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Abstract

West Africa is a region highly vulnerable to global change, where hydro-climatic extremes become increasingly frequent and

intense. While previous floods studies have been limited to few river basins with scattered observational data, the availabil-

ity of a recent regional hydrometric in-situ database offers the opportunity for studying hydrological extremes at the west

African scale. This study investigates trends in hydrological extremes using annual maximum streamflow (AMAX) over 805

West African catchments from 1950 to 2018. A rigorous flood frequency framework based on Extreme Value Theory is used

for trends detection in return levels, comparing a wide variety of non stationary models. In order to synthesize the regional pat-

terns, an objective typology of flood evolution trajectories is developed using k-means clustering. The results reveal widespread

non-stationarity in flood extremes, affecting 85% of the catchments, with contrasted trajectories of extremes. The clustering re-

veal 6 main types of trends in hydrological extremes. While most catchments exhibit a general decline in flood magnitude until10

the major droughts affecting the region (1970s-1990s), recent decades show divergent evolutions, ranging from stabilization

to moderate or strong increase. At the regional scale, a north–south gradient emerges. The Sahelian catchments display trajec-

tories ranging from persistent decreases to weak flood intensification, whereas the Sudano-Guinean basins are predominantly

characterized by decreasing trends, with additional nuances related to the shape and magnitude of these declines. Overall,

these results challenge the assumption of an homogeneous signal of hydrological intensification over West Africa and pro-15

vide a more nuanced depiction of typical Sahelian and Sudano-Guinean flood evolution patterns. Furthermore the contrasted

trends identified are only weakly explained by catchment physical or hydrological characteristics, underscoring the complex-

ity of non-stationary hydrological dynamics in the region. By documenting the diversity of long-term flood trajectories over

1950–2018, this study refines the regional narrative of hydrological changes in West Africa and has important implications for

anticipating future hydro-climatic extremes and for supporting the strengthening of resilience of ecosystems and societies.20

1 Introduction

West Africa is a tropical region that is particularly vulnerable to global changes. Its climate is extremely sensitive to climate

change, as it is largely influenced by the West African monsoon (Lebel and Vischel, 2005). In recent years, the region has

experienced unprecedented shifts, beginning with generalized warming, which alters monsoon dynamics and consequently
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modifies rainfall intensity, occurrence and timing (Nicholson, 2013; Panthou et al., 2014; Taylor et al., 2017; Panthou et al.,25

2018; Biasutti, 2019; Chagnaud et al., 2023; Spät et al., 2025). These major shifts have direct consequences for water resources

(Descroix et al., 2018; Cuthbert et al., 2019), rain-fed agricultural production, and challenge the adaptability of population and

ecosystems (Tschakert, 2007; Lalou et al., 2019). They occur against the backdrop of fast and interconnected transformation

in West Africa, with respect to climate, demography, and land-use changes, notably cropland expansion and increasing ur-

banization (OECD/SWAC, 2009; OSS, 2018; Birkmann et al., 2022; Trisos et al., 2022). Within this context, ecosystems and30

populations are already coping with climate variability. In response to these combined climatic and socio-economic pressure,

ecosystems and societies in West Africa are developing various adaptation strategies (Tambol et al., 2025). Local knowledge

plays a key role in the development of practices aimed at facing rainfall variability, particularly changes in the timing of the

rainy season onset (Mendes et al., 2025). The observed increase in vegetative cover in some regions, together with the diver-

sification of agricultural practices to improve production, is often interpreted as evidence of resilience of both populations and35

ecosystems (Descroix et al., 2024).

However, this resilience may be increasingly challenged by the growing frequency and intensity of climate extremes. Indeed,

in recent years, the region has frequently experienced hydro-climatic extremes, both wet and dry (Panthou et al., 2014; Taylor

et al., 2017; Panthou et al., 2018; Wilcox et al., 2018). Floods are among the most damaging and deadliest of these hydro-

climatic extremes, ranking among the most significant disasters in West Africa (Tramblay et al., 2020; Jonkman et al., 2024).40

The number of people affected by floods has grown exponentially in recent decades (Aich et al., 2016; Birkmann et al., 2022).

Faced with this increase in damages, hydrological risk managers are often ill-equipped to incorporate the intensification of

hydrological hazards into their adaptation strategies. In particular, structural approaches to hydrological risk management are

challenged by the difficulty of designing infrastructure capable of ensuring the protection of people and assets in a context of

increasing hydrological hazard intensity (Milly et al., 2008; CEDEAO, 2020). In West Africa, the methods commonly used for45

the hydrological design of flood protection structures are based on approaches developed from observations prior to 1970 and

rely on the assumption of hydrological stationarity (Amani and Paturel, 2017). These methods have now become obsolete, and

their application entails a significant risk of leading to inappropriate or inadequate sizing of hydraulic structures.

Robust information on the evolution of hydrological extremes and the associated mechanisms could be thus a great assistance

for supporting the ongoing resilience of population and ecosystems. There is therefore a growing scientific interest in improving50

the detection of potential trends in floods across hydrological systems in West Africa, identifying possible regional or sub-

regional coherences, and assessing whether typologies of trends can be established. Such analyses constitute an important

prerequisite for identifying the mechanisms driving changes in extreme hydrological regimes, in relation to climate and land-

use changes, and as a function of the intrinsic hydromorphological characteristics of catchments in the region (Aich et al.,

2015; Descroix et al., 2018).55

However, in West Africa, data scarcity and limited data accessibility constrain the number of studies addressing the evolution

of hydrological extremes over recent decades (Tramblay et al., 2021a). Most existing studies investigate extremes and their

temporal changes over a limited number of catchments. Some focus on major tributaries within large river systems such as the

Niger River (Aich et al., 2015; Wilcox et al., 2018; Massazza et al., 2021; Sauzedde et al., 2025) or the Senegal River (Diop
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et al., 2017; Wilcox et al., 2018; Bruckmann et al., 2022), while others aim to document multiple catchments spread over the60

region across different basin scales and hydro-climatic contexts (Nka et al., 2015; Bossa et al., 2023). In the large basins of

the Senegal River and the Sahelian Niger River studies indicate a tendency toward flood intensification since the 1990s. (Aich

et al., 2015; Wilcox et al., 2018; Massazza et al., 2021; Sauzedde et al., 2025). The diversity of the catchments analyzed also

shows that some basins in the region do not exhibit such intensification and that, when a trend exists, it can take various forms,

including linear trends, multi-linear trends, or abrupt shifts (Nka et al., 2015; Wilcox et al., 2018; Bossa et al., 2023; Sauzedde65

et al., 2025).

At present, the ability to identify regional coherence in flood evolution or to derive typologies of trends remains limited

by the spatial dispersion of the studied areas and by the diversity of methodological approaches adopted. The only notable

exception to date providing a regional perspective on flood evolution is the study by Diop et al. (2025b). Their work builds

on a comprehensive hydrological database for West Africa compiled by Tramblay et al. (2021a), from which a regional flood70

frequency analysis was conducted at the West African scale. This analysis was first carried out under stationarity assumptions

by comparing several statistical distributions of extremes, and was then extended to a non-stationary framework by assuming

a linear evolution of return levels with no change in variability. Although regional in scope and methodologically consistent,

this study did not reveal any clear regional coherence or specific typology of flood trends across the region. Our hypothesis

is that the diversity of flood trend patterns documented in the literature across dispersed hydrosystems cannot be adequately75

represented solely by a linear evolution of return levels. In contrast with previous studies worldwide on trends in extreme

precipitation (Ouarda and Charron, 2019; Jayaweera et al., 2025), extreme value models allowing for complex trends in return

levels (e.g. non-linearity, change in variability...) have been only very sparsely explored so far for hydrological trends on floods,

and even less so in Africa, probably due to the data scarcity and limited data accessibility already mentioned.

This paper aims to provide a systematic and coherent overview of flood trends at the scale of West Africa. The analysis covers80

the period 1950–2018 and is based on the database compiled by Tramblay et al. (2021a). The study substantially extends the

work of Diop et al. (2025b) in several key aspects: i) trend detection accounts for a wide diversity of temporal patterns affecting

both the mean and variance of extremes; ii) it seeks to identify coherent typologies of flood trends; and iii) it explores potential

links between these typologies and physical and morphological descriptors.

2 Region and data85

2.1 Region

West Africa extends between 5° N – 20° N and 10° W – 20° E and encompasses a wide range of climatic and ecological

environments (Figure 1). The northern part of the region includes the Sahel, a transition zone between the Sahara Desert and

the savanna to the south. Further south lies Sudan, another ecological transition belt leading toward the tropical forests that

characterize the Gulf of Guinea countries along the southern coast (OSS, 2018). The region experiences strong seasonality90

driven by the West African Monsoon. During boreal summer (May–September), moist southwesterly winds from the Gulf

of Guinea migrate northward and interact with hot, dry Saharan air masses, generating monsoon rainfall. The withdrawal of
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Figure 1. Location and delimitation of the main river basins covering West Africa. The 80 hydrometric stations used for the study are shown

with specific symbols according to their catchment size. The corresponding catchments are delineated and colored. The sub-basins overlap,

hence the different shades on the figure.

humid air southward marks the return of the dry season (Calvin et al., 2023). This monsoon system underpins West Africa’s

marked climatic gradient—from the semi-arid Sahelian zone, to the Sudanian savannas, and finally to the humid tropical forests

in the south. Over the past decades, West Africa has undergone significant shifts in rainfall regimes. The Sahel experienced95

wet conditions in the 1950s–1960s, followed by severe droughts in the 1970s–1980s. Since the 1990s, rainfall has generally

increased, though with strong regional contrasts across the Sahel and surrounding zones (Panthou et al., 2018; Lebel and

Ali, 2009). These climatic and ecological contrasts also shape hydrological behavior. Two main hydrological behaviors are

usually distinguished in the literature. Sahelian basins largely exhibit Hortonian overland flow: runoff is produced once rainfall

exceeds the soil’s infiltration capacity, making streamflow highly sensitive to surface soil properties and rainfall intensity100

(Horton, 1933). During the drought period (1970–1990), these basins showed an increase in runoff coefficients (Descroix et al.,

2012). In contrast, Sudano-Guinean catchments feature predominantly Hewlettian processes, with both surface and subsurface

flows contributing to streamflow due to higher soil hydraulic conductivity (Hewlett and Hibbert, 1967). These basins generally
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exhibited a decrease in runoff coefficients during the same drought period (Descroix et al., 2012). Although differences in

the dominant runoff-generation processes between the Sahelian and Sudano–Guinean zones have been linked to contrasting105

hydrological responses, particularly during the drought period, there is as yet no clear evidence of a coherent regional pattern

in the evolution of extreme hydrological regimes.

2.2 Data

The data used for the study are time series of daily discharges extracted from the African Database of Hydrometric Indices

(ADHI) (Tramblay et al., 2021a). This database combines hydro-climatological data from the GRDC (Global Runoff Data110

Center) and SIEREM (Système d’Information Environnementales sur les Ressources en Eaux en Afrique pour leur Modélisa-

tion) databases. A total of 395 hydrometric stations are deployed across West Africa, with a recording period between 1950

and 2018. To extend the temporal coverage of the dataset, time series from hydrometric stations located in the Niger River

basin and its tributaries near Niamey (the Gorouol, Dargol and Sirba rivers), as compiled and documented by Sauzedde et al.

(2025), were incorporated into the analysis.115

A "flood season" is defined for each station as the period of the year encompassing the climatological peak of the hydrograph.

An automatic peak detection procedure is applied using SciPy’s find_peaks function, based on two criteria: (i) a minimum peak

width of 45 days, and (ii) a sufficient relative peak height. A manual inspection of flood peak timing and seasonality was

performed to fine-tune the detection criteria and ensure a robust identification of the flood season. The start and end dates of

the flood season are defined as the beginning and end of the detected peak width, using the left_ips and right_ips values returned120

by the algorithm. For most stations, the hydrograph displays a unimodal seasonal pattern (one peak). In cases where bimodality

(two peaks) is identified, the flood season window is defined so as to encompass both peaks. In such cases, the second peak

occurs before the hydrograph returns to baseflow conditions, indicating that both peaks belong to the same flood season. The

annual maximum discharge over the hydrological year was then extracted for each station. The maximum is considered valid

when the proportion of missing data within the flood season does not exceed 10%, otherwise it is tagged as nonvalid and125

considered missing. After this extraction of the AMAX series, only series with i) a minimum of 35 years of data, ii) no more

than seven consecutive years of missing data and iii) at least 10 years of observations before and after 1980 were selected.

These selection criteria ensure that all AMAX series include the severe drought periods experienced in the region from 1970

to 1990. All in all, this lead to select 80 AMAX series which are used in the present analysis.

From 1976 to 1987, approximately 60% of the 395 hydrometric stations provided valid annual maxima. After that period,130

the number of valid maxima dropped sharply—from about 60% to 30% in less than a decade. As a result, time series extending

into recent decades are relatively scarce but remain sufficiently well distributed regionally so as not to undermine the proposed

regional typological analysis.
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3 Methodology

The general methodology consists of using an Extreme Value Theory framework to estimate trends in return levels by compar-135

ing a wide range of nonstationary models, and then classifying these trends to analyze the dominant patterns across the region.

This methodological approach is generic and can be replicated in other regions, provided that sufficiently long observation

series are available.

3.1 Detection of quantitative trends

The first step is to detect quantitative trends in each AMAX series. This section describes a rigorous framework based on flood140

frequency analysis for this purpose.

3.1.1 General framework of Extreme Value Theory

Frequency analysis is a statistical method of prediction. It involves learning from past events the probability that an event will

not exceed a specified value x, which is represented by the cumulative distribution function (CDF) F (x) = P(X ≤ x). The

probability of exceedance is defined as p(x) = 1−F (x). This can be expressed as the return period T (x) = 1/p(x), which is145

widely used in hydrological science. Equivalently, the T-year return level is defined as the value x such that p(x) = 1/T , i.e.

x= F−1(1− 1/T ) where F−1 is the quantile function. In particular, the 2-year return level is the threshold expected to be

exceeded on average once every two years.

Following Extreme Value Theory (Coles, 2001), annual maximum discharges are assumed to follow a Generalized Ex-

treme Value distribution in both stationary and non-stationary contexts. First, a stationary GEV distribution is fitted to the150

AMAX series for each station. The stationary hypothesis assumes that the three parameters remain constant over time:

Qmax ∼GEV (µ,σ,ξ) where µ is the location parameter modeling the bulk of the distribution, σ > 0 the scale parameter

modeling the variability of the extremes and ξ the shape parameter governing the ’tail’ behavior. The CDF of the GEV distri-

bution is defined as :

F (x;µ,σ,ξ) = P(X ≤ x) = exp

{
−
[
1+ ξ

(
x−µ

σ

)]− 1
ξ

}
, (1)155

for ξ ̸= 0 and 1+ ξ
(
x−µ
σ

)
> 0.

The associated probability density function (PDF) is given by:

f(x;µ,σ,ξ) =
1

σ

[
1+ ξ

(
x−µ

σ

)]−1/ξ−1

exp

{
−
[
1+ ξ

(
x−µ

σ

)]−1/ξ
}
. (2)

In the special case of the Gumbel distribution, which corresponds to ξ = 0, the CDF simplifies to:
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F (x;µ,σ,0) = exp

(
−exp

(
µ−x

σ

))
, (3)160

and the corresponding PDF becomes:

f(x;µ,σ,0) =
1

σ
exp

(
µ−x

σ

)
exp

(
−exp

(
µ−x

σ

))
. (4)

The T-year return level is then given by

rlT =




µ+σ(− log(1− 1/T ))(−ξ)−1)/ξ) for the GEV case,

µ−σ log(− log(1− 1/T )) for the Gumbel case.
(5)

3.1.2 Non-stationary models165

In order to consider trends in extremes, a non-stationary approach is followed by allowing µ and σ to be time-varying, using

the year as covariate. Past studies that have adopted this approach on hydrosystems in West Africa (Aich et al., 2015; Wilcox

et al., 2018; Sauzedde et al., 2025) have shown that a wide variety of trends are possible for these two parameters. We therefore

use a set of multi-linear trend and break functions to describe this variety of trends. In a first family of models, the location

parameter µ is allowed to vary linearly with the years - decreasing and increasing trends that will be estimated automatically on170

the data (Linear, see Table 1). In a second family of models, µ is allowed to follow two different trends with a transitional year

(to be estimated) around the 1970s/1980s (DoubleLinear, see Table 1). In a third family of models, µ is considered stationary

before or after a transitional year to be estimated (SemiLinearBefore and SemiLinearAfter, see Table 1). Finally, in a fifth

family of models, the change in µ is discontinuous (Breakpoint, see Table 1). This family models a radical change in discharge

magnitudes. The break year, to be estimated, is imposed to be in the second third of the observed years. In all these models, the175

scale parameter σ is either stationary, or time-varying proportionally to µ with a factor of σ1 (σ(t) = σ1 ×µ(t), Models "+"

in Table 1). This case allows considering a trend in σ without increasing the number of parameters compared to the stationary

case since only σ1 has to be estimated.

3.1.3 Selection of the best non-stationary model

Model estimation is done by maximum likelihood, giving thus one stationary GEV model and ten non-stationary GEV models180

for each AMAX series. To select the best model at a given station, we follow the procedure illustrated in Figure 2.

The selection procedure involves a statistical comparison using the likelihood ratio test. This test is applied when comparing

two models that are nested within each other, i.e. when Mx is a particular case of My . For example, the stationary model is a

special case of any non-stationary model of Table 1 (imposing the trend to be 0). Based on the ratio of the likelihoods of Mx
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Model µ µ shape σ σ shape ξ Degree of freedom

Linear
µ(t) = µ0t + µ1

σ = σ1
ξ0 4

Linear + σ(t) = σ1 ×µ(t)

DoubleLinear
µ(t) =




µ0t+µ1 if t < t0

µ2t+(µ0 −µ2)t0 if t≥ t0

σ = σ1
ξ0 6

DoubleLinear + σ(t) = σ1 ×µ(t)

SemiLinearBefore
µ(t) =




µ0t+µ1 if t < t0

µ0t0 +µ1 if t≥ t0

σ = σ1
ξ0 5

SemiLinearBefore + σ(t) = σ1 ×µ(t)

SemiLinearAfter
µ(t) =




µ0t0 +µ1 if t < t0

µ0t+µ1 if t≥ t0

σ = σ1
ξ0 5

SemiLinearAfter + σ(t) = σ1 ×µ(t)

Breakpoint
µ(t) =




µ0 if t < t0

µ1 if t≥ t0

σ = σ1
ξ0 5

Breakpoint + σ(t) = σ1 ×µ(t)

Table 1. The families of non-stationary GEV models considered in this study.

and My , we either accept or reject (at a given level) the null hypothesis that Mx is the true model for the data. The p-value of185

the test depends on the difference in the degree of freedom (number of parameters) between the two models, hence it assesses

whether adding more degrees of freedom is relevant for the data. More precisely, the Likelihood Ratio Test (LRT) is based on

the statistics:

LRT = 2(logLy − logLx)

where Ly is the log-likelihood of the more complex model, and Lx is that of the simpler one. Under the null hypothesis that190

the data follow Mx, the statistics follows a χ2 distribution with degrees of freedom equal to the difference in the number of

parameters between the two models. The selection procedure is shown in Figure 2. It consists in two steps that is applied to

each AMAX series separately:

1. Stationarity Test

All non-stationary models are compared to the stationary model with the Likelihood Ratio Test. If at least one non-195

stationary model rejects the null hypothesis of stationarity, we proceed to the selection among non-stationary models

(see step 2.). Otherwise, the sample is considered stationary, and the stationary model is retained.

2. Comparison of non-stationary models

First, the best model between SemiLinearAfter and SemiLinearBefore is selected comparing their log-likelihood. The

following models are embedded: the Linear, the SemiLinear (After and Before), and the DoubleLinear models. These200
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Figure 2. Chains of comparison for selection of the best model. The yellow circles indicate a comparison with the Likelihood Ratio Test.

The orange circle indicates a direct comparison of log likelihood with the same degree of freedom. When a green model is reached in the

comparison chain, this is the selected model.

models are compared pairwise using the Likelihood Ratio Test, following a chain of comparison shown in Figure 2. If

the SemiLinear model is the best model at this step, we directly compare its log-likelihood to that of the (non embedded)

Breakpoint model, as they have the same degrees of freedom.

This procedure is carried out in parallel in the following four cases in order to find the most parsimonious model:

– for the GEV distribution, with a stationary scale parameter (only the location parameter is allowed to vary);205

– for the GEV distribution, with a non stationary scale parameter (both the location and scale parameters are allowed to

vary);

– for the Gumbel distribution, with a stationary scale parameter (only the location parameter is allowed to vary);
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– for the Gumbel distribution, with a non stationary scale parameter (both the location and scale parameters are allowed to

vary).210

The reason for considering both the GEV and the Gumbel distributions is that we look for the most parsimonious model and

thus we allow for the possibility that a Gumbel model may be preferred due to its greater parcimony. The same reason explains

why we also consider cases with a stationary scale parameter σ.

For each case, one model is selected following the procedure described above (Figure 2). Since the four selected models are

not necessarily embedded, they are finally compared using the BIC, giving one best model per station. BIC is given by:215

BIC = log(n) · k− 2logL

where k is number of model parameters, n is the sample size and logL is log-likelihood of the model. The final best model

is that having the lowest BIC value.

Finally, for each station, the two-year return levels for the period from 1950 to 2020 are computed from this selected model

using Eq. 5. The two-year return level is the threshold that is exceeded with a 50% probability each year. It is a fixed value in a220

stationary context, while it evolves over time in a non-stationary context. If the two-year return level increases over time, this

indicates that an event with a 50% chance of being exceeded annually in the past has become more likely. In other words, rare

events are becoming more frequent.

3.2 Classification of trends

A clustering analysis is used to build a classification of the quantitative trends in 2-year return levels. Note that the choice of a225

2-year return level is arbitrary, and that the results would barely change with larger return levels, e.g. with the 10-year return

level, since 2-year and 10-year return level functions are basically only shifted (unless σ(t) shows a strong trend, which is never

the case for our data). We use K-means, which is an unsupervised and iterative clustering algorithm allowing to objectively

partition a dataset into K groups (or clusters) based on the data. Mathematically, K-means aims at minimizing the total within-

cluster sum of squares. In this study, it is applied to classify the normalised vectors of 2-year return levels for the 1950–2020230

period. Normalization is performed by dividing each 2-year return level by the station average return level between 1950 and

2020 (rlclim2 ).

rl∗2(year) =
rl2(year)

rlclim2

(6)

Considering the vector of normalized 2-year return levels rl∗2 = (rl∗2(1950), . . . , rl
∗
2(2020)) for each station, K-means clas-

sifies the vectors (and hence the stations) into K groups whose centers C1, . . . ,CK are given by the centroids of rl∗2 assigned to235

each cluster. To determine an optimal value of K, the silhouette method is used as a first guess. It is calculated for each station,

as follows :

s(j) =
b(j)− a(j)

max{a(j), b(j)} , (7)
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where a(j) is the average distance between the vector of rl∗2 for station j and the other vectors in the same cluster as j and b(j)

is the lower distance between the vector of rl∗2 for station j and the vectors in the other clusters. The silhouette score is then240

computed as the mean of the silhouette coefficients over all stations. The larger the silhouette, the better separated and grouped

the clusters.

4 Results

4.1 Non stationarity in extreme floods

Figure 3. Map summarizing the selected models. The colors show the family of model selected. A window displays the two-year return level

function between 1950 and 2020. The best distribution is outlined in black for the GEV distribution and in white for the Gumbel distribution.

Stars inside the symbols indicate a time-varying σ.

Figure 3 shows the spatial distribution of the selected models and Table 2 their repartition among the six families of models.245

The Gumbel distribution (65 %) is more often selected than the GEV distribution (35 %) in West Africa. The GEV distribu-

tion is selected for the Niger, Mono and Ouémé, and eastern Volta, and northern Senegal. The Gumbel distribution is largely
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Linear DoubleLinear SemiLinear Breakpoint Stationary

20 (incl. 12 Linear+) 19 (0 DoubleLinear+) 12 (5 SemiLinear+) 17 (6 BreakPoint+) 12

Table 2. Repartition of the selected models among the six families of models for the 80 AMAX series.

selected in Sassandra, Bandama and Komoé, as well as in most parts of the Senegal basin and the upper Niger basin. Non

stationarity reveals to be predominant with 85 % of non stationary AMAX series (see Table 2). The stationarity in AMAX

serie is mostly found in the southern area (Figure 3). Among the non stationary models, 29 % of them allow non stationar-250

ity in the variability of extremes (scale parameter). The Linear model is selected in only 25 % of cases and is consistently

associated with a downward trend. Notably, only 10 % of the stations select the simplest non-stationary model (Linear with

stationary scale). More complex models thus largely dominate the overall selection. In particular, the DoubleLinear (24 %)

and Breakpoint (21 %) models together account for nearly half of all cases. DoubleLinear models typically capture a marked

shift from a decreasing trend to an increasing one, occurring around the 1980s. These patterns are mainly found in the northern255

part of West Africa. While the amplitude of the trends remains moderate in the Niger basin, the Senegal basin exhibits a much

more pronounced V-shaped evolution. Similarly, Breakpoint models consistently indicate an abrupt decrease in annual maxi-

mum discharges, characterized by a transition from a high plateau to a lower one, again around the 1980s. SemiLinear models

represent 15 % of the selected models and further refine this temporal change in trends. Most of them belong to the SemiLinear-

Before category, featuring a downward trend followed by stabilization around the 1980s. In contrast, SemiLinearAfter models260

are rare and capture the onset of a positive trend after a prolonged stationary period, starting between the 1970s and 1990s.

These models are selected for Gorouol, Darogol and Sirba rivers. At the regional scale, a clear zonal organization emerges.

SemiLinear and DoubleLinear models are mainly concentrated in the northern Sahelian zone, especially within large basins

such as the Senegal and Niger basins, whereas Stationary, Linear and Breakpoint models are more prevalent in the southern

Sudano-Guinean region. Moreover, non-stationarity in the scale parameter is largely confined to the southernmost part of West265

Africa, while it remains predominantly stationary elsewhere. This indicates a greater interannual variability of floods in this

region. Despite these coherent spatial patterns, a few series display atypical behaviors. In particular, small to medium-sized

watersheds near Niamey show a strong post-1980 increase in maximum annual discharges (gray shaded area in Figure 3).

4.2 Classification of non stationary behaviors

The highest silhouette score is calculated for K = 5 clusters. Although this gives a first guess for the optimal K, it is important270

to look at the resulting clusters to insure consistency of the trends involved in each cluster. Examining the resulting five

centroids revealed that one specific cluster was messy as it contained return levels functions showing distinct patterns, but

clustered together because the trends were relatively small. To better distinguish these patterns, the choice was made to increase

the number of clusters to six. This configuration yielded a silhouette score comparable to that of the five clusters solution. This
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Figure 4. The 6 clusters of normalized 2-year return levels. The colored lines show the cluster centroids. The gray lines show the normalized

2-year return level function classified in each cluster.

choice of six clusters proved useful for having both distinct trends with underlying specific patterns, and interpretable centroids275

(see Figure 4).

The Upward cluster clearly stands out as it includes only 3 stations. Beside this exception, the clustering divides the stations

into clusters of similar size (between 11 and 21 stations in each cluster). Except for the Stationary and Upward clusters, all

clusters show a decline in return levels between the 1950s and the 1980s, but their evolution between the 1980s and the 2020s

differs from cluster to cluster. The rate of decrease makes a key difference for the distinction of different types of trends and280

consequently for the clustering. The Stationary cluster regroups the cases of mere stationary extremes. Figure 5 shows that no

spatial coherence is evident, except that the catchments associated tend to be located in the eastern part of the region. They

are found in upstream Niger basin, and in a large watershed in the same river basin. They are also found in Sudano-Guinean
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Figure 5. K-Means clustering results map. The colors indicate the cluster to which each catchment belongs. A window displays the two-year

return level function between 1950 and 2020. The best statistical distribution is outlined in black for the GEV distribution and in white for

the Gumbel distribution. Stars inside the symbols indicate a time-varying σ.

basins, with small to medium size catchments. A linear decline in 2-year return levels is exhibited in the Downward2 cluster

and a sharp decline until the 1980s followed by a plateau in the Downward1 cluster. The corresponding catchments are located285

in similar areas, namely Bandama, Komoe, and central Senegal basin. These models exhibit a notable spatial coherence. A

decrease followed by an increase in hydrological extremes is observed in the V-shape cluster. An increase in the recent period

is also found in the Upward cluster, while extremes remain stationary in the first period, corresponding to SemiLinearAfter

models. The catchments associated with these clusters are co-located in the northern part of the region. While the stations

of the Upward cluster are located very close to each other on the tributaries of Niamey, no spatial coherence is observed290

for the stations associated with the V-shape cluster. Finally, the Mixture cluster includes the largest number of stations (21),

with mixed patterns. The centroid shows a decline in extremes, followed by a stationary pattern. However different models

(Breakpoint, SemiLinear and DoubleLinear) and thus different types of (mild) evolution are associated to this cluster (see the

gray envelope in Figure 4). Most watersheds in the Niger basin belong to this cluster, which shows a slight increase from
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upstream to downstream of the Niamey region. It also includes stations located in other river basins, which exhibit a slight295

downward trend.

4.3 Hydrological features behind clusters

In order to investigate the catchment features associated to each cluster, we consider 24 geomorphological, climatic and hy-

drological features listed in Table A1 in Appendix. Each catchment is represented by a vector of 24 feature values. Since the

features values have very different ranges, we normalize them between (0,1) by considering the percentiles they correspond300

to among the 80 catchments. By construction, the normalized features over the 80 catchments follow a uniform distribution.

The question is then to know whether the distribution within a cluster differs significantly from the uniform distribution, in

which case that feature can be hypothesized to play a role in the trends. Figure 6 shows the boxplots of the normalized features,

together with the p-value of a Kolmogorov-Smirnov test against the uniform distribution.

Figure 6. Distributions of the normalized catchment features inside each cluster. A star (respectively 2 and 3 stars) indicates when the test of

uniform distribution has been rejected with a 10% (respectively 5% and 1%) significance level. The features are described in Appendix A.
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The six clusters exhibit contrasted hydrological and geomorphological profiles, yet their interpretability for attribution re-305

mains limited. Stationary behaviors (Cluster Stationary) correspond to the smallest and predominantly agricultural catchments,

with low baseflows and rapid hydrological response, whereas declining trends (Clusters Downward1 and Downward2) are

associated with basins showing relatively low baseflow and the highest relative flow variability. Catchments exhibiting a rise

in extremes after the 1980s (Cluster V-shape) tend to be small to medium systems in more arid regions, with sustained flows

and relatively low variability, while the mixed signals after the 1980s (Cluster Mixture) occurs in larger, high-altitude basins310

characterised by high flows throughout the year and more pronounced relative variability. The small group showing increasing

trends (Cluster Upward) remains difficult to interpret due to the very limited number of catchments. Although some clusters

exhibit statistically discriminant features —particularly Cluster Mixture, and to a lesser extent Cluster Downward2 —, many

feature exhibit an approximately uniform distribution, making them only weakly discriminative.

5 Discussion315

5.1 Hydrological behaviors in West Africa

5.1.1 Widespread but Diverse Flood Nonstationarity

Previous studies investigating hydrological extremes in West Africa have relied either on sparse datasets (Nka et al., 2015;

Wilcox et al., 2018) or on statistical approaches that constrained the range of admissible temporal evolutions, often limited

to monotonic (Diop et al., 2025b) or linear trends (Bossa et al., 2023). As a consequence, regional assessments of changes320

in extreme floods have remained partial or potentially biased, either due to limited spatial coverage of gauging stations or

to modeling frameworks unable to capture complex temporal dynamics. By combining an extended spatial coverage with a

broader set of stationary and nonstationary models, our study enables a more comprehensive analysis.

As a result, our findings provide both a more coherent and nuanced picture of hydrological changes across West Africa. The

analysis confirms the predominance of nonstationarity in AMAX series at the regional scale. Nonstationary models outperform325

stationary ones for a larger number of catchments than reported in previous studies (Nka et al., 2015; Aich et al., 2015; Wilcox

et al., 2018; Bossa et al., 2023), and concern a substantial proportion (85%) of the 80 hydrological series analyzed. Flood

nonstationarity since 1950 can therefore be considered a robust regional characteristic. Accounting for multi-linear temporal

evolution models further shows that simple linear trends (Diop et al., 2025b) or single-break models (Nka et al., 2015) alone

are insufficient to represent the diversity of flood evolution patterns observed in the region. This result is consistent with330

geographically restricted studies by Aich et al. (2015) and Wilcox et al. (2018), which already pointed to the existence of more

complex dynamics. For the first time at the regional scale, we establish a typology of flood evolution patterns, highlighting

that certain temporal behaviors are consistent across multiple catchments and are sometimes associated with specific trend

directions. Linear and break-type patterns predominantly reflect decreasing trends over the study period, whereas double-

linear profiles most often indicate a decrease or near-stationarity of floods until the 1980s–1990s, followed by a subsequent335

intensification.
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5.1.2 Spatial organization of trends

The spatial coverage of the analyzed series, combined with the adopted trend analysis methodology and the classification of

stations into trend typologies, enables the identification of a regional organization of hydrological trends. At first order, a pro-

nounced south–north gradient in hydrological responses emerges. The Sudano–Guinean region is predominantly characterized340

by decreasing flood trends, occasionally interspersed with stationary or very weakly increasing behaviors. In contrast, the Sa-

helian zone is the only region exhibiting strong post-drought intensification patterns, although it also displays heterogeneous

trajectories, with some catchments showing decreasing or moderately increasing trends. This organized regional perspective is

novel and calls for a reassessment of the prevailing narrative of hydrological intensification in West Africa, which largely stems

from the predominance of Sahelian catchments in previous studies. On the one hand, flood intensification appears to be almost345

exclusively confined to Sahelian basins, whereas catchments in the Sudano–Guinean zone predominantly exhibit decreasing

flood magnitudes. Our results further reveal a marked diversity of flood evolution patterns within Sahelian basins, which also

nuances the concept of hydrological intensification in the Sahel. In the Senegal River basin, some stations exhibit a recovery of

hydrological extremes, in agreement with Wilcox et al. (2018). However, the inclusion of additional stations relative to Wilcox

et al. (2018) reveals contrasting behaviors, including sharp and persistent decreases in extremes, thereby tempering the notion350

of a basin-wide flood intensification. In the Niger River basin, increasing trends are identified in specific tributaries such as

the Gorouol, Sirba, and Dargol rivers. Nevertheless, the clustering analysis indicates that these increasing patterns are spatially

confined to the vicinity of Niamey, while other sub-basins exhibit either no trend or only weak increases. While recent pro-

jections consistently suggest a positive evolution of flood magnitudes in future periods compared to 1985–2014, at an almost

regional scale (Diop et al., 2025a), this study shows that such a signal has not yet clearly emerged in the observational records.355

Only in the Sahelian basins, the projected intensification may reflect a continuation of the already emerged historical trend.

In contrast, marked inconsistencies are found between our observed trends and the projected changes in the Sudano–Guinean

basins. These discrepancies may indicate a future trend that has not yet emerged from natural variability, or alternatively reflect

limitations in the realism of the modeling chain used for projections related to atmospheric forcing, the representation of key

atmospheric processes or their coupling. This calls for caution when interpreting future projections and raise broader questions360

regarding the extent to which future trends can be interpreted as a continuation of past behavior, particularly in the presence of

potential breakpoints or regime shifts.

5.1.3 Hydrological Features and Trends

Our attempt to link catchment characteristics to the trend clusters identified in Section 4.3 did not reveal any clear attribu-

tion relationship. This result raises several points for discussion that cannot be conclusively addressed within the scope of the365

present study. The absence of a clear link may reflect the intrinsic difficulty of relating non-stationary hydrological behav-

ior to stationary catchment attributes. The lack of temporal variability in the available descriptors likely contributes to this

limitation, suggesting that nonstationary or time-varying catchment features may be more suitable for explaining divergent

hydrological trajectories. Furthermore, the marked contrast in flood behavior between Sahelian and Sudano–Guinean basins
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indicates that a deeper investigation of the mechanisms governing flood generation processes is warranted. Descroix et al.370

(2009) suggested that this behavioral differentiation partly arises from the predominance of Hortonian runoff processes in the

Sahel, compared to Hewlettian (subsurface-dominated) processes in the Sudano–Guinean zone. In order to improve the attri-

bution of hydrological trends in the region, it therefore appears advisable to adopt approaches that explicitly distinguish the

dominant flood-generating processes and account for their temporal evolution, which may in some cases lead to persistent or

irreversible changes in hydrological behavior (e.g. Wendling et al., 2019). From a statistical perspective, complementary diag-375

nostics could be considered, such as identifying groups of flood drivers that co-evolve and display coherent temporal dynamics

(Tramblay et al., 2021b, 2022). Such analyses may help reveal emerging non-stationarities and potential shifts in dominant

flood-generating mechanisms, thereby providing valuable insights into evolving hydrological behavior. While these quantita-

tive approaches constitute useful analytical tools to characterize the symptoms of changing flood-generating processes, full

attribution ultimately requires a deeper, process-based perspective.380

5.2 Uncertainties and limitations

5.2.1 AMAX series

In analyzing extreme trends and their spatial distribution across West Africa, our study requires i) caution in selecting maxima

so as not to miss the true maxima, ii) ensuring that AMAX series are long enough to assess trends, iii) ensuring that stations are

well distributed across the region. The selection of a valid annual maximum is particularly important, given that missing values385

during the flood season are critical. In our analysis, the selection of maxima was conducted under strict data quality criteria,

using SciPy’s find_peaks function to identify flood season (see Section 2.2). Despite these precautions, residual uncertainties

remain, such as those related to measurement and observational errors. We have also applied strict criteria to ensure that AMAX

series are sufficiently long and numerous to enable trends to be estimated and their spatial distribution to be analyzed. These

criteria are i) the minimum number of years with data (set to 35), ii) the maximum number of consecutive years with missing390

data (set to 7) and iii) the minimum number of years of observations before and after 1980 (set to 10). The criteria used enabled

us to select 80 stations, striking a balance between capturing as many annual maxima as possible to enable reliable estimation

of trends, and selecting a sufficient number of stations to study the spatial distribution of trends. However, using the AMAX

series has its limitations: by definition, it does not allow us to study the timing of hydrological extremes or the occurrence of

several large-scale events in the same year, as would be possible with an approach based on a peaks over threshold.395

5.2.2 Model selection and covariates

Model selection among the four candidate models relied primarily on the BIC criterion. Comparing this with the AIC showed

strong, but not perfect, agreement: 85% consistency in choosing between the GEV and Gumbel distributions ; 90% consistency

in the chosen family model ; and 89% consistency in the type of variation of the scale parameter. These results suggest that

the model selection process is generally robust, while also highlighting its sensitivity to the chosen information criterion. Non-400

stationarity was exclusively explored through temporal variations. However, previous studies have demonstrated the importance
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of additional factors, such as precipitation and land use/land cover indicators, in explaining changes in hydrological extremes

(Twinomuhangi et al., 2025). Incorporating these covariates could improve both our understanding and the accuracy of our

models. This framework could also contribute to a more in-depth attribution analysis of hydrological trends. In addition, we

have considered a variety of parametric models in order to adapt to different types of trends, but other behaviors may be present405

in the AMAX series (in particular non-linearity). There is here a tradeoff to find between what can be estimated from short

time series (70 maxima at most) and having models that are not too strict to be able to capture different types of trends. More

complex models, such as spline-based approaches, could also have been considered. However, these would introduce a large

number of additional degrees of freedom. We therefore favor more parsimonious model.

5.2.3 Clustering analysis410

Determining the optimal number of clusters requires balancing interpretability with the greater cohesion offered by a higher

number of clusters. Statistical criteria do not necessarily converge towards a unique optimal value. Examining the resulting

centroids with K = 4, 5, 7 and 8 clusters, the main typologies of hydrological extremes stand out, with additional nuanced

separations emerging within individual clusters. Considering more than 6 clusters reduces the ability to identify coherent sub-

regional patterns, while the catchment features are not found to be more discriminant (not shown). The non-stationarity of the415

features appears as a major limiting factor for the latter.

6 Conclusion

A rigorous framework for detecting quantitative trends in hydrological extremes was applied to 80 catchments across West

Africa over the period 1950–2018. The availability of the ADHI in-situ database, which for the first time provides long and

dense discharge records for a large number of stations in the region, made it possible to conduct a comprehensive and robust420

analysis of long-term hydrological trends. Non-stationarity was detected in 85% of the AMAX series, highlighting that non-

stationary behavior constitutes a robust regional characteristic of hydrological extremes in West Africa. The analysis of trends

in return levels reveals contrasting trajectories of hydrological evolution. A clustering approach allowed these trajectories to

be grouped into six distinct types of flood trend patterns. Most clusters exhibit a general decrease in flood magnitudes from

the 1950s until the major droughts that affected West Africa in the late 20th century. However, since the 1990s, the trajectories425

diverge markedly, with some clusters showing stabilisation while others display moderate to strong increasing trends. This first-

time typology of flood evolution patterns refines the regional picture of hydrological change across West Africa. At the regional

scale, a clear north–south gradient emerges, while substantial variability persists at finer spatial scales. Sahelian basins exhibit

heterogeneous behaviours, whereas Sudano-Guinean catchments are predominantly characterised by decreasing trends. These

findings challenge the previously assumed homogeneous signal of hydrological intensification over West Africa and provide430

greater granularity within the typical Sahelian and Sudano-Guinean hydrological evolution patterns. Within the Sahelian area,

contrasted trajectories are identified, ranging from persisting decreasing trends to weak increases, and to pronounced flood

intensification in specific areas, notably in tributaries of the Niamey region. In Sudano-Guinean basins, additional nuances
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emerge, related to the linear or break-type patterns with respect to the magnitude of the decreasing trends. Overall, they

emphasise the complexity of hydrological dynamics in West Africa, which involves both regional and fine-scale dynamics.435

The relationship between the identified clusters and catchment characteristics was further investigated. This analysis did not

reveal clear attribution pathways, nor did it allow the formulation of new attribution hypothesis based solely on climatic or

geomorphological descriptors. This highlights the limitations of traditional attribution approaches using only static parameters

to characterize the different trend typologies. It underscores the need to integrate non-stationary climatic drivers, land-use

and land-cover changes, as well as indicators of human influence into a more rigourous attribution framework. Advancing440

attribution efforts in such a context remains considerably more complex than previously anticipated.

In the context of West African ecosystems and societies that are continuously adapting to strong hydro-climatic variability,

the contrasting hydrological evolutions identified here call for particular attention. Under ongoing global changes, these trends

may intensify, or shift, with important implications for water resources and risk management. Regular updates of such analyses

are therefore essential to better understand emerging hydro-climatic signals and to support the strengthening of resilience of445

both populations and ecosystems in the face of future extremes.
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Appendix A: Geomorphological, climatic and hydrological features

Table A1. The 24 geomorphological, climatic and hydrological features used to investigate the catchment features associated to each cluster,

extracted from the ADHI database. The catchment area and mean altitude are computed using the HydroSHEDS database. The mean aridity

index is extracted from CRU4, a widely used climate dataset. The hydrological indices are computed using the Toolbox for Streamflow

Signatures in Hydrology (TOSSH). The baseflow index (BFI) is defined as the ratio of the baseflow volume to the streamflow volume.

Baseflow is defined as the stable part of streamflow that is not directly caused by rainfall. The separation flow is calculated using the UK

Institute of Hydrology method.

Feature name Descriptor

Geomorphological features (5)

Catchment Area Drainage basin area contributing to the station (km2).

Mean Altitude Average elevation of the catchment (m).

Forest cover Percentage of catchment covered by forest.

Cropland Percentage of catchment used as cropland.

Shrubland Percentage covered by shrubs.

Climatic feature (1)

AI Mean aridity index

Hydrological indices (18)

Jan_q Mean streamflow for January (monthly mean in mm/s).

... all months ... all months

Dec_q Mean streamflow for December (monthly mean in mm/s).

q5th 5th percentile of daily streamflow distribution.

q50th 50th percentile of daily streamflow (extreme high flows).

q95th 95th percentile of daily streamflow (extreme high flows).

BFI_UKIH Baseflow Index computed with UK Institute of Hydrology method (mm/s).

CoV Coefficient of variation of runoff ( std
mean ).

AC7 Lag-7 autocorrelation of daily flow (weekly persistence).
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