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Abstract

This study addresses the hydroclimatic challenges of the Bani River Basin (BRB) in
southeastern Mali, where data scarcity, climate variability, and -paditical instability
severely complicate water resoarmanagementirst, we validate satellitbased rainfall
products (e.g., CHIRPS) using available ground observations to determine their reliability in
capturing rainfall patterng.he results confirm the usefulness of these products, particularly in
regions where insecurity and logistical constraints limisitn measurements. Second, we
employ statistical trend analyses to examine the spatiotemporal evolution of rainfall and river
discharge indices over recent decades. The findings reveal shiftinghestreore frequent
shortduration heavy rainfall and intensifying peak flowghich raisesconcerns about water
scarcity, flood risks, and agricultural stabilifihird, we develop and test machine learning
(ML) models, including Random Forest and Gradigabsting, to replicate historical water
level fluctuations. Beyond prediction, these ML models can also be employed to explore the
underlying relationships between rainfall and water levels, offering insights into the
hydrological response to rainfailariability. These models demonstrate strong predictive
capability, outperforming traditional methods when faced with complex, nonlinear datasets.
Finally, by integrating the Coupled Model Intercomparison Project Phase 6 (CMIP6)
projections under scenarios 255 and SSRB.5, we forecast future water levels and identify
key breakpoints in hydrological regimé&he results underscore an urgent need for adaptive
management strategies, including improved monitoring infrastructures,-sttaiag
mechanisms, andommunitydriven interventions. Overall, this research offers actionable
insights forresearchergolicymakers and stakeholders, emphasizing the viability of satellite
based data and advanced computational methods to mitigate climate risks and stveatgthen

governance in the BRB.

Keywords: Bani River Basin; Data scarcity; Climate variability; Sepmlitical instability;
Water resource management; Machine learning; Satbged rainfall; CMIP6 scenarios



Résumeé

Cette étude aborde les défis hydroeltigues du bassin de la riviere Bani (BRB) dans le sud

est du Mal i, 0% |l a raret® des donn®lgiue | a Vv
rendent la gestion des ressources en eau particulierement complexe. Dans un premier temps,
nous évaluos la fiabilité des estimations satellitaires de précipitations (p. ex. CHIRPS) en les
comparant aux observations au sol disponibles. Les résultats confirment la pertinence de ces
produits, surtout dans des z o edimitensnmeduien s ®c u
in situ. Deuxiémement, nous appliquons des analyses statistiques de tendance pour examiner

| 6®vol ution spatiotemporelle des pr®cipitatdi
décennies. Les conclusions révelent des exséohangeantsvec des épisodes de pluies

intenses de courte durée plus fréquents et des débits de crue plus rf@sgoésraindre une
accentuation des p®nuries dbéeau, des risque
Troisiemement, nous dévelpm n s et testons des mod | es d (
notamment Random Forest et Gradient Boosting, pour reproduire les fluctuations historiques

du niveau de | d0eau. Ces mod | es montrent ur
méthodes classiqudace a des jeux de données complexes et non linéaires. Enfin, grace a

| 6i nt ®gration des projections du Coupled Mod
les scénarios SSRR5 et SSP®B . 5, nous pr®& oyons | 6®vol uti ol
identifions des points de rupture cl ®s. Les r
adaptative, incluant le renforcement des infrastructures de suivi, le partage de données et

| 6i mplicati onDdas Ct6mmerabt @ lafabilitétdes dobnéesd e d ®

satellitaires, | 6i ntensi fication des extr ° me
mod | es doéapprenti ssage automatique, soulign
hydrologiques et renforcerlagoumeance de | 6eau dans | e bassin

Mots-clés :Bassin de la riviere Bani; Rareté des données; Variabilité climatique; Instabilité
sociopolitique; Gestion des ressources en eau; Apprentissage automatique; Précipitations

satellitaires; Scénms CMIP6



Introduction

Les ressources en eau dans les régionsaedas du monde sont de plus en plus affectées par

la convergence des changements climatiques, des modifications induites par 'homme et des
instabilités socigpolitiques, ce qui augmenta pression sur ces systemes vitdu0 6 Br i en et
al., 2020) En Afri ¢,uwes défie sort pa@icukbkesement cruciaux en raison de la
dépendance des communautés locales envers les systemes fluviaux pour des activités telles que
I'agriculture et la péch@Roudier and Mahe, 2010a; Sylla et al., 2018) bassin de la riviére

Bani (BRB) au Mali, tributaire du fleuve Niger, est vital pour I'agriculture, les écosystémes de
zones humides, et la péche, bien que les recherchesnt suéns développées que dans

d'autres bassins comme celui du fleuve Séndgaihe et al., 2013; Traore, 2015)

Les études hydrologiques récentes menées dans le bassin de la riviere Bani mettent en évidence
doéi mportantes | acunes, tant dans |l a disponib
prédict f s. Cette insuffisance, aggrav®e par | 06i
collecte des données in situ, est renforcée par des anomalies climatigues marquées. Elle
complique considérablement la gestion des ressources en eau, notammsedeslaones

sensibles comme Mopti, ou les décisions stratégiques reposent souvent sur degiorfer

partielles ou obsolétdéndersson et al., 2017; Onuoha et al., 2023)

Pour sumonter ces obstacles, I'utilisation de données satellitaires, comme celles fournies par la
Climate Hazards Group InfraRed Precipitation with Station data (CHIRPS), a commencé a
émerger comme une solution viable. Ces produits, qui combinent télédéteatmmées au

sol, offrent une couverture plus compléte que les réseaux conventionnels et sont essentiels dans
les régions affectées par les conf{lfoungnibo et al., 2023aependant, leur validation reste
essentielle pour garantir leur fiabilité, surtout dans les zones ou les données au sol sont

insuffisantegDinku et al., 201Q)

En paralléle, les avancées dans les techniques d'apprentissage automatique (machine learning,
ML), telles que les modéldgandom Forest (RF), Gradient Boosting (GB), Extreme Gradient
Boosting (XGB) et Support Vector Machine (SVMfrent de nouvelles posdiibés pour la

modélisation et la prévision des phénoménes hydrologiques. Ces modeéles peuvent traiter des

Vi



données complexes et hétérogenes, rendant les prévisions plus précises, notamment en intégrant
des scénarios clintigues futurs du CMIP@our anticipe les impacts des changements

climatigues(Hassani et al., 2024; Tahmasebi and Sahimi, 2021)

Cbodest dans ce contexte que |l a pr®sentae th s

prévision hydrologiques pourBRBen s déappuyant sur quatre obj e

§ Evaluer la fiabilité des produits satellitaires afin de combler les lacunes en termes de

données.
1 Analyser les tendances et les schémas hydroclimatiques sur le&setedécennies.

f Evaluerles performances prédictives geelquesnodéles de ML dans la reproduction

des niveaux dbébeau historiques.
T Pr®voir | es niveaux dobéeau fu#dbetSSPBBI on | e

En définitive, cette recherche entesrichir les connaissances sur le BRB et proposer des
stratégies de gestion adaptées aux différentes trajectoires d'émission de gaz a effet de serre,
contribuant significativement ~ | 6am®Iliorati

région comfexe et variabldO6 Br i en et al ., 2020; Sawadogo et

Zone do®t udes

Cette étude porte sue BRB dont | 6exut oi rcentredaMalisliebassn ~ Mo |
transfrontalier de | a Bani s0O®t end sur une s
9°10'13"N et 14°05'44"N et les longitudes 8°05'16"0 et 3°46'17"0. Bien que la majeure partie

du bassin se trouve nauC'Mael id 6 |uvnoeiFageXhalliouea us 6BRut
Begou et al., 2016) e relief du bassin versant est peu élevé, avec une pente douce allant de
852 m dans | es re®gi ons2kludmet Ic@exXxuteoi re nc
constituent | a principale pratique davame cupat
et de zones forestierdkoveland et al.,, 2000)Le BRB est soumis a un climat soudano
sah®lien ; | a rivi re s6®coul e du ent d ver
pluviométrique. Les données historiques indiquent une précipitation anmeslénneallant

de 1250 mm ° Odienn® °~ 615 mm °~ S®gou, selon

Vil



moyen enregistr® ° l a station Ilbksait Denvrona pen
184 mj/ s, soit une | ame dbdédeau de ruissellen
moyenne deAmbdu @tOal., 0h0)Des valeurs de ruissellement particulierement

faibles ont été relevées en 1983, 1984 et 1987. La région a subi une forte baisse pluviométrique

a partir de 1974971, qui a perduré durant e décennies et profondément affecté les

ressources en eau de ce bassin.

® Hydrometric station H MOPTI
140 —— River network A
[ Bani catchment
13°f
120,
BOUGOUNI
o_|}
11 Elevation (m)
N ss2
L 217
10°- _ .
Kilometers
0 2,000 4,000 Y Esri, TomTom, FAO,
I E— | NOAA, USGS
e W/\/"(
3o 3o o o o o 3o Jo 1o
Figurel: BRBen Afri que de | 6ouest, partag® entre |

Donnéeset méthodes

Cette ®tude s 06 apmhle de dosnées hydrologitiuasr ety météeralogigues
coll ect ®es depuis 1983 afin de proposer un ¢
dans € BRB Cinqg stations de mesure (Bougouni, Pankourou, Douna, Sofara et Mopti)
fournissent des donnéesjoarh i r es de hauteur dbéeau, bien q
région de Mopti limite la continuité des observations a cette station. Parallelement, des relevés
guotidiens de pr®cipitations, do®vaporation

estimations satellitaires (CHIRPS, PERSIANOIDR), ont été intégrés pour renforcer la

viil



robustesse du modeéle, compte tenu de la rareté des stations pluviométrique$Qyeaiede

etal.,, 2017)Pourremédierd 6 i nsuf f i s a n-site dedxe®duits denpré@piagions n
satellitaires ont été évalués : CHIRfRINk et al., 2015¢t PERSIANNCDR (Ashouri et al.,

2015) Dans ce contexte, des corrections de biais sont nécessaires afin de pallier les incertitudes
inhérentes a ces données, particulierement en zones peu instrumentées. De plus, le modéle
sbappui e sur des prsdgdxsimulationssSCMP6, conveantlagérieds | s s
19832050 pour | es temp®ratures et pr®cipitatioc
été considérés, SSP5 etSSPB . 5, afin de couvrir un | arge G
des gaz a effade serrgLimantol et al., 2023; Sawadogo et al., 2023gtte approche vise a
tenir compt e de | a vul n®r d ®iOluiets® maixgqu®e®n
hydroclimatiques extrémes, tout en améliorant la qualité et la fiabilité des prévisions pour le

BRB.

Cette recherche repose sur un cadre méthodologique congu pour atteindre ses objectifs
sp®ci fiques, en c 0 mb ilysea et dondéess avet eleas happgroghese s d
doi nter pr ®t allt doronmence pagla secteru 31e qui traite de la collecte, du
prétraitement et de l'intégration des données historiques de précipitations issues de sources
satellitaires (PERSIANMCDR et CHIRFS) et in situ. Un Produit de Référence des
Précipitations fiable est alors développé et validé a travers des techniques géostatistiques,
facilitant une évaluation robuste des estimations dérivées des satellites. Dans la section 3.2,
l'accent est mis suridentification et la caractérisation des événements hydroclimatiques
extrémes, incluant les indices de précipitations et de débits fluviaux, qui sont essentiels pour
comprendre les risques d'inondation et de sécheresse. Cette section détaille également les
méthodes de détection de tendances et de points de changemenK@idah Modifié, test

de Pettitt et SNHT) utilisées pour discerner les motifs a long terme et les changements abrupts

dans le régime hydrologique du bassin.

La section 3.3 introduit l'impmentation de quatre algorithmes d'apprentissage automatique :
Extreme Gradient BoostingXGB), Support Vector MachineSVYM), RF et GB, pour la

prévision des fluctuations du niveaudel'éaul 6 e x ut oi r e d.Jnschémaden ver



validation crosée assure que les modeles prédictifs sont testés sur plusieurs segments temporels
pour améliorer leucapacité a bien se comporter sur des données nouvelles et leur fibailité
section 3.4 discute des projections hydroclimatiques futures dérivéedéaerds scénarios
climatigues CMIP6 (SSP2.5 et SSP#.5). Les résultats de précipitations et de températures
issus d'une série de modeéles globaux sont analysés pour prévoir les changements dans des
indicateurs clés tels que les jours consécutifs sec#dlegmla précipitation journaliére
maximale et les niveaux d'eau de crue. Cette approche intégrée, combinant données historiques,
interpolation apprentissage automatique et modélisation des scénarios climatiques, offre une
compréhension compléte des cdimais hydroclimatiques passées, présentes et futures du

bassin

Résultats

LeBRB, situ® en Afrique de | 6Ouest, joue un rt
(Dos Santos, 2023) Ses ressources en e aau pécheceti t i enn.
| approvisionnement en eau (RoaderandMales20®a)r s mi
Toutefois, ce bassin demeure moins étudié queledgganbassins fl uviaux dé
comme le Sénégal ou le Niger et fait face a des défis croissants liés aux changements
climatiques, notamment des s®cheresses et de
anthropiquestellesquelaconstc t i on de barrages et | @®v ol ut i
et al., 2020; Sylla et al., 2018Afin de mieux caractériser la variabilité spatiale de la
pluviométrie, une analyse variographiqgue expondatia été réalisée sur des données
observ®es, r ®v ® ant une port®e doéenviron 1,8
a servi de base © | 6®l aboration doéun produi i
résolution de 0,25°. Les indicais statistiques (MAE, NRMSE et PBIAS) montrent que
CHIRPS présente globalement des erreurs plus faibles et un biais plus neutre que PERSIANN
CDR. Par exemple, en 1989, CHIRPS affichait un MAE de 3,23 mm, un NRMSE de 94,1 et un
PBIAS de-30,7 %, alors quUEERSIANNCDR enregistrait un MAE de 4,01 mm, un NRMSE

de 100,6 et un PBIAS de +8,6 %, ce qui indique une tendance a la surestimation pour

PERSIANNCDR et une légéere soesss t i mat i on pour CHI RPS. L6



précipitations extrémes (RX1DAY, RX5DAYR95P, R99P, SDII) sur la période 192020

met en évidence une plus forte intensité des pluies extrémes dans la partie sud du bassin, tandis
gue le noreest se caractérise par des hausses significatives de certains indices (p < 0,05),
notamment R99P et)RDAY. Des tests de tendance (Mamkendall modifié) et de détection

de ruptures (Pettitt, SNHT) indiquent des points de rupture autour de 2000 pour RX5DAY et

de 2012 pour RX1DAY, soulignant la complexité du régime pluviométrique et la sensibilité
auxchang ment s cl i matiques d®] " ocdiisams(Ndayeetdlans do
2023; Roudier and Mahe, 2010a) L6 anal yse des d®bits extr®° me:
la péiode 19912020 révele des tendances significatives a la hausse, avec des pentes de Sen
pouvant atteindre +20 m3/s/an pour Qmax et une rupture marquée en 1993, coincidant avec une
évolution du régime pluviométrique apres les sécheresses des annéd99®8Dhaibou

Begou et al.2016) Léensemble de ces constats soulign

extrémes.

Pour pallier les lacunes de mesures in situ et approfondir la compréhension de la dynamique
hydrologique, plusieurs modéles de machine learning ont été utilisétegfirédire le niveau
déeau dans | e BRRBB,S\IMetXGRdntge enirdindsm paadies données
delapluigCHIRPS, de | 6 ®vaporation totale, de | a pro
de stations situées en am@WlL_Sof : Nivem ddeau ~ Sof ar a, WL Bou
Bougounj WL _Dou : Ni veaWL dReema u: ~ NiDvoeuanua). tidee a u
validation croisée en deux étapes (Fold 1 et Fold 2), avec optimisation bayésienne des
hyperparamétrelSnoek et al., 2012 permis de tester la robustesse des modédesékultats

montrent ge le SVMatteint un NSE supérieur a 0,7 sur le premier volet, tandis fubtrent

un NSE de 0,38 en test puis 0,4 en validation. Lors du second volet, tous les modéles présentent
des performances satisfaisantes (NSE entre 0,7 et 0,94), avec, de nmé&muémnte, une
influence majeure de WL _Bou, WL_ _Sof et Tot _e
future des extrémes hydroclimatiques, plusieurs modeles CMIP6 (par exempESMRA2-

HR, CanESM5, ACCESEM2) ont été comparés a CHIRPS via un diagree de Taylor,

r ®v ®1 ant gue | 6ensemble multimod | e (Ensmea

Xi



scénarios SSP2.5 et SSPB.5 mettent en lumiere des modifications marquées de trois indices

de précipitations extrémes (CDD, CWD, RX1DAY) au cours deshaines décennies : dans

l e sud du bassin, |l es p®riodes s che85 (CDD)
tandis que des pr®cipitations plus intenses
rapides. Les ruptures temporelles anticipéesr i ent sel on | e sc®nario
pour CWD en SSRB.5, 2041 pour CWD en SSP2. 5) . Enfin, un indicat
maxi mum (WLMmMmax) destin® ~ | 6®valuation des ¢

ruptures vers 2036 sous B&4.5 et 2034 sous SSHH, associées a des pentes de Sen
respect i v-0,81etD®E mian. kes projections suggerent ainsi une variabilité intra

bassin accrue, alternant entre épisodes de pluies torrentielles et périodes prolongées de déficit
hydrique, et mettent en ®vidence | a n®cessi i

hydrologique pour faire face aux changements climatiques a venir.

Conclusiors et Perspectives

Cette recherche a permis de mieux comprendre la variabilité hiydatique du BRB et a
renforcer |l es capacit®s de pr®vision des f|
guestions majeures : la précision des estimations satellitaires des précipitations, I'impact des
événements hydroclimatiques extrémes, I'efftéades modeles d'apprentissage automatique

dans la prédiction des niveaux d'eau, et les implications des scénarios climatiques futurs sur les

ressources en eau d'ici 2050.
1 Précision des estimations satellitaires de précipitations

Les produits satellitaisg notamment CHIRPS, se révelent fiables pour combler les
lacunes des données dans le BRB, offrant une alternative efficace la ou les mesures au

sol sont limitées par des déflslogistiques ou de sécurité.
1 Impact des événements hydroclimatiques extrémes

Des changements significatifs dans le régime des précipitations et des débits depuis les
années 1990 indiquent un risque accru d'inondations et des défis pour I'agriculture et la

péche, soulignant la nécessité d'adaptations dans la gestion des ressoeaces e

Xil



1 Performance des modéles d'apprentissage automatique

Les modéles tels que Random Forest et Gradient Boosting se sont réveélés
particuli rement performants pour reprodu
leur capacité a surmonter les limitagses en évidence par Chaibou Begou et al. (2016)

dans le bassin de la Bani, ou les modéles hydrologiques classiques, tels que SWAT,
peinent a restituer fidelement la dynamique hydrologique en raison du manque et de

| 6i rr®gul arit® des donn®es.

1 Scénarios fuurs et gestion des ressources en eau

Les projections basées sur les scénarios S8t SSPB.5 mettent en évidence des
effets contrastésur les ressources en eau du BRB, avec des implications sérieuses pour
la gestion future de I'eau, nécessitant pl@ifiques adaptatives et des infrastructures

résilientes.

Des recherches ultérieures devraient se concentrer sur I'amélioration des modéles climatiques a
une échelle locale plus fine et le renforcement des réseaux d'observation au sol. L'intégration
de facteurs soci@conomiques pourrait également enrichir les discussions sur l'allocation
équitable des ressources en eau, offrant une base pour des politiques de gestion de I'eau plus
justes et efficaces. Ces efforts combinés fourniraient aux décideurstienécessaires pour

une gestion durable des ressources en eau dans le BRB, favorisant des interventions adaptatives

et informées.
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Chapt@aneéelr al i ntroducti on

Water resources in sefarid regions worldwide are increasingly under pressure due to the
combined effects of climate variability, humarmluced changes, and sogimlitical instability

(O6Br i en .dntWest Aftca, thes® chdllgnges have particular significance given the
dependence of local communities on river systems for agriculture, fisheries, and broader socio
economic activitiegRoudier and Mahe, 2010a; Sylla et al., 20P8hong these river systems,

the Bani River Basin (BRB) in southéas Mali stands out for its importance as a tributary of

the Niger River, directly supporting agriculture, wetland ecosystems, and figihdaies et al.,

2013; Traore, 2015However, indepth scientific attention to the BRB has historically lagged

behind that given to larger and bettrcumented basins duas the Senegal or the main Niger
River. Understanding the basinbés hydrocl i ma
management but al so for r e g i-political lvulnerabdities | i t vy,
(Kohnert, 2023; Onuoha et al., 2023)

Recent efforts to characterize and predict hydrological fluctuations in thenB®Bhighlighted

several critical gaps in data availability and model accufagyn der son and Radi
Chaibou Begou et al., 2016)raditional hydrological models, which often rely on consistent
groundbased measurements of rainfall and discharge, face suaktdnatiienges due to data

scarcity, particularly in conflieprone or logistically difficult area@®nuoha et al., 2023This

scarcity is exacerbated by climatic anomakesh as prolonged droughts or unexpectedly
intense rainfall eventthat are becoming more frequamder climate change O6 Br i en et
2020; Peters et al., 202®s a result, water managers in regions like the Mopti area of Mali

must make critical decisions with incomplete or outdated data, leading to increased
vulnerabilty to both floods and drough¢Ba, 2023)

To address these observational gaps, satdiiteved rainfall datasets suck ¢he Climate

Hazards Group InfraRed Precipitation with Station data (CHIRPS) have emerged as potentially
powerful tools(Houngnibo et al., 2023b)fhese products combine ground station data with
remote sensingnd reanalysis techniques, offering higher spatial and temporal coverage than

would be possible through conventional observation networks élonku et al., 201Q)



However, while datariven and machine learning (ML) approaches have shown strong
potential for improving prediction accuracy under e&tarce conditions, they also present
limitations in simulating wateresources management scenarios and capturing the complex
feedbacks associatewith landuse and anthropogenic changs semiarid and conflict
affected regions, such satellibased datasets can provide essential information to fill in the
missing links of rainfall and river flow daaO o6 Br i e n .é&lowewerl validatich 0f2nh8sp
products is crucial, as local biases may compromise their reliahiligymplex terrains or areas
where ground truth data are limit@doungnibo et al., 2023c)

Parallelto these advancements in data acquisition, the emergence of machine learning (ML)
techniques has opened new avenues for hydrological modeling and fore(idatagni et al.,

2024, 2020; Tahmasebi and Sahimi, 20Models like RF and GB can capture nonlinear
relationships within large, heterogeneous datasets, making them particularly suited to the
complexities of river basins experiencing variable climatic and anthropogenic pressures
(Anderson and Radi i, . By0l&&agingXatallitdgrivee tainfadl | . |
estimates and other remote sensing variables, ML models are increasingly effective in
predicting streamflow, water levels, and flood risks in -datarce regionfraseen et al., 2019)
Moreover, the flexibility of these techniques allows for the integration of future climate
scenariosuch as those from tH&MIP6 to assess how warming trends may alter rainfall and
discharge patterns in the near fut(Rameshwaran et al., 2021; Sawadogo et al., 2024)

In the specific context of the BRB, few studies have fully harnessed these combined advantages
of satellite data and Mbased methods. While previous research successfully modeled water
level fluctuations using conventional statistical or hydrological mg@#sibou Begou et al.

2016; Mahe, 2009Yhere remains a strong need to systematically evaluate the performance of
satellite rainfall products, analyze lotgyrm hydroclimatic trends, and integrate predictive
modeling with future climate scenarios. This integration is pddrty urgent in the Mopti
region, where socipolitical instability complicates grouddased monitoring effor{&gohnert,

2023; Onuoha et al., 2023)
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Against this backdrop, the present thesis aims to strengthen hydrological monitoring and

forecasting for th&RB by focusing on four key objectives:

1 Evaluating the accuracy of satadliproducts to mitigate data gaps.
By comparing satellitelerived rainfall estimates (e.g., CHIRPS) with available ground
measurements, this research seeks to quantify the reliability and bias of these datasets
in capturing spatidemporal precipitation vability across the BREDinku et al.,
2010; Houngnibo et al., 2023b)

1 Analyzing hydroclimatic trends and patterns over recent decades.
The study will employ robustatistical techniques, such as the modified Matendall
test, to identify trends in precipitation and river flow indices (e.g., RX1DAY, Qmax)
over recent decades, thereby offering insights into both gradual and abrupt shifts in the
BRBO6s hydr od(Regrs et al.|] 2020e gi m

1 Assessing the predictive performance of ML models in replicating historical water
levels.
Advanced ML algorithms, including RF and GB, wik lapplied to historical climate
and hydrological datasets to determine how effectively they can replicate observed
waterlevel fluctuations. This step aims to validate their suitability for operational
forecasting in dataonstrained environmengXiang et al., 2021)

1 Forecasting future watéevels under SSRP2.5 and SSPB.5 climate scenarios.
Finally, ML-based models will be coupled with CMIP6 climate projections to estimate
future water levels, with an emphasis on identifying potential hotspots of hydrological
change and informing resoura@anagement strategies under different emission

pathwayqRoudier et al., 2014a; Sawadogo et al., 2024)

By pursuing these objectives, this thesis not only enhances the existing body of knowledge on
the BRB but also provides a robust framework for stakehoildeltgling government agencies,

local communities, and international organizatibmsnake informed decisions about water
resource allocation and climate adaptation. The fusion of satidiiteed data, advanced ML

techniques, and scenati@ased analyses proseis to significantly improve both the accuracy
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and the resilience of hydrological forecasts in a region where data scarcity angditicial

uncertainty frequently hamper effective managenje®6 Br i en .et al . , 2020)

1.1. Context and problem statement

Among the many impacts of climate change, those affecting surface water resourcas remai
particularly concerning due to their direct implications for water availability, agriculture, and
disaster management. This challenge is especially pronounced in West Africa, where
watersheds are often highly sensitive to both climatic fluctuations amérh interventions
(Roudier and Mahe, 2010b; Sylla et al., 201Bespite a growing body of research,
uncertainties persist regarding how West African basins respond to changing environmental
conditionsuncertainties that must be addressed to inform sustainable water mang@rant
etal.,2017 OO6Brien. et al ., 2020)

The BRB, a vital tributary of the Niger River, exemplifies these ehgks. Previous studies
have highlighted its susceptibility to climatic variability and anthropogenic preg§thragou

Begou et al., 2016; Mahe et al.,138), for instance, demonstrated how interannual rainfall
variations significantly influence groundwater levels in the BRB. In pardfétouetet al.,
2000)linked suspended sediment dynamics to fluctuations in liquid discharges at Banankoro
and Douna, whiléRoudier and Mahe, 2010b)et ai | ed t he basinbdés decl
since the 1970s. Collectively, these works usdere how reduced precipitation, hydro
agricultural development, and other human activities adversely affect water resaurces
vulnerability that is amplified by rising temperatures and erratic rai(@llOyerinde et al.,

2017; Syla et al., 2018)

Further quantifying these pressuréBaturel et al.2010) reported substantial decreases in
rainfall (about 1525%) and significant reductions inraral discharges (up to 65%) since the
1970s at Douna, t he B RBé&sed hydwlbdical imodelsAch ash o u g h
SWAT have yielded moderate success in capturing these ch@itmbou Begou et al., 2016)

their applications in the BRB have primarily focused on sitmgastreamflow and evaluating

the impacts of landise and climate variability on water balance components. Chaibou Begou

et al. (2016) calibrated and validated SWAT at Douna and Banankoro stations, demonstrating



its potential to reproduce seasonal flowtg@ans but also revealing significant uncertainty during
low-flow periods due to sparse and inconsistent climate aneclaveel data.

However, their ability to represent nonlinear cliniatater interactions remains limit¢Beters

et al., 2020) Complicating matters is the ongoing insecurity in the Mopti region, where the
Douna hydrometric station is frequently vandalized, undermining the effectiveness of
conventionahydrometric monitoring and flood mitigation effoisohnert, 2023; Onuoha et

al., 2023) These limitations have led to more frequent and severe flooding in Mopti, amplifying
sociceconomic vulnerabilitieBa, 2023)

In response to these challenges, innovative approaches that leverage ML have emerged, offering
new pathways for accurately predicting wdtarel fluctuations under datgparse and conflict

prone conditiongXiang et al., 2023)By capturing complex, nelinear interactions among
climatic drivers, human interventions, and limited grotmaded measurements, ML algorithms

can overcome somef the inherent biases in traditional empirical formulaaderson and
Radi | . Eqaabyantpdrtant is the use of satellite data, such as CHIRPS, to compensate for
observational deficiencies in regions where security risks hinder routine data collection
(Houngnibo et al., 2023bAccording to(Ahmed et al., 2022a)XGB and Gaussian process
regression (GPR) remain underutilized for forecasting river water levels, despite their potential
in handling multifaceted hydrological datasets.

Building on this momentum, the present studysato develop a robust Mhased framework
incorporating datasets from satellites, historical records, and-eoccimmic indicatorgo
accurately forecast watégvel fluctuations in the BRB. Such a framework will not only
strengthen predictive accuracytbalso facilitate adaptive flood management strategies.
Ultimately, these insights serve to mitigate the escalating impacts of climate change on water
resources and bolster regional resilience, especially in contexts wher@glitotal unrest and

inadeguate infrastructural systems pose substantial risks to vulnerable communities.

1.2. State of art

A powerful model for predicting river watdevel fluctuations is crucial for effective hazard

mitigation, particularly in the context of increasing flood rigkskhamarine et al., 2020)n



response, numerous researchers have explored diverse methodologies to address the inherent
complexities of watetevel variationgYaseen et al., 2019However, conventional modeling
approachesuch as autoregressive or Bdankins modelsncounter notable limitations. They
often require extensive parameter calibration and assume a substantial regdmnatarical

data, which is not always available or sufficiently detajledgmar et al., 2021)Physicsbased
models add another layer of complexityrbguiringmultiple assumptions and a compresige
understanding of (Saldanhas osCGarenm ét sal., 209®ora instancs,
developing a purely physical model to evaluate river floodplains can be costly and data
intensive(Teng et al., 2023)

Over time, numerical approaches have emerged as a way to alleviate some constraints of
physicsbased model$Wu et al., 2014) Nonetheless, errors in numerical modeling persist,
often stemming from incompletrepresentations of the physical processes invd@edn et

al., 2020) Recent advancements in ddtaven techniques have shown promise in addressing
these issues, as demonstrated by the application of various machine |@diridgorithms

for different hydrological parameters. For examphdlawi et al., 2018)employed radial basis
functions and support vector machines to predict reservoir evaporation acrossveleily,

and monthly time horizons, achieving high levels of accuracy. Similghmel et al., 2021)

used ML methods to model subsurface evaporation(tdipai et al., 2013Jound that support
vector machines outperformed ANFIS for daily wdeael prediction in the Klang Gate
reservoir.

Despite their generally higher accuracy compared to classical techniques, Mis meaplgre

proper hyperparameter tuning (e.g., weights, activation and transfer functions) to achieve
optimal performancéAhmed et al., 2022a)Recognizing this need, numerous studies have
combined ML algorithms with metaeuristic optimizers, such as genetic algorithms or particle
swarm optimization, to enhance rivéischarge predictiondBanadkooki et al., 2019; Osman
etal., 2021; Pham et al., 2021; Rezaei et al., 2020; Tikhamarine et al.,\20#68)these hybrid
approaches generally improve accuracy, some optimizationigeessuffer from low or

unstable convergence rates and may increase computational d¢Biaatuksbi et al., 2020)



Treebased regression models have recently gained attention as potentially less complex yet
effective alternatives to hybrid ML approacti€hazvinian et al., 2019)Ridwan et al., 2021)
showed that boosted decision trees and decision forests could surpass classical models in daily
rainfall prediction. In watetevel applications, boosted linear and decision tree regressions
outperformed traditional neuraktworks and radial basis function meth¢8spitang et al.,

2020) XGB, in particular, has demonstrated both high accuracy and computational efficiency
in modeling groundwater fluctuatiof®sman et al., 2021As an ensemble method anchored

in gradient boosting, XGB often excels at capturing sudden changes in hydrological parameters.
Machine learning techniques have also been extended to broader -cbiatdd challenges,

such as flood and storm prediction, particularly in coastal areas increasingly exposed-to socio
environmental complexitigBamal et al., 2024)n a similar vein(Xu et al., 2020employed
ML-based downscaling to improve the @@xy of regional climate simulations for the upper

Han River basin, highlighting the value of dat@ven methods at the watershed scale.
Furthermore(Adounkpe et al.2020 achieved NastSutcliffe efficiencies exceeding 0.93 by
applying deep learning models to streamflow prediction in Niamey, underlining the
effectivenessof neural networks in hydrological applications. These findings collectively
emphasize the growing significance of machine learrang specifically ensemble or
optimized ML algorithmsas flexible, powerful tools for addressing the complexities and

uncertanties of watetlevel prediction in a changing climate.

1.3. Research questions

In view of the abovanentioned problems, it is imperative to find the answer to the following
guestions. To do so, we will use during this research work recorded data from
hydrometerological services, agricultural services, climate scenarios in order to amaver t

following questions

1 How do satellite rainfall estimates compare to ground observations in terms of accuracy
and reliability?

1 How have changes in extreme hydroclimatiergs affected the BRB's hydrology?



1 Which machine learning models most effectively reproduce water level fluctuations
under datascarce and hydroclimatically variable conditions in the Bani River Basin
(BRB)?

1 What do the climate scenarios tell us aboueta@ution of water levels in the BRB by

20507

1.4. Thesis aim and objectives

To develop a robust and comprehensive predictive framework using adWhcadorithms

to forecast water level fluctuations in the BRB under changing climatic condifibissaimis
grounded in addressing critical gaps in current hydrological modeling approaches, particularly
in regions like the BRB where data scarcity, climate variability, and anthropogenic influences
compound water management challenges. By leveraging machmen¢gsechniques, the

thesis seeks to enhance predictive accuracy, mitigate flood risks, and establish a generalizable
methodology that can be applied to similar river basins affected by climate change.

The specific objectives of this study are outlinetblye detailing the key steps and focus areas

undertaken to achievbe overall aim of the research:

1 Evaluating the accuracy of satellite products to mitigate data gaps;

1 Analyzing hydroclimatic trends and patterns over recent decades;

1 Assessing the predige performance of ML models in replicating historical water
levels;

1 Forecasting future water levels under S82and SSPB.5 climate scenarios

1.5. Novely

This study introduces a novel hybrid framework that merges satddiiteed datasets and
advanced mzhine learning algorithms for watvel forecasting in senrarid, conflictprone
environments like thé8RB. By integratingsatellite basedainfall data,ML algorithms it
circumvents the constraints of scarce grebaded observations. Furthermore, n&rporate
local sociepolitical dimensions, acknowledging that instability can disrupt conventional data

collection. This integration ensures model adaptability and continuous forecasting even under



datalimited situations. Additionally, by applying CMIR8imate scenarios, the research does
not merely improve nederm predictions but also provides decisioakers with longange
tools for adaptation. Such scenabased modeling highlights critical breakpoints and potential
extremes. Lastly, the framewod s t r ansf er abi | i-arg regionsafacthgg out :
similar climatic, infrastructural, or security hurdles can replicate these methods. Hence, the
synergy of satellite data, robust computational techniques, and sebased forecasting

offers a groundbreaking pathway for sustainable water management under compound
uncertainties. This integrated perspective addresses multiple layers of uncertainty, bridging data

gaps while providing proactive guidance for local stakeholders and policymakers.

1.6. Scope of the thesis

This research focuses on improving wd#sfel forecasting and management within BB,

a region significantly affected by climatic variability and sepdaditical uncertainties. By
integrating satellitdbased rainfall products (e.g., @RPS), traditional hydroclimatic
observations, and ML algorithms, the study addresses the pressing need for accurate, data
driven decisiommaking tools. The thesis encompasses several dimensions: evaluating the
reliability of satellitederived datasets, plying advanced ML models to predict water level
fluctuations, and analyzing the implications of future emission scenarios on water availability.
Through close collaboration with local hydrological authorities in Mopti, the research aims to
deliver actionhle insights that can enhance resource allocation, guide infrastructural
investments, and improve resilience in the face of climate extremes andpsbioal

challenges.
1.7. Expected results and benefits

This study integrates satellitierived rainfall datavith advanced machine learning models to
enhance watedevel forecasting in thBRB. By doing so, it will fill critical data gaps and enable
more robust water management strategies under complex climatic andpasidaal

conditions. Specifically, theesearch is expected to:



1 Improve rainfall data quality

Validate and refine satelltieased rainfall products (e.g., CHIRPS) to compensate for sparse

ground measurements, thereby providing more reliable inputs for hydrological modeling.

1 Enhancewater-levelforecastaccuracy

Employ ML algorithmssuch as R, GB, XGB and SW to capture nonlinear hydrological

dynamics, ultimately achieving more accurate and timely el predictions.

i Offer insights onhydroclimatic trends andextremes

Identify key shifts inrainfall patterns and extreme flow events, informing adaptive measures

for both flood mitigation and agricultural water planning.

1 Strengthenadaptive water management

Generate evidendeased recommendations that can be directly applied by local authandies

stakeholders to reduce climatdated risks and secure livelihoods in the region.

1 Provide scenario-basedfuture projections

Forecast potential changes in water availability under different climate pathways (e.g., SSP2
4.5, SSP83.5), guiding longem infrastructure development and ecosystem conservation

efforts.

1 Establish atransferable modeling framework

Demonstrate a scalable approach that can be replicated in otheargkamd conflictprone
regions, promoting broader adoption of innovative -ailgen methods in water resource

management.
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Chapt®8ru@y ar ea

In this chapter, we delve into a comprehensive examination &RIBs a pivotal hydrological

and ecological system within West Africa. This analysis encompasses several critical
dimensioms necessary to understand the basin's physical and-esmriomic attributes
thoroughly. We initiate with a geographical positioning (section 2.1) oBRB, delineating

its coordinates, the countries it traverses, the main cities it impacts, andréalf oxehment

area. Further, we explore the basin's boundaries and outline its expansive reach across Mali,
Cote d'lvoire, and Burkina Faso.

Following the geographical overview, we detail the basin's relief (section 2.2), discussing the
topography includig the varied elevations from mountains to plains, and the topographic
features that influence the hydrological characteristics of the river. This segment also addresses
the average altitude and key topographical variances that affect water flow andilayaila
within the basin.

Vegetation within the basin is explored next (section 2.3), where we classify the types of
vegetation present, ranging from lush savannas to arid desert patches. This section elaborates
on the dominant flora species, their disttibo, and the impacts of anthropogenic activities on
these natural habitats.

The climatic conditions of thBRB are meticulously analyzed (section 2.4), covering aspects
such as annual precipitation patterns, temperature averages, and the distinct ¥éasists.

delve into the observed climatic fluctuations over recent decades and assess the implications of
climate change on this sensitive region.

In the hydrographic overview (section 2.5), we concentrate on the intricate network of rivers
and tributarieswithin the basin, emphasizing tBRB's role and its significant tributaries.
Discussions here include aspects of river discharge, the regime of floods and droughts, and the
infrastructure like dams and reservoirs that are crucial for effective wategemeat.

Soil types and land usage in the basin are discussed (section 2.6), highlighting the primary soil
groups and how land is utilized, from agricultural practices to conservation areas. This helps in

understanding how soil and land management strategie being implemented to support
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sustainable developmentVe then present demographic characteristics (section 2.7) of the
populations residing within the basin, including population density, geographical distribution,
and major societal trends. This 8en also touches upon migration patterns that affect the
sociaeconomic landscape of the regidmastly, the section on environmental, social, and
economic activities (section 2.8) discusses the main economic activities such as agriculture,
livestock, andenergy production, and their interplay with the environmental dynamics of the
basin.we synthesize the key elements discussed in this chapter, emphasizing the complex
interdependencies between the physical geography, climate variability, and human factors
influencing theBRB. We also highlight the ongoing challenges and potential opportunities for

fostering sustainable development within this vital water catchment area.

2.1. Localization

This study focuses on tH&RB (Figure 2), which flows into its outlet in Mpti, central Mali.

The river basin spans approximately 129400 kmz2, covering parts of Mali, Coéte d'lvoire, and
Burkina Faso, with coordinates between 9°10'13"N to 14°05'44"N latitude and 8°05'16"W to
3°46'17"W longitudeWhile the majority of the basikes within Mali, parts of it reach into

Céte d'lvoire and Burkina FagGhaibou Begou et al., 2018he Bani River is formed by the
Baoulé and Bagoé rivers, which originate in Ivory Coast. It then receives its main tributary, the
Banifing from Kouoro on the right bank beforeaching the Douna station and entering the
inner delta. In the delta, the Bani is joined by the Banifing from San and then the Yamé from

Bandiagara, flowing to Mopti where it merges into the Niger RijRaturel et al.2010.
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Figure2: Bani catchment in weste#idrica shared by Mali, Cote d'Ivoire, and Burkina Fas
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2.2. Relief

The BRB is an integral part of the Upper Niger Basin, marked by its distinct geographical
boundaries and varied topography. It is bordered to the east by the meridian neart8aneand
west by the meridian near Bamako. The southern limit slightly overlaps into the territories of
Cote d'lvoire and Burkina Faso, while the northern boundary runs roughly parallel to the Niger
River, positioned about forty kilometers to the southtoffhe topography of the is
characterized by its generally subdued relief, with more pronounced elevations found
particularly along the southern edge of the basin, in the high Bagoé massif west of Boundiali.
Here, the peaks reach up to approximatél® @eters(Figure 2) The essential topographic
feature of the basin is a very gentle slope descending northeastward from elevations of about
400 meters to 300 meters. The only significant variations in this gradient are found in the
southern parts of theabin, where latéritic buttes with flat tops are heavily dissected by the
hydrographic network. To the north, along the Bougéikasso line, the landscape features
flat-topped sandstone plateaus.

This elevation map vividly illustrates these features, ligpting the basin's diverse terrain with

a color gradient that accentuates areas of higher elevation in red and orange tones, which
transition to cooler blues as the elevation decreases. The network of rivers is clearly delineated,
underscoring their rolen shaping the basin's landscape and influencing its ecological and
hydrological dynamics. Hydrometric stations positioned at key locations within the basin

provide essential data for monitoring the environmental and hydrological changes over time.

2.3. Vegetdion

The BRB lies entirely within a savanna region. In this ecosystem, herbaceous vegetation
dominates: it grows rapidly during the rainy season, then dries out or dies off by the end of its
growth cycle. As the dry season lengthens and becomes moreejriters and shrubs become
progressively rarer, though they still appear alongside the grasgbs. southern portion of
thebasiparti cularly in the athelandseapettakes the fargofant o

classic Guinean woodland savannaré] shrubs form a fairly dense layer, and the grassy
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understory is extensivélso small patches of gallery forest and forest islets, though these are
not widespread. This type of savanna stretches northeastward along the basin, eventually
reaching the &asso region. It safeguards the soil by slowing runoff, thereby increasing the

l andbdés water (YVreysenetal.i2018) capacity

Progressing northward, the savanna thintsgallery forests disappear, and vegetation becomes
more xerophytic (adapted to dry conditions). In this more scattered form, it offers only limited

resistance to runo#fspecially early in the rainy season before the grasses regenerate.

In closing this werview of the Baniwates hed 0s physical environmen
the basinbébs morphology integrates several el
flood water | osses, and plant cover that fro

curbing erosin. Throughout the region, the slopes are gentle and unifikouyaté et al.,

2025)

Together, these factors exert a moderating effect on runoff. The sizable water losses postpone
the high flow perioa byl fabonant lom ea fttoeronteh eanu
rainfall. Meanwhile, once floodwaters recede, the floodplains release only part of what they had

absorbed.

2.4. Climat

The study area ignfluenced by tropical climate dynamics, experiences a stark seasonal
variaion driven primarily by the interactions of different air masses and the movement of the
Intertropical Convergence ZofBalcazar et al., 2022This zone, a critical climatic boundary,
shifts its position throughout the year, impacting the precipitation patterns and climate
conditions across the basin. During the boreal summeinntbgropical Convergence Zone
(ITCZ) reches its northernmost position, bringing moist, unstable maritime air from the south,
which contrasts with the dry, stable continental air originating from the Saharan anticyclone.
This setup results in a distinct wet season characterized by heavy chandrgrseason marked

by reduced precipitation.

Further insights into the regional climate are provided by examining specific climatic factors

such as wind patterns, temperatures, and relative humidity across various meteorological
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stations including Bougmi, Sikasso, Koutiala, Ségou, San, and Mopti. The wind regime,
particularly dominated by the Harmattan from the northeast and the moist southwesterly
monsoons, illustrates the dynamic climatic interactions at plbsahim et al., 2017)
Tempeature data indicates a general increase from south to north across the stations, with
seasonal highs peaking just before the onset of the rains and lows during the dry season. Relative
humidity follows a similar seasonal pattern, with the highest valwesded during the peak

of the rainy season in August and the lowest during the dry season, reflecting the broader
climatic influences affecting the basifhis nuanced understanding of the climatic conditions

in the BRB highlights the complex interplay atmospheric dynamics that govern the seasonal

and spatial variations in weather patterns, essential for managing the region's agricultural and

water resourcePaturel, 2014

2.5. Hydrography

The Bani River is formed by the confluence of the Baoulé and Bagoé rivers, which originate in
the hills dividing the Niger Basin from the coastal rivers of Cote d'lvoire. This drainage network
covers southern Mali and northern Céte d'lvoagillustrated in figur8.

The Baoulé River sources near Odienné at an elevation of 450 meters, gently flowing northward
towards the Niger River. From its origins, the river is characterized by meanders and
floodplains, which become evident upstreamQufienné. After traveling approximately 30
kilometers, the Baoulé shifts into a soutbrth trajectory with a slope of 40 centimeters per
kilometer, where it meets its first tributary, the Banifing. The slope then reduces significantly
to 20 centimeters pé&ilometer, enhancing the meandering as it proceeds. Further downstream,
the Baoulé picks up another tributary, the Dégou, on its right bank. As it passes through
Bougouni, 500 kilometers from its source, the floodplain widens dramatically to between 800
and 1500 meters. The river continues to collect tributaries, including two more Banifings, one
on the right and another on the left bank. After navigating through a more confined course, the
Baoulé turns westast and meets the Bagoé just past Doila, 86thkters from its origin.

The Bagoé River begins south of Boundiali at 600 meters above sea level, descending through

a plain in a soutimorth direction, quickly developing into a river with broad floodplains and a
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winding course. Midway, it collects theaBni on the right bank and the Kankelaba and another
Banifing on the left bank. The gradient lessens and the meanders become more pronounced as

the Bagoé stretches over 700 kilometers to join the Baoulé.
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Figure3: Drainage netwik of theBRB

2.6. Soil and land use

According to the Food and Agriculture Organization (2q@Rjelland et al., 2012)he primary

soil groups are predominantly made up of Luvisol, Acrisol, and Nitosol (Figyré\s per the
USGS Glolal Land Cover Characterization (GLCC) version @.6veland et al., 2000xhe
predominant form of land use is agricultural land, with savannah and forest following it exten
(Figure 4b). The figure 4ashowcases the diverse soil types found throughout the Bani

catchment. Each solil type is characterized by unique properties that influence their use and
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management. Ferric Acrisols, which are widespread across the catchmeéegmyaveathered

and rich in iron and aluminum oxides, posing challenges for agricultural productivity without
significant amendment and careful management. Orthic Acrisols and Plinthic Acrisols, which
appear in various patches, have better drainage cethpa Ferric Acrisols and support a
broader range of agricultural activities, although they still require careful management to
prevent nutrient depletion. Eutric Cambisols and Gleysols, more fertile and with better water
retention capabilities, are idefr more intensive agricultural practices. Lithosols, scattered
throughout the region and characterized by shallow depth and stony texture, are found mainly
on steeper slopes and are generally less suitable for cultivation but may support certain types
of pasture or forest. Luvisols and Nitisols are deeper anddrathed soils that are among the

most fertile in the region, highly suitable for various agricultural uses due to their higher nutrient
content and good structurfehe land use maff-igure 4b)divides the Bani catchment into three
primary categories that reflect the dominant forms of land utilization. Agricultural land
dominates the landscape, depicted in yellow, underscoring the region's dependence on
agriculture, which varies in intensity ancethod depending on the underlying soil type and
water availability. Forest areas, shown in green, are primarily located in zones where the soll
and microclimatic conditions support such vegetation. These areas are essential for maintaining
ecological balace, influencing soil and water conservation, and providing habitat for diverse
wildlife. Savannah, indicated in light green, is typical for areas with less intensive land use,
often used for grazing and integral to the ecological diversity of the catchsugpmbrting a

mix of natural vegetation and wildlife.

The interaction between soil types and land use patterns is evident from the maps. For example,
agricultural lands on Ferric Acrisols may require different management strategies, such as the
addition d organic matter and regular soil testing, to maintain soil health and productivity
compared to those on Eutric Cambisols. Similarly, the presence of forests and savannahs in
areas with specific soil types can suggest regions where natural vegetatiqoréxdps erosion

and maintain ecological stability.
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This comprehensive examination of the Bani catchment's soil and land use maps helps
stakeholders understand the complexities of land and soil resource management. Such
understanding is crucial for develog sustainable agricultural practices, conserving natural

resources, and planning future land use in a way that balances productivity with environmental

conservation.
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Figure4: (a) Soil attributes and (b) land use catggof the Bani catchme(€haibou Begou et al., 2016)

L

egend
[ Bani Catchment
® Gauging Stations
. River Network
[_TInternal Subbasin
Land Use
[T Agricultural Land Generic
I Forest
[ ]Savane

N
8|



2.7. Demography, environmental, social and economic activities

1 Population

TheFigure Sillustrating the Bani catchment displays population distribution based on data from
the WorldPop Global Project, which estimates residepdipulations within precise 100x100m

grid squares from 2000 to 2021. This higisolution data, derived through RF~based
dasymetric redistribution method, is informed by recent census figures and various geospatial
layers, ensuring accurate and detadedhographic mapping. The total population of the Bani
catchment is estimated at 5,957,583, with the map's visual gradations highlighting areas of
varying population densityThe WorldPop dataset, pemviewed and constructed with
transparent methodologie is crucial for multiple applications, including infrastructure
planning, environmental management, and emergency resflonsed et al., 2012) The
availability ofthis data on an opesccess platform supports a wide array of research and{olicy
making initiatives, enhancing efforts in sustainable development and resource allocation.
Funded primarily by the Bill and Melinda Gates Foundation and developed in coliabora

with several academic institutions, this dataset represents an invaluable resource for

understanding and managing population dynamics effectively.
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I Social and economic activities

TheBRB senesas a crucial tributary of the Niger River, plays a vital role in the environmental,
social, and economic fabric of the region. The basin's water availability is highly variable, often

limited during dry sesons, which poses significant risks to agricultural productivity and food



security. This variability is exacerbated by climate change, which intensifies the seasonal
fluctuations of river flow and complicates water management efforts.

In terms of infrastrature, the region faces a pressing need for development, particularly in
expanding irrigation schemes and constructing dams and resdiRoirdier et al., 2014a)

Such projects are essential to ensure consistent water availability, supporting both agricultural
activities and the daily needs of the population throughoutegbe

Energy access within the basin is notably limited, with only 26% of the population having
access to electriciffoure et al., 2016)This scarcity is more acute in rural areas, affecting
approximately 11 million people. The primary sources of power generation in the area include
hydropower from the Sélingué and Manantiims, which contribute 90% of the available
electricity (Touré et al., 2016)Additionally, there is a heavy reliance on biomfassyvood,
charcoal, and agricultural residuegich underscores the need for more sustainable energy
solutions.

The agricultural sector, deeply intertwined with the hydrological amtggnchallenges, is
crucial for the local economy. Seasonal and climatic changes impact not only water availability
but also the livelihoods of those who depend on agriculture and livestock. The ongoing
population growth in Mali, particularly the high perntage of youth, adds pressure to improve
water and energy infrastructures to enhance people's quality of life and economic stability.
Stakeholders from various sectors, including local government agencies, international donors
like the World Bank and thEuropean Union, and numerous local committees, are actively
engaged in addressing these challenges. Projects funded by international grants, aim to develop
and implement solutions that address these multifaceted-sooimmic issues, focusing on

sustainality and longterm resilience for thBRB.

2.8. Partial conclusion

This chapter has provided a comprehensive exploration @R a region pivotal not only

for its hydrological and ecological significance but also for its profound -sm@oomic impact
acress West Africa. Through a detailed examination that spans geographical delineation,

topographical features, vegetation types, climatic conditions, hydrographic characteristics, soll
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and land use patterns, and demographic insights, we have painted actuiel @f a basin that

is as diverse in its challenges as it is in its opportunities.

From the varying altitudes affecting hydrological flows to the intricate river networks that
sustain a wide array of biodiversity, tB&B stands as a testament to thealyic interplay
between nature and human activity. The pressures of climate change, population growth, and
sociceconomic developments call for a concerted effort to manage the basin's resources
sustainably. Effective water management strategies, infobydtie basin's comprehensive
hydrographic and climatic analysis, are crucial for mitigating the impacts of variability in water

availability and the intensifying extremes of droughts and floods.

The demographic trends and the patterns of land use undetkeonecessity for integrated
approaches to regional planning that consider both the environmental sustainability and the
sociaeconomic wehlbeing of the basin's inhabitants. The ongoing initiatives aimed at
improving irrigation, enhancing energy acceasd fostering economic stability are steps

toward addressing the intricate mosaic of environmental, social, and economic challenges.

As we conclude this chapter, it is clear that BieB is a region where every aspect of its
physical geography informs amfluences the lives of its people. The insights garnered here
should guide future policies and research, aiming not only to preserve the ecological integrity
of the basin but also to enhance the quality of life for all its residents. Through adaptive
maragement and informed decistomaking, theBRB can continue to be a source of life and a

cradle of human civilization in West Africa.
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Chap3®ateri aMeg sonmdd

This chapter outlines the methodological framework adopted to fulfill the spduéictives of

this research, highlighting both datantric and analytical approaches. It begins with Section

3.1, where historical rainfall data from satelitesed (PERSIANNCDR and CHIRPS) and4n

situ sources are collected, preprocessed, and intedratgaeliminary analyses. A reliable
Reference Rainfall Product (RRP) is then developed and validated through geostatistical
techniques, facilitating a robust evaluation of satetieeived estimates.

In Section 3.2, the focus shifts to identifying andrettterizing extreme hydroclimatic events,
including both rainfall and river discharge indices, which form the cornerstone for
understanding flood and drought risks. This section also details the trend and-pbange
detection methods (Modified Mankdenda | | , Pettittds test, and S
longt er m patterns and abrupt shifts in the bas
Subsequently, Section 3.3 introduces the implementation of four machine learning algorithms
XGB, SVM, RF, and5B for predicting watelevel fluctuations based on a carefully configured
dataset incorporating precipitation, evaporation, witble depth, and upstream water levels.

A crossvalidation scheme ensures that the predictive models are tested on multiple temporal
segments to drance their generalizability and reliability.

The section 3.4 discusses future hydroclimatic projections derived from different CMIP6
climate scenarios (SSPR5 and SSPB.5). Rainfall and temperature outputs from a suite of
global models are analyzed farecast changes in key indicators such as consecutive dry/wet
days, maximum daily rainfall, and peak water levels. This integrated approach, combining
historical data, statef-the-art interpolation, machine learning, and climate scenario modeling,
proikes a comprehensive understanding of t he

hydroclimatic conditions.
3.1.Data collection and preliminary analysisfor the first specific objective

Historical rainfall data were collected from two primary sourcdSR®IANN-CDR and

CHIRPS, covering the period from 1983 to 2000. PERSIABDR provides daily rainfall
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estimates at a 0.25patial resolution, while CHIRPS combines satellite imagery wititin

station data to improve accuracy. Additionally, observed alinfata from meteorological
stations within the Basin Region were included for validation. These datasets were preprocessed
to ensure temporal alignment and consistency across the different sources. The combination of
these datasets forms the basis foaleating rainfall variability and hydrological modeling

within the study area.

1 Construction of RRP

To develop a reliable reference rainfall product, we employed a geostatistical approach using
data from 26 observed rain gauge stations distributed acessuilly area. The methodology
began with variogram analysis, a key step in understanding the spatial continuity of rainfall
patterns(Jeong et al., 2020\Variograms help to explore how rainfall values change over
distance, allowing us to assess whether the data are spatially autocorrelated, which is crucial
for accurate spatial interpolation. The sewariogram, which plots the variance of rainfall
differences as a function of distance between stations, was used to identify spatial trends and
potential anomalies in the dgt@liver and Webster, 2014Dne common issue we encountered
during this analysis was the "nugget effect”, which arises due to measurement errors or spatial
variations at a scale smalleraththe distance between statigdmg et al., 2014)Following

this, we proceeded to model fitting where various theoretical models such as spherical,
exponential, and Gaussian models were tested to find the best fit for our empirical variogram.
These models are essential for predicting rainfall at unsargaations. Once a suitable model

was chosen, we performed crasgdidation. This involved the "Leav®ne Out" method, where

we removed one observation at a time and used the remaining data to predict its value. We then
compared the predicted value withetactual observation to calculate error statistics. This
process helped us to refine our model and ensure the accuracy of the interpolation. The final
step involved applying ordinary Kriging, a geostatistical technique that uses the spatial
relationshipsdescribed by the variogram to estimate rainfall values at unsampled grid points

across the study ar@@ezaei et al., 2020The result was a spatially continuous rainfall dataset,
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our reference rainfall product that is essential for comparing satellite rgoanéallicts and

enhancing our understanding of regional rainfall variability.
1 Evaluation of satellite rainfall products

In this investigation, we used two precipitation estimation products: the Climate Hazards Group
Infrared Precipitation with Stations (CHF¥S) and the Precipitation Estimation from Remotely
Sensed Information using Artificial Neural NetwoikEimate Data Record (PERSIANN
CDR). CHIRPSIs a global precipitation estimation product that integrates satellite data and
ground observations (Tablg, unlike PERSIANN-CDR, which is exclusively satellitbased

product
+ CHIRPS

CHIRPS is a satellitbased precipitation estimation product designed for global coverage. The
CHIRPS algorithm integrates infrarbdised precipitation data, calibrated using Tralpic
Rainfall Measuring Mission (TRMM) data, and reanalysis model ouffuisk et al. 2015)

By merging satellite observations with grodoased station data, CHIRPS produces a gridded
dataset with a spatial resolution of 0.25°. This dataset spans from 1981 to the present, offering
monthly time series for applications such as drought itmong and water resource
management. The CHIRPS process occurs in two phases, incorporating both historical and real
time infrared precipitation estimates to provide comprehensive and continuous precipitation

records essential for lortgrm hydrologicahssessmen{dlaidment et al., 2017)
+ PERSIANNCDR

PERSIANNCDR was developed by the Center for Hydeteorology and Remote Sensing at

the University of California, Irvine. The PERSIANN algorithm employs artificial neural
network techniques to calibrate infrared (IR) satellite images with microwave (MW) data for
more accurate precipitation estimates. #fiy, the algorithm relied solely on IR data from
geostationary satellites, but it now incorporates MW data from instruments such as the TRMM
Microwave Image(Tapiador et al., 2004 he IR data used in PERSIANGDR are sourced

from geostationary satellites, including GOE8, GOES9/10, GOES12, GMSS5,
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METEOSAT-6, METEOSAT7, and VIRS. PERSIANMCDR is a posprocessed product
based on archived IR measurements, with its primary input derived from the @itiSat
dataset, part of the Internationalt@hte Cloud Climatology Project. This dataset covers the
period from 1980 to 2019, combining data from multiple geostationary satellites. Additional
inputs include monthly precipitation data from the Global Precipitation Climatology Project,
allowing PERSIANN-CDR to produce longerm, highresolution precipitation records that are

valuable for hydrological and climatological studi8sadeghi et al., 2019)

Tablel: Main characteristics of the satellite products (IRI/LDEO Datatheque du Climat).

. Spatial )

Name Temporal Resolution Resdution Coverage Ared Input Data
PERSIANN R GridSatB1 +
CDR 24 h 0.25 60 N-60 S IRWIN
CHIRPS 24 h 0.25° 50N-50S | R +Ground

Observations

1 Data validation and quality control

To validate the satellitderived rainfall data, statistical indicators sashMean Absolute Error
(MAE), Normalized Root Mean Square Error (NRMSE), and Percent Bias (PBIAS) were
employed. These metrics quantify the agreement between observed and -satitided
rainfall, ensuring the reliability of the CHIRPS and PERSIANNR datasets. The validation
process ensured that the satellite data could be confidently used for further hydrological
analyses. This approach highlights the importance of integrating multiple data sources to

enhance the accuracy of rainfall estimation.

RMSE quantifies the square root of the average of the squates erfrors. The error here is

the difference between the observed val@sdnd the predicted values;).

YO YO
A T ED

_ 20
.2 3r
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NRMSE is the RMSE normalized by the range of observed data, which helps to scale the error
to the range of the data. This normalization makes it easier to compare the RMSE across datasets

with different scales or units.

PBIAS measures the average tendency of the predicted values to be larger or smaller than their
observed counterparts. It is expressed agegcentage. A positive PBIAS indicates an
underestimation by the model, while a negative PBIAS indicates an overestinidtese
statistical indicators collectively provide a robust evaluation of the agreement between observed
and satellitederived rainfH data, ensuring their suitability for hydrological and climegtated

analyses.

3.2.Analysis of extreme rainfalland river flow indices for the second

specific objective

This study analyzes 30 years of data (129PR0) for theBRB. Precipitation dataere sourced

from the CHIRPS dataset known for its high resolution (0.05°) and validated reliability for West
Africa (Ndiaye et al., 2023CHIRPS effectively captures the rainfall variability across diverse
climatic zones, making it suitable for hydrologi modeling. The observed rainfall from 2011

to 2019 was collected from Agence Nationale de la Météorologie du Mali. Discharge data were
obtained from the Mopt.i station, the basind
| 6Hydr aul i gwe sduwtMalnids Tlricords reflect the
remains free from significant hydraulic infrastructure. These datasets enable robust analysis of

the hydrological dynamics in the study area.

 Methods
+ Assessment adbserved and CHIRP®&infdl data

Between 2011 and 2019, the quality of the CHIRPS data was assessed by comparing it with

rainfall measurements from four stations located along the BRB. Monthly variations in the
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satellite estimates were examined alongside the station records.tafiistical indicator
employed to evaluate the accuracy of CHIRPS was theiSastliffe efficiency (NSE).

BoO 00
3% p ———— T
BoO 00

Pr1corresponds to the stationeasured rainfall,[Pcorresponds to the satelkitkerived rainfall

00 corresponds to the mean of sateltierived rainfall The NSE ranges from negative infinity

to 1; an NSE of 1 indicates perfect agreent between the satellite estimates and station data,
while an NSE of 0 suggests that using CHIRPS yields about the same performance as simply

taking the average observed value.
+ Overview of selected extreme rainfall and river flow indices

The rainfall ad river discharge extremes were examined from 1991 to 2021 using specific
indices to capture their variability and intensity. The rainfall indices included the extremely wet
days (R99P), very wet days (R95P), simple daily intensity (SDII), maxinuaany lranfall
(RX1DAY) and maximum &lay rainfall (RX5DAY), as shown in Tabl2 For the river
discharge, three indices were used to describe extreme flow conditions: peak flow (Qmax),
high-flow days (Q95P), and vetlyigh-flow days (Q99P). These metrics, calcathbver the

same period, are crucial for understanding hydrological dynamics during floods and droughts
(De Luca et al., 2020; Ndiaye et al., 20283 ditionally, the standardized flow index (SFI) was
computed to asse the annual flow variations, identifying years of surplus or deficit. The

standardized flow index is defined mathematically as:

Table2: Classification of drought and wet conditions using the standardized flow index.

Values Class
Yo 2 Extremely vet
1.5001.99 Very wet

30



1.0001. 49 Moderately wet
T0. 990 O0. 99 Close to normal
1. Q00T 1. 49 Moderately dry
1. 5007 1.99 Very dry

YO 12 Extremely dry

"OE the standardized flow indek, is the anual flow of a particular year, aridis the annual

flow average over the periogd;is the standard deviation during the time.

The indices outlined in Tabl@ offer critical insights into the extreme rainfall and river flow

patterns. These indicatoare vital for evaluating flood risks, improving water resource

management, and understanding the hydrological dynamics of rivers in the region. Such

analyses are indispensable for detecting trends in extreme events, supporting effective decision

making a planning to address climate variability and its effects on water resources.

Table3: Indices for extreme rainfall and river flow.

Index Name of the Index Index Description Units
SDII | Simple daily rainfall indey Ratio of yearly total rainfall to the number of rainy dajmm/day
RX1DAY Max 1-day rainfall Highest singleday rainfall total recorded within a yeaj mm
RX5DAY Max 5-day rainfall Highest total rainfall over any 5 consecutive days ina| mm
RO5P Very wet days Total yearly rainfall exceeding the 95th percentile (19 mm
2020)
RO9P Extremely wet dy Total yearly rainfall exceZ%dzlg)g the 99th percentile (19 mm
Qmax Peak discharge Highest yearly river discharge (1921020) m/s
— Total yearly streamflow from days exceeding the 951 4
Q95P High-flow days percentile (19912020) m°/s
o Total yearly streamflow from days exceeding the 991 4
Q99P Very-high-flow days percentile (19912020) m°/s

+ Trend and changpoint detection

U Tests for Trend Analysis

This study utilized the madlled Manri Kendall (MMK) test to examine the spatial and

interannual trends in extreme rainfall and river flow across the BRB and its upper catchment
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during the period 1992020. The MMK test, a widely recognized nonparametric approach,
was chosen for itsuitability in analyzing the 39ear data series. It is particularly effective for
hydrological and climatic datasets due to its minimal reliance on assumptions about the data
distribution(Hamed and Ramachandra Rao, 1998; Ndiaye et al., 2023; Yue and Wang, 2002)
The use of MMK instead of the traditianManni Kendall (MK) test is justified by the presence

of autocorrelation in the time series data, which violates the independence assumption of the
MK test. As highlighted in(Ehsanzadeh and Adamowski, 201@utocorrelation can
significantly impact trend detection, with positive autocatieh artificially inflating the

significance of trends and negative autocorrelation masking actual trends.

An enhancement of the traditional Mamtendall (MK) test, the MMK method addresses the
issue of autocorrelation in time series data, which can rtistend detection. Positive
autocorrelation can exaggerate trend estimates, while negative autocorrelation can mask actual
trends(Hamed and Ramachandra Rao, 1988) adjusting the variance of the MK statistic to
account for autocorrelation, the MMK test minimizes the likelihood of false trend detection
(Kundzewicz and Robson, 2004)he preprocessing steps involved in applying the MMK test,
such as removing seasonal patterns, were necessary to isolatertartgends from periodic
fluctuations. However, these adjustments can affect the statisticaficsigce of indices

sensitive to shoiterm variability, such as the R9%Ramitouche et al., 2024)

The MMK test functions similarly to the classiddK test but incorporates adjustments to the
variance of the test statistic (S) to account for autocorrelation effects. This makes it particularly
effective for datasets with complexities such as tied values, seasonality, or missing data.
Although robustthe MMK test requires additional preprocessing steps, including addressing
tied values and seasonal patterns, which add complexity to its implemefBatronand Hag

Elnur, 2002; Yue and Wang, 2002 has been demonstrated that methods accounting for
persistence in time series, such as MMK, are crucial for ensuring reliable trend detection in data

prone to autocorrelatiofSerinaldi and Kilsby, 2016)

Var(s)=— 11 p ¢l v — ¢
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The parameter ns* is utilized to correct the effective number of observations, considering the

autocorrelation in the data.

) 3
o P TT p1 ¢ ' °© X

— is a correctiorfactor due to the autocorrelation present in the, dateeprésente le nombre

de blocs ou de groupes dans lesquels la série de données est divisée

=1}

The trend analysis was conducted using the
environment, whiclis specifically designed to apply the modified Makendall (MMK) test

while accounting for autocorrelation in time series data. This test evaluates the null hypothesis
(HO) of Ano trendd against the altatremdaA i ve h
5% significance level was employed to determine the statistical significance of the identified
trends, aligning with common practices in hydrological and climatic res€Sang et al.,

2014)
0 Changepoint detection tests

Pettittds test, a n o n fRettita 9@9) is widely usedttchdetdct i nt r
abrupt changes in time series data, such as shifts in climate or hydrological records. This test
identifies statistically significant changes in the mean of a dataset by evaluating the null
hypothesis (HO) of uniformity against the alternative hypothesis (H1) that a change has
occurred. A change point is deemed statistically significantipthea | ue i s OO0. 05 . P
has been extensively applied in studies to analyze shifts in climatic and hydrological conditions

(Khalig et al., 2009; Pettitt, 197.9)

The standard normal homogeneity test (SNHT) is a robust statistical tool for detecting
discontinuities in time series, particularly at the beginning or end of a dataset. It is effective
even with missing al ues, making it reliable for cl i ma
strength lies in its ability to identify structural breaks in the data through its sensitivity and
straightforward implementation. The application of the SNHT relies on theatitiiz of the

following equation:
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The base series comprises values denoted; &w ¥ach year i, while the reference series,
labeled j, contains observations representedjgds Xr each ye gdendtesthelT he v a
correlation coefficienbetween the base series and the reference se@es 9.represents the
mean (average) of the values in the dataset
These tests, the MMK, Pett it t6dasevdluadettoplsfarnd t h
trend detection and the identificai of structural changes. However, their effectiveness and

relevance depend on the specific characteristics of the analyzed data

Validation of CHIRPS Daily rainfall data Daily dischargt%_ datg
data compared to . from CHIRPS co!lected from D|rect|.on
observational rainfall (1991-2020) Nationale de I'Hydraulique

data - Mali (1991-2020)

) ]

Extreme rainfall and flow indices applied in this
study

A 4

[Trend and change-point detection]

L + .

[ MMK TEST ] [ PETTITT TEST] [ SNHT ]

Figure6: Flowchart illustrating the methodology applied.
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1 Extreme indices calculation

Extreme rainfall indices such as SDIl, RX1DAY, RX5DAY, R95P, and R99P were calculated
to captire the intensity and frequency of extreme precipitation events. For river discharge,
indices like Qmax, Q95P, Q99P, and the Standardized Flow Index (SFI) were computed. These
indices provide critical insights into hydrological extremes, such as flooddranghts, and

their potential impacts on water resource management. The Standardized Flow Index (SFI) was

calculated using the following formula:

YO0 0

Here, X represents the observed flowis the mean flow, ang is the standard deviation of the
flow. The calculated indices are cruciak funderstanding trends and variability in extreme

hydrological events, providing valuable information for decigimaking and planning.

3.3.Machine learning models forwater fluctuation prediction for the third

specific objective

In our research, we fosed on a comprehensive dataset incorporating various environmental
parameters such as total evaporation, water |€eelall the available gauge statio(s.g.,
Pankourou, Sofara, Bougouni, Douna, and Mopti), and precipitation levels. The dataset spans
from 1983 to 2020, enabling to analyze trends and changes in hydrological patterns over time.
The input features included 'Tot_evap', 'WL_Sof', 'WL_Bou', 'WL_Pank’, 'P', 'WL_Dou’, and
'WTD', while 'WL_Mop' served as the target variable. We maintained thenalogical
integrity of the data by splitting it sequentially. In the first creakdation fold (Figurera), we
allocated the first 60% of the data for training, the next 20% for testing, and the final 20% for
validation. In the second fold (Figur), the first 20% was used for testing, the middle 60%

for training, and the last 20% for validation. This input and output data configuration process
allowed us to train and evaluate our models on different temporal segments, enhancing their

robustness and@dictive reliability in modeling complex hydrological patterns.
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Figure7: Water level time series for Fold 1 (a), and Fold 2 (b).

1 Model selection and algorithms

To predict water level fluctuations, four machine learning algmsthvere employed: XGB,

SVM, RF and GB. These algorithms were chosen for their ability to handldinsam
relationships and interactions between multiple variables. XGB, for instance, is highly efficient
in handling large datasets with complex structussle SVM is wellsuited for managing nen

linear data. RF and GB, both ensemble methods, are effective in improving prediction accuracy
by combining multiple decision trees. This diverse set of algorithms ensured a robust analysis

of water fluctuation pagrns.

4+ RF is an ensemble learning method primarily used for classification and regression. It
builds multiple decision trees and merges them together to get a more accurate and
stable prediction. Radds additional randomness to the model, while growiagrées.
Instead of searching for the most important feature while splitting a node, it searches for
the best feature among a random subset of features. This results in a wide diversity that

generally results in a better model.
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WhereTi represents each decision tree in the fobest,the input vector, and is the

numberof trees.

GB constructs a predictive model in the form of an ensemble of weak prediction models,
typically decision trees. It builds the model in a stagge fashion and generalizes them

by allowing optimization of an arbitrary differentiable loss funatio

& @ &30 rEQ pp

WhereF is the model at iteration) hy(x) is the weak learner added at thié Hage,

andx is the learning rate at stage

XGB is an implementation of gradient boosting machines that is designed to be highly
efficient, flexible, and portable. XGB improves on the base GBM framework through

systems optimization and algorithmic enbaments.
| [ s CE@GH pC

Where d represents the modearethpgadientsander s ,

h is the Hessian matrix of the loss function.

SVM is a powerful and versatile classification technique that works both on linear and
nortlinear data. It creates a hyperplane or set of hyperplanes in a high or -nfinite

dimensional spacevhich can be used for classification, regression, or other tasks.

I’ETgb # B po

Subject to the constraints:
Usneo A p sh £ O RAAE
Here, ¥ is the normal vector to the hyper

parane t ear,e et he sl ack wvari abl edmensienalmmEmges | np

and y are the class labels.
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1 Datapartitioning andvalidation

The dataset was divided into training, testing, and validation subsets using a chronological split
to preservéemporal dependencies. In the first fold, 60% of the data was used for training, 20%

for testing, and 20% for validation. In the second fold, 20% of the data was used for testing,
60% for training, and the remaining 20% for validation. This approachezhthat the models

were tested on different temporal segments, enhancing their generalizability. Hyperparameter
optimization was conducted during training to improve model performance. The validation

process helped in identifying the be@srforming modetor predicting water level fluctuations.
1 Model evaluationmetrics

The performance of the machine learning models was evaluated using three key metrics: Root
Mean Square Error (RMSE), Mean Absolute Error (MAE), and the Coefficient of
Determination (R2). RME measures the average magnitude of prediction errors, providing
insights into the accuracy of the models. MAE quantifies the average absolute difference
between observed and predicted values, while R? assesses how well the model explains the
variability in the observed data. Together, these metrics provided a comprehensive evaluation

of the model sb6 predictive capabilities.
060

MAE measures the average magnitude of the errors between predicted Ralaied ¢bserved
values i), without considering the direction of the errors (i.e., whether they are over or

underesmations).
Y p B o6 &5 pu

Rz guantifies how well the variance in the observed data can be explained by the model. It is a
statistical measure that shows the proportion of the variance for a dependent variable that's

predicted from the independent variables.
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3.4.Future hydroclimatic projections for the fourth specific objective

The study utilized extensive hydrological ameéteorological data collected since 1983. This
included daily river level at Mopti and Digital Elevation Model (DEM) data were obtained from
the Copernicus website (Talle The limited number of grourddased precipitation stations in
theBRB highlights he value of the Climate Hazards Group Infrared Precipitation with Stations
(CHIRPS) dataset (Funk et al., 2015). CHIRPS, widely used for modeling, has proven reliable
in various studiegBasse et al., 2021; Du et al., 2024; Fofana et al., 2022; Kouyaté et al., 2025;

Oyerinde et al., 2017; Rameshwaran et al., 2021)

Table4: Data used in this study including observed river water levels.

Data Source Time Series

CHIRPS IRI/LDEO Climate Data Library 19831 2020
DEM USGS/NASA -

River Water Level National Hydraulic Directorate of Mali 1983i 2020

Hence, applying both a midnge mitigation scenario (SSB%) and a higheemission

pathway (SSP8.5) captures the broad spectrum of potential greenhouse gas trajectories in
West Africa(Almazroui et al., 2020; Limantol et al., 2023; Sawadogo et al., 2@8dhing

wi t h established climate model ing frameworl
vulnerability to extreme hydroclimatic events. In addition, Tablpresents data from 10

CMIP6 outputs for daily precipitation and temperature spanning from 1983 to#0%iling

critical inputs for future projections.
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Table5: List of CMIP6 models used in the study with their descriptions and spatial resolutions.

Spatial resolution

Model Description
(lon x lat)
ACCESS Commonwealth Scientific and Industrial Research Organisatic 192 x 144
CM2 (Australia)
ACCESS Commonwealth Scientific and Industrial Research Organisatic 192 x 145
ESM15 (Australia)
BCC';/ICRSMZ' Beijing Climate Center, Beijing (China) 320 x 160
Canadian Centre for Climate Modelling and Analysis, Environmi
CanESM5 and Climate Change Canada (Canada) 128 x 64
. . ) . c
GISSED2-1.c Goddard Institute for Space Studies, National Aeronautics and < 144 % 90
Administration (USA)

MIROC6 Japan Agency for MarmEarth Science and Technology (Japan 256 x 128
MPI-|E_|%M1—2— Max Planck Institute for Meteorology (Germany) 384 x 192
MPI'IIE_EMH' Max Planck Institute for Meteorology (Germany) 192 x 96

NESM3 Nanjing University of Information Science and Technol{@iiina) 192 x 96

TalESM1 Seoul National University (Republic of Korea) 288 x 192

1 Methodology

The methodology begins with data collection, where historical and future climate data are
gathered and preprocessed to ensure consistency and compatibility. Historfedldata from

the CHIRPS dataset (198320) serves as the reference for calibrating and validating the
climate models. CHIRPS data is complemented by DEM data for Topographic Wetness Index
(TWI) calculation, a critical input for understanding soil stare and water flow dynamics.

For future projections, daily rainfall and temperature data from 10 CMIP6 models §able
were extracted under SSB% and SSRB.5 scenarios, capturing both moderate and extreme
climate pathways.

The second component invels model selection and training. An ensemble mean of the CMIP6
model outputs is computed for rainfall and temperature, followed by an evaluation using a
Taylor diagram to compare the performance of individual models against reference. The best
performingmodel is then selected for use in future simulations. ML techniques, specifically RF
and GB, are employed to predict future water levels based on rainfall, temperature, and TWI
inputs. The dataset is split into training and testing subsets usingfaltivarossvalidation

approach. Before crosalidation, the last 20% of the dataset is removed as an unseen
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validation set. The remaining 80% is divided into two folds: in the first fold, 20% is used for
testing and the remaining 60% for training, while ia gecond fold, the first 60% is used for
training and the remaining 20% for testing. Hyperparameter optimization is conducted during
this process, and the training hyperparameter models are retrained on the full 80% dataset and
validated using the unseefi% dataset to ensure unbiased error assessment.

The final component focuses on characterizing hydroclimatic events. Rainfall and water level

projections for 202112050 are analyzed to compute key hydroclimatic indices (Tgble

Table6: Description of hydroclimatic indices used in the study.

Index Name of the Index Index Description Units
CDD Consecutive dry day Maximum number of consecutive days with dalil days
rainfall < 1 mm
CWD Consecutive wet da Maximum number o_f consecuéwdays with daily days
rainfall O 1 m
RX1DAY Max I-day rainfal Highest singleday ralgglrtotal recorded within a mm
WLmax Peak water level Highest yearly river water levé2021i 2050) mm

These indices are important for understanding droudts, solonged wet periods, and flood
potential. Statistical tests are applied to these indices to detect trends and changes. The Pettitt
test is used to identify abrupt changes or breakpoints in the time series, while the Modified
MannKendall (MMK) test 8 employed to detect loftgrm trends, accounting for serial
correlation in the dataThis integrated approach summarize in the FigBrensures a
comprehensive understanding of future hydroclimatic conditions in the BRB. By combining
data collection methas, climate scenario modeling, and ML, the methodology provides robust

predictions and insights into hydroclimatic trends.
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Figure8: Methodology summarized in the flowchart.

1 Modelselection andraining

The ensemble mean of CMIP6 outputs for rainfall and temperature was computed to improve

the reliabilty of future projections. Model performance was evaluated using a Taylor diagram,
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which compares the correlation, standard deviation, and centered RMSE of each model against
observations. The beperforming model was selected for simulating future hyldratic
conditions. Machine learning techniques, specifically RF and GB, were used to predict future
water levels based on rainfall, temperature, and TWI inputs. Afdldocrossvalidation

framework was implemented to enhance model robustness and preediiting.

1 Hydroclimatic indices

Key hydroclimatic indices, including CDD (Consecutive Dry Days), CWD (Consecutive Wet
Days), RX1DAY (Maximum 1Day Rainfall), and WLmax (Peak Water Level), were analyzed

for the period 20212050. These indices provide uable insights into drought risks, prolonged

wet periods, and potential flood events. Statistical tests were applied to these indices to detect

trends and changes, offering a detailed understanding of future hydroclimatic patterns in the

BRB.
#$$1 ABH pi 0l Al GeBH [0
#7% 1 AD pil Al eBH P X
28p$! DAGPH A O AAEAE AAU pyY
7,1 Ad Agd £ O AAAE 1T ACBEOOAOGEI T DPAGET A

n represents the number of consecutive days in the sequence being considered. For CDD and
CWD, it signifies the total number of days in the longest run of days meeting certain
precipitation criteriaPi stands for the precipitation on day i. It is used in aiceslto represent

daily precipitation amountst is compared against a threshold (1 mm) to determine whether a
day is dry or wet. In RX1DAY, it's used to find the maximum precipitation recorded in any
single day. Li represents the water level on obsermgieriod i. Li is used to find the highest

water level recorded during the observation periods.
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1 Statistical analysis

To detect trends and changes in hydroc¢li mat:i
Kendal | ( MMK) t e st eswdentifed abpupt thanges or breakgoints imthed s T
time series, while the MMK test accounted for serial correlation to detectdomgtrends.

These analyses provided a comprehensive assessment of potential chdryglesdiimatic

conditions under diffient climate scenarios.

Figure9 provides a visual summary of the methodology adopted in this thesis, outlining the

data collection and analysis processes across the four primary objectives.
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3.5. Partial conclusion

Chapter 3 has detailed a multifackte r e s ear ch met hodol ogy desi
four key objectives. The chapter began by constructing a robust Reference Rainfall Product
(RRP) through geostatistical methods and evaluating satddifeed precipitation datasets
(CHIRPS and PERBINN-CDR). These preliminary steps established a reliable foundation for
subsequent hydrological analyses. The chapter then underscored the importance of identifying
and characterizing extreme hydroclimatic condititwsh in rainfall and river dischardey
employing standardized indices. This facilitated a systematic approach to understanding flood
and droughtelated risks in th8RB.

A critical portion of this chapter involved implementing and assessing four machine learning
algorithms (XGB, SVM, RF, an@B) to predict river watelevel fluctuations, highlighting the

role of datadriven modeling in capturing complex, nbnear hydrological behaviors. Finally,

the future hydroclimatic projections were generated under two CMIP6 scenarios4 S
SSP58.5), showcasing how historical data and modern modeling frameworks can be combined
to anticipate climate impacts on river basins. In essence, this chapter provides the necessary
methodological rigorranging from geostatistical validation to advanced aatatjonal
modelingto ensure that the subsequent results and discussions are both reliable and contextually

grounded in the evolving hydroclimatic realities of the region.
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Chap4a@GGrtel l itaspgresedmeyndr oacnldi mat i ¢ i nf or
th 8 RB

West Africa faces growing challenges related to climate variability and hindaoed

changes, which significantly impact its river systems. Among these challenges are alterations

in rainfall patterns and river flows, driven by factors such as danstaiction, landise

changes, and global climate chari@gerinde et al., @L7; Sylla et al., 2018)/Nhile research

on West Africadbds river syst e ms-dobumentegbasinmar i | vy
such as the Senegal and Niger, tliBBhas received comparatively less attention, despite its

critical role as a tributargf the Niger River and its unique hydrological vulnerabili{iBss

Santos, 2023)Understanding and quantifying these trends is crucial for ensuring sustainabl

water resource management and mitigating the effects of hydrological ex{iBesesoix et

al., 212) The hydroclimatic variability in West Africa has been extensively documented, with
research highlighting significant temporal and spatial changes in rainfall and river flow across

the region. Studies have reported an increase in extreme rainfaté ewel river discharge in

the Senegal River Basin, with a notable shift to wetter conditiblataye et al., 2023)

Significant transitions in annual rainfall patterns have also been identified, with periods of
drought followed by partial recovery after 19®bdian et al., 2020However, the BRB faces

specific challenges due to its seanid environment, reliance on rdied agriculture, and

significant human pressures from lamse changes and water infrastructure development.
Hydr ol ogi cal model s have been used to asses
identifying substantial impacts on river flow and water resource availaflidyvet et al.,

2016) The intricate interactions between surface water and groundwater in the basin have
provided critical insights into its hydrological procesgd4ahe, 2009) This study also
contributes to addressing these knowledge gaps by focusing specifically on the rainfall and river

flow trends inthe BRB, leveraging statistical methods that provide a detailed temporal analysis.

Despite these advances, the BRB remains less studied than major basins like the Senegal and
Niger. This study aims to fill this gap by conducting a comprehensive assesdrtientrends

and significant changes in rainfall and river flow within the BRB. By integrating historical
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observations and statistical techniques, this research seeks to provide a deeper understanding

of the basinds hydroclimatic dynamics.

A significart portion of this chapter has been published in a-pmgewed journal: Kouyaté,

F., Guédjé, F.K., Ndiaye, A., Ganni Mampo, O.M., 2025. Spatial and Temporal Variability of
Extreme Hydroclimatic Events in the BRB. Hydrology 12, 5.
https://doi.org/10.3390§tdrology12010005.

4.1. Structural analysis

The variographic analysis involved an exponential type variogram built from observed rainfall
data. This variogram is oriented in an easst direction, indicating a defined structure. Along

this direction, theexperimental variogram can be fitted to an exponential model. The range is
estimated at 1.8° (equivalent to 199.8 km) in the-e@st direction, with a sill reaching 78 km.

The plateau is reached beyond our estimated range of 1.8°, meaning that tbdmgena
dependency between the data beyond this distance. This could likely be due to sampling errors
or the intrinsic quality of the dat@ostan et al.2 0 1 2 ; Kat i.®ubsequently, thed 2 2 )
reference rainfall product was calculated using ordinary kriging at the same spatial resolution
(0.25° by 0.25°) and at the same grid points as the satellite products. The parameters from the

variographic analysiwere employed to construct the rainfall fields for tiRBB

4.2. Statistical analysis ofprecipitation data

A comparative analysis of the CHIRPS (TalBleand PERSIANNCDR (Table8) products

based on statistical metrics such as Mean Absolute Error (MN&malized Root Mean

Square Error (NRMSE), and Percent Bias (PBIAS) reveals distinct performance characteristics

for each dataset over the years 1983 to 2000. CHIRPS consistently shows lower MAE and
NRMSE values across the years compared to PERSIEDR, indicating that CHIRPS

generally has better accuracy in estimating precipitation. For example, in 1983, CHIRPS
recorded an MAE of 2.19 mm and an NRMSE of 94.1, significantly lower than PERSIANN
CDR6s 3.26 mm and 120. 6, r tens tpreught the weats,ywith T hi s

CHIRPS maintaining lower error rates. PBIAS, which measures the tendency of the models to
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overestimate or underestimate precipitation, also shows significant differences. CHIR®S tend
to have a much lower and occasionally nega®PBIAS, suggesting a more balanced estimation,
whereas PERSIANNCDR exhibits a higher PBIAS, particularly evident in years like 1990 and
1991, where it reaches as high as 67% and 73.3%, respectively. Overall, CHIRPS demonstrate
more reliable and accugmprecipitation estimates than PERSIAXIDR, with lower error

metrics and a more neutral bias, making it potentially more suitable for applications requiring
high precision in rainfall data. However, the higher PBIAS in PERSIANDR might make it

useful inspecific scenarios where consistent overestimation is predictable and can be calibrated
accordingly.

Table7: Statistical assessment parameters of the CHIRPS product.

Year MAE (mm) NRMSE PBIAS (%)
1983 2.19 94.1 -2.6
1984 2.2 1001 4.4
1985 2.38 97.0 -5.5
1986 2.46 90.4 -9.8
1987 2.16 88.1 -2.6
1988 2.68 84.3 -14.1
1989 3.23 94.1 -30.7
1990 2.62 93.1 4.9
1991 2.74 96.2 -2.8
1992 3.04 105.8 -5.3
1993 2.16 81.8 1.1
1994 3.12 81.8 -15
1995 2.54 88.3 -4.1
1996 2.22 90.1 23
1997 2.92 94.1 -12.9
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1998 2.95 112.0 13.4
1999 2.68 85.5 -3.8
2000 2.6 110.0 16.0

Table8: Statistical assessment parameters of the PERSIERNR product.

Year MAE (mm) NRMSE PBIAS (%)
1983 3.26 120.6 47.8
1984 3.16 125.6 9.6
1985 3.46 112.7 52.0
1986 3.75 113.3 28.2
1987 3.3 108.0 52.4
1988 4.39 109.3 23.6
1989 4.01 100.6 8.6
1990 3.45 96.1 67.0
1991 454 121.3 73.3
1992 3.72 108.5 421
1993 3.52 122.9 51.9
1994 4.64 108.7 13.0
1995 3.86 112.1 57.0
1996 4.08 1291 75.4
1997 4.29 109.4 37.9
1998 3.57 114.3 46.8
1999 3.75 107.6 35.4
2000 3.32 119.8 55.4
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4.3. Assessment of rainfall satellite products

We compared CHIRPS and PERSIAMIDR with groundbased reference rainfall product
(RRP) data over the BB from 1983 to 2000 to determine which rainfall estimate provides
more reliable informatioover BRB The RRP has been created through rainfall grdaased
measurements and geostatistical interpolation method. The estimates of average daily
precipitation in Figue 10 highlight significant divergences between CHIRPS and PERSIANN
CDR. As seen, CHIRPS mimics the RRP data more consistently, except in the southeast of the
basin(Figurell), towards Cote d'lvoire and Burkina Faso, where an underestimation is visible.
PERSIANN-CDR, on the other hand, displays a generalized overestimation except in a central

area of the basin. The quantitative results, detailed in Figlare, support these findings.

Furthermore, the Quantile Mapping biesrection analysis (Figure 10e) demonstrates a
clear improvement in the agreement between satdiiteved rainfall estimates and the RRP,

particularly for CHIRPS, which shows higher pastrection consistency and reduced bias.

We further calculated error evaluation statistics (FedlPa-b) such as MAE, NRMSE, and
PBIAS. CHIRPS generally presented the lowest estimation errors, while PERSTANRN
recorded the highest. However, it should be noted that for some years, such as 1994, CHIRPS
had a higher NRMSE than PERSIANBDR, indicatirg that the accuracy of these products

can vary from year to year. CHIRPS tends to slightly underestimate except during four specific
years where overestimations are observed. In contrast, PERSGINNshowed a consistent

trend of overestimation throughotite study period. This characteristic of overestimation is
crucial to consider for water resource management and flood mitigation strategies, as it could

lead to incorrect forecasts of hydrological events.
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Figure 12: Statistical metrics for the comparison of CHIRPS (a) and PERSIEDR (b’

with RRP.

The results of a comparative analysissafellite rainfall estimation products suggested that

CHIRPS provide reliable precipitation estimates in the basin. This is attributed to the integration

of ground observations with satellite data in CHIRPS dataset, which enhances its spatial

accuracy andemporal resolution as the critical features for managing the hydrological

dynamics of a region with significant climatic variability. The result is supported by recent

publications such as those bBioungnibo et al. (2023)which validate the effectiveness of

CHIRPS in similar geographic settin@@asse et al., 2021; Du et al., 2024; & et al., 2022;

Kouyaté et al., 2025; Oyerinde et al., 2017; Rameshwaran et al., Z0&lLhelps with filling

the gaps caused by the observational rainfall data scarcity and thavaiability of
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conventional data, ensuring that the hydrological @itihin the region can maintain water

management operations despite the challenging conditions.

4.4. Assessment of CHIRPStation data quality

The NSE values presented in this study (FiguBe ranging from 0.95 to 0.98, underscore the
strong agreemeitetween the CHIRPS satellibmsed rainfall estimates and the grotaded
station observations across the four locations. These high NSE values validate CHIRPS as a

reliable tool for accurately estimating rainfall in the BRB region.
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The observed trends in FigulSai d demonstrate Ht CHIRPS effectively captures the
temporal and seasonal rainfall dynamics, particularly during the rainy season (June to
September)We were able to collect the recent observation data from the complete series of 4
stations distributed throughout the asas shown in figure 8®linor discrepancies in some
months, such as the peak rainfall periods in Figdr@re minimal and fall within the acceptable
limits for satellitebased estimations. These findings align with prior research. For instance, ref.
(Funk et al., 2015highlighted that CHIRPS is a dependable dataset for monitorinfalia
particularly in regions with sparse observational networks. SimilarlyjDefnbélé ad Zwart,
2016)validated CHIRPS in West Africa, demonstrating strong correlations with station data,

making it highly suitable for agricultural planning.

4.5. Spatial variation in extreme rainfall indices over the BRB

Figure 14 illustrates the spatial ariation of the extreme rainfall indices, the RX1DAY,
RX5DAY, R95P, R99P and SDIl, for the period 182020 during the rainy season (June to
September) across the study area. Higher values of these indices are concentrated in the
southern regions, with aawrima of approximately 10 mm/day for the SDII, 54 mm for the
RX1DAY, 96 mm for the RX5DAY, 20 mm for the R95P, and 36 mm for the R99P. These
patterns highlight a higher intensity and frequency of extreme rainfall in the southern part of
the basin, while th lower values in the northern regions reflect reduced exposure to extreme
rainfall events upstream. The coordinate system used for this spatial analysis is the WGS84

geographic coordinate system, ensuring accurate and reproducible spatial representation.
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Such spatial disparities align with findings from across West Africa. For instance, ref.

(Houngnibo et al., 2023aeported increasing trends in extreme rainfall and the fdaiti

maxima in Benin, while ref(Ogunrinde et al., 2021highlighted a significant rise in the

RX1DAY and cumulative rainfall in Nigeria. Similarly, reiNdiaye et al., 2023)bserved a

marked amplification of extreme rainfall events, particularly the RX5DAY and R95P, in the

Senegal River Basin, consistent with broader trends across southern West Africa.

4.6. Trend and significance ofextreme indices

Thespati al

anal ysi s

of

study area in the extreme rainfall indices. The RX1DAY index in panel (a) highlights a positive
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and significant trend of the maximum eday rainfall in the ndhern and northeastern regions,
indicated by black dotp& 0.05). The RX5DAY index in panel (b) shows a significant upward
trend in the fiveday maximum precipitation in the northeastern and central regions, with a
notable concentration of significantireases, while southern areas exhibit decreasing trends of
lesser magnitude. Conversely, decreasing trends are observed in the southern part of the basin,
with moderate significance. For the R99P index in panel (d), an increasing trend and significant
risein extremely wet days are concentrated in the northeastern areas. However, declining trends
dominate the southwestern regions, indicating a reduction in extreme rainfall occurrences. The
R95P index in panel (c) shows a positive and significant trend yf wet days in the
northeastern part of the basin, while the southern regions exhibit moderate to negative trends.
The SDIl index in panel (e) displays an upward trend in the daily rainfall intensity in the central
and northeastern zones, with signifcanhcr eases near the basinés
southern areas reveal moderate or no meaningful changes in the rainfall intensity. This variation

suggests uneven rainfall intensification across the basin.
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4.7.

Interannual variation and trends in extreme rainfall indices

The interannual trends of the extreme rainfall indices in the BRB from 1991 to 2020

demonstrate considerable variability over time and across regions (ER)Juiehe RX5DAY

i ndex

shows

a

significant

dpe< ©.01i), paaticu(argy efted s

2000, indicating a reduction in prolonged heavy rainfall events that are typically associated with

flooding. This trend suggests potential implioas for flood risk mitigation but also raises

concerns about shifts in the rainfall distribution over shorter durations. Similarly, the RX1DAY
highlights

i ndex

a

decl jpxe.0l), paticuiady aftet 20jPe =

reinforcing the redu®n in extreme rainfall intensities in some regions. Conversely, the R99P

, u<OWE@EL), mbinting te n d
an increase in extreme rainfall events, especially in the northeastern parts dithd hese

i ndex

di spl ays a

significant

results align with broader regional observations, such as th¢@aeémum et al., 202 1yvhich

reported increasing rainfall extremes across West Africa. The SDII index shows a weak positive

trend

(Sends

slope = 0.

008

mm/ day/ year ),

intensification. Meanwhile, the R95P index, representing very wet days, shows no significant

trend (Table9), suggesting that the frequency of moderately extreme rainfall events has

remained stable.

Table9: Modification ofthe MannKendal | test and Senos
Senods
Indices | p-Value Zc Tau |Var(s)| Units

(mm/Year)

RO5P |11 xpmn 0.67 0 0.08 | 500.15| mm/year

RO9P |17 xp m 1.18 0.07 0.15 | 300.42| mm/year

SDII 43 Xp 1 0.98 0.008 0.13 | 739.44| mm/year

RX1DAY p T 11.14 10.2 10.15 | 382.43| mm/year

RX5DAY [pp p 11.18 10.15 10.15| 680.5 | mm/year
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The breakpoirt in these indices further highlight structural changes in the rainfall patterns
(Figurel16). The RX1DAY index shows a marked decline after 2012, while the R99P and SDII
indices indicate shifts around 2005 and 2007, respectively (T@pl€hese breakpois reflect
changes in the rainfall dynamics that may be linked to broader regional climatic shifts, as noted
in (Chaibou Begou et al., 2016)

These findings illustrate the complex nature of hydroclimatic variability in the BRB. Southern
regions are experiencing reduced extremaiafall events, while the northeastern areas face

increased risks of intense rainfall and flooding.

Tablel1Q: Shifts in the extreme precipitation indices in the BRB during the period 2090.

Index p-Value Breakpoint
R95p 1 2007
R99p 0.4229 2005
SDll 0.487 2007
RX1DAY 0.66 2012
RX5DAY 0.68 2000

4.8. Analysis ofextreme flow characteristics

Figurel7 provides insight into the fluctuations in water availability across the BRB from 1991
to 2020. The SFI effectively highlightgeriods of hydrological surplus and deficit, which is
critical for understanding the basinbs respo
1991 and 2000, the BRB experienced multiple years of balmwage discharge, as indicated

by the prevalencef negative SFI values. This period reflects prolonged hydrological deficits,
which align wi t-docurheinted drowghts dunng she 19@0k. IThe deficits
observed are consistent with the findings(@haibou Begou et al., 2016\hich reported
significant reductionsn river flows during this time due to declining rainfall. From 2001
onwards, there is a noticeable shift, with the more frequent positive SFI values reflecting above
average discharge. These findings align with broader trends in West Africa, whereaal parti
recovery of rainfall has been observed since the late 1990s, as documghidiye et al.,

2023) The alternating periods of wetddry years, especially the shifts between surplus and

deficit conditions pos 0 1 0 , underscore the basinbés wvuln
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Figurel7: Stanérdized flow index over the BRB (1982020).

1 Trends andnterannuaVariability of extremeflows

The trends and interannual variability of extreme #dwthe BRB from 1991 to 2020 reveal
significant changes in higtow conditions, as shown in Tahld. The analysis of indices such

as the Q95P, Q99P and Qmax highlights upward trends across all three metrics, suggesting an
intensification of extreme flo events over the study period. The Q95P index exhibits a
significant posi=tlDbaislyearpx 000], Bdicatibgsan indreasp @
moderately extreme flows. Similarly, the Q9E¢
21.04 ni/s/year p < 0.001). This suggests a growing frequency of extreme flood conditions,

which may pose heightened risks of flooding in the basin. The peak discharge, represented by
the Qmax index, also demonstrates2msigargni fi c
p < 0.001). This trend points to an intensification of the maximum river flows over time,
consistent with the increasing variability of extreme flow conditions observed in the basin. The
rising trends in all the indices underscore a pattehydifological intensification, characterized

by increased flow extremes. When compared with historical discharge records and neighboring
basins, these recent increases in the Q95P and Q99P are notably larger than past norms,
highlighting a broader regionahtensification of higkflow conditions (Intergovernmera

Panel On Climate Change (IP§,2023a; Kundzewicz arfdobson, 2004)
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Table11: Sends sl ope 71HEendhll tesiood thé extecthe flgha forrthe 1991 to
2020 period.

Indices | p-Value Zc |Sends Tau Var(s) Units

Q95P |24 xp 2.12 19.75 0.28 494.27 | m¥/s/year

Q99P |68 xp 1 2.35 21.04 0.3 518 me/s/year

Qmax [25xpm | 2.35 20.92 0.3 490 | m¥/slyear

1 Breakpoint Detection on the Trends of Extreme Flows

The analysis of the breakpoints for the extreme flow indices iBR® identifies 1993 as an

SNHT consistently detect this shift across all the indices, as shown inIPaflee Q95P and
Q99P indices, which represent hifibw and veryhigh-flow days, exhibit statistically

mportant

year

for

significant

changes

n t

significant breakpointg(< 0.05) in 1993. This indicates a noticeable increase in extreme flow

events after this year, as reflectedigure 18. Similarly, the Qmax index, representing the peak

dischargealso shows a breakpoint in 1993, signaling a transition toward higher maximum

1993

fl ows. These results suggest t hat
potentially due to climatic variability or environmental changes.
Table12 Breakpoints related to the extreme flow indices (12920).
Pettittods SNHT
Indices
p-Value Breakpoint p-Value Breakpoint
Q9P 0.013 1993 0.013 1993
Q9P 0.042 1993 0.0166 1993
Qmax 0.042 1993 0.139 1993
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Figure 18 Breakpoint results for the extreme flows over the BRB (12920): (a) Qmax, (b)
Q99P and (c) Q95P

4.9. Discussion

This study provides a detailed analysis of the extreme rainfall trends in the BRB from 1991 to
2020, highlighting the significant spatahd temporal variability in the rainfall indices. These
findings align with broader regional and global patterns of hydroclimatic variability driven by
climate change. For instance, the decline in the RX5DAY and RX1DAY indices, particularly
after 2012, pallels trends observed in other semnid regions, such as the Sahel, where
reduced prolonged rainfall events have impacted agricultural productivity and water availability
(Nicholson, 2013)Conversely, the increase in the R99P and,Sidicating intensified shost
duration rainfall, mirrors findings from basins such as the Senegal River Basin and the Ganges,
where extreme rainfall events have become more frequent due to shifting climatic regimes
(Mishra and Singh, 2011; Sylla et al., 201%he bre&points identified (e.g., 2000 for the
RX5DAY and 1993 for the extreme flows) further highlight structural changes in rainfall
dynamics that may be linked to global climate drivers, such as the HI$biithern Oscillation
(ENSO)(Ward et al., 2014)

The 1993 breakpoint in the extreme flows (Q95P, Q@88 Qmax) may reflect broader climate
regime shifts linked to largscale ocearatmosphere interactions, such as changes in Atlantic
sea surface temperatures or ENSO cycles, which have been shown to alter precipitation patterns
in West African river basis (Nicholson, 2013)From a management perspective, recognizing
this hydrological turning point underscores the need for adaptive measures such as floodplain
zoning and infrastructural investments to mitigate heightened flood riskaster water
security in the BREDi Baldassarre et al., 2019)

These shifts present challenges for water resource management in the BRB. The rise in the
R99P underscores the need for improved flood risk management in northeastern regions,
including the construction of retention basins and enhanced floodplain zoning. Meanwhile, the

declining RX5DAY trends in southern areas call for adaptive strategies to sustafadrain
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agriculture, such as efficient irrigation systems and water conservaticsuraesg@iasutti,

2019; Sultan and Gaetani, 201B)ethodologically, this study leveraged the modified Mann
Kendall test to ense reliable trend detection, accounting for autocorrelation. However,
limitations in the satellitelerived CHIRPS data highlight the need to integrate griased
observations in future research to capture localized extremes more acc{Datkly et al.,

2010)

The results of this study provide a valuable framework for policymakers to develop climate
adaptation strategies, balancing flood mitigation with water resource sustainability. Further
crossbasin comparisons, particularly with the Senegal and Nile Basins, could enhance regional

adaptation efforts.

4.10. Partial conclusion

The BRB has experienced significant hydroclimatic variability from 1991 to 2020,
characterized by significant shifts in méll patterns and river discharge. Southern regions
experienced reduced prolonged rainfall events, while northeastern regions faced intensified
shortduration rainfall. These findings underscore the need for localized water resource
management strategitslored to these distinct regional patterns. Methodologically, the use of
the modified ManhKendall test provided a robust trend analysis by addressing the
autocorrelation in the time series data. This approach ensures reliable identification of shifts,
such as the 1993 breakpoint for the river discharge and the 2000 breakpoint for the RX5DAY,
which reflect broader climatic drivers like the El NifBouthern Oscillation (ENSO).
Comparing these trends to other semd basins, such as the Senegal and Nigghlights the
BRB6s heightened vulnerability to hydrocl i m
indices such as the Q95P, Q99P and Qmax (peak discharge) all demonstrated significant
positive trends, indicating an intensification of extreme #wents over the study period. These
outcomes align with broader regional studies that project substantial decreases in potential
water availability across major West African river basins due to climate cli@ageet al.,

2022; Fofana et al., 2022; Sylla et al., 201&jditionally, our research indicates that future
water resource developments in the BRB will be significantly impacted by climate change,
pointing out the need for adaptive management strategies.

The observed trends in the BRB highlight the necessity of adaptive water resource management
strategies that can effectively address both the reduction in heavy rainfall events and the

intensification of extreme flow events. Implementing such strategiiesicial to mitigate the
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impacts of climate variability and ensure sustainable water availability for agriculture, fisheries,

and livelihoods in the region.
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This chapter presents the configuration of input and output data critical for our comprehensive
analysis of environmental parameters influencing hydrological patterns from 1983 to 2020. We
detail the integration of diverse dataset&luding total evaporation and water levels from
multiple sites such as Pankourou and Mopti, into our models to maintain the chronological
integrity of the data through sequential splits. Additionally, we outline our method of cross
validation, which enlainces the robustness and predictive reliability of the models used in this
study. This configuration process is crucial for training and evaluating our models on different
temporal segments, thereby capturing the complex dynamics of hydrological chasrgea@ev

The results of this chapter have been submitted to arpeiewed journal.
5.1.Evaluation of the ML models for predicting water level fluctuations

5.1.1. Bayesian Optimization for Hyperparameter Tuning

Bayesian optimization has proven to be a highfigieiht method for hyperparameter tuning in
machine learning models, offering an intelligent appro@achexploring and exploiting the
hyperparameter search space. Unlike traditional methods such as grid search and random
search, which can be computatidpaxpensive and inefficient, Bayesian optimization builds

a surrogate probabilistic model (often a Gaussian Process) to guide the selection of
hyperparameters, progressively refining the model based on past perfori8anek et al.,

2012) This process allows the method to focus on regions of the hyperparameteéhapace

more likely to contain the optimal settings, thus balancing exploration and exploitation.

In this chapter Bayesian optimization was applied to RF, GB, SVR and XGB. The
hyperparameters for these models, such as the number of estimators (n_estileatoing

rate, maximum tree depth (max_depth), and subsampling rate (subsample), waraefthe
using this method, as outlined in Tall®& Notably, Bayesian optimization handled complex
hyperparameters for néreebased models like SVR, where paraeng C, epsilon, and gamma
were adjusted to optimize the margin between predicted and actual values. Ii4[ahke
optimal hyperparameters varied significantly between Fold 1 and Fold 2, reflecting the model's
adaptability to different training data chateristics. For example, RF in Fold 1 achieved its
best performance with a shallower tree (max_depth = 10), while in Fold 2, a deeper tree
(max_depth = 36) was selected. Similarly, XGB in Fold 1 selected a learning rate of 0.0597 and

n_estimators of 304yhile Fold 2 required a smaller learning rate (0.01) but more estimators
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(n_estimators = 446) for better generalization. These variations emphasize the importance of
fold-specific tuning in timeseries forecasting models, as the data distribution andlewityp

vary across different partitions.

The success of Bayesian optimization in this context demonstrates its value in improving both
the accuracy and efficiency of ML models by focusing computational resources on the most
promising areas of the hyperpareter spacéShahriari et al.201§. Thi s met hodos
dynamically adjust based on performance evaluations ensures that the selected models are both

accurate ad generalizable.

Table13: Hyperparameter search space (Fold 1 and Fold 2

RF RF GB GB SVM SVM XGB XGB
Hyperparameter
(Fold 1) (Fold2) | (Fold1) | (Fold2) | (Fold1l) | (Fold2) | (Fold1) | (Fold2)
n_estimators 100500 1040500 | 10G'500 | 100i 500 N/A N/A 100500 | 100'500
max_depth 10i 50 10i 50 3i10 310 N/A N/A 3i10 3i10
min_samples_split 2i10 2110 N/A N/A N/A N/A N/A N/A
min_samples_leaf 1i4 1i4 N/A N/A N/A N/A N/A N/A
0.01/0.3 | 0.010.3 0.01/0.3 | 0.0110.3
learning_rate N/A N/A (log- (log- N/A N/A (log- (log-
uniform) | uniform) uniform) | uniform)
subsample N/A N/A 0.6/1.0 0.6/1.0 N/A N/A 0.6/1.0 0.6/1.0
colsample_bytree N/A N/A N/A N/A N/A N/A 0.611.0 0.6'1.0

0.1/ 1000 | 0.1i 1000
C N/A N/A N/A N/A (log- (log- N/A N/A

uniform) | uniform)

0.0001 0.0001
gamma N/A N/A N/A N/A 1.0 (log | 1.0 (log N/A N/A

uniform) | uniform)

epsilon N/A N/A N/A N/A 0.0110.1 | 0.010.1 N/A N/A
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Table 14: Best Hyperparameters selected (Fold 1 and Fold 2) using Bayesian optimization
method.

Model Best Hyerparameters (Fold 1) Best Hyperparameters (Fold 2)

max_depth: 10, _
. max_depth: 36, min_samples_leg
RE min_samples_leaf: 1, ' _

_ _ 3, min_samples_split: 7,
min_samples_split: 2, _
_ n_estimators: 307
n_estimators: 292

learning_rate: 0.0487, max_dept .
GB _ learning_rate: 0.3, max_depth: 3
3, n_estnators: 203, subsample

10 n_estimators: 500, subsample: 0

C: 33.2, epsilon: 0.01, gamma:

SVR | c:0.1, epsilon: 0.1, gamma: 0.1
0.005

colsample_bytree: 0.6,
) colsample_bytree: 0.6,
XGB learning_rate: 0.06, max_depth )

] learning_rate: 0.01, max_depth:
10, n_estimators: 304uksample:

0.6 n_estimators: 446, subsample: O.

5.1.2. CrossValidation Performance of ML Models for Fold 1

Figure19 provides a comprehensive evaluation of four ML models, RF, GB, SVM, and XGB
appliedto predict water level in Mopti. In subfigures (a), (b), (c), and (d), the predicted versus
observed water levels for the test set demonstrate that SVM (c) exhibits the highest predictive
accuracy, with an R2 value of 0.75, significantly outperforming &Fa(d the other models.
Similarly, for the validation set, subfigures (e) through (h) reveal SVM (g) maintaining superior
performance with an R? of 0.71, while RF (e) struggles with lower accuracy, as indicated by an
Rz of 0.4. The accompanying bar ch&itshrough (I) highlight key model performance metrics.
SVM consistently achieves the lowest RMSE and MAE, signifying its superior predictive
capacity. The MAPE values, which indicate model bias, further confirm SVM's robustness. In
terms of model effi@ncy, as reflected by the NSE metric (), SVM again outperforms the
alternatives, particularly in both test and validation sets. TEhpgesent the numerical results

of different statistical metrics use across the folds.

The feature importance analysmssubfigures (m), (n), and (o) reveals "WL_Sof" as the most
important variable across all models, followed by "WL_Bou" and "Tot_evap," underscoring the
consistency of feature contributions. Notably, SVM does not provide feature importance in the
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same maner as tredbased models, as it relies on kernel functions rather than decision trees to
capture complex relationships between features. Despite this, SVM's superior performance, as
evidenced by its high R?, lower error metrics, and model efficiency, etteblit as the most

reliable and accurate model for water level prediction in this context.
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Predicted water level (m)
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Figure19: Evaluation of ML models for predictinwater level§ Fold 1; (a), (b), (c) and (c
predicted vs. observed water levels using RF, GB, SVM and XGB algorithms, respecti
testing set; (e), (f), (g) and (h): predicted vs. observed water levels using RF, GB, S
XGB algorithms, respemwiely for validation set; (i) RMSE values for each model; (j) M
values demonstrating model fit; (k) MAPE values showing model KIadNSE value
indicating model efficiencyfeature importance in (m) RF; (n) GB; and (0) XGB.
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Table15: Evaluation results for the test set and validation Betd 1.

Test Validation
Model | RMSE | MAE | MAPE NSE RMSE | MAE | MAPE NSE
RF 1.52 1 0.54 | 0.38 1.6 1.07 0.76 0.4
GB 1.19 | 0.86 | 054 | 0.62 | 1.28 0.99 0.75 0.62
SVM 097 | 0.75 | 0.47 | 0.75 1.11 0.93 0.68 0.71
XGB 1.21 | 0.88 | 0.54 | 0.61 1.34 1 0.74 0.58

Figure 20 provides a comparative analysis of four ML models (RF, GB, SVM, anB)X&
predicting water levels for Mopti. SVM consistently outperforms other models across both test

and validation sets, closely capturing seasonal and annual fluctuations, with minimal error

metrics and high R? values. The findings underline SVM's adiiptato hydrological

conditions and its potential for accurate water level predictions in similar cantexts
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Figure20: Comparative performance of water level predictions (2Z2020)i Fold 1; (al), (a2), (a
and (a4): model predictions vs. observed water levels using RF, GB, SVM and XGB alg
respectively for testing set; (b1), (b2), (b3) and (b4): mpreictions vs. observed water levels u

RF, GB, SVM and XGB algorithms, respectively for validation set.
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5.1.3. Crossvalidationperformance of MLmodels forfold 2

Figure21 evaluates the performance of four different ML models used in this investif@tion
predicting water level at the outlet of th&B. We used seven predictors including water table
depth (WTD), total evaporation (Tot_evap), CHIRPS rainfall (P), and water level (WL) at four
upstream locations in the basin (Pankourou, Bougouni, Dowfara}p to train our model and
predict the water level at Mopti. In tpeevious sectiont is detailed that Bayesian optimization

was utilized to efficiently tune hyperparameters for ML models, focusing computational
resources on the most promising arehthe hyperparameter space and adapting to different
training data characteristics across folds. To enhance the models' robustness and predictive
reliability, crossvalidation was employed by splitting the dataset sequentially while
maintaining its chronogical integrity. Specifically, in the Fold 1, the first 60% of the data was
allocated for training, the next 20% for testing, and the final 20% for validation. In the Fold 2,
the first 20% was used for testing, the middle 60% for training, and thébasta? validation.

This approach allowed the models to be trained and evaluated on different temporal segments,
improving their ability to model complex hydrological patterns. The scatter plots in Ritare

h compare the predicted water levels from eaddehwith observed water levels for testing

and validation set. The R2 value for each case is presented on the plot with their high values
suggesting a very high level of accuracy in predictions and the right set of parameters chosen
as the predictors. Fdtold 1 the results are presented in Tlable B, SVM model achieved
superior predictive accuracy (NSE > 0.7) for water level predictions, outperforming other
models with the highest R? values and lowest error metrics in both test and validation sets. For
Fold 2, all models demonstrated high performance (Figirevith NSE values exceeding 0.7,
indicating strong predictive accuracy in estimating water levels. On the test set, the SVM model
achieved the lowest RMSE and MAPE (Fig@®-k), while all modet attained high NSE
values ranging from 0.91 to 0.94. Similarly, on the validation set, the RF model achieved the
highest NSE and the lowest RMSE (Fig@tfe). Despite slight variations in the performance
metrics such as GB having a higher RMSE and MAREnadels performed well overall.
Figures21m-o present the feature importance for RF, GB, and XGB models in Fold 2,
respectively. The charts highlight the WL_Bou as a critical predictor across all models,
particularly in RF and XGB. WL_Sof, along with T@vap and WTD, also played significant

roles in influencing the predictive outcomeédthough RF andXGB models demonstrated
satisfactory predictive performance in this study, it is important to interpret their superiority
with caution. These models weretrdirectly compared to traditional statistical appiues

applied to the same dataset and study periods. Therefore, the results should be considered as
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relative indications rather than absolute evidence of superiority. Nevertheless, recent literature

in hydrology confirms that machine learning methods generally outperform classical statistical

models in capturing the nonlinear dynamics of hydroclimatic procéssssani et al., 2024;

Yaseen et al., @9) This study reinforces that trend while also highlighting the need for

complementary investigations based on mmukithod comparisons.

The feature importance in Fold 1 similarly emphasized the significance of WL_Bou and

WL_Sof as key predictors, castently impacting model performance across different folds.

This finding suggests that these variables are essential for accurate water level predictions,

regardless of temporal splits, reinforcing their importance in managing hydrological patterns

within the BRB.
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Figure21: Evaluation of ML models for predicting water levél$old 2; (a), (b), (¢
and (d): predicted vs. observedteralevels using RF, GB, SVM and XGB algorith
respectively for testing set; (e), (f), (g) and (h): predicted vs. observed water leve
RF, GB, SVM and XGB algorithms, respectively for validation set; (i) RMSE valu
each model; (j) MAE valuedemonstrating model fit; (j) NSE values indicating m:
efficiency; (k) MAPE values showing model bias; feature importance in (m) RF; (i

and (0) XGB.
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Figure22 shows that all models performed well, capturing both seasonal variations and annual
fluctuations in Mopti. During the implementation of Fold 1, only the SVM model exhibited
strong performance, closely matching the obsérwater levels with high accuracy. This
comparative analysis not only confirms the robustness of the developed SVM model but also
demonstrates the model's adaptability to hydrological conditions similar to those RBhé B
highlights the importancefselecting appropriate features and tuning model parameters to
optimize prediction accuracy for water level management. Given the successful application of
these models in theRB, they hold potential for adaptation to similar hydrological settings.
Howe\er, further validation under varying conditions is essential to ensure their broader
applicability, particularly in regions with comparable environmental and climatic dynamics.
Note that these findings are based on the specific setup and input data tiesdtudy. As
shown in Figur21m-o, the importance of features varies for each model, indicating that the
performance of these algorithms can be highly sensitive to the choice and configuration of input
variables. Therefore, while the results indidhte superiority of all the models in this context,

this conclusion may not be generalizable across all scenarios. The performance observed here
should be validated under different conditions and local datasets to confirm its broader

applicability.
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Figure 22 Comparative performance of water level predictiorisold 2; (al), (a2), (a3) and
(a4): model predictions vs. observed water levels using RF, GB, SVM and XGB algorithms,
respectively for testing set; (b1), (b2), (b3) and){bodel predictions vs. observed water
levels using RF, GB, SVM and XGB algorithms, respectively for validation set.

5.2. Correlation Heatmap

In the correlation analysis between the input features and the water level at Mopti
(WL_Mop), several key relationstspemerge, providing insight into the factors

influencing this target variable (FiguB8). The most positively correlated features with
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WL_Mop include WL _Bou, WL_Sof, and WL_Dou. Among these, WL_Bou
demonstrates the highest positive correlation, suggesimas water levels at Bougouni
increase, water levels at Mopti follow a similar trend. This is reasonable since these
locations are part of the same river system, and upstream water levels naturally affect
downstream locations. Similarly, WL_Sof and Wou show significant positive
correlations, reinforcing the idea that water levels at these nearby stations are interrelated
and indicative of broader hydrological conditions in the region. On the other hand,
Tot_evap shows a strong negative correlatiotin WWL_Mop. This inverse relationship
indicates that higher evaporation rates contribute to lower water levels at Mopti. This
makes intuitive sense, as evaporation decreases water availability, leading to decreased
water levels. Additionally, WTD also shows weaker, but still notable negative
correlation, indicating that higher water table depths (deeper groundwater levels) are
associated with reduced surface water levels at Mopti. The correlation analysis reveals
that upstream water levels at Bougouni,gaf and Douna are reliable indicators of water
levels at Mopti. Conversely, increased evaporation and deeper water tables are associated
with lower water levels. Understanding these relationships is important for hydrological
modeling and water resourceanagement in the region, providing a foundation for

predicting water level fluctuations based on upstream conditions and environmental

factors.
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Figure23: Correlation heatmap between water level at Mopti and otherrésa
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5.3. Partial conclusion

This specific objectiveaimed to enhance hydrological monitoring and predictive capebili
within the Bani catchment, a transboundary region characterized by its complexity due to both
natural and anthropogenic factors. Invoking sateliased precipitation data of CHIRPS, we
developed ML models to predict water level fluctuations at Mdmei outlet of the BB. These
models were selected based on their robustness in handliniinean and complex data
structures, which is typical of hydrological datasets. All the ML models effectively captured
water level dynamics and improved predictainilities by averaging multiple decision trees
which reduces the risk of overfitting<iang et al., 2023) SVM, particularly, may be the
preferred modl if the data variability remains challenging, but tuning the other models can also
help achieve stable performance across all fasdshown bySaxena et a[2023)

Our approach provides a framework that can be adapted to other regions facing simiar socio
political challenges. As climate change and human impacts continue to complicate water
management, the findings of this study contribute to a growing body of knowledge that supports
the adoption of advanced technologies for sustainable hydrological practicdsi (&hal.,

2023).
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TheBRB in southeastern Mali forms a vital tributary of the Niger River, supporting agricultural
production, fisheries,ral wetland ecosystems crucial to local livelihodlgergovernmera

Panel On Climate Change (IP;Q023a; Traore, 2015lts predominantly rakfied agricultural
system and reliance on seasonally fluctuating wagsources underscore its importance in
ensuring food security for surrounding communitiBs, 2023; Bodian et al., 2020, 2018;
Tefera et al., 2025Because water availability directly affects planting cycles, fishing yields,
andbiodiversity in wetland habitats, maintaining a stable hydrological balance has long been
pivotal t o teboaomicealbeiogiNickolsen@0d3; Okoronkwo et al., 2024)

Despite the BRB6s significance, recent studi
as rising temperatures, erratic rainfall patterns, and soaring evaporatiofAddes et al.,

2020; Taylor et al., 2012)These fators contribute to water shortages during the critical
agricultural season, while also increasing the risk of floods inlyowg areas 999. In
combination with limited infrastructural resilience exemplified by vulnerable irrigation
networks and insuffient floodcontrol systems these changing conditions threaten both food
supply and economic stabilifflpemirel et al., 2009)Moreover, climatenduced alterations in
water flow disrupt fish migration routes and degrade wetland ecosystems, jeopardizing local
fisheries(Mahe et al., 2013; Roudier and Mahe, 2010b)

Socicpolitical uncertainties in Mali further exacerbate the challenges posed by climagecha

in the BRB(Ba, 2023; Kohnert, 2023Persistent security concerns often impede systematic
data collection, weakening the foundation of hydrological forecasting aneddamgresearch

in the basin. Infrastructure projects, including dams and irrigation schemes, continue to reshape
flow regimes in ways that remain poorly understood, particularly when overlaid with uneven
climate signals. The convergence of these pressures climatstinfitural, and socipolitical

raises the specter of severe water crises, with implications for livelihoods and regional stability.
Traditional statistical and deterministic models have been instrumental in evaluating historical
hydrological trends, offéng insights into seasonal flow variability and letegm water
balances(Hamed and Ramachandra Rao, 19%8)wever, these models often struggle to
capture noflinear dynamics introduced by abrupt climate changes, irregular dali#ygand
anthropogenic alterations to flow regim@&asei et al., 2010)Their reduced effectiveness

under incomplete or inconsistent datasets further constrains their utility in cendrct
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regions, leaving a gap in accurate, riedmre forecasting for stakeholders who must make rapid
decisions to adapt.

Machine learnindML) methods, particularl)RF and GB, have recently gained momentum in
hydrological science for their capacity to model complex, multivariate processes and handle
missing or inconsistent data. Studies across various African river basins show that ML
appro&hes can enhance flood and drought predictions, optimize reservoir operations, and
inform water allocation strategiéBanadkooki et al., 2019; Xiang et al., 20ZBh)ese methods

also integrate seamlessly with climate projections, such as those fraoMiRs, to assess
future hydroclimatic scenarios. However, little work has combined ML baseer-lsaél
forecasting with abrupt change detection tools in the specific context of th¢F&RBt, 1979)
Motivated by these pressing gapsststudy employs RF and GB to predict n&dure water

levels in the BRB under two CMIP6 emission scenarios $6522nd SSRB.5. We introduce

a waterlevel maximum (WLmax) index to identify potential flotiggering events, and we
apply the Pettitt tasand modified MantKendall procedure to detect abrupt and gradual
hydrological shifts, respectively. Additionally, we investigate changes in three key precipitation
indices to evaluate extended dry spells and intense rainfall events. By integratingeddvanc

tools with cuttingedge climate scenario analyses, our study aims to provide timely, practical
forecasts that can guide adaptation measures, optimize infrastructure planning, and reinforce
community resilience.

Ultimately, this work seekstooffefao | i st i ¢ per s p e efaturehgdrologicalt h e
regime, bridging data and methodological gaps to support more effective water resource
management. Our findings are designed to inform pahekers, local stakeholders and
development agencies abey devise strategies to secure food production, safeguard

biodiversity in wetland regions, and mitigate seeamnomic vulnerabilities.

This chapter presents the development of ML models and the configuration of input and output
data critical for our cmprehensive analysis of environmental parameters influencing
hydrological patterns from 1983 to 2020. We detail the integration of diverse datasets, including
total evaporation and water levels from multiple sites such as Pankourou and Mopti, into our
modds to maintain the chronological integrity of the data through sequential splits.
Additionally, we outline our method of cresalidation, which enhances the robustness and
predictive reliability of the models used in this study. This configuration praxesscial for
training and evaluating our models on different temporal segments, thereby capturing the

complex dynamics of hydrological changes over time.
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6.1. Evaluation of climate models

The Taylor diagram evaluates the performance of CMIP6 mausdplicating rainfall patterns

in the BRB using CHIRPS data as the reference (Figdjrdt assesses correlation coefficient,
standard deviation, and root mean square error (RMSE). Most models demonstrate strong
correlations above 0.8, indicating thebilday to capture temporal rainfall variability. The
ensemble mean (Ensmean) achieves the highest correlation (0.9), underscoring the advantage
of combining models to reduce bias and improve reliability. In terms of standard deviation, the
reference datasshows a value of approximately 90. Models such as-E&NW1-2-HR and
CanESMS5 closely align with this, effectively representing rainfall variability. Conversely,
ACCESSCM2 and BCCCSM2-MR deviate significantly, suggesting challenges in capturing
regionalscale processes. The RMSE analysis confirms that the ensemble mean is closest to the
reference, highlighting its overall accuracy. This aligns with previous findingylbey et al.

(2018) demonstrating the robustness of ensemble approaches.
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Figure24: Taylor diagram comparing CMIP6 model performance against reference
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6.2. Predictive model performance and validation

The validation results in Tablk indicate that both RF and GB models perform satisfactorily

in simulating water levels. With an9¥ value of 0.76, RF slightly outperforms GB (NSE =
0.72), showcasing better accuracy in replicating observed water levels. These results underscore
the importance of hyperparameter optimization, as the selected parameters for each model

effectively captue the dynamics of the system.

Table16: Model hyperparameters and NSE values.

NSE
Model Hyperparameters (Validation)
max_depth: 10, min_samples_leaf: 1, min_samples_split: 2,
RF n_estimators: 100 0.76
GB learning_rate: 0.02, maxegdth: 4, n_estimators: 269, subsample: 0. 0.72

Figure 25 validates the models against observed data, where RF and GB closely follow the
seasonal trends. The minor deviations between the simulated and observed data suggest room
for improvement, partidarly in extreme events or transitions. RF's ability to maintain higher

fidelity in such scenarios likely explains its superior NSE score.

Water Levels (m)
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Figure 25. Simulated water levels compared to validation water levels using RF a
models.

Figure 26 illustrates future water level projections under two scenarios. Both models predict
consistent seasonal pais, with RF and GB closely aligned, indicating their robustness for
long-term simulation. However, RF slightly outperforms GB in capturing detailed variability,

reinforcing its suitability for predictive tasks. These results highlight the reliabileapsgmble
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) Water Levels {(m

Water Levels (m

methods in hydrological modeling. RF's performance affirms its capacity to generalize well
with minimal overfitting, while GB offers competitive accuracy with nuarmedictions. Such
models are invaluable for water resource planning, paatiguh a changing climate context,

as suggested by previous studieeam et al., 2021)
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Figure26: Simulated water levels under (a) S$P2 and (b) SSPB.5 scenarios using RF and (

6.3. Hydroclimatic event characterizaton

The spatial distribution maps in Figu2é provide a clear depiction of the regional variability

in hydroclimatic indices, specifically CDD, CWD, and RX1DAY, under both S&Bfpanels

a, b, c) and SSP2.5 (panels d, e, f). These maps reveal sigmiticpatial contrasts across the
study region, emphasizing how different emissions scenarios influence hydroclimatic patterns.
For instance, CWD under SSRBR% showed a statistically significant breakpoint in 2041,
emphasizing potential changes in wet bpatterns (Tabld7, Figure22d-f). Under SSP8.5,

the southern parts of the study area consistently experience higher CDD values2#agure
indicating prolonged dry periods. This trend aligns with the more extreme climate impacts
expected in higlemissions scenarios. Conversely, under S&B2(Figure24d), the CDD
distribution suggests a slight reduction in dry spells, with the northern regions appearing
relatively less affected.

For CWD, the SSRB.5 scenario (Figurg7b) highlights a concentratiaf longer wet periods

in the central regions, while the SSP® scenario (Figur@7e) indicates a more uniform
distribution of wet spells, albeit with generally shorter durations. This stark contrast between
scenarios underscores the sensitivity of wetlgfynamics to emission trajectories, particularly

in areas already vulnerable to hydrological variability. RX1DAY patterns (Fi@iiceand27f)

also demonstrate notable spatial differences. Under-8&R8&xtreme daily rainfall intensities
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are more proounced in localized southern areas, suggesting a heightened risk of flash flooding
and related impacts. In comparison, the S8B2scenario shows a more balanced distribution

of extreme rainfall events, with slightly reduced intensities across the region

Tablel7: Presents the-palues and breakpoints under SSP2 and SSRB.5.

Indices p-value Breakpoint
WD psas 0.5 2033
waoar SSEHS o067 o
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Figure27. Spatial distribution maps for CDD, CWD, and RX1DAY. Panels (a, b, c) represeni83zRéhile panels (d,
f) correspond to SSP2.5.
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