990 as a robust
alternative to conventional moments, designed especially for characterizing probability distributions and estimat-
ing parameters [18]. Hosking recognized that L-moments, which are based on linear combinations of order statis-
tics, offer significant advantages over ordinary moments, including reduced sensitivity to outliers and lower sample

variability [18].

Table 5: Expressions for the L-Moments.

L-Mean [mm]: L;:bo:%zn: X;
i=

| 2 (i=1)
L-Scale [mm]: l,=2b,~b, where b’:%i:(’n—l) Xi

L3:6b2_6b’+bo Wl"lel’e
Ls, unscaled measure of o '
skewness [mm]: I ’;(’_7)('—2)

27n (n—-1)(n-2)
L,=20b;-30b,+12b,-b, where

Ls, unscaled measure of o

2 (i=1)(i-2)(i-3)

X;

kurtosis [mm)]: b=l iz x.
“n (n=1)(n-2)(n-3) ™
. L,
TCIU, Lev [ ] T:L_
1
Tau-3, L-Skewness [ ]: 73:%
2
Tau-4, L-Kurtosis [ ]: 74:%
2

3.2.3: Empirical series
Plotting positions

Before proceeding with the CDF fitting, the empirical data series from the stations must be represented in order to
be compared or fitted to different distributions. By having the series of annual maxima for each station, each series
can be sorted, and its size (N) counted.

To avoid the maximum values of the series having a cumulative probability of 1 (which would imply they cannot be
surpassed), various expressions, often called plotting position, can be used. Each expression makes different as-
sumptions about the weight applied to each probability position in the series (i) [19] [20]. Among many there are:

Table 6: Expressions of some commonly known plotting positions.

Weibu”: ¢': i Beqrd: ¢': i—0.14

TN+ i=N+0.12

Hazen: e i_'\?"s Gringorten: ¢’:Il\l_+%‘%
Chebyshev: ¢': O5+(I_ ]) Cunnane: ¢ — i—0.4
' N T N+0.2
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The Gringorten and Cunnane methods are popular because they provide accurate estimates for extreme values,
such as rainfall or flood data [20] [21] [22].

The Gringorten plotting position was designed to give unbiased probability estimates for normally distributed data
(in some cases showing optimization for the Gumbel distribution), balancing cumulative probabilities near the me-
dian, while the Cunnane method, similar to Gringorten, applies a slightly different adjustment that favors mid-
range probabilities.

For the purposes of this paper, and after numerous trials (that for brevity will be omitted), the Gringorten plotting
position was chosen. In the many plots, Gringorten and Cunnane show very similar values in terms empirical
probability. Of course among the available methods, these two approaches offer reasonable assumptions and
more conservative probability estimates compared to the others, like the Beard plotting position (the overestimation
of the return period T should be avoided, with a maximum assumed to be reasonably around 100 years, since the
data series show series of data between 30 and 80 years).

Return period

To represent these empirical values, we need to understand a key concept called the period of return, often labeled
as T.

The period of return is a statistical measure that estimates how often a particular event might happen over time. It's
commonly used in fields like hydrology, meteorology, and risk analysis to estimate how frequently extreme events,
such as floods, storms, or earthquakes, can occur.

The period of return tells us the average time between events of a certain size or greater [23]. For example, a
100-year event has a return period of 100 years, meaning that, on average, such event is expected once every
100 years.

To calculate the return period for a specific event, typically is needed a time series of past occurrences [19]. Events
are ranked by size, and plotting positions are used to assign cumulative probabilities [19]. The return period T is
then estimated as:

__1 _q_1
T_ﬁ ond F—] T

where F is the cumulative probability of the event (it can be either an empirical, fitted or fixed one).

By the definition itself, the return period is the average interval of time within an event will be equaled or exceeded
[23]. It's important to remember that the return period does not guarantee when events will happen. For example,
two 100-year events could occur in back-to-back years or be far apart. Additionally, the return period can be af -
fected by changes in climate or environment, so historical return periods might not always predict future events ac-
curately.

The Annual Maxima rainfall series can be normalized relative to the simple mean of each station’s series, the ones
form Table 11, and can be plotted together with the cumulative probability and the T (see Figure 12 to Figure 15).

The T does not completely characterize the risk in project terms. Given T, the residual risk is used, defined by the
following expression:

L
Residual risk: R,=1—( I——7]_) =]1-F

where L is the considered interval and R: values essentially measure the probability of a certain event, having a re-
turn period T, of being surpassed in the L years [23].

In some cases if L << T, the residual risk can be computed as:

_L
R=7

thus considering L as risk multiplier of the natural risk [23].
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3.3: Diagnostic analysis

The last step before proceeding to the distribution fitting is to make a preliminary diagnostic graph. To achieve
this, it is possible to represent 3 Par. Distributions in polynomial forms relative to certain L-moments, such as tau-3
and tau-4. This will provide an initial idea of which distribution best represents the data sample. Hosking and
Wallis introduced this concept in their 1997 study [24] and proposed the following polynomial approximations:

Table 7: Approximations proposed by Hosking and Wallis for various distributions and lower bound.

GPA: 7,=0.201967,+0.95924 7%~ 0.20096 73+ 0.04061 ',
GEV:  7,=0.10701+0.110907,+0.84838 73— 0.06669 73+0.00567 74~ 0.04208 r3+0.03763 7%
GLO: 7,=0.16667+0.83333 77
N3P 7,=0.12282+0.77518 13+0.12279 13— 0.13638 1%+ 0.11368 7%
PT3: 7,=0.12240+0.30115 73+0.95812 7~ 0.57488 1%+ 0.19383 7"
Overall lower 7,=0.201967 ;+0.95924 73 0.20096 r3+0.04061 7’

2 Par. Distributions are represented through points [24].

In this manner, it is also possible to represent the Log-Pearson Type 3 distribution. In their 2007 study, Griffis and
Stedinger specifically describe the Log-Pearson Type 3 representation for various parameter configurations [25].
The matrix Arps contains the coefficients used in the cubic polynomial approximation of tau-4 as a function of tau-3
for the Log-Pearson Type 3 (LPT3) distribution. This approximation is particularly relevant for modeling the behav-
ior of skewed distributions, where skewness plays a critical role in defining the shape of the distribution.

These coefficients are derived from Table A3 of the study [25], which explores various skewness values in log-
space. The specific entries in the matrix correspond to different values of the log-space skewness parameter, de-
noted as .

Each row of the matrix Aws represents the coefficients for a cubic polynomial of the form:
7, =Ap+A T+ A, T3+ Az T3, where:

+ Ay is the constant term (1 column of the Az matrix);

« A is the coefficient of T (the linear term and 2™ column);
A, is the coefficient of 132 (the quadratic term and 3 column);
« Asis the coefficient of 33 (the cubic term and 4™ column).

Coefficients by skewness value:

+ Fory =-1.4: coefficients: [0.0602, -0.1673, 0.8010, 0.2897];

+ Fory =-1.0: coefficients: [0.0908, -0.1267, 0.7636, 0.2562];

+ Fory =-0.5: coefficients: [0.1166, -0.0439, 0.6247, 0.2939];

+ Fory = 0.0 (no skewness): coefficients: [0.1220, 0.0238, 0.6677, 0.1677];
+ Fory = 0.5: coefficients: [0.1152, 0.0639, 0.7486, 0.0645];

+ Fory = 1.0: coefficients: [0.1037, 0.0438, 0.9327, -0.0951];

+ Fory = 1.4: Coefficients: [0.0776, 0.0762, 0.9771, -0.1394].

By acknowledging the precedent, the distributions can be plotted using MATLAB, together with the samples, as
points. The MATLAB Online Community provides code to create the tau-4/tau-3 graph, developed by Guillaume
Talbot [26], who specifically references the [18], [24] and [25] studies. The code was modified and adapted to
meet the data requirements.
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3.4: CDF Fitting
3.4.1: Distributions

The Annual Maxima series of each station can be fitted using various distributions. Many authors have contributed
to their development. Given the large number of available distributions, only a select few can be chosen, includ-

ing:
+  Normal (Gaussian);
* Log-Normal (2 Parameters);
* Log-Normal (3 Parameters);
«  Exponential;
* Logistic;
Gamma;
* Pearson Type Ill (PT3);
* Log-Pearson Type Il (LPT3);
+  Gumbel (Extreme Value Type |, EV1);
+ Generalized Extreme Value (GEV);
+  Generalized Logistic (GLO);
+ Generalized Pareto (GPA);
* Burr Type Xl (BTXII).

For each of these distributions, the necessary parameters will be calculated using the previously calculated L-Mo-
ments (of all the considered stations, see Table 10), as they more effectively describe short sample datasets. All dis-
tributions will undergo statistical tests, such as Anderson-Darling and Kolmogorov-Smirnov, followed by Informa-
tion Criteria calculations, to better determine which distributions most accurately represent the various rainfall se-
ries.

The preceding distributions have either 2 to 3 parameters, a probability density function (or PDF) a cumulative
probability function (CDF or F), and an inverse CDF. The latter will be used to calculate the rainfall as a function of
the empirical cumulative probability (the ¢ from the plotting position expression), to be used for the QQ plots as
direct comparison with the sample rainfalls. Distributions with "log" in the prefix require the L-moments to be cal-
culated from log(x) instead of the raw value x (i.e., the AM rainfall series). This said, all the necessary expressions,
for each distribution are indicated in the Annex: Distributions.

Some distributions, such as the Pearson types, GLO, GPA, and Burr, are more complex to fit than others. There-
fore, existing code was used as a reference for all distributions and subsequently modified to enhance compatibil-
ity with the dataset and improve graph readability. The same author previously cited, provided an extensive li-
brary of distributions implemented in MATLAB [26], and the advisor of this study supplied the necessary R code
snippet (subsequently translated into Matlab syntax) for fitting the Burr distribution [27].
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3.4.2: Error indicators

For the CDF fitting, various commonly known error indicators were used, including root mean square error
(RMSE), mean absolute error (MAE), mean absolute percentage error (MAPE), and the coefficient of determination
(R2).

With a small digression, the evaluation metrics of RMSE, MAE, MAPE, and R have rich historical roots in the de-
velopment of statistics. RMSE originated from least squares regression, a method formalized in the early 19th cen-
tury by Carl Friedrich Gauss and Adrien-Marie Legendre, who focused on minimizing residuals in data fitting.
MAE, stemming from Pierre-Simon Laplace’s work with absolute deviations, gained popularity in time series analy-
sis for its straightforward approach to representing model accuracy. MAPE, widely used in economic forecasting,
was popularized in the 1970s by M. J. De Muth for its intuitive percentage-based interpretation. Lastly, R? was in-
troduced by Karl Pearson and later refined by Ronald Fisher in early 20th-century regression analysis to measure
explained variance in statistical models. These metrics have since become essential tools for evaluating models
across numerous disciplines.

Given that the original sample is expressed with x and the computed one with %, here are the expressions:
errors=x —X

Table 8: Expressions of the error indicators.

n

RMSE: MSE:F’Z(errors,-)2 ; RMSE=+MSE
i=1
MAE: MAE :F] D |(errors;)
i=1
MAPE: _ 15~ |errorsi|
MAPEQ(,U”_”; | 100
) n 2 n ’ n 2 5 Ssres
R?: SSw=2 (errors)? ; SSu=2.(xi——2.x;) ; R=1-=
i=1 i=1 ni= SSit

3.4.3: Statistical tests

After fitting the CDF to the empirical values, the goodness-of-fit must be quantified. This is achieved using statistical
tests. Although many types exist, and some newer ones have been developed in the last decade, only the two most
used tests will be applied for the purposes of this paper.

Kolmogorov-Smirnov

This test directly compares the computed values with the sample values across the entire CDF [28] [29]. It calcu-
lates a statistic D, which, if large enough, will lead to the rejection of the null hypothesis, thus rejecting the theoreti-
cal assumption of the test [28] [29]. The KS fest is commonly used to assess normality and is more sensitive fo dif-
ferences around the median of the distribution; however, one limitation is that it is less sensitive to deviations in the
tails, making it less effective for small samples [28].

Dplus:max (¢_F) Dminus:maX(F_¢)
where ¢ is the empirical cumulative probability while F is the computed one
D: max (Dp/us ’ Dminus)

DTN ]
K5, =D N+

pyxs=1—exp(—2-KSZ,) ;if Pyks> 1, then cap the value at Pyks = 1

if Pys < a = 0.05, then reject null hypothesis: data does not fit the distribution
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Anderson-Darling

In contrast, this test gives more weight to differences in the tails, making it particularly useful when deviations in
the tails are expected and the sample size is relatively small [30]. A modified version of this test has been used:
N

i=(1,...,N) ; AD statistic: ASq:_N_N’Z (2i—=T1)(logFi+log(T1—Fn_i.1))
=1
A

0.75 2.24

if ADu < 0.2, then  py ao=1—exp(— 13.436+101.14-AD,,,— 223.73-ADZ,)
if ADus < 0.34, then  py o= 1—exp(— 8.318+42.796.AD,,,—59.938-AD2,,)
if ADyot < 0.6, then  py up=1—exp(0.9177+4.279-AD ,,—1.38-AD2,)
else, then py sp=1—exp(—1.2937+5.709-AD,,—0.0186-AD;,,)

Adjust the statistic for N size: A=A, (1

stat

stat

if Pyap < o = 0.05, then reject null hypothesis: data does not fit the distribution

3.4.4: Information Criteria

Without delving too deeply into information theory and Bayesian statistics, there are certain quantities, known as
information criteria (IC), that can be calculated to compare different statistical models fitted to a given dataset. To
compute these criteria, the maximized log-likelihood of each distribution for each station dataset must first be cal-
culated using f;, which represents the individual values of the probability density function (PDF) for each distribu-
tion. A higher likelihood value indicates a better fit.

Commonly used ICs are the Akaike and the Bayesian one.

“ N
L= log(f;) where N is the sample size
i=1

Akaike information criterion

Introduced in the 1974 by H. Akaike, it takes into account a penalty factor, 2-npe, that increases with the number
of parameters, thus discouraging over-fitting [31].

AIC=2-np—2-1

For small datasets, the previous expression can become overly biased, favoring complex, over-fitted models.
Therefore, an additional penalty factor is introduced, which increases when the sample size N is close to the num-
ber of parameters nu... As N grows, this factor becomes negligible, causing the standard and corrected informa-
tion criteria (IC) to converge. A simple guideline is that if N < 40 or N/ny. < 40N, the corrected version should
also be computed.

AIC,=2-n,— 274200 (Mot T)

N—-n_,,.—1

The AIC is a comparative measure, to be used on a group of fitted models. With all the previous considerations, a
lower values of AIC indicates a balance between goodness of with and model complexity in terms of parameters.

Bayesian information criterion

First introduced by G. Schwarz in 1978, this IC is not based in information theory really but on Bayesian statistics.
It applies a more stringent penalty factor, that grows more rapidly relative to sample size, thus favoring even sim-
pler models [32]. Here also the preferred model has a lowest BIC value [32].

BIC=—2-L+n,,-log(N)
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The differences between the two information criteria (ICs) are as follows: AIC focuses on finding the best data-gen-
erating process and is therefore best suited for predictive purposes, while BIC, based on Bayesian statistics, as-
sumes that the correct model is among the models considered, making it more appropriate for model selection
[33] [34]. Then for larger samples, BIC often favors models that may have less predictive power but greater inter-
pretability, while AIC tends to favor models with higher predictive accuracy [33] [34].

From Table 25 to Table 30 are presented the values of log-L and ICs, for the previously mentioned distributions
and stations. The Log-Likelihood that has a particularly low value are represented through the -co symbol. Ex-
tremely low values in log-L (thus PDF values close to 0) will bring forth very high values for the AIC, corrected AIC
and BIC, represented through the +c symbol, thus rendering the distribution, for a given station, out of bounds.

3.4.5: Confidence Intervals
The confidence intervals for each station can be computed using the Monte Carlo Method.

It performs 5,000 simulations (Nsw), generating sorted random probabilities matrix (N by Nsw), having as number
of rows the length of the AM Series of each station (N). In each simulation, a random sample of sorted rainfall
heights is generated using initial parameters of each station and the random probabilities, validated against theo-
retical constraints derived from L-Moments (tau and tau-3), and refined to estimate distribution parameters (A, k,
c). Valid samples are stored, and confidence intervals (2.5% and 97.5% quantiles) are calculated from the esti-
mated parameters using the inverse CDF applied to the sorted random probabilities, resulting as rainfall heights.

The process ensures consistency with Burr distribution properties by incorporating predefined domain bounds for
validation. A helper function manages sample generation, L-Moment computation, and validation within each sim-
ulation.

The confidence intervals can be plotted using the same return period T of the empirical series for better compari-
son, as shown from Figure 17 to Figure 21.

3.5: DDF and IDF Curves

Since the dataset has been organized using moving windows, the maximum cumulative rainfall for 1 to 10 days
can be extracted for all available years and stations. From this, the DDF and IDF curves can be computed.

3.5.1: Average curves

The Depth-Duration-Frequency and Intensity-Duration-Frequency curves are common expressions to compute the
cumulative precipitation height and intensity over different time windows, first introduced by Robert E. Norton in
1932 [35]. Their expressions are:

DDF: h=a-d" IDF: i=a-d""

" _n

where “a” and “n” are parameters, and d is the considered time window

Commonly, these curves are used for hourly windows, from 1 to 24 hours, as the US agencies did in 1955 [34].
However, since the study data is at a daily resolution, the curves will be computed at this resolution as well; an un-
common approach, but not incorrect.

The series extracted with the moving windows span multiple years, equal to the available years for each station;
these are referred to as durations. For each duration, as with the CDF fitting for daily AM, various parameters,
such as ordinary moments and L-moments, can be calculated.

Initially, the average curves must be calculated, specifically the parameters “a” (compatible with d, so mm/day)
and “n”. For all curve forms (for different stations and distributions), the initial reference is the average DDF,
whose parameters can be easily found by fitting a simple linear model to the logarithm of average height (relative
to each duration) and the logarithm of each duration. Thus, the same parameters used for the average DDF curve
will be used for the average IDF curve without additional fitting. To assess the goodness of fit, the previously men-
tioned error indicators will be used.
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3.5.2: Growth factors

Having introduced the concepts of CDF fitting and average curves, we now turn to the next topic. The average
DDF and IDF curves alone indicate only the average cumulative rainfall and intensity for a given dataset. This ap-
proach is somewhat reductive, as rainfall computed through distribution fitting can also be expressed in relation to
the return period T. This is achievable here as well, using the Dalrymple method [37], also known as the index
method, introduced in 1960, initially used for flood frequency analysis.

This method uses the average values of rainfall height and intensity as a reference index (over a certain period, in
this case for the available years of each station), to be multiplied by a growth factor (or function), a dimensionless
quantity, expressed in terms of T.

h(T)=h-K(T)=a-d"K(T) ; i(T)=i-K(T)=a-d" "-K(T)

The method assumes regional homogeneity, meaning it works best when applied to sites within a region that share
similar hydrological and climatological characteristics; it is straightforward and leverages regional data, making it
suitable for areas with short or sparse records [37].

K(T) is nothing more than another way to express the inverse CDF, but in this case is relative to all time windows,
from 1 to 10 days, not only just for the daily cumulative rainfall.

As did before, the distributions necessitate different parameters, calculated through the L-moments. The approach
is as follows:

* By using the rainfall series, for each station, the L-moments and the parameters, can be computed and
plotted, relative to their duration (see Annex: L-Moments trends, By rainfall durations);

+ The rainfall series of each duration, for each station, must be normalized to their mean;
+  With the normalized series, the dimensionless L-Moments across all duration can be calculated;

«  After this, for each duration, from 1 to 10 days, there will be 7 L-moments values (from L; to tau-4). The
values can be organized into a 7x10 matrix (rows for L-Moment types, columns for the days). For each
value and type (rows), the mean across all the time windows (columns) must be computed. The new av-
erage L-moments will be used to compute the parameters for each distribution, as did before, but mak-
ing them dimensionless now.

The previously mentioned distributions used for CDF fitting can also be applied to express K(T). Since the same as-
sumptions, conditions, and parameter expressions apply (except for the current approach regarding L-moments),
they will be omitted here, with only the expressions for K(T) presented.

Obviously, for the Log-distributions, the L-moments for all durations are calculated on the logarithm of the normal-
ized series, and from there the passages remain the same as for the other distributions.

Different return periods can be chosen, but since the datasets are short, as did for the plotting position, and over-
estimation of T must be avoided, the maximum T is 100 years:

T=[5,10,20,50,100]
Since the K(T) is an inverse CDF, it needs fixed values of cumulative probability, then:
£ 1

F:I_T

All the expressions are included in the Annex: Growth factors.
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3.6: Data correction

In the Results section Initial data comparison, are shown the comparative box-plots between the Stations and ERA
Local Grid. The two datasets in most cases appears shifted to one another.

Given this difference, the values must be corrected accordingly. Since the mean values of Mean (L-Mean), Median,
and L-Scale values for the station data appear to be larger than those of the local grid, the correction will be made
with reference to the values from the first dataset as the goal.

First, for each station point is associated the closest point form the ERA5 grid data, as shown in Table 9.
The procedure is done considering the following values, that are also mentioned in Table 4 and Table 5:
*  Mean, L-Mean;
+  Variance, standard and unbiased;
+  Standard deviation;

+  Skewness;

*  Kurtosis;
o L-Scale;
o Ly

¢ L.

For each of these values, the ratios between the all station data points and the grid one are computed (see Table
42 and Table 43).

Because of their proximity, it is possible that different station points can have the same associated grid data point,
such as for Bogande and Kossougoudou, Gotheye and Karma, or Manni and Dakiri.

Table 9: Station data points with the associated grid data points.
Stations Latitude [°]  Longitude []] ERAS5 Points Latitude [°] Longitude [°] Couples’ n°

Bogande 12.98 0.16 152 13.00 -0.25 1
Manni 13.25 -0.21 134 13.25 -0.25 2
Aribinda 14.23 -0.87 60 14.25 -0.75 3
Bani 13.72 -0.17 98 13.75 -0.25 4
Barsalogho 13.42 -1.06 113 13.50 -1.00 5
Boulsa 12.66 -0.57 169 12.75 -0.50 )
Bouroum 13.62 -0.65 114 13.50 -0.75 7
Dakiri 13.29 -0.26 134 13.25 -0.25 8
Gayeri 12.65 0.49 173 12.75 0.50 9
Kossougoudou 12.94 -0.23 152 13.00 -0.25 10
Piela 12.70 -0.13 170 12.75 -0.25 11
Sebba 13.44 0.52 119 13.50 0.50 12
Gotheye 13.86 1.57 105 13.75 1.50 13
Karma 13.67 1.81 105 13.75 1.50 14
Namaro 13.68 1.71 106 13.75 1.75 15

The Max ratios are avoided because they are simply the maximum values in the AM series of rainfall for each
data point. They could be considered independent, at least for the purpose of this analysis, but not in theory. At a
large scale, the maximum values for each station and grid point are linked due to the regional climate phenome-
non.
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Additionally, the ratios for the coefficient of variation and the L-Moments’ ratios, such as tau, tau-3, and tau-4, are
avoided because they are simply calculated from the previously mentioned values as ratios.

After computing the ratios for each coupled point and each value, their averages are calculated and then multi-
plied by the original grid data to complete the correction (see Ratios at Table 42 and Table 43).

The error indicators between the station data and both the original and corrected grid data can be computed and
presented in tables, from Table 44 to Table 47. The error reduction will then be shown by comparing the error in-
dicators for the original grid data versus the corrected grid data (see Table 48 and Table 49).

3.7: Spatial interpolation

The interpolation of the station’s Ordinary Moments and L-Moments can, in theory, be performed using multiple
methods, such as Spline, Natural Neighbor, Thiessen polygons, Inverse Distance Weighting (IDW), and Kriging,
among others, to compute values at ungauged points. Obviously, deterministic methods like Spline must be
avoided because their uncertainties cannot be quantified and because they generate unrealistic results, at least for
the stations’ dataset (negative values for rainfall).

Therefore, to represent the Burr Type XII quantiles, growth factors, and the L-moments used to compute them, maps
of the stations' Thiessen polygons were used (see Annex’s section, Basic spatial interpolation: Thiessen Polygons).

Thiessen polygons (or Voronoi cells) are constructed by first creating a Delaunay triangulation between the consid-
ered stations, which forms triangles that are as close to equilateral as possible [38] [39].

The polygon boundaries are then defined by the perpendicular bisectors of the triangle edges, passing through the
midpoints of those edges. These polygons are trimmed to a 30 km boundary outside the Sirba Basin, and the cor-
responding values of quantiles and K(T) are applied to them [38] [39].

ArcGIS offers a comprehensive toolbox with various Kriging methods, including Ordinary Kriging, Simple Kriging,
and Co-Kriging, among others, called Geostatistical Wizard, which was used in this paper [40] [41] [42].

Unfortunately, the stations are too few and unevenly spaced to effectively apply some methods. The data lacks
clear spatial correlation, which is critical for interpolation techniques like IDW and Kriging that rely on such corre-
lations.

Several attempts were made to interpolate the station data using the Ordinary Kriging method, including:
* Interpolation of the Ordinary Moments and L-Moments of the Annual Maxima of daily rainfall series;

* Interpolation of cumulative annual rainfall for the available stations (noting that some stations have dis-
carded years);

* Interpolation of cumulative monthly rainfall for each year (again, accounting for some stations with dis-
carded years or interruptions lasting up to 36 days).

Most of these attempts yielded unsatisfactory results in terms of QQ plots, density plots, and error indicators. As a
result, these attempts are not included in this paper. An exception to this was the Kriging of cumulative rainfall for
June and July of 1974, which achieved an R? value of 0.50, but alone by themselves are not enough.

For these reasons, the ERAS5 local grid was used as an alternative. The grid is regular and provides better spatial
correlation, making it a more reliable source for this analysis. In the same instances of Ordinary Kriging previ-
ously mentioned, the ERA5 local grid produced very good results. However, since the ERA5 local grid is a reanaly-
sis dataset, it does not accurately represent ground data from the stations, which exhibit higher values for some
Ordinary Moments and L-Moments of the Annual Maxima series. Therefore, the grid data was adjusted relative to
the station data, as outlined in the previous section, Data correction.

Before explaining the steps involved in working with the corrected ERA5 data, it is necessary to provide a brief ex-
planation of the Ordinary Kriging method.
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3.7.1: Ordinary Kriging
Geostatistics is a vast subject that holds particular importance in environmental analysis. The core objective is to

robustly predict values at unobserved points using a given spatial dataset. This dataset is typically represented in
three dimensions: x (or longitude), y (latitude), and z (the dataset values to be interpolated).

Kriging involves some important steps:

*  Expressing the sample data through a semi-variance estimator, often referred to as the experimental vari-
ogram;

«  Fitting a semi-variogram model fo this estimator;
*  Using the semi-variogram model function to calculate weights and perform interpolation.

Kriging takes its roots from the 1951 paper by D. Kriege, who introduced the method for the gold deposits in Wit-
watersrand, South-Africa [43] [44] [45]. G. Matheron improved the method and introduced the term “Kriging” in
honor of the original author [43].

It is clear that there are similarities between Kriging and CDF fitting, such as the semi-variance estimator and plot-
ting position, probability distribution, and semi-variance model function. Similarly, the parameters of the vari-
ogram model are critical, as they significantly affect the results. These parameters vary depending on the configu-
ration of the original dataset and its sampling [43].

For a given phenomenon, a dataset under certain assumptions can be considered stationary through a random
process. This process is defined as the sum of a constant mean and a random quantity with a mean of zero. Math-
eron introduced this concept in 1963, although it is an approximation of real-world phenomena where the mean
is not constant and covariance does not exist [43] [45].

Matheron initially purposed this initial estimator of the variogram:
N(h)
semi-variance: y(h):ﬁ(h) ’; [(Z (x;)—Z(x;+h))?] where

N(h) is the number of pairs separated by the lag distance h, Z(x) and Z(xi+h) are values at x; and xi+h

The semi-variance can be computed in different directions, along x, y, or all directions, by dividing the space into
bins described by radial coordinates. The lag h requires careful consideration to provide reliable estimators, tak-
ing into account factors such as sample size, spacing, and robust measurements at each site [43].

In situations where the data lacks such reliability, exhibits clear skewness, or contains outliers, alternative estima-
tors to Matheron’s have been proposed. These include methods developed by Cressie & Hawkins (1980), Dowd
(1984), and Genton (1998). These estimators account for the presence of outliers and apply corrections based on
either the median or the normally distributed differences over lag distance [43]. These estimators yielded the best
results for the few significant Ordinary Kriging attempts.

There are multiple variogram model functions:
*  Bounded: for example, Spherical, Circular, Gaussian, and bounded asymptotically, Exponential;
+  Unbounded: Power function and Linear;
All of these functions have some parameters in common that describe the spatial structure of a dataset [43]:

«  The nugget variance “co” represents the variability at very short distances, typically near zero, and ac-
counts for small-scale fluctuations or measurement errors that are not captured by the spatial process be-
ing modeled. It reflects micro-scale variations or noise.

“"_n

«  The range “a” is the distance at which the variogram reaches its maximum value, or the sill. Beyond this
distance, spatial correlation between points diminishes, and the data points become essentially uncorre-
lated.

23



«  Thesill variance “co+c:” represents the total variability in the dataset, indicating the upper limit of the
semi-variance after which further increases in distance do not add significant new variability.

(a) Unbounded (b) Bounded
variation variation
Spatially Spatially
dependent independent

Sill variance

Variance

Nugget variance

4
<

Lag distance

v

Figure 11: Types of semi-variograms and their limits, source [43].

Though the mathematical details are omitted here, the key idea is that the process incorporates the inherent spatial
correlation of the data to generate the most reliable estimate.

The predicted value at an unsampled location is obtained by taking a weighted average of the sampled values.
The weights assigned to each sampled point are derived from the spatial autocorrelation structure of the data,
which is modeled using the semi-variogram [43].

The core principle behind this method is that points that are closer to the unsampled location are more strongly
correlated with it, and therefore, they have a greater influence on the predicted value than points that are farther
away [43].

These weights are calculated by solving a system of equations, which ensures that the prediction is unbiased and
accurately reflects the spatial distribution of the data. This system of equations guarantees that the predicted value
at an unsampled location is a linear combination of the sampled values, with the weights dependent on the spatial
structure as encoded in the semi-variogram [43].

The adopted procedure for Ordinary Kriging involves specific steps, following the order proposed by ArcGIS's
Geostatistical Wizard Interface [41], which has been used for all instances of such interpolation:

A Stable semi-variogram function, optimized for the dataset used, represented by Matheron'’s estimator;

A circular searching neighborhood with four sectors at 45° angles, utilizing the semi-variance values de-
rived from the stable function;

+  Cross-validation graphs, including the normal QQ plot, density of the predicted and measured dataset,
predicted vs. measured QQ plot, and error indicators.

For the Moments values, since these errors are based on the corrected grid itself as the initial dataset, they cannot
be considered reliable in relation to the station values. The true error indicators to consider are those outlined in
the Grid data correction section Error indicators.

For the purposes of this paper, the last step will be omitted. However, as previously mentioned, the ERA5 corrected
grid performs very well in terms of predicted values derived from the initial dataset, for both the Moments and
Quantile values.
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3.7.2: ERA5 quantiles

The final step is to calculate the quantiles (by return period T) of the ERA5 corrected grid using the grid's corrected
L-Moments and then interpolate them with Ordinary Kriging.

The considerations made for the station data, including error indicators, statistical tests, and information criteria
that led to the selection of the Burr Type XII distribution, cannot be applied to the corrected grid data. This is be-
cause only the corrected moments' values are analyzed, rather than the entire AM series of total precipitation for
each grid point. Nevertheless, three distributions are used: Gumbel, GEV, and Burr Type XII, as they were the best-
fitting distributions for the stations. Thus, for the purpose of this paper, the various error indicators, statistical tests,
and information criteria are not applied to the corrected grid data.

The Burr Type Xl distribution is particularly complex to apply, as its parameters are valid only within certain inter-
vals of tau and tau-3. If this condition is not respected, the distribution becomes either a Generalized Pareto or
Weibull distribution (GEV with the shape parameter set to 0). This condition was, however, respected for the cor-
rected grid points. Given the poor correlation of tau and tau-3 (ratios from L;, L. and Ls) for the station and the
corrected grid (see Table 45 and Table 47), this may increase uncertainties in the quantiles.

As a precaution, two commonly used distributions in hydrology, the Gumbel (EV1) and Generalized Extreme Value
(GEV) distributions, are also used to compute the quantiles. Although these distributions were not ultimately chosen
to fit the rainfall samples from the station, they generally show good fitting performance (see Table 16 and Table
28). However, they are less robust for the Anderson-Darling test (see Table 22). Additionally, the GEV uses only
one L-Moments ratio, tau-3, which may reduce uncertainties when fitting the corrected grid quantiles (see Annex
section: Distributions, 3 Par. for the expressions).
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4: Results

4.1: General statistics
4.1.1: Ordinary Moments
The maximum values of the AM’s series of daily rainfall, for each station, was also extracted.

Table 10: Values of max. and ordinary moments, for the AM series of daily maximum rainfall of the
gauge stations.

Stations Max [mm] p[mm] plmm] o?[mm?2] ow2[mm?2] o[mm] <[] S[] KI]
Bogande 125.80 61.99 5530 32266 31479 17.96 0.29 1.42 538
Manni 151.10 1 70.04 63.00 593.65 579.17 2436 0.35 1.41 485
Aribinda 135.70 | 58.33 54.50 449.16 441.67 21.19 036 1.26 5.20
Bani 118.50 59.34 56.00 408.27 400.27 20.21 0.34 1.01 3.71
Barsalogho 122.90 62.40 57.00 352.21 346.62 18.77 0.30 1.31 4.64
Boulsa 239.40 66.25 59.90 838.24 823.00 28.95 0.44 4.00 24.40
Bouroum 123.40 59.40 5580 331.44 323.36 18.21 0.31 189 7.45
Dakiri 104.90 59.71 57.45 323.64 318.06 17.99 0.30 0.51 2.75
Gayeri 109.00 65.08 61.50 232.62 227.21 1525 0.23 1.11 4.30
Kossougoudou = 175.00 61.92 56.00 637.27 62525 2524 0.41 276 11.47
Piela 170.40 63.30 56.25 591.95 58208 24.33 0.38 2.24 8.96
Sebba 143.50 60.90 53.05 529.18 519.73 23.00 0.38 1.17 4.62
Gotheye 130.50  59.08 60.00 405.07 391.10 20.13 0.34 1.53 6.58
Karma 135.00 59.37 52.00 627.49 59446 2505 0.42 1.48 5.58

Namaro 190.00 66.81 57.00 142943 134534 37.81 057 231 7.83
4.1.2: L-Moments

Table 11: Values of L-moments and their ratios, for the AM series of daily
maximum rainfall of the gauge stations.

Stations Llmm] Llmm] Llmm] Limm] <[] <[] wll]
Bogonde 61.99 9.52 253 168 0.15 0.27 0.18
Manni 7004 1279 377 277 0.18 0.29 0.22
Aribinda 5833  11.41 226 190 020 020 0.17
Bani 5934 11.13 231 143 0.19 0.21 @ 0.13

Barsalogho ~ 62.40 10.02 262 159 0.16 026 0.16
Boulsa 66.25 1230 390 355 0.19 032 0.29
Bouroum 59.40 9.14 241 210 0.15 0.26 0.23
Dakiri 5971 1011 ' 1.24 13?2 0.17 0.12 0.14
Gayeri 65.08 826 171 1.54 0.13 0.21 0.19
Kossougoudou 61.92 11.05 439 436 0.18 0.40 @ 0.39
Piela 63.30 11.60 4.14 347 0.18 0.36 0.30
Sebba 60.90 1249 275 163 0.21 0.22 [ 0.13
Gotheye 59.08 1053 203 189 0.18 0.19 0.18
Karma 5937 13.08 373 407 0.22 0.29 0.31]
Namaro 6681 1734 929 652 026 054 0.38

The L-moments can be plotted as a function of the years for each station. These plots provide information on how
yearly rainfall extremes vary over the decades and are included in the Annex: L-Moments trends.
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4.1.3: Empirical series
Here are some possible representation of the AM empirical series, relative to the Gringorten method.
Plotting position
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Figure 12: ¢ vs sample AM series, for the considered stations.
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Figure 13: ¢ vs normalized sample AM series, for the considered stations.
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Return periods
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Figure 14: Sample AM series vs return period T, for the considered stations.
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Figure 15: Normalized sample AM series vs return period T, for the considered stations.
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4.2: Diagnostic analysis

Table 12: Values of tau-3 and tau-4 for the
considered stations.

Sa::g)le Stations Tl ] Tl ]
1 Bogande 0.27 0.18
2 Manni 0.29 0.22
3 Aribinda 0.2 0.17
4 Bani 0.21 0.13
5 Barsalogho 0.26 0.16
6 Boulsa 0.32 0.29
7 Bouroum 0.26 0.23
8 Dakiri 0.12 0.14
9 Gayeri 0.21 0.19
10 Kossougoudou 0.4 0.39
11 Piela 0.36 0.3
12 Sebba 0.22 0.13
13 Gotheye 0.19 0.18
14 Karma 0.29 0.31
15 Namaro 0.54 0.38

Hosking & Wallis Diagnostic Diagram
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Figure 16: Diagnostic graph of tau-4 as function of tau-3.

The Log-Pearson Type lll distribution, covering a wide range of skewness values, is shown as an area with bound-
aries at skewness values y from -1.4 to 1.4, while two-parameter distributions are displayed simply as points.

In Figure 16, some samples align with specific distribution curves, such as Sample 1 (Bogande) and Sample 15
(Namaro), both fitting with the Log-Pearson Type Il distribution. Other samples, however, appear closer to multiple
distribution curves, though with less evident overlap, as seen with Sample 3 (Aribinda). Samples 6, 10, 11, and
14 show notably high tau-4 values, exceeding 0.25, and do not align with any curve. Given the assumptions of

this graph, these samples could pose challenges for distribution fitting.

It is important to consider that, due to the small sample size (15 stations), the uncertainties associated with tau-3
and tau-4 may be significant. Nonetheless, the data appears reasonably realistic and discretely clustered for the

values of tau-3 and tau-4, which supports the accuracy of the calculations.
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4.3: CDF Fitting

4.3.1: Error indicators

The expressions of the error indicators are in Table 8.

Table 13: Error indicators for the Normal, Log-Normal 2 Par. and Log-Normal 3 Par. distributions.

Distributions Normal Log-Normal 2 Par. Log-Normal 3 Par.
Stations & Err. Ind. RMSE  MAE MAPE[%] R*> RMSE MAE MAPE[%] R> RMSE MAE MAPE[%] R?
Bogande 6.18  4.40 7.31 0.88 4.00 2.41 3.96 0.95 201 1.30 1.99 0.99
Manni 8.68 6.91 10.16 0.87 523 3.71 4.82 0.95 267 1.88 2.76 0.99
Aribinda 6.17 3.90 725 091 245 1.18 1.66 099 190 0.98 1.31 0.99
Bani 552 3.92 734 092 226 1.57 274 099 202 1.30 2.08 0.99
Barsalogho 6.25 4.47 7.41 0.89 3.61 2.40 3.71 0.96 2.00 1.10 1.54 0.99
Boulsa 17.59 7.14 9.52 0.62 1552 376 3.50 0.71 11.78 3.94 4.08 0.83
Bouroum 7.77 48] 7.57 081 6.11 288 3.95 088 432 236 326 094
Dakiri 3.40 286 516 096 293 212 3.53 097 263 209 3.52 098
Gayeri 433 3.12 4.73 092 285 1.70 2.38 0.96 2.00 1.22 1.75 0.98
Kossougoudou 1425 8.78 12.82 0.68 1239 576 7.00 0.75 6.24 3.97 587 0.94
Piela 11.69 8.17 12.27 0.77 9.05 5.09 6.50 086 3.61 246 3.65 098
Sebba 6.76 4.58 8.87 091 2467 198 330 099 222 167 262 099
Gotheye 7.60 4.71 8.02 085 547 3.52 558 092 493 3.48 545 0.94
Karma 9.28 6.53 11.17 086 5468 3.79 687 095 4.16 286 6.26 0.97
Namaro 21.24 1550 2322 0.66 17.53 9.76 1202 0.77 7.18 3.82 4.05 0.96
Table 14: Error indicators for the Exponential, Gamma and Logistic distributions.
Distributions Exponential Gamma Logistic
Stations & Err.Ind. RMSE  MAE MAPE[%] R> RMSE MAE MAPE[%] R> RMSE MAE MAPE[%] R

Bogande 2.51 1.84 3.09 098 450 3.18 514 094 6.00 436 7.41 0.89
Manni 293 2.29 3.77 099 595 470 6.67 094 840 6.75 10.21 0.88
Aribinda 3.58 2.85 557 097 354 20] 3.27 097 593 3.80 7.62 0.92
Bani 3.81 269 469 096 3.00 2.09 3.80 098 569 3.98 777 092
Barsalogho 245 1.6] 258 098 421 290 474  0.95 6.26 4.52 772 089
Boulsa 12.71 4.88 5.62 0.80 1569 5.73 6.79 0.70 16.95 6.91 9.49 0.65
Bouroum 4.49 3.10 4.85 0.94 6.43 3.70 5.50 0.87 7.46 4.57 7.42 0.83
Dakiri 6.09 3.95 728 088 252 213 3.63 098 3.67 3.01 572 0.96
Gayeri 3.08 225 3.58 096 323 219 3.21 0.95 4.7 299 470 0.92
Kossougoudou 8.42 543 7.73 0.89 1226 7.32 10.11  0.76 13.59 8.37 12.47 0.70
Piela 498 3.38 498 0.96 927 6.40 922 085 11.15 7.79 11.93 0.79
Sebba 3.93 291 4.91 0.97 371 251 4.61 0.97 6.70 4.62 937 091
Gotheye 509 4.12 6.77 093 6.03 3.86 6.22 0.91 7.34 4.60 8.21 0.86
Karma 4.64 3.44 7.92 0.96 6.74 4.61 7.72 0.92 872 6.07 10.72 0.87
Namaro 11.37 7.01 929 090 16.59 11.53 1660 0.80 20.74 1512 22.82 0.68
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Table 15: Error indicators for the Pearson Type lll and Log-Pearson Type lll distributions.

Distributions Pearson Type lll Log-Pearson Type lll

Stations & Err. Ind. RMSE  MAE MAPE[%] R*> RMSE MAE MAPE([%] R?
Bogande 223 1.52 2.39 098 196 1.28 1.96 0.99
Manni 275 213 3.43 0.99 275 1.94 2.75 0.99
Aribinda 225 1.21 1.69 0.99 1.85 0.95 1.29 0.99
Bani 1.76 1.14 1.80 0.99 234 1.32 2.09 0.99
Barsalogho 1.68 0.93 1.28 099 231 1.11 153 098
Boulsa 12.88 4.79 5.39 0.80 12.88 3.49 3.23 0.80
Bouroum 4.66 2.69 3.79 0.93 4.44 230 3.10 0.94
Dakiri 258 207 3.53 0.98 260 208 3.53 0.98
Gayeri 210 1.34 1.98 0.98 200 1.22 1.74 0.98
Kossougoudou 7.49 518 7.81 091 759 425 58] 0.91
Piela 4.68 3.28 5.03 0.96 3.93 260 3.68 0.97
Sebba 227 1.73 2.79 0.99 240 1.75 2.68 0.99
Gotheye 513 3.52 5.37 0.93 495 3.45 5.45 0.94
Karma 4.79 3.57 7.64 0.96 4.65 3.38 6.61 0.96
Namaro 586 4.12 577 0.97 398 277 3.50 0.99

Table 16: Error indicators for the Gumbel and GEV distributions.

Distributions Gumbel, EV1 Generdlized Extreme Values

Stations & Err. Ind.  RMSE  MAE MAPE[%] R? RMSE MAE MAPE[%] R2
Bogande 3.00 210 3.30 0.97 199 1.23 1.85 0.99
Manni 4.27 3.36 4.69 0.97 291 1.88 2.56 0.99
Aribinda 225 1.16 1.74 0.99 1.78 0.95 1.34 0.99
Bani 214 1.47 2.55 0.99 219 1.42 2.31 0.99
Barsalogho 2,67 1.70 281 098 233 127 179 098
Boulsa 14.37 4.85 5.29 0.75 11.16 3.52 3.49 0.85
Bouroum 522 275 3.86 0.92 4.18 2.21 3.03 0.95
Dakiri 3.18 2.17 3.56 0.97 258 206 3.47 0.98
Gayeri 209 1.22 1.76 098 198 1.17 1.65 0.98
Kossougoudou 10.71 6.28 8.40 0.82 6.03 341 4.90 0.94
Piela 7.58 518 7.30 0.90 3.47 222 3.18 0.98
Sebba 2.65 200 3.52 099 229 1.73 2.78 0.99
Gotheye 511 3.53 5.62 0.93 4.84 3.46 5.51 0.94
Karma 575 3.94 6.92 0.94 394 253 5.60 0.97
Namaro 1593 10.97 1575 0.81 10.11 5.05 5.06 0.92
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Table 17: Error indicators for the GLO and GPA distributions.

Distributions

Generadlized Logistic

Generdlized Pareto

Stations & Err. Ind. RMSE  MAE MAPE[%] R* RMSE MAE MAPE[%] R
Bogande 217 1.41 214 099 268 178 283 0.98
Manni 344 208 259 098 295 237 384 099
Aribinda 170 1.13 200 0.99 393 250 399 0.96
Bani 303 199 329 098 214 155 251 0.99
Barsalogho 3.08 169 243 097 184 1.09 167 0.99
Boulsa 10.56 3.16  3.01 0.86 13.12 498 567 079
Bouroum 4.07 202 282 095 515 3.12 449 092
Dakiri 326 234 3467 097 314 230 454 097
Gayeri 219 117 158 098 276 194 294 097
Kossougoudou 6.10 3.14 4.4 0.94 682 457 684 0.93
Piela 3.64 211 293 098 440 3.09 472 0.97
Sebba 281 228 382 098 321 210 3.0 0.98
Gotheye 4.48 326 552 095 622 396 561 0.90
Karma 392 254 524 097 526 4.02 848 0.95
Namaro 10.84 535  5.31 0.91 823 4.12 420 0.95
Table 18: Error indicators for the Burr Type Xl
distribution.
Distribution Burr Type XII
Stations & Err. Ind. RMSE  MAE MAPE [%] R?
Bogande 226 1.43 216 098
Manni 3.51 204 247 098
Aribinda 1.71 115 203 0.99
Bani 3.09 215 360 0.98
Barsalogho 323 1.85 274 097
Boulsa 10.32 3.29 325 0.87
Bouroum 3.98 206 293 095
Dakiri 3.04 236 379 097
Gayeri 221 123 166 0.98
Kossougoudou 531 327 474 0.95
Piela 3.09 19 276 0.98
Sebba 287 236 396 0.98
Gotheye 453 325 552 0.95
Karma 3.90 246 495 0.97
Namaro 8.15 4.23  4.5] 0.95
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4.3.2: Statistical tests

In the following tables A-D stands for Anderson-Darling and K-S for Kolmogorov-Smirnov. P-values lower that
0.05 are highlighted in red. Since some p-values are very low, a precision of four digits has been adopted.

Table 19: P-Values for the Normal, Log-Normal 2 Par. and Log-Normal 3 Par.

distributions.

Distributions Normal Log-Normal 2 Par. Log-Normal 3 Par.

Stations & p-values  A-D K-S A-D K-S A-D K-S
Bogande 0.0014 0.8714 0.1513 0.7072 0.8584 0.3075
Manni 0.0001 0.9598 0.1139 0.7819 0.4524 0.4610
Aribinda 0.0128 0.5730 0.9976 0.1335 0.9990 0.2150
Bani 0.0102 0.7060 0.8020 0.2188 0.9550 0.1733
Barsalogho 0.0001 0.8881 0.1010 0.5847 0.9751 0.1776
Boulsa 0.0000 0.9133 0.2665 0.4378 0.1744 0.4592
Bouroum 0.0005 0.7166 0.1561 0.4445 0.5024 0.3069
Dakiri 0.0181 0.7957 0.3110 0.5333 0.2983 0.4456
Gayeri 0.0148 0.6672 0.5178 0.3979 0.9142 0.1729
Kossougoudou 0.0000 0.9955 0.0002 0.8953 0.0006 0.8348
Piela 0.0000 0.9787 0.0018 0.7808 0.0273 0.6736
Sebba 0.0021 0.9265 0.4873 0.5970 0.7493 0.4030
Gotheye 0.0245 0.5925 0.1385 0.5676 0.1425 0.5650
Karma 0.0289 0.5977 0.4602 0.2951 0.0260 0.4257
Namaro 0.0000 0.9457 0.0148 0.7508 0.8928 0.3181

Table 20: P-Values for the Exponential, Gamma and Logistic distributions.

Distributions Exponential Gamma Logistic
Stations & p-values  A-D K-S A-D K-S A-D K-S

Bogande 0.0353 0.4573 0.0453 0.7377 0.0014 0.9137
Manni 0.0009 0.6270 0.0200 0.8578 0.0002 0.9662
Aribinda 0.0000 0.6389 0.7189 0.2111 0.0222 0.6421
Bani 0.0000 0.4443 0.4054 0.3504 0.0103 0.7512
Barsalogho 0.0196 0.4951 0.0168 0.6705 0.0001 0.9177
Boulsa 0.0000 0.6892 0.0056 0.7004 0.0001 0.9136
Bouroum 0.0019 0.5282 0.0271 0.5149 0.0032 0.7903
Dakiri 0.0000 0.9552 0.2454 0.5301 0.0151 0.7542
Gayeri 0.0001 0.4875 0.2057 0.4614 0.0307 0.7353
Kossougoudou 0.0000 0.8991 0.0000 0.9724 0.0000 0.9950
Piela 0.0003 0.8028 0.0000 0.9184 0.0000 0.9638
Sebba 0.0197 0.4951 0.1774 0.7145 0.0011 0.9500
Gotheye 0.0006 0.8405 0.1154 0.5223 0.0474 0.6853
Karma 0.0182 0.6077 0.2694 0.3675 0.0563 0.5920
Namaro 0.0374 0.6678 0.0028 0.8318 0.0001 0.9513
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Table 21: P-Values for the Pearson Type lll and Log-Pearson Type il

distributions.

Distributions Pearson Type I Log-Pearson Type lll

Stations & p-values  A-D K-S A-D K-S
Bogande 0.3758 0.3867 0.8675 0.3221
Manni 0.0220 0.6099 0.5542 0.4505
Aribinda 0.9944 0.1799 0.9992 0.2012
Bani 0.9789 0.1505 0.9523 0.1909
Barsalogho 0.9878 0.3036 0.9770 0.1849
Boulsa 0.0002 0.6406 0.6544 0.2909
Bouroum 0.1619 0.4360 0.5526 0.2634
Dakiri 0.2861 0.4645 0.2950 0.4779
Gayeri 0.4795 0.2366 0.9369 0.1644
Kossougoudou 0.0000 0.9527 0.0059 0.7749
Piela 0.0000 0.8485 0.0167 0.6043
Sebba 0.7356 0.3684 0.7630 0.3830
Gotheye 0.1596 0.5653 0.1356 0.5459
Karma 0.0312 0.5153 0.4199 0.3364
Namaro 0.0000 0.4903 0.9229 0.2645

Table 22: P-Values for the Gumbel and GEV distributions.

Distributions Gumbel, EV1 Generalized Extreme Values
Stations & p-values  A-D K-S A-D K-S

Bogande 0.3613 0.5814 0.8775 0.3523
Manni 0.1571 0.7421 0.7528 0.3881
Aribinda 0.9968 0.1483 0.9990 0.2355
Bani 0.8674 0.1836 0.9277 0.1934
Barsalogho 0.3063 0.4251 0.9291 0.2163
Boulsa 0.0780 0.4941 0.5211 0.3498
Bouroum 0.2635 0.3639 0.5794 0.2567
Dakiri 0.2698 0.5856 0.3130 0.4493
Gayeri 0.9176 0.2038 0.9661 0.1442
Kossougoudou 0.0001 0.9247 0.0017 0.7394
Piela 0.0016 0.8273 0.1843 0.5479
Sebba 0.4444 0.5860 0.6597 0.4220
Gotheye 0.1406 0.5301 0.1302 0.5668
Karma 0.4455 0.3276 0.3808 0.3743
Namaro 0.0051 0.8166 0.8127 0.2459
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Table 23: P-Values for the GLO and GPA distributions.

Distributions

Generalized Logistic

Generdlized Pareto

Stations & p-values A-D K-S A-D K-S
Bogande 0.7335 0.4532 0.0350 0.5118
Manni 0.8132 0.4141 0.0109 0.6732
Aribinda 0.9884 0.3047 0.0100 0.3200
Bani 0.6544 0.2739 0.4968 0.3845
Barsalogho 0.6501 0.2870 0.0744 0.4766
Boulsa 0.8552 0.2306 0.0001 0.6714
Bouroum 0.6462 0.2711 0.0123 0.5677
Dakiri 0.2291 0.3659 0.0124 0.6710
Gayeri 0.9818 0.2035 0.0211 0.4436
Kossougoudou 0.0384 0.6763 0.0000 0.9082
Piela 0.3891 0.4340 0.0000 0.8175
Sebba 0.2997 0.5156 0.0076 0.3097
Gotheye 0.0991 0.6182 0.0327 0.5784
Karma 0.6474 0.2969 0.0167 0.5712
Namaro 0.7666 0.2256 0.8940 0.2904

Table 24: P-Values for the Burr Type Xl

distribution.
Distribution Burr Type Xl
Stations & p-values A-D K-S

Bogande 0.7397  0.4457
Manni 0.9005 0.3541
Aribinda 0.9860 0.3080
Bani 0.5260 0.3043
Barsalogho 0.4868 0.3534
Boulsa 0.7855 0.2414
Bouroum 0.5450 0.3361
Dakiri 0.1628 0.4134
Gayeri 0.9725 0.2223
Kossougoudou 0.0148 0.8209
Piela 0.3864 0.5505
Sebba 0.2319 0.5442
Gotheye 0.0831 0.6504
Karma 0.8690 0.2358
Namaro 0.7843  0.2885
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4.3.3: Information Criteria

Table 25: Log-Likelihood and Information Criteria for the Normal, Log-Normal 2 Par. and Log-Normal 3 Par.

distributions.
Distributions Normal Log-Normal 2 Par. Log-Normal 3 Par.
Stations & ICs  log-L AIC AIC. BIC log-L AIC AICc BIC log-L AIC AICc BIC
Bogande -176.20 356.39 356.71 359.82 -170.57 345.15 34546 348.58 -168.70 343.40 344.05 348.54
Manni -188.74 381.48 381.80 384.91 -182.09 368.18 368.50 371.61 -181.71 369.42 370.07 374.57
Aribinda -267.95 539.89 540.10 544.08 -260.66 525.32 52554 529.51 -260.39 526.79 527.22 533.07
Bani -225.18 454.35 454.60 458.22 -219.70 A443.41 A443.66 447.27 -219.03 444.06 444.57 449 .85
Barscﬂogho -273.76 551.51 551.71 55580 -265.11 534.23 534.43 538.51 -261.47 528.94 529.35 535.37
Boulsa -267.66 539.31 539.54 543.33 -242.04 488.07 488.30 492.09 -238.74 483.48 483.95 489.50
Bouroum -177.12 358.23 358.55 361.66 -169.34 342.68 343.00 346.11 -167.26 340.51 341.16 345.65
Dakiri -249.40 502.81 503.03 506.93 -248.19 500.39 500.61 504.51 -247.83 501.66 502.10 507.84
Gayeri -177.71 359.42 359.72 362.94 -174.01 352.01 352.31 355.53 -173.83 353.67 354.28 358.95
Kossougoudou -249.56 503.13 503.37 507.07 -229.28 462.56 462.80 466.50 -219.73 445.46 44595 451.37
Piela -277.85 559.70 559.91 563.89 -260.84 525.69 52590 529.87 -252.29 510.58 511.01 516.86
Sebba -254.60 513.21 513.43 517.26 -247.55 499.10 499.33 503.15 -247.02 500.04 500.50 506.12
Gotheye -127.80 259.60 260.06 262.33 -123.63 251.25 251.71 253.98 -123.24 252.47 253.43 256.58
Karma -87.69 179.39 180.14 181.28 -85.02 174.04 17479 17593 -91.71 189.42 191.02 192.25
Namaro -85.96 17592 176.78 177.59 -78.56 161.12 161.98 16279 -72.95 151.90 153.75 154.40
Table 26: Log-Likelihood and Information Criteria for the Exponential, Gamma and Logistic distributions.
Distributions Exponential Gamma Logistic
Stations & ICs |og-L AIC AlICc BIC |09-|. AIC AIC. BIC |og-L AIC AICc BIC
Bogande -00 400 +o00 +00 -172.02 348.04 348.36 351.47 -174.75 353.51 353.82 356.93
Manni -00 +00 +00 400 -183.72 371.45 371.76 374.87 -187.19 378.38 378.70 381.81
Aribinda -00 400 400 400 -261.99 52797 528.18 532.16 -265.94 535.87 536.08 540.06
Bani -00 +00 +00 +00 -220.92 44584 446.09 44971 -224.89 453.78 454.03 457.64
Barsalogho -0 +00 +00 +00 -267.36 538.72 538.92 543.00 -272.02 548.04 548.24 552.33
Boulsa -00 +00 +00 +00 -246.91  497.82 498.05 501.83 -248.89 501.77 502.00 505.79
Bouroum -00 400 +o00 400 17121 346.41 346.73 34984 -172.95 349.90 350.22 353.33
Dakiri -0 +00 +00 +00 -247.75 49950 499.72 503.63 -250.12 504.25 504.47 508.37
Gayeri -00 +00 +o0 +o00 -174.91 353.82 354.12 357.34 -176.60 357.20 357.50 360.72
Kossougoudou -0 +00 +00 +00 -233.36  470.71 470.95 A74.65 -236.21 476.43 476.67 480.37
Piela -0 +00 +00 +00 -264.74 533.47 533.69 537.66 -269.40 542.80 543.01 546.99
Sebba -00 +00 +00 400 -248.97 501.94 502.17 505.99 -253.79 511.57 511.80 515.62
Gotheye -00 400 400 400 -124.52 253.04 253.50 255.77 -126.02 256.05 256.51 258.78
Karma -00 +00 +00 +00 -85.35 17471 17546 176.59 -86.54 177.09 177.84 178.98
Namaro -77.28 158.56 159.42 160.23 -80.51 165.02 165.88 166.69 -83.36 170.71 171.57 172.38

Table 27: Log-Likelihood and Information Criteria for the Pearson Type Il and
Log-Pearson Type Il distributions.

Distributions Pearson Type Il Log-Pearson Type Il
Stations & ICs  log-L AIC AIC. BIC log-L AIC AIC, BIC
Bogande -00 +00 +00 oo -168.72 343.43 344.08 348.57
Manni -00 +00 +00 +o0  -181.18 368.37 369.02 373.51
Aribinda  -260.36 526.72 527.15 533.00 -260.44 526.87 527.30 533.16
Bani -218.29 442.57 443.08 448.37 -219.04 444.09 444.60 449.88
Barsalogho  -259.88 525.77 526.18 532.20 -261.50 528.99 529.40 535.42
Boulsa -00 +00 +00 +o0  -238.00 482.00 482.47 488.02
Bouroum -c0 +00 400 +o0  -167.18 340.36 341.00 345.50
Doakiri -247.96 501.93 502.37 508.11 -247.84 501.67 502.11 507.85
Gayeri -00 +00 400 o0 -173.57 353.14 353.75 358.42
Kossougoudou -0 +00 +00 400 400 +00 +00 +00
Piela -00 +00 +00 oo -266.60 539.19 539.62 545.47
Sebba -246.91 499.81 500.28 505.89 -247.08 500.16 500.62 506.23
Gotheye ~ -122.98 251.97 252.93 256.07 -123.29 252.57 253.53 256.68
Karma -00 +00 +00 +o0  -85.27 176.53 178.13 179.37
Namaro -00 +00 +00 40 -72.55 151.11 152.95 153.61
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Table 28: Log-Likelihood and Information Criteria for the Gumbel and GEV

distributions.
Distributions Gumbel, EV1 Generdlized Extreme Values
Stations & ICs |og-|. AIC AlC. BIC |og-L AIC AICc BIC
Bogande -169.85 343.70 344.01 347.12 -168.77 343.53 344.18 348.67
Manni -181.92 367.83 368.15 371.26 -180.79 367.58 368.23 372.72
Aribinda -260.80 525.60 525.81 529.79 -260.53 527.07 527.50 533.35
Bani -219.80 443.60 443.85 A447.46 -219.37 444.75 445.26 450.54
Barsalogho  -264.21 532.42 532.62 536.70 -262.18 530.35 530.76 536.78
Boulsa -241.74 AB87.48 487.71 A491.49 -237.89 481.77 482.24 487.79
Bouroum -168.37 340.74 341.06 344.17 -167.16 340.31 340.96 345.45
Dakiri -248.51 501.01 501.23 505.13 -247.72 501.43 501.88 507.61
Gayeri -173.31 350.63 350.93 354.15 -173.38 352.75 353.37 358.04
Kossougoudou -227.69 459.37 459.61 463.31 -243.47 492.94 493.43 498.85
Piela -260.10 524.21 524.42 528.39 -256.51 519.01 519.44 525.30
Sebba -247 .92 499.84 500.06 503.89 -247.30 500.60 501.07 506.68
Gofheye -123.57 251.13 251.60 253.87 -123.38 252.75 253.71 256.85
Karma -84.94 173.88 174.63 175.77 -85.78 177.56 179.16 180.39
Namaro -79.86 163.72 164.58 16539 -74.03 154.07 15591 156.57

Table 29: Log-Likelihood and Information Criteria for the GLO and GPA

distributions.
Distributions Generadlized Logistic Generdlized Pareto
Stations & ICs  log-L AIC AICc BIC log-L AIC AICc BIC
Bogande  -169.23 344.46 34511 349.60 -oo +00 +00 +00
Manni -180.71 367.41 368.06 372.55 - 400 400 400
Aribinda -261.27 528.54 528.96 534.82 - +00 400 400
Bani -220.61 447.21 447.72 453.01 - 400 400 400
Barsalogho  -263.47 532.94 533.35 539.37 - +00 +00 +00
Boulsa -237.40 480.80 481.27 486.82 - 400 400 400
Bouroum  -167.23 340.47 341.12 34561 - 400 400 400
Dakiri -248.45 502.91 503.35 509.09 - 400 400 400
Gayeri -173.30 352.60 353.22 357.88 - 400 400 400
Kossougoudou -213.78 433.57 434.06 439.48 - 400 400 400
Piela -255.41 516.81 517.24 523.09 -0 +00 +00 +00
Sebba -248.46 502.93 503.39 509.00 - +00 +00 +00
Gotheye ~ -123.87 253.74 25470 257.84 -« +00 +00 +00
Karma -84.80 175.59 177.19 178.43 - 400 400 400
Namaro -74.18 154.36 156.21 156.86 -72.73 151.47 153.32 153.97

Table 30: Log-Likelihood and Information
Criteria for the Burr Type Xl distribution.

Distribution Burr Type XlI

Stations & ICs  log-L AIC AICc BIC
Bogande -169.35 344.69 345.34 349.83
Manni -180.64 367.28 367.93 372.42
Aribinda -261.29 528.57 529.00 534.85
Bani -220.77 447.54 448.05 453.33
Barsalogho  -263.98 533.97 534.37 540.40
Boulsa -238.14 482.29 482.76 488.31
Bouroum  -167.59 341.18 341.83 346.32
Dakiri -248.36 502.72 503.16 508.90
Gayeri -173.33 352.66 353.28 357.95
Kossougoudou -223.12 452.24 452.72 458.15
Piela -255.44 516.88 517.31 523.17
Sebba -248.60 503.20 503.66 509.27
Gotheye -123.95 253.91 254.87 258.01
Karma -84.43 174.86 176.46 177.69
Namaro -73.90 153.79 155.64 156.29

37



4.3.4: Distribution plots

On the sole basis of the Error Indicators, most distributions for most stations represent good candidates for fitting,
minus some isolated cases for the Normal, Log-Normal 2 Par., Gamma, and Logistic distributions, with R? values
lower than 0.80. Obviously, this alone is not sufficient.

Some distributions, like the Exponential, Pearson Type lll, and Generalized Pareto, in most cases, show clear signs
of an out-of-bounds condition because the values of the density function are very small, thus making log-L = -co.
The Log-Pearson Type lll shows an out-of-bounds condition for the Kossougoudou station. Excluding the mentioned
cases, the ICs show comparable values across the remaining distributions, for most stations.

The Anderson-Darling test is particularly stringent compared to the Kolmogorov-Smirnov test, and unfortunately,
there are no cases where a single distribution passes both tests for all stations.

Considering all that was indicated in the previous tables of the Error Indicators, P-values, and ICs, the Burr Type XII
distribution is a valid candidate to represent the data for all stations. It shows low errors (see Table 18), reasonable
values for the Log-L and ICs, passing both statistical tests for all stations except one: Kossougoudou, which fails the
Anderson-Darling test. Kossogoudou station shows low values for this statistical tests, for most distributions, due to
the particular shape of its empirical series: very steep around the flex point and almost flat at the tails.

Given the high number of plots, only those for some stations will be shown. Two dlternatives are displayed: some
of the best fittings and the worst one. Aribinda shows good fitting, at least from a visual inspection, for most distri-
butions. Bogande, Manni and Sebba show good fitting for some distributions, while Kossougoudou has accept-
able visual fitting for only a small number of distributions. As said before, Bogande, Manni and Sebba must be in-
cluded since they are considered key localities for the SLAPIS project.
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Figure 17: Distribution fitting between the Burr Type Xl and Aribinda’s rainfall sample.
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Figure 19: Distribution fitting between the Burr Type XIl and Manni's rainfall sample.
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4.3.5: Quantiles and residual risk

For completeness, the tables of the computed rainfalls (quantiles) and residual risk for different return periods T are
also included.

Table 31: Computed rainfalls for the Burr Type Xl distribution, for
different Return periods.

Rainfdlls heights, h [mm], for different Return periods T

Distribution Burr Type Xl
Stations & T [years] 5 10 20 50 100

Bogande 71.85 8337 9651 117.02 135.36
Manni 82.55 98.37 116.91 146.75 174.26
Aribinda 71.68 84.02 9730 117.23 134.64
Bani 71.96 8400 97.10 116.93 134.34
Barsalogho 7278 84.72 98.32 119.57 138.63
Boulsa 77.90 93.66 11240 14296 171.48
Bouroum 68.88 79.90 9245 112.03 129.54
Dakiri 72.52 81.88 91.10 103.78 114.04
Gayeri 7431 83.46 93.43 108.31 121.09
Kossougoudou 71.43 87.40 106.93 139.59 170.77
Piela 73.73 89.63 108.88 140.80 171.03
Sebba 74.89 88.61 103.68 126.77 147.29
Gotheye 71.32 8255 9463 112.67 128.33
Karma 7221 87.58 105.53 134.59 161.68
Namaro 76.59 101.90 135.58 197.74 263.09

Since the fixed cumulative probabilities F for different return periods can be computed, it will obviously have the
same value for all stations, as did for the DDF and IDF curves for different values of T (see the Empirical series and
Growth factors sections). This fixed F must not be mistaken for the different CDF values that each station has for
different rainfall values. Each station has different values of cumulative probability because the parameters are
computed based on each station’s rainfall series. Fixing the same return periods for all stations allows the calcula-
tion of different rainfall heights, ensuring that all stations are assessed under the same theoretical conditions. This
approach is standard practice in hydrology and risk assessment.

As mentioned previously, the return period alone is not sufficient to quantify rainfall occurrences. For simplicity, the
residual risk can be computed using the fixed probability F. However, it is important to note that this method as-
sumes the parameters of the probability distribution for each station are valid and well-calibrated. Additionally,
while residual risk can be simplified using the fixed F, this approach may not fully account for uncertainties in the
statistical model or varying environmental factors.

Table 32: Values of residual risk for different return periods and
reference periods.

Residual Risk for different Return periods T and Ref. periods L

L & T [years] 5 10 20 50 100
5 67.23% 40.95% 22.62% 9.61% 4.90%
10 89.26% 65.13% 40.13% 18.29% 9.56%
20 98.85% 87.84% 64.15% 33.24% 18.21%
50 100.00% 99.48% 92.31% 63.58% 39.50%

100 100.00% 100.00% 99.41% 86.74% 63.40%

From the precedent table, the following can be deduced: for example, over a time span of 100 years, a rainfall
event with T = 5 years has a 100% probability of being exceeded. Similarly, an event with T = 100 years has a
probability of almost 5% of being surpassed within a 5-year time frame. This aligns with the definition of cumula-
tive probability, which inherently accounts for the probability of non-exceedance.
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4.4: DDF and IDF curves

4.4.1: Average curves

Table 33: "a" and "n" parameters used

for all the DDF and IDF curves.

Stations [mm?d oyl []
Bogande 55.82 0.34
Manni 64.94 0.31
Aribinda 54.25 0.32
Bani 54.22 0.33
Barsalogho 57.28 0.34
Boulsa 61.98 0.32
Bouroum 54.03 0.38
Dakiri 55.67 0.32
Gayeri 59.71 0.34
Kossougoudou ~ 57.49 0.33
Piela 58.93 0.34
Sebba 56.33 0.33
Gotheye 54.09 0.28
Karma 54.66 0.35
Namaro 62.41 0.26

Again, to assess the goodness of fit, the previously mentioned error indicators will be used. For all stations, the
log-linear fitting, although simple, has been shown to be adequate.

Here are the various plots, in the order shown in the previous table, with the necessary box-plots for each time

window:
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Figure 22: Average DDF and IDF curves: Bogande.
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Figure 25: Average DDF and IDF curves: Bani.
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Figure 26: Average DDF and IDF curves: Barsalogho.

Avg. DDF & Avg. h: LS -
RMSE: 3.54 T L T T
MAE: 3.00 —

MAPE: 3.06% 4

R%:0.97 T
|
}
}

N
|
|
|

Average DDF Curve
©  Averages - Rainfall sample

Rainfall intensity, i [mm/day]

250

200

o
S

100

(%3]
o

Avg. IDF & Avg. i :
RMSE: 1.51 |
MAE: 0.96
MAPE: 3.06%
R%:0.99 |
T - I T +
T
1 2 3 4 5 6 7 8 9 10
d [days]

Average IDF Curve
©  Average Intensity - Rainfall sample

Figure 27: Average DDF and IDF curves: Boulsa.
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Figure 28: Average DDF and IDF curves: Bouroum.
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Figure 31: Average DDF and IDF curves: Kossougoudou.
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Figure 33: Average DDF and IDF curves: Sebba.
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Figure 35: Average DDF and IDF curves: Karma.
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Figure 36: Average DDF and IDF curves: Namaro.
4.4.2: Growth factors
For each distribution these plots can be made:
+  Dimensionless parameters for each duration (1-10 days);
«  DDF curves, standard and/or in natural logarithmic scale;
«  IDF curves, standard and/or in natural logarithmic scale.

Given the excessive number of possible plots, only the tables of all growth factors, relative to each station, distribu-
tion and considered period of return T, will be shown in this paper. If the reader will want to graph the growth fac-
tor DDF and IDF curves, can easily use the K(T) values form the following tables, the “a” and “n” parameters from

Table 33, following the indications from the Methods’ section Growth factors.

u_n
n

The average L-Moments across all durations (from the normalized series) were used to calculate the different K(T)s,
but the L-Moments across all duration from the initial rainfall series are shown with their trends in the Annex’s sec-
tion L-Moments trends By rainfall durations.
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Table 34: Growth factors K(T) for the Normal, Log-Normal 2 Par. and Log-Normal 3 Par. Distributions.
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Table 35: Growth factors K(T) for the Exponential, Logistic and Gamma distributions.
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Table 36: Growth factors K(T) for the Pearson Type Ill and Log-Pearson Type Il
distributions
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Table 37: Growth factors K(T) for the EV1 and GEV distributions.
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Table 38: Growth factors K(T) for the GLO and GPA distributions.

Distributions Generalized Logistic Generalized Pareto
Stations & T[years] 5 10 20 50 100 5 10 20 50 100

Bogande 1.17 1.32 1.48 1.71 1.92 1.23 1.38 1.49 1.60 1.66
Manni 1.18 1.37 1.57 1.88 2.16 1.24 1.44 1.60 1.78 1.89
Aribinda 1.21 1.43 1.69 2.09 2.46 1.27 1.52 1.74 1.99 2.15
Bani 1.22 1.46 1.73 2.15 2.54 1.29 1.55 1.78 2.04 2.21
Barsalogho 1.21 1.39 1.59 1.88 2.13 1.27 1.46 1.61 1.75 1.83
Boulsa 1.19 1.41 1.65 2.05 2.42 1.25 1.49 1.70 1.96 2.14
Bouroum 1.20 1.36 1.52 1.75 1.95 1.26 1.42 1.52 1.61 1.66
Dakiri 1.20 1.38 1.57 1.84 2.07 1.27 1.45 1.58 1.70 1.77
Gayeri 1.18 1.33 1.50 1.74 1.95 1.23 1.39 1.51 1.63 1.69
Kossougoudou  1.16 1.34 1.56 1.91 2.25 1.21 1.41 1.61 1.85 2.02
Piela 1.19 1.36 1.55 1.84 2.09 1.24 1.43 1.57 1.72 1.81
Sebba 1.23 1.42 1.63 1.92 2.18 1.30 1.50 1.64 1.77 1.84
Gotheye 1.20 1.37 1.54 1.79 2.01 1.26 1.43 1.55 1.66 1.72
Karma 1.23 1.42 1.61 1.89 2.12 1.31 1.49 1.61 1.73 1.78
Namaro 1.16 1.39 1.68 2.16 2.64 1.21 1.48 1.75 2.13 2.43

Table 39: Growth factors K(T) for the Burr Type XII

distribution.
Distribution Burr Type X

Stations & T[years] 5 10 20 50 100

Bogande 1.17 1.31 1.47 1.70 1.90

Manni 1.18 1.36 1.56 1.88 2.16

Aribinda 1.20 1.42 1.68 2.09 2.46

Bani 1.22 1.451.72 2.14 2.53

Barsalogho 1.20 1.39 1.58 1.87 2.12

Boulsa 1.18 1.40 1.66 2.06 2.44

Bouroum 1.20 1.35 1.51 1.73 1.91

Dakiri 1.20 1.38 1.56 1.84 2.07

Gayeri 1.17 1.32 1.49 1.73 1.94

Kossougoudou ~ 1.16 1.36 1.59 1.96 2.29

Piela 1.18 1.35 1.54 1.83 2.07

Sebba 1.23 1.42 1.61 1.89 2.12

Gotheye 1.20 1.37 1.54 1.78 1.99

Karma 1.23 1.41 1.59 1.83 2.04

Namaro 1.17 1.42 1.73 2.24 2.73

For illustrative purposes, the possible plots will be shown for some stations and one distribution, as proof that the
procedure has been followed. Since the Burr Type XII distribution can represent the AM rainfall series of most sta-
tions, it will also be used for the DDF and IDF curves of the Bogande, Manni and Sebba stations, given their im-
portance.
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4.4.3: Plots by Return period
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Figure 37: Dimensionless parameters, DDF and IDF curves of the Burr Type XIl distribution, for the Bogande
station.
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Figure 38: Dimensionless parameters, DDF and IDF curves of the Burr Type Xll distribution, for the Manni station.
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Figure 39: Dimensionless parameters, DDF and IDF curves of the Burr Type XIl distribution, for the Sebba station.
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4.5: Initial data comparison

Here are the comparative box-plots between the station (or pluviometer) data and the ERA5 local grid (Figure 7),

for the values displayed in Table 10
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Figure 40: Comparative box-plots, Max.
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Figure 41: Comparative box-plots, Mean and Median.
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Figure 43: Comparative box-plots, Standard Deviation and Coefficient of Variation.
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Figure 44: Comparative box-plots, Skewness and Kurtosis.
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Figure 45: Comparative box-plots, L-Scale.
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From Figure 40 and Figure 48 it can be seen that the two datasets are shifted to each other. If in some instances
like for the Variance, Unbiased Variance, Standard Deviation, L-Mean and L-Skewness, the means of the datasets
seem comparable, ERA5 has much more data points thus covering more values. From Figure 44, it seems that the
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Figure 46: Comparative box-plots, L-3 and L-4.
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Figure 47: Comparative box-plots, Tau.
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Figure 48: Comparative box-plots, Tau-3 and Tau-4.

ERAS5 data appears to be more asymmetric around the mean values and flat in proximity to the tails.
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4.6: Grid data correction
4.6.1: Associated grid points

For the associated station and grid data points see Table 9.

Table 40: Ordinary moments for the closest grid data points relative to the stations.

ERA5 Points p[mm]  plmm] o?[mm?] ow?[lmm?] o [mm] S[] KI[1]
152 3618  29.63 46147 45597 2148 _ 270  11.23
134 3504  28.95 378.41 37390 1945 209 7.79
60 | 3203 2632 48217 47643 21.96  2.61 9.88
98 3398 2861 411.17 40627 2028 = 184 586 |

113 33.63 29.87 2.33 9.93
169 2.34 9.08
114 335.71  331.71 18.32

134 35.04 28.95 378.41 373.90 19.45 2.09 7.79
173 36.27 420.61  415.60  20.51

152 36.18 29.63  461.47 45597  21.48 11.23
170 504.30 498.30 22.4¢6 1.85

119 318.96 315.17 17.86 2.10 7.45
105 372.02 367.59 19.29 2.27 9.71

105 372.02 367.59 19.29 2.27 9.71

106 27.18 376.35 371.87 19.40 1.98 7.28

Table 41: L-Moments for the closest grid data
points relative to the stations.

ERA5 Points  L;[mm] Ls [mm] Ly [mm]

152 9.67 412 2.78
134 9.35 3.85 2.31
60 9.47 451 349
98 9.81 3.78 2.64
113 2.10
169 3.09
114 9.29 3.23

134 9.35 3.85 2.31
173 9.69 3.45 2.22
152 9.67 4.12 2.78
170 [ 11.09 4.24 2.54
19 8.49 3.36 2.48
105 9.33 3.27 2.32
105 9.33 3.27 2.32
106 9.49 3.35 2.54
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4.6.2: Moments’ ratios
For the associated couples’ numbers see Table 9.

Table 42: Ordinary moments ratios of the associated couples.

Couples’ n° pratios[] pratios[] o?ratios[] ow?ratios[] oratios[] Sratios[] K ratios| ]
1 1.71 1.87 0.70 0.69 0.84 0.53 0.48
2 2.00 2.18 1.57 1.55 1.25 0.67 0.62
3 1.82 2.07 0.93 0.93 0.96 0.48 0.53
4 1.75 1.96 0.99 0.99 1.00 0.55 0.63
5 1.86 1.91 1.28 1.27 1.13 0.56 0.47
6 1.64 1.86 1.43 1.42 1.19 1.71 2.69
7 1.71 1.88 0.99 0.97 0.99 1.12 1.30
8 1.70 1.98 0.86 0.85 0.92 0.24 0.35
9 1.79 1.93 0.55 0.55 0.74 0.40 0.30
10 1.71 1.89 1.38 1.37 1.18 1.02 1.02
11 1.56 1.73 1.17 1.17 1.08 1.21 1.41
12 1.88 1.98 1.66 1.65 1.29 0.56 0.62
13 1.84 2.31 1.09 1.06 1.04 0.67 0.68
14 1.85 2.00 1.69 1.62 1.30 0.65 0.57
15 2.07 2.10 3.80 3.62 1.95 1.17 1.08
Means: 1.79 1.98 1.34 1.31 1.12 0.77 0.85

Table 43: L-Moments ratios of the associated

couples.
Couples’ n° Lyratios[] Lsratios[] Liratios| ]
1 0.98 0.61 0.60
2 1.37 0.98 1.20
3 1.20 0.50 0.54
4 1.13 0.61 0.54
5 1.26 0.95 0.76
6 1.09 0.80 1.15
7 0.98 0.75 1.12
8 1.08 0.32 0.60
9 0.85 0.50 0.69
10 1.14 1.07 1.57
11 1.05 0.98 1.37
12 1.47 0.82 0.66
13 1.13 0.62 0.81
14 1.40 1.14 1.75
15 1.83 2.77 2.57
Means: 1.20 0.89 1.06
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4.6.3: Error indicators

Ordinary moments

Table 44: Error indicators of the ordinary moments, between the stations and original grid data
points.
Before the correction Errors
Couples’ n° plmml  plmm]  o2[mm?] ow?[mm?] o[mm] S[] KI[]
2581 25.67 -443.51 @ -141.18 -3.52 -1.28 -5.85
35.00 34.05 | -354.05 205.27 4.91 -0.68 -2.94
26.30 28.18 -460.98 -34.76 -0.77 -1.35 -4.68
2536 27.39 -390.96 -6.00 -0.07 -0.83 -2.15
28.77 2713 | -257.12 74.02 216 -1.02 -529
2592 2772 | -558.67  242.37 4.71 1.66 15.32
24.60 26.11 -317.50 -8.35 -0.11  0.20 1.74
24.67 28.50 -360.42 -55.84 -1.46 -1.58 -5.04
28.81 29.62 -405.36 | -188.39 -526 -1.65 -10.10
25.74 26.37 -436.23 169.28 3.76 0.06 0.24
22.65 2374 -479.97 83.78 1.87 = 0.39 2.60
28.51 26.32 -295.96 20456 514 -0.93 -2.83
27.05 [ 33.97 -351.89 23.51 084 -074 -3.13
27.34 2597 -346.97 226.87 576 -0.79 -4.13
15 34.56 29.82 -338.54 | 973.47 18.41 0.33 0.55
Error indicators
RMSE[] 106.92 109.12 152569 1115.08 2260 4.00 22.46
MAE[] 411.09 420.56 5798.13 1768.61 36.37 821 2569
MAPE [%] 44.02 49.20 -1713.14 22.58 10.75 -32.31 -23.85
R2[] 0.16 0.18 0.05 0.04 0.05 0.00 0.00

E OO o VONOOANWN =

Table 45: Error indicators of the ordinary moments, between the stations and corrected grid data
points.
After the correction Errors
Couples’ n° plmml  plmm]  o?[mm?] ow2[mm?] o[mm] SI[] KI[]
290 -3.24 -599.76 « -284.05 -6.20 -0.66 -4.17

1

2 7.20 5.80 -482.17 88.11 248 -020 -1.77
3 0.89 250 62423 -184.05 -3.51 -075 -3.20
4 -1.60 -0.53 -530.18 -133.30 -2.60 -0.41 -1.27
5 2.09 -2.02 | -350.53 -11.40 0.08 -0.48 -3.80
6 -6.08 -3.68 @ -757.63 60.43 1.68 | 220 16.68
7 -3.01 286  -431.17 -112.29 -240 0.59 2.60
8 SORlte 0.25  -488.54 -173.00 -3.89 -1.10 -3.87
9 0.03 -1.49 54777 © -318.61 782 -1.02 -7.94
10 -2.97  -2.54  -592.48 26.41 1.08 0.68 1.92
11 260 799 65072 -72.36 -0.94 082 3.55
12 2.81 0.24  -403.95 10580 291 -045 -1.71
13 1.64 8.57 -47785 9167 -1.57 -022 -1.67
14 1.93 0.57 -472.93 11169 335 -027 -267
15 8.97 3.30 46597 | 85695 1599 079 1.44

Error indicators
RMSE[] 1788 1529 2071.53 1029.70 20.70 3.30 21.02

MAE[ ] 3.75 3.15 787587 131.34 137 048 5.8
MAPE [%]  -0.40 -0.37 -2327.04 -1.68 -041 -1.89 -527
R2[] 0.16 0.18 0.05 0.04 0.05 0.00 0.00

59



L-Moments

Table 46: Error indicators of the L-Moments,
between the stations and original grid data points.

Before the correction

Errors

Couples’ n° Lo [mm] Ls[mm] Li[mm]
1 -0.15 -1.59 -1.10
2 3.44 -0.08 0.46
3 1.94 -225 -1.59
4 1.32 -1.47 -1.21
5 205 -0.14 -0.51
6 1.00 -0.97 0.46
7 -0.15 -0.82 0.23
8 0.76 -2.61 -0.92
9 -1.43 -1.74 -0.68
10 1.38 0.27 1.58
11 0.51 -0.10 0.93
12 4.00 -0.61 -0.85
13 1.20 -1.24 -0.43
14 3.75 0.46 1.75
15 7.85 594 398
Error indicators

RMSE[] 1098 7.66 5.52
MAE[] 2747 695 210
MAPE [%] 16.09 -14.16 5.26
R2[] 0.01 0.00 0.02

Table 47: Error indicators of the L-Moments,
between the stations and corrected grid data points.

After the correction

Errors

Couples’ n° L[mm] Llmm] L [mm]
1 -2.07 -1.15 -1.27
2 1.59 0.33 0.31
3 0.06/ -1.77 -1.81
4 -0.62 -1.07 -1.38
5 0.47 0.15 -0.64
6 -1.24 -0.46 0.27
7 -1.99 -0.48 0.11
8 -1.09. 220 -1.07
9 -3.35 -1.38 -0.82
10 -0.54 0.71 1.41
11 -1.69 035 077
12 232 -0.25 -1.01
13 -0.65 -0.89 -0.58
14 1.90 0.81 1.60
15 597 629 3.82

Error indicators
RMSE[ ] 857 739 550
MAE[ ] 093 1.03 0.27
MAPE [%] -0.54 -209 -0.68
R2[] 0.01 0.00 0.02
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4.6.4: Error reductions
Ordinary moments

Table 48: Error reduction for the ordinary moments, between the original grid data and the corrected
one.

Error indicators P p o? Oub? o S K
RMSE  83.28% 85.99% -35.78% 7.66% 8.40% 17.31%  6.43%
MAE  99.09% 99.25% -35.83% 92.57% 96.23% 94.15% 77.89%
MAPE  100.21% 100.75% -35.83% 107.43% 103.77% 94.15% 77.89%
R? 0.00% 0.00% 0.00% 0.00% 0.00%  0.00%  0.00%

L-Moments

Table 49: Error reduction for the L-Moments,
between the original grid data and the corrected
one.

Error indicators L Ls Ly
RMSE 21.90%  3.50% 0.24%
MAE 96.62% 85.22% 87.04%
MAPE  103.38% 85.22% 112.96%
R? 0.00% 0.00% 0.00%

4.7: Corrected data comparison

Here are included the box-plots for the moments that have the highest R?, while the others are omitted for brevity.

Comparative Box-plots: Mean, L-Mean Compardtive Box-plots: Median
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Figure 49: Comparative box-plots, Mean and Median.

As it can be seen, since the grid data is scaled relative to the stations, it shows an increase level of spread on the

previous plots.
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4.7.1: Trends & QQ plots
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Figure 50: Median trends by latitude and QQ plot.
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4.8: Spatial interpolation: Ordinary Kriging
4.8.1: Moments
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Figure 53: Mean at ungauged locations interpolated from the ERA5 Corrected Grid.
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Figure 55: L-3 at ungauged locations interpolated from the ERA5 Corrected Grid.

Although L-Scale and L-3 showed low values for the error indicators between the station data and the corrected
grid (see Table 47 and Table 49), they are included here because they were used to calculate the quantiles of the
corrected grid.
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4.8.2: ERA5 quantiles
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Figure 56: Rainfall heights of the ERA5 Corrected Grid, in terms of Return Period T, for the
EV1 distribution.
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GEV, Generalized Extreme Values
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Figure 57: Rainfall heights of the ERAS Corrected Grid, in terms of Return Period T, for the
GEV distribution.
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BTXIl, Burr Type Xl
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Figure 58: Rainfall heights of the ERA5 Corrected Grid, in terms of Return Period T, for the

Burr Type Xl distribution.
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4.8.3: Quantiles’ box-plots

Rainfall, h [mm]

Rainfall, h [mm]

Rainfall, h [mm]

240

200

o
o

N
o

©
o

40

280

240

200

160

N
o

80

40

280

240

200

o
o

N
o

©
o

B
o

ERA5 Corrected Grid

T

EV1 Distribution, Quantiles Box-plots

[ ——— wpm Py iy |

Full coverage
Sirba Basin & 30 km surroundings

20

50
Return period, T [years]

ERA5 Corrected Grid
GEV Distribution, Quantiles Box-plots

100

Full coverage
Sirba Basin & 30 km surroundings

20

50
Return period, T [years]

ERA5 Corrected Grid
BTXIl Distribution, Quantiles Box-plots

T

L

Full coverage
Sirba Basin & 30 km surroundings

Grid Data Association & Correction
EV1 Distribution, Quantiles Box-plots

20

50
Return period, T [years]

100

240 — -
200 - g
160 | 1
£ u" :
=120} e gt By |
B - | g
£ ool L
2 fi= E h. L
80 L é.} b ! N
40 - 1
- Associated ERAS5 Points
Stations'/Pluviometers' Data
o 1 1 1 1 1
510 20 50 100
Return period, T [years]
Grid Data Association & Correction
280 GEV Distribution, Quantiles Box-plots
240 ]
200 - g
_— o
£ I
E 160+ o o H 1
= ,
= [Ij i i
E120f A Il -
o] L 1 s
= y a 1
<4 L bt
80 hu- < _
40 + g
Associated ERAS5 Points
Stations'/Pluviometers' Data
O 1 1 L L 1
510 20 50 100
Return period, T [years]
Grid Data Association & Correction
280 BTXII Distribution, Quantiles Box-plots
240 1
200 - . 1
— i
£
E£160} . H 1
e . 1+
= » b 1
3 P ek 0
£ 120+ ST a: 1]
[o] 1 - G
3 g i
: él. .
80 - é; ¥ -
40 + 1
Associated ERAS5 Points
Stations'/Pluviometers' Data
510 20 50 100

Return period, T [years]

Figure 59: Quantiles’ box-plots between the ERA5 Corrected Grid and the Station Data.

Here are the final comparative box-plots of the computed quantiles, between the ERA5 Corrected Grid, shown in
variations of full coverage (see Figure 7), covering the Sirba Basin and its 30 km surroundings, along with the as-
sociated grid points (Table 9) and station (or pluviometer) data (see Figure 4 and Table 1).
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5: Discussion
5.1: River geometries & discharges

Although this paper focuses solely on rainfall statistics, some remarks on river geometries and discharges can be
made, which could serve for future studies.

As discussed in the Methods section, river geometries and basin shapes can be derived from a Digital Terrain
Model (DTM). The results depend on the model's resolution, which is also used to compute these features. To
achieve a level of detail in the rivers suitable for visual interpretation, certain local slope variations, and by conse-
quence small rivers, are not considered.

In the specific context of the Sirba Basin, where slope variations are generally low (less than 2% in most cases), the
complexity of river tributaries poses challenges. The basin contains a high number of small rivers, which are them-
selves tributaries of larger rivers. These small catchments often contribute to flood risk in areas not directly adjacent
to the main rivers. During the dry season, these catchments typically exhibit no surface flow; however, their activa-
tion during heavy rainfall events can lead to localized flooding.

Figure 60: Details of small rivers intersecting localities: Barsalogho (left), located in the west, far from major
tributaries, and Sebba (right), situated near Sirba’s tributary, the Yali river. Source: Maxar Technologies (2024).

Satellite imagery can visually reveal small catchments, many of which intersect with inhabited areas. Future flood
simulation studies should account for these local variations o provide a more accurate assessment of flood risks.

Achieving this requires a higher-resolution DTM, as the currently used AfSIS DTM, employed for basic river geom-
etry computations, has a resolution of only 90 meters. Presently, DTMs with resolutions of 30 meters, such as
ALOS, Copernicus DEM, NASA’s SRTM, and ASTER GDEM, have demonstrated high reliability for hydrological
modeling. For even more precise results, LIDAR-based DTMs can be acquired on a smaller scale, offering resolu-
tions as fine as 1 meter. However, this approach requires complex coordination with state authorities.

The basin contains several small earth dams used for irrigation purposes, where discharge data is usually
recorded. The most important dams are located in the following localities:

+ Bogande; + Kossogoudou; » Tougouri;
* Bilangg; « Liptougou; *+ Yalgo;
+  Dakiri; *  Manni; + Zeguedeguen.
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In addition to these, there are many other dams that form artificial lakes. Although a statistical analysis of dis-
charges was not included in this study, organizing and analyzing this data would be valuable for establishing a
stronger link between rainfall and discharge patterns in the basin, as well as their interactions with these dams.

Figure 61: Satellite images of key locations in the Sirba Basin: Bogande, Dakiri, Manni, and Sebba.
Note the proximity of rivers or dams to these localities and the small river branches intersecting areas
such as Bogande and Sebba. Source: Maxar Technologies (2024).

As a conclusive note to this section, viewing the area through satellite images clearly indicates that some interven-
tion against flood risk is necessary.

Without delving into complex details, the Sirba Basin lacks a levee system, which would require extensive state
programs and funding. A viable alternative could be the adoption of drainage systems, such as channels, to redi-
rect water flowing toward localities back into the Sirba’s tributaries. The necessary work could be carried out by
the local population, which would help reduce the need for extensive government intervention.

Another viable alternative involves techniques of rainwater harvesting as an adaptation strategy for flood mitiga-
tion. This was covered by P. Tamagnone, E. Comino, and M. Rosso in their 2020 paper [46]. Without entering into
specifics, the techniques consist of digging small holes on large areas to drain water using the surface of the wa-
tershed itself. In his doctoral thesis, P. Tamagnone (where he performed HEC-RAS simulations on the watershed of
the village of Touré, Niger, in the Sirba Basin) remarked that these methods could improve the existing situation in
terms of outgoing flow, as the basin shows clear signs of soil degradation that exacerbate the flood risk [47].

70



5.2: Distribution fitting

The backbone of this paper is the distribution fitting, which provided some good results, at least for the Burr Type
XIl function, as it better represents the stations' dataset when considering the adopted error indicators, statistical
tests, and information criteria, except for the Anderson-Darling test for the Kossogoudou station (see Table 24).

Obviously, the distribution selection is not arbitrary. Other distributions, such as the Gumbel and GEV, can also
represent the stations' dataset, though with less robustness for the Anderson-Darling test (see Table 22), but with
similar error indicators and ICs values (see Table 16 and Table 28). This shows how flexible extreme value distribu-
tions can be, even in cases like this, where there is a distinct difference between dry and monsoon seasons.

Other distributions, like the Pearson Type Ill, its log alternative, the GLO, and GPA, which performed well in terms
of error indicators, seem unreliable when considering the Anderson-Darling test and, even more so, the informa-
tion criteria. These distributions showed clear out-of-bounds conditions for some stations. This is due fo the fact that
for the initial values of the sorted rainfall sample (usually 2 or 3), very low density probabilities were obtained
(tending to 0), thus driving the log-Likelihood close to -c0 and the ICs to +co.

In theory, the criteria for selecting the distribution can be expanded. Other distributions, such as the less commonly
used Log-Logistic, Pearson Type V (2 and 3 parameters), Chi, Inverse Chi, and Kappa (K3-Generalized Gumbel
and Park), among many others, can be applied. Given their complexities, as demonstrated by C.G. Anghel et al.,
new approximations for the parameters were applied using L-Moments. These methods were employed to fit some
of the previously mentioned distributions to the discharge data from the Siret Basin (Romania). [48] [49].

Some authors argue that the potential of extreme value distributions is often not fully utilized. Variants of the GEV,
such as the Fréchet and Weibull distributions, could be applied. The same can be said for the TCEV (Two Compo-
nent Extreme Values) model, can treat the o|ry and rainy seasons as fwo distinct components for the Peak Over
Threshold approach. For this paper, that approach was omitted, but its inclusion is warranted.

Under specific conditions, an alternative to the Anderson-Darling and Kolmogorov-Smirnov tests could be Zhang's
tests [50]. Their values, based on likelihood ratios, are distribution-free and can be applied in a similar manner to
the traditional tests, but they are even more sensitive to extreme probabilities, such as 0 or 1. Unlike the Kol-
mogorov-Smirnov test, which is more sensitive to the maximum deviation, Zhang's tests distribute sensitivity across
the entire dataset [50]. Other statistical tests for better comparison could also be applied, such as the simple Maxi-
mum Value test [51], Chi-Pearson test [52], or the Cramér-von Mises criterion [53] [54].

All the aforementioned methods can be applied to identify a better candidate distribution, or multiple distributions,
to fit the empirical sample from all stations, particularly the Kossogoudou station.

Considering the confidence intervals, they typically decrease for rainfall with a return period greater than 10 years
(see from Figure 17 to Figure 21). This is because, even though the datasets span multiple decades for most sta-
tions, the Annual Maxima method excludes significant rainfall extremes that cannot be observed within this frame-
work. This limitation underscores the importance of adopting the Peak Over Threshold (POT) method, which allows
for the inclusion of multiple extreme events within the same year, thereby enriching the already limited dataset.

An initial attempt was made fo isolate different rainfall extremes based on various day windows. However, since
the rainfall season does not exhibit a clear delineation, defermining appropriate separation periods between ex-
tremes is highly complex to implement. This can be clearly seen through the monthly cumulative rainfall plots (see
Annex). Additionally, defining the threshold requires careful consideration. The fixed threshold initially adopted
was too low, leading to challenges in data quality. A dynamic approach, such as using a moving average, could
provide a more robust solution.

For the region, the main challenge lies in the reliability of daily rainfall series from the gauges. The dataset con-
tains evident gaps due to malfunctions or other issues, and some years had to be discarded (see Table 1 and Fig-
ure 3), which could have otherwise enhanced the fitting process. For future applications, the data has been better
organized; however, further efforts are necessary to install additional rainfall gauges to more accurately quantify
rainfall at a regional level.
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5.3: DDF & IDF Curves

It was previously demonstrated how to compute average Depth-Duration-Frequency (DDF) and Intensity-Duration-
Frequency (IDF) curves across multiple-day windows using the station dataset. The same methodology can be ap-
plied to compute these curves for various distributions, different return periods, and multiple rainfall durations
measured in days (see from Table 34 to Table 39). While these analyses are typically conducted in terms of hours,
the lack of sufficient data from rainfall gauges recording at 15-minute intervals necessitated this approach. The
limited availability and insufficient record lengths of these gauges made an Annual Maxima analysis unfeasible.

Nevertheless, IDF curves remain a valuable tool. They can be utilized to create hyetographs, which describe varia-
tions in rainfall intensity over time. Using DDF curves and methods like the Chicago method, block rainfall series
can be generated with an initial peak, final peak, or an intermediate peak, ensuring that the area under thecon-
sidered IDF curve remains constant [55].

These constructed hyetographs can then serve as inputs for hydrograph computation using various methods based
on the inflow-outflow of surface water. This allows for flood simulations using software such as HEC-RAS and HEC-
HMS.

Moreover, the DDF and IDF curves can act as references for future years, enabling comparisons of cumulative
rainfall over 1 to 10 days fo determine the corresponding return period (T) to which they align Additionally, they
can be integrated into a meteorological warning system.

5.4: Spatial interpolation

As mentioned before, due to the small number of stations and their irregular spacing, traditional interpolation
techniques like Kriging or IDW are not viable. The dataset of the used stations shows very low values of spatial
correlation. Only a small number of Ordinary Kriging attempts produced acceptable results, and these were
based on the cumulative monthly rainfalls of specific years.

Even simple interpolation methods, such as Spline (regularized or tensioned), which could have been used for mo-
ments, quantiles, and growth factors, yielded unreliable results, with some values turning negative. The viable al-
ternative to obtain at least a visual understanding of how rainfall-related quantities vary across the Sirba Basin is
the use of Thiessen Polygons. While these do not constitute operational results, they were nevertheless implemented
(see Annex section: Basic spatial interpolation: Thiessen Polygons).

To work solely with the stations, as mentioned earlier, their number must be increased to achieve acceptable values
of spatial correlation. This is especially crucial for applying the procedure, and even so the usage of specialized
semi-variance estimators, such as Cressie-Hawkins, Dowd, or Genton, which account for outliers and skewness.
Matheron’s estimator alone is insufficient for analyzing datasets with high outliers and skewness, such as the one
under investigation. The few good results were achieved using the Cressie-Hawkins or Dowd estimators, which at
least demonstrate that commonly used semi-variance estimators are not suitable in this context.

A viable alternative is the use of grid data, such as ERA5, which is more regular and offers a certain degree of
spatial correlation. However, as a reanalysis dataset, ERA5 differs from station data, showing lower averages for
the AM series (even when adopting a smaller time span, e.g., from 1960 or 1980). This discrepancy arises be-
cause ERA5 data are computed based on various variables, such as pressure and temperature, and are time-aver-
aged. Max. of the AM series differ, with the grid showing more values in the lower interquartiles and fewer out-
liers compared to the station data (see Figure 40).

For this reason, the grid data had to be corrected. Although the correction showed poor R? values, it produced
some comparable results in terms of median and mean rainfall heights when referenced against station data, and
the error reductions were significant. Quantiles calculated from the corrected ERA5 grid were comparable to those
computed from the stations. As expected, the station-derived quantiles exhibited more outliers due to the dataset's
initial characteristics. Nonetheless, the two quantile series displayed a degree of similarity between the lower and
higher interquartiles (25% and 75%) in their computed box plots (see Figure 59, right side).
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The adopted correction method was straightforward. By associating each station with its nearest grid point and
applying a scaling ratio to the grid data, the cumulative distribution function (CDF) of each grid point was ad-
justed toward higher rainfall values to better align with the corresponding station’s distribution.

However, this basic correction alone is insufficient. More refined adjustments can be implemented, such as consid-
ering the four grid points surrounding each station and calculating a weighted average, or directly modifying the
CDF through quantile correction between the grid and station distributions. This approach allows for targeted cor-
rections, addressing probability differences for middle or tails values of the distribution.

Additionally, as a precaution, the reliability of the station series can be assessed through outlier analysis methods
to ensure robust corrections [51].

Other grid datasets, such as CHIRPS and TRMM, could also be utilized.

CHIRPS (Climate Hazards Group Infrared Precipitation with Stations) is a global rainfall dataset designed to moni-
tor rainfall trends and support hydrological studies, particularly in regions with limited ground data. It provides
daily, 5-day, or monthly precipitation data from 1981 to the present. CHIRPS offers a finer spatial resolution com-
pared to ERAS5, at 0.05° (~5 km at the equator). The dataset combines satellite-derived Cold Cloud Duration
(CCD) imagery with station observations, resulting in a comprehensive resource that is particularly valuable for
drought monitoring [56].

TRMM (Tropical Rainfall Measuring Mission) was a NASA-JAXA satellite mission aimed at measuring tropical and
subtropical rainfall to enhance understanding of climate cycles and patterns. The mission operated from 1997 to
2015, covering latitudes from 50°N to 50°S. lts resolution varied from ~4 km to 25 km depending on the instru-
ments used. TRMM employed various sensors, such as the Precipitation Radar (PR) and the TRMM Microwave Im-
ager (TMI), to measure rainfall intensity and spatial distribution effectively [57].

Both of these datasets are available in .csv or NetCDF formats (.nc) and can be analyzed in the same manner as
the ERA5 dataset, with various coding languages and GIS software.

Ultimately, the simple correction demonstrates that adjusting the grid dataset using station data as a reference is a
viable approach. This method was employed to generate operational rainfall height maps for different distribu-
tions and return periods (see from Figure 56 to Figure 58).

In this paper, spatial interpolation is presented as a method for rainfall regionalization, also referred to as re-
gional frequency analysis. These methods are generally divided into two categories:

* Regional methods:
» Fixed regions;

*  Cluster regions, based on climatic characteristics in the parameter space rather than the geo-
graphic one;

* Regions of Influence (ROI), where each sample point has its own ROI.
*  Regionless methods:

* Based on spatial interpolation;

+ Based on geostatistical techniques.

Regionless methods are often preferred because they avoid creating artificial borders for regions. As mentioned
earlier, spatial interpolation methods encompass various techniques, such as Thiessen polygons, Inverse Distance
Weighting (IDW), Spline, Geo-regressions, and different variants of Kriging.

ltaly has implemented regionalization methods for discharge analysis, such as VAPI (Valutazione delle Piene) [58]
and ARPIEM (Analisi Regionale delle Piene nei bacini montani) [59]. Each of these methods has its strengths and
weaknesses, and similar approaches could be adapted to model rainfall across large areas, such as the Sirba
Basin.
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These approaches are primarily based on the 1997 work of Hosking and Wallis on regional frequency analysis
[24], as well as the index flood method initially proposed by Dalrymple [37]. The main objective is to create ho-
mogeneous regions where the Growth Factor K(T) is constant. In these regions, the frequency distribution remains
invariant, except for a site-dependent scale factor, the index value (which can represent either rainfall or dis-
charge). Ultimately, each region will have its own K(T) curve.

A key challenge, as discussed earlier, is the short duration of records at many stations, leading to very short An-
nual Maximum (AM) series. In contrast, ltaly benefits from a larger network of rainfall gauges, many with exten-
sive historical records dating back to 1900. This allows for more reliable application of the initial Homogeneity
Test proposed by Hosking and Wallis. However, in the Sirba Basin, the same test is less dependable due to the
high number of discarded years and the brevity of available series at many stations [24].

Further efforts are necessary to enhance regional frequency analysis not only for the Sirba Basin but also for the
entire ferritories of Burkina Faso and Niger, focusing on regional approaches rather than relying solely on spatial
interpolation.

Defermining a reliable probability curve based solely on station data is only feasible when the observed series
length (N) is sufficiently long. For example, Benson suggests that N>T/2 [60], where T is the return period. Simi-
larly, the Flood Estimation Handbook (FEH) recommends N>5T [61].

In the analyzed context, these conditions are rarely met. For instance, the Namaro station, with only 17 recorded
years, would render return periods exceeding 8.5 years unreliable under Benson'’s criterion. Even relatively better
stations, such as Aribinda and Piela, with 60 years of data, struggle to meet these criteria, as return periods be-
yond 30 years remain unreliable.

This limitation must always be considered when interpreting distribution fitting (from Table 13 to Table 30, Table
31, and from Figure 17 to Figure 21) and quantile maps (from Figure 56 to Figure 58). Discarding stations with
short records has been deemed unfeasible, given the already limited number of stations with usable AM series,
further compounded by the large number of inactive rainfall gauges in the region.
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6: Conclusions

The obijective of this paper was to use the rainfall series from the station, together with grid data, to compute oper-
ative products that could be applied to assess pluviometric risk in the Sirba Basin.

The computed quantiles of the Burr Type XII distribution for the stations, along with the DDF and IDF curves, repre-
sent valid indicators for rainfall representation, at least at a local level near the locality where the station was
placed. As mentioned in the Discussion section, some improvements can be made. Obviously, not only one distri-
bution can be applied to the entire basin, but multiple distributions or even a mixed quantile estimation approach
may be adopted.

Due to the spatial and numerical configuration of the stations’ dataset, more accurate spatial interpolation meth-
ods, such as Ordinary Kriging, could not be adopted to represent moments, distribution quantiles, and growth fac-
tors. Nevertheless, simpler methods, such as Thiessen Polygons, were computed to provide at least a limited visual
understanding of rainfall quantities in the region.

To address the limitations of the station data, the ERA5 grid dataset was adopted and scaled to match the stations’
moments for the Annual Maxima series. The initial error indicators showed poor performance, but the error reduc-
tion achieved between the initial grid and the corrected/scaled grid (using the stations as a reference) demon-
strated improvements, particularly for the Median and Mean.

The corrected grid’s moments were used to compute rainfall heights (quantiles) using the best-fitting distributions
for the station data, including Gumbel, GEV, and Burr Type Xl (the most suitable). These values were comparable
to the rainfall heights observed at the stations, as indicated by raw box-plot comparisons, suggesting that scaling
the grid data to align with the station data is a viable approach. However, further improvements could be
achieved by employing more precise quantile corrections and incorporating spatial averaging techniques.

Further efforts should be made to implement rainfall frequency analysis for the entire countries of Burkina Faso
and Niger, utilizing all available rainfall gauges instead of just those in the Sirba Basin, as an alfernative to spatial
interpolation.

Overall, this paper highlights both essential practices and potential challenges in difficult contexts such as this,
where station data is derived from sparse pluviometers installed over different decades and are often character-
ized by interruptions and unreliable years.
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8: Annex

Here the plots follow the order of Table 1, regarding the stations.

8.1: Cumulative & Max. Daily Rainfalls by month

Here are the two series of plots, for each station:

Averages of monthly cumulative rainfalls, across all available years;

Box-plots of the series of daily maximum rainfall for each month, across all available years.

For the second plots, the yearly max. of daily rainfall for each station, clearly coincides with the ones of Table 10.

For the first two stations, Kogho and Salogo, there are only two available years, thus making them unusable for
the AM analysis, and show no whiskers or outliers on the box-plots.
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Figure 62: Kogho.
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Figure 63: Salogo.
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Figure 66: Bani.
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Figure 64: Bogande.
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Figure 67: Barsalogho.
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Figure 70: Dakiri.
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Figure 72: Kossougoudovu.
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Averages of Monthly Cumulafive Rainfall,

Max. Daily Rainfalls by month,

Figure 75: Gotheye.
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Figure 73: Piela.
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Figure 74: Sebba.
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Figure 77: Namaro.
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8.2: Yearly Cumulative Rainfalls

The Kogho and Salogo station’s plots are omitted since they each contain only two years. For each station the dis-
carded years are indicated in Table 1 and Figure 3.
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Figure 78: Yearly cumulative rainfall trends, Bogande and Manni.
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Figure 79: Yearly cumulative rainfall trends, Aribinda and Bani.
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Figure 80: Yearly cumulative rainfall trends, Barsalogho and Boulsa.
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Figure 81: Yearly cumulative rainfall trends, Bouroum and Dakiri.
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Figure 82: Yearly cumulative rainfall trends, Gayeri and Kossougoudou.
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Figure 83: Yearly cumulative rainfall trends, Piela and Sebba.
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Figure 84: Yearly cumulative rainfall trends, Gotheye and Karma.
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Figure 85: Yearly cumulative rainfall trend, Namaro.
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8.3: L-Moments trends
8.3.1: By years

For each station, the yearly trends obviously converge to the values of Table 11. Discarded years are in Table 1.
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Figure 86: Trends in L-Moments by year, Bogande.
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Figure 87: Trends in L-Moments by year, Manni.
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Figure 88: Trends in L-Moments by year, Aribinda
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Figure 89: Trends in L-Moments by year, Bani.
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Figure 90: Trends in L-Moments by year, Barsalogho.
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Figure 91: Trends in L-Moments by year, Boulsa.
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Figure 93: Trends in L-Moments by year, Dakiri.
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Figure 94: Trends in L-Moments by year, Gayeri.
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Figure 95: Trends in L-Moments by year, Kossogoudou.
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Figure 96: Trends in L-Moments by year, Piela.
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Figure 97: Trends in L-Moments by year, Sebba.
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Figure 98: Trends in L-Moments by year, Gotheye.
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Figure 99: Trends in L-Moments by year, Karma.
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Figure 100: Trends in L-Moments by year, Namaro.
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8.3.2: By rainfall durations

Here are the plots of the L-Moments by rainfall duration, throughout the considered moving windows (1-10 days),

computed by using the initial rainfall series, not the normalized ones.
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Figure 101: Trends in L-Moments for rainfall durations, Bogande and Manni.
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Figure 102: Trends in L-Moments for rainfall durations, Aribinda and Bani.
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Figure 103: Trends in L-Moments for rainfall durations, Barsalogho and Boulsa.
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Figure 104: Trends in L-Moments for rainfall durations, Bouroum and Dakiri.
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Figure 105: Trends in L-Moments for rainfall durations, Gayeri and Kossougoudou.
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Figure 106: Trends in L-Moments for rainfall durations, Piela and Sebba.
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8.4: Distributions

Distributions with 'log' in the prefix require the L-moments to be calculated from log(x) instead of the raw value x.
When the probability density function (PDF) shows imaginary parts, the value is set to zero, thus rendering the dis-
tribution out of bounds in terms of Information Criteria. Consequently, CDF values that are imaginary numbers are
set to NaN

8.4.1: 2 Par.

Normal/Gaussian:

Parameters: location ©=L;, and scale o=vzl,

CDF: F:l[l+erfc(L)]:©(u) where u= x;‘u and erfc is the error function

2 \(2)
CDF": x=0(—VZerfkc ' (2¢))+u

exp (_7]~u2)
PDF: f=—p 2 —
Log-Normal 2 Par.:
Here the L-moments are in function of log(x).
Parameters: location u=L,(log(x)) and scale o=vzL,(log(x))

CDF: F:2i[1+erfc(%)]:d)(u) where u=224

CDF'": x=0(—V2erfkc ' (2¢))+u

exp(_TI-u2)

PF: f= 2-7-0-exp(log(x))

Exponential:
Parameters: scale @=2L, and location £=L,—«
CDF: F= I—exp(ggl—x)
CDF'": x=&-alog(1-¢)
£—x
POF: f=2PCa)

f(x<&)=0
Gamma:

Parameters:

C and o represent the shape
1-0.3080¢ '
£-0.058125°+0.01765¢°

o= 0.72135-0.5947 %2
102.1817£+1.21135%

2

iftau>0tau < 0.5, then &=77° and a=

iftau>0tau < 0.5, then &=1-7z and

L
rate: /3‘:7’ .
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CDF: F:gammainc(%, @) where gammainc is the gamma incomplete function
CDF': x=gammainc™' (¢, ) f

exp(—-)

NES) aﬂ

PDF: F:—ﬁ
I'a)

Logistic:
Parameters: scale @=L, and location &=L, ;

1
T+exp(—u)

—
where u==

CDF: F=

CDF': x=&-alog(y) where y:%

,c exp((x—u)
o e e (o)

Gumbel (EV1):

Parameters: scale azlo;—ZZ and location &E=L,—0.577 a ;

CDF: F=exp(—exp( 5;)(

)
CDF': x=&-alog(log(¢))

E—x
PDF: f=exp(£5%) SR 7))

8.4.2: 3 Par.

Log-Normal 3 Par.

As for the Log-Norm. 2 Par., here also the L-moments are in function of log(x).
Parameters:

Coefficients for the approximations taken from Table A.1 from [24].

E,=2.0466534 ;E,=—3.6544371,E,=1.8396733; E ;=—0.20360244;
F,=—2.0182173,F ,=1.2420401,; F ;=—0.21741801

2 4 é L2-K‘-exp(__”(2) ’_exp(iK_Q)
shape: x=-7 Eo+E,75+E,75+E ;75 - scale: a= 2 . location: §:L,—a—2
TT4F S FrieFary I—20(=5) 7
CDF:
I-x(x=§&)
fic=0,then y=%Z5 ;i 0,then y="18 o)
F=a(y)

CDF': y=d '(¢)

ifk=0,then x=a-y+& ;ifk=0,then 5<=§+051_#(_Ky)
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Pearson Type llI
Parameters:
O.36067~cj—0.59567'§2+O.2536 1 ~§3
-3>1 tau-3< 1, th =1- = .
Fau-3 2 1/3 and tau-3 <1, then £=T—{(7,)] and « 1-2.78861-+2.56096-C7—0.77045-°

| . B 140.2906-¢
else, then £=37-75 and a= o ae 70,0442 7

I'a)

’

shape: y:%)-sign(r;,) ; location:  w=L, ; scale: a:L2~\/(ﬂ)-\/®-F( ’)
A+
2

p=geoly) ; E=u-57

If o is bigger than approximately 171, B is infinite (overflow) and T is very small. So, it must be chosen a case
where I' = 0 and the distribution becomes Normal, with o= p and B = o.
a=L, ; p=V(x)l, ; &=nla ; y=0
CDF:

ify>0, then u= X2 and F=gammainc(u,a) where gammainc is the incomplete gamma function;

B

if y <0, then v=2_"% and F=1—gammainc(v,a) ;

B

if y = 0, than it is Normal distribution, so uzlog(# and Fzzi-( T+erf ( (U )))

S

CDF":
ify>0,then y=gammainc(¢,a) and %x=(x- p)+&
ify <0, then y=gammainc(1—¢,a) and x=(—yx-p)+&
if y = 0, than it is Normal distribution, so x=®7'(¢,c, )
PDF:

(x=&) exp 5/})(

B*T(a)

ify>0,then f=

x=¢

(E—x) ’~exp B
pT(a)

ify <O, then f=

exp(7~u2)

if y = 0, than it is Normal distribution, so  u= x/:)a and fzzﬁ%”

Log-Pearson Type lli

Here the L-moments are computed relative to log(x) not just x. Without repeating, the expressions for the parame-
ters, CDF and CDF"', are the same ones as for the Pearson Type llI, the only difference is that x must be substituted
with log(x). Thus when y = O, the CDF and CDF' are relative to a Log-Normal distribution.
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Generalized Extreme Value (GEV):

IZX: / b1:]':] X b2:

Parameters:

3_” |—9£ ; shape: x=7.8590c+2.9554¢% ;
3

Lk
=27 1-T(I+x)
scale: G_W ; location:  &=L1—a——F—
CDF:
(17K (x=8)
if k=0, then F:exp(—exp(g;—x)) ;ifk =0, then y= log( - )

F=exp(—exp(y))
CDF:

iF=0,then x=&—alog(—log(p)) ;ifx+0,then i=g+al——09(@)"

PDF:

(§;X)exp(_exg(¥))

if k = 0, Gumbel distribution then f=exp

k0, then foPlx] )g—eXP(—y))

Generalized Logistic (GLO):

Parameters:

L,-sin(7«x)

shape: x=-7; ;scale: a=——2L—— ; location: §:L,—a(7]—,ﬁ—ﬂ)

CDF:

—log( ’—K%)

if k =0, then u:%é: ;ifK:tO,then u= e ;

- 7+exp( u)

1. 1-¢
CDF": y=—+>= 7

ifk =0then x=&-alog(y) ;ifk=0,then $<:§+a’—_,(LK
exp(u(xk—1))
POF: = repCo)?
Generalized Pareto (GPA):
Parameters:

1-37,

Trro ;scale: a=(T+x)(2+x)L, ;location: E=L,—L,(2+x)
+T3

shape: x=
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CDF:

—¢

“log( 1~k %55
K

if k =0, then u:%g ;ifk#0,then u= ; F=T+exp(—v)
CDF:

. 1-(I1-¢)

ifk=0,then x=&-alog(1—¢) ;ifk=0,then x=E+a -
PDF:
I exp((x—1)v)

a

if k = 0, case Exponential distribution then f(x<&)=0

ifk=1,then F(x<&vx=St%)=0

0

§+a)

ifk>0,then f(x<&vx>2_
if k<0, then f(x<&)=0
Burr Type XII:

log(1-7)
if: 7,> ];_'_3; and 13<—l(—2+2-3< o9 2 )+3r) : tau and tau-3 are out of bounds;

Parameters:

A is for scale, c represents the shape of the distribution’s tail and « is the shape for the peak & tail

log(3)

( )
t,=24-337+97°-8(1-7)"9? (3+7)

\/ Tog(3)
Iog‘(’f" 12247 (—4(1-7)°? (3+7)+3(4—57+7°))-(— 1+7 (= 3+77)+ 377))
log(3)
e 24(1-7)°92)(3+7)—18(4—57+7°)
log(3/2)
T+x =2(1+x)
—(1(+% -K+K'T+K-\/(§ +27°5"(1-3-1)+(1+7)%))
if k <-1,then c= y, ;
T
: 25 2\ 1,2 5,1 log(2) | .
if k> -1, then C——(j)'(j—(g) )'(7+K_7)+§'(—7+(§) )'(—K—W) ;
(1+1)
L Lelen) (1)
- T\ 1.1
—I(1+2)T(C+5)

< &)

CDF: F=1—(1-x(%))

CDF': x=A(-L(1-(1-p)))

101



8.5: Growth factors

The parameters calculated with the average normalized L-moments across all durations, will be indicated with an
over-line, and they are dimensionless, thus correctly rendering K(T) dimensionless. Here are the expressions for the

K(T):
Normal: K(T)=a(—v2erfc'(2F))+n

Log-Norm. 2 Par.: K(T)=a(—v2erfc ' (2F))+m
Log-Norm. 3 Par.: y=® '(F)

~.

ifk=0,then K(T)=a@y+& ;ifk#0,then K(T)=E+a—Fp—"=
Exponential: K(T)=&-alog(1-9)
Gamma: K (T)=gammainc™'(F,a)-f

Logistic: K(T)=E—alog(y) where y:%

Pearson Type llI:
ify <0, then x=gammainc(1-F,a) and K(T)=(-7 B)+&
if y = 0, than it is Normal distribution, so K(T)=® '(F,a,f) .
Log-Pearson Type lll: Same expressions as for Pearson Type IlI.

Gumbel: K(T)=E&-alog(log(F))
GEV: ifk =0, then K(T)=Earlog(~log(F)) ;ifk =0, then K(T)=g+cr——o8FIL

GLO: y:’%l_: ;ifk=0then K(T)=&-alog(y) ;ifx=0,then K(T)= +§—_,?L
GPA:
R CE oloa(1-F) ifx o 1=(1=FF
ifk=0,then K(T)=E—alog(1-F) ;ifk=0,then K(T)=&+a ——

(1-(1-FF))€

Al| —

Burr Type Xlll: K (T)=4(
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8.6: Basic spatial interpolation: Thiessen Polygons
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Figure 109: Thiessen polygons of the considered rainfall gauges (stations), representing Max.
and L-Moments of the AM Series of Daily Rainfall.
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Figure 110: Thiessen polygons of the considered rainfall gauges (stations), representing
quantiles of the BTXII distribution, computed using the L-Moments.
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BTXIl Growth Factors, K(T)
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Figure 111: Thiessen polygons of the considered rainfall gauges (stations), representing the
growth factors of the BTXII distribution, computed using the L-Moments, and used for the DDF
and IDF curves.
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8.6.2: ERA5 Local Grid
Max. & L-Moments
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Figure 112: Thiessen polygons (Quadrants) of the initial ERAS Local Grid, representing Max.
and [-Moments of the AM Series of Total Precipitation.
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