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Abstract 

This study assessed the impact of climate and land use/land cover (LULC) change on the 

water balance components in the Vea catchment, West Africa using the Soil and Water 

Assessment Tool (SWAT) model. The specific objectives of the study were to, (i) predict the 

changes in LULC of the Vea catchment based on different LULC change scenarios, (ii) 

investigate the impact of the Representative Concentration Pathways (RCP4.5) climate 

change scenario on rainfall, temperature and climate extremes in the future 2020-2049, and 

(iii) assess the impact of climate and LULC change scenarios on the water balance 

components. Data used for the study includes, observations (stations and satellite) climate 

data, Landsat images (1990, 2001, 2011 and 2016) for LULC mapping and prediction, 

Regional Climate Models (RCMs) and Statistical Downscaling Model- Decision Centric 

(SDSM-DC) for RCP4.5 scenario for historical and future (2020-2049) period for climate 

change impact assessment. The study found a decrease in natural vegetation due to cropland 

expansions over the past years, and a continuous decrease in forest/mixed vegetation and 

increase in cropland in the future 2025 under business-as-usual (BAU) scenario. The multi-

model ensemble mean projected a warmer climate in the future (2020-2049) with a 1.3oC 

increase in mean annual temperature and a 4.2% increase in mean annual rainfall relative to 

the baseline (1981-2010) period. Surface runoff was found more sensitive to climate change (-

42.7% changes) than land use change under BAU (+18.7 change) and afforestation scenarios 

(-19.6% change), followed by water yield which under climate change decreased by 43.8% 

compared to +18.4% and -15.7% changes under BAU and afforestation scenarios of land use 

change, respectively. The actual evapotranspiration was however found to be less sensitive to 

land use change (-2.7 and +0.6 % changes) than climate change (+9% changes). 

Key words:  climate extremes, Land use change, Regional climate models, SWAT model, Vea 

catchment, water balance components. 
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Synthèse de la Thèse  

Résumé 

Cette étude a évalué l'impact du changement climatique et d’utilisation et d’occupation des 

terres (LULC) sur les composantes du bilan hydrique dans le bassin versant de Vea, en 

Afrique de l'Ouest, à l'aide du modèle Soil and Water Assessment Tool (SWAT). Les 

objectifs spécifiques de l'étude étaient: (i) d’évaluer l'historique des changements d’utilisation 

et d’occupation des terres et de les prédire à l’horizon 2025 dans le bassin versant sur la base 

de deux scénarios : statu quo (Business-as-usual, BAU) et reboisement, (ii) d’étudier l'impact 

du scénario de profil représentatif d’évolution des concentrations (RCP4.5) sur les 

précipitations, les températures et les catastrophes climatiques à l’horizon 2020-2049, et (iii) 

d’ évaluer l'impact des scénarios de changement climatique et l’utilisation des terres sur les 

composantes du bilan hydrique (ruissellement de surface, évapotranspiration réelle, apport en 

eau et recharge des nappes) dans le bassin versant de Vea. Les données utilisées pour l'étude 

incluent : Les images satellitaires de Landsat (1990, 2001, 2011 et 2016) et celle de Google 

Earth ont été utilisées pour la cartographie de l’utilisation et d’occupation des terres , les 

données climatiques d’observation (stations et Précipitations infrarouges du groupe de risques 

climatiques avec données de station (CHIRPS), les modèles climatiques régionaux (RCM) et 

les résultats de prédiction futur (2020-2049) des modèles de réduction de la statistique axés 

sur la décision (SDSM-DC) ont permis d’analyser les changements climatiques et les 

phénomènes climatiques extrêmes. L'étude a observé une diminution de la végétation 

naturelle due à l'agrandissement des terres cultivées au cours des dernières années, ainsi 

qu'une diminution continue de la végétation forestière / mixte et une augmentation des terres 

cultivées à l'avenir 2025 selon le scénario du statu quo. La moyenne d'ensemble multi modèle 

des modèles climatiques prévoit un climat plus chaud à l'avenir (2020-2049) avec une 

augmentation de 1,3oC de la température annuelle moyenne et une augmentation de 4,2% des 

précipitations annuelles moyennes par rapport à la période de référence (1981-2010). 

L'analyse du bilan hydrique a montré que le ruissellement de surface est plus sensible au 

changement climatique (-42.7% de changement) qu'aux changements d'utilisation et 

d’occupation des terres dans les scénarios BAU (+18.7%) et de reboisement (-19.6%), suivis 

de l'apport en eau qui a diminué sous l'effet du changement climatique de 43,8%, contre + 

18,4% et -15,7% respectivement dans les scénarios de statu quo et de reboisement. 

L'évapotranspiration réelle s'est avérée moins sensible au changement d'utilisation des terres 

(-2,5 et +0,5%) qu’avec le changement climatique (+ 9%).  
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Mots-clés: extrêmes climatiques, Modélisation du changement d'affectation des sols, modèles 

climatiques régionaux, Modèle SWAT, Bassin versant de Vea, composantes du bilan 

hydrique. 

 

Introduction 

L'expansion des terres agricoles, le surpâturage et l’essor du développement socio-

économique du bassin versant de Vea dans l'extrême Est du Ghana, observés lors des 

dernières décennies ont entraîné des modifications dans l'utilisation des terres dans le bassin. 

Les changements d’utilisation de terre associés aux changements climatiques constituent une 

menace pour le réseau hydrographique du bassin versant. Dans les zones semi-arides telles 

que le bassin versant de Vea, la gestion de la rareté des ressources en eau douce dans les 

bassins hydrographiques suscite de plus en plus d'inquiétudes. Pour gérer efficacement 

l'hydrologie du bassin versant, il est nécessaire de connaître parfaitement les processus 

hydrologiques et leur répartition spatiale. Le bassin versant non jaugé de Vea est cependant 

confronté à la rareté et à la répartition inégale des observations climatiques, ce qui entrave les 

études spatio-temporelles des différentes composantes du bilan hydrique. C'est toutes ces 

raisons que  la présente recherche s'est fixe comme objectif d'entreprendre des enquêtes à 

petite échelle sur les bassins versants, qui se traduiront par une meilleure compréhension de la 

répartition des précipitations en évapotranspiration réelle, ruissellement et recharge de la 

nappe souterraine sous des scénarios de changements climatiques et de changement 

d’utilisation des terres. Les objectifs spécifiques de l'étude étaient de: (i) projeter les 

changements futurs d’utilisation des terres à l’horizon 2025  dans le bassin versant sur la base 

du scénario de statu quo et de reboisement, (ii) étudier l'impact du scénario de changement 

climatique fondé sur les profils représentatifs d’évolution des concentrations (RCP4.5) sur les 

précipitations, les températures et les extrêmes climatiques à l'horizon 2020-2049, et (iii) 

évaluer l'impact des scénarios de changement climatique et d’utilisation des terres sur les 

composantes du bilan hydrique dans le bassin versant de Vea à l'aide du modèle Soil and 

Water Assessment Tool (SWAT).  

Zone d’étude 

Le bassin versant de Vea, d'une superficie de 306 km2, se situe principalement au Ghana, avec 

une petite partie au nord située dans la partie centre-sud du Burkina Faso. Situé dans une zone 

agro-climatique semi-aride, le bassin versant se caractérise par un régime pluviométrique uni-

modal d'avril / mai à octobre avec une pluviométrie annuelle moyenne de 957 mm et un 
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potentiel très élevé d'évapotranspiration allant de 1650 mm à 1950 mm. Son relief est assez 

faible, avec une altitude comprise entre 89 m et 317 m et il est principalement dominé par des 

terres cultivées, suivies de prairies entrecoupées d’arbustes et d’arbres et de terres boisées. 

Matériel et méthodes 

La figure 1 présente le diagramme schématique de cette étude. L'étude a évalué dans un 

premier temps les changements historiques d’utilisation des terres et ensuite la prédiction de 

la dynamique d’utilisation des terres à l’horizon 2025 dans le bassin versant de Vea suivant 

les scénarios de ‘’Business-as-usual’’ (statu quo) et de reboisement. Les images satellitaires 

(Landsat) des années 1990, 2001, 2011 et 2016 ont été classifiées utilisant l’algorithme 

‘’maximum likelihood’’ (maximum de vraisemblance). L’évaluation de la précision de la 

classification globale était de 82%, 86%, 85% et 88% respectivement pour les images des 

années 1990, 2001, 2011 et 2016 sur la base de la matrice d’erreur. Les transitions majeures 

ont été modélisées à l'aide de l'algorithme ‘’Multi-layer Perceptron Neural Network’’ et les 

cartes de scenarios futurs de changement d’utilisation des terres ont été prédits suivant 

l’approche de la chaîne de Markov après la validation du ‘Land change modeler’. Ensuite, 

l’impact du changement climatique sur la température moyenne annuelle, la pluviométrie et 

les indices des extrêmes climatiques dans le bassin versant de Vea pour la période 2020-2049 

sur la base des données climatiques observées (station et en maille), les modèles climatiques 

régionaux soit deux de ‘’Coordinated Regional Downscaling Experiment (CORDEX-

Africa)’’ de 50 km résolution, deux de ‘’ Weather Research and Forecasting (WRF)’’ avec 

une résolution de 12 km et un de ‘’ Statistical Downscaling Model- Decision Centric (SDSM-

DC)’’ de 2 m de résolution ont été évalués. Le modèle climatique SDSM-DC de 2 m de 

résolution a été calé à l’aide des prédicteurs National Center for Environmental Predictors 

(NCEP) et des données climatiques observées après évaluation de la capacité des données de 

précipitations maillées de ‘’Climate Hazards Group Infrared Precipitation with Station data 

(CHIRPS)’’ de reproduire la climatologie du bassin versant. Les performances historiques des 

modèles climatiques (1981-2005) ont été évaluées à l’aide du diagramme de Taylor et les 

erreurs dans les précipitations et la température des modèles climatiques ont été corrigés à 

l’aide de l’échelle locale d’intensité et de la méthode d’échelle de variance. Les indices 

climatiques extrêmes tels que les jours très humides (R95P), extrêmement humides (R99P), 

les jours les plus chauds (TXx) et les nuits les plus chaudes (TNx) de Expert Team on Climate 

Change Detection Monitoring Indices (ETCCDMI) ont été analysés à la fois pour la période 

historique et future. Les indices de précipitations et de températures extrêmes ont été calculés 
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à l'aide du RClimdex considérant dix-sept (17) indices de changement climatique. La 

détection et la quantification des tendances dans les indices de précipitations (fréquence et 

intensité) et extrêmes de température ont été analysées à l’aide du test non paramétrique de 

Mann-Kendall (MK) et de l’estimateur de pente de Sen. 

Fig. 1: Diagramme synthétique des travaux de recherche 

Le modèle SWAT a été utilisé pour évaluer l’impact des scénarios de changement climatique 

et d’utilisation des terres sur les composantes du bilan hydrique (ruissellement de surface, 

évapotranspiration, apport en eau et recharge des nappes souterraines) dans le bassin versant 

de Vea. La première étape a consisté en une quantification détaillée des composants du bilan 

hydrique à l'aide du modèle SWAT. Les données utilisées dans le modèle SWAT étaient : 

modèle numérique de terrain de 30 m de résolution, la carte des sols, la carte d’utilisation des 

terres de 2016 et les données climatiques (station et CHIRPS). Des mesures de ruissellement 

de surface à l'échelle de parcelle (20 m x 4 m) pour trois types différents d’utilisation des 

terres (sorgho, arachide et savane) ont été effectuées pendant la saison des pluies (Mai à 



   

ix 

 

Septembre 2017) sur le site d'Aniabisi dans le bassin versant de Vea aux fins de comparaison 

avec la simulation du ruissellement de surface par le modèle SWAT. Le bassin versant de Vea 

couvrant une superficie de 306 km2 a été divisé en 52 sous-bassins et 331 unités 

d’intervention hydraulique. Le modèle a été calé (2013-2014) et validé (2015) à la fois 

manuellement et automatiquement à l'aide du programme d'ajustement d'incertitude 

séquentielle (SUFI-2) et des procédures de calage et d'incertitude du modèle SWAT (SWAT-

CUP). La performance du modèle a été évaluée à l'aide du coefficient de Nash-Sutcliffe 

(NSE), du coefficient de détermination (R2) et du pourcentage erreur (PBIAS). Le test non 

paramétrique de Mann-Kendall et l’estimateur de pente de Sen ont été utilisés pour rechercher 

la présence d’une tendance dans les composantes du bilan hydrique, tandis que la distribution 

spatiale des quantités et les changements dans les tendances des composantes du bilan 

hydrique étaient également caractérisés. La moyenne d'ensemble des modèles climatiques du 

scénario RCP4.5 et deux cartes de scénarios de changement d’utilisation des terres à l’horizon 

2025 ont été utilisées pour tourner le modèle SWAT déjà calé afin d'évaluer l'impact des 

changements climatiques (2020-2049) et d’utilisation des terres à l’horizon 2025 sur les 

composantes du bilan hydrique du bassin. 

 

La moyenne d'ensemble des modèles climatiques du scénario RCP4.5 et deux cartes de 

scénarios de changement d’utilisation des terres à l’horizon 2025 ont été utilisées pour tourner 

le modèle SWAT déjà calé afin d'évaluer l'impact des changements climatiques (2020-2049) 

et d’utilisation des terres à l’horizon 2025 sur les composantes du bilan hydrique du bassin. 

Le modèle SWAT a tout d’abord été tourné en utilisant la moyenne multimodale des résultats 

des modèles climatiques corrigés du scénario de changement climatique (RCP4.5) pour 

l’étude d’impact du changement climatique, tandis que l’étude d’impact de l’utilisation des 

terres a été réalisée en tournant le modèle avec les deux cartes des scénarios de changement 

d’utilisation des terres en considérant le climat actuel (1990-2017). 

Résultats et discussion 

Les résultats ont montré que les cartes de 1990, 2001, 2011 et 2016 ont été classifiées avec 

une précision globale de 82%, 86%, 85% et 88% respectivement. Les résultats de changement 

des utilisations des terres indiquent la conversion de la végétation forestière ou mixte (30,8%) 

et des prairies (40,4%) en terres cultivées comme type d’utilisation de terre dominant de 1990 

à 2016, ce qui confirme que la déforestation est en cours dans le bassin versant. Les résultats 

ont également révélé une augmentation des terres cultivées, des zones bâties et des plans d'eau 
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à un taux annuel de 3 ; 0,04 ; et 0,01 km2 respectivement, tandis que la végétation des prairies 

et des forêts / végétation mixte ont diminué à un taux annuel de 2,6 et 0,45 km2 

respectivement lors des 27 dernières années. La simulation à l’horizon 2025 indique 

également une expansion continue des terres cultivées de 56,6% en 2016 à 57,5% aux dépens 

de la végétation forestière / mixte, qui diminuera de 4,5% en 2025 selon le scénario du statu 

quo. Le scénario de boisement prévoit une augmentation potentielle de la végétation forestière 

/ mixte de 5,4% en 2025, une augmentation de 14,3% des prairies et une diminution de 20% 

des terres cultivées en 2025. Le déclin de la végétation naturelle (forêt / végétation mixte et 

prairies) ces dernières années pourrait être attribuée à l'expansion des terres cultivées dans le 

bassin versant de Vea. 

Les résultats montrent un coefficient de corrélation saisonnier très élevé (r = 0,99), l'efficacité 

de Nash Sutcliff (0,98) et le pourcentage d’erreur (4,4% et -8,1%) entre les stations et les 

données maillées. Une enquête sur les années sèches et humides utilisant l’indice standard 

d’anomalie révèle une fréquence élevée de périodes plus sèches (56,3%) par rapport aux 

périodes plus humides (43,7%) du bassin versant, 1989 et 1999 ayant été les années les plus 

humides alors que 1990 était extrêmement sèche. L'étude a également permis de constater que 

le modèle SDSM-DC simulait mieux la température mensuelle moyenne du bassin versant de 

Vea, tandis que les modèles WRF simulaient bien la configuration des précipitations 

mensuelles moyennes du bassin versant, suivis des modèles CORDEX RCM et SDSM-DC. 

La moyenne de l'ensemble multimodèle laisse présager un climat plus chaud dans le futur 

(2020-2049), avec une augmentation de 1,3°C de la température annuelle moyenne et une 

augmentation de 4,2% de la pluviométrie annuelle moyenne par rapport à la période de 

référence (1981-2010). Les analyses des extrêmes climatiques sur la période historique 

indiquent une diminution des tendances en intensité et en magnitude des indices de 

précipitations extrêmes, tandis qu'une tendance positive a été observée en ce qui concerne la 

fréquence des indices de précipitations extrêmes (R10mm, R20mm et CDD), sauf les jours de 

pluies consécutifs (CWD) qui montrent une tendance à la baisse. Une tendance générale au 

réchauffement du bassin versant a été observée par l’augmentation du nombre annuel de 

journées chaudes (TX90p), de nuits chaudes (TN90p) et de vagues chaudes (WSDI). 

L'analyse de la distribution spatiale montre une fréquence et une intensité élevées des indices 

de précipitations extrêmes dans le sud du bassin versant par rapport au centre et au nord d'une 

partie du bassin, alors que les températures extrêmes étaient uniformément réparties dans le 

bassin. La moyenne de l'ensemble multimodèle prévoyait une augmentation des journées les 
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plus chaudes (TXx) et des nuits les plus chaudes (TNx) de 1,4 ° C et 0,6 °C, respectivement, à 

l’horizon 2020-2049, et une augmentation de l'intensité des précipitations extrêmes par 

rapport au climat de base (1986-2016). 

Les résultats du modèle SWAT indiquent R², NSE et PBIAS pour la période d'étalonnage de 

0,75, 0,59 et -10,25% respectivement, et pour la période de validation de 0,71, 0,52 et 8,5% 

respectivement. L'analyse du bilan hydrique annuel moyen pour la période de référence 

(1993-2017) indique qu'en moyenne, la répartition des précipitations en 75% 

d'évapotranspiration réelle, 8,7% de ruissellement en surface, 16,2% de recharge des eaux 

souterraines et 18% de production d'eau. Sous différents types d’utilisation des terres, les 

prairies se caractérisaient par un rapport ruissellement surface / précipitations plus élevé au 

niveau du captage (0,11) et de la parcelle (0,47) par rapport aux terres cultivées de 0,09 et 

0,31 à l'échelle du captage et de la parcelle respectivement. Selon le scénario RCP4.5, les 

changements climatiques augmenteront l'évapotranspiration réelle moyenne annuelle de 9,0%, 

tandis que les écoulements de surface et les apports en eau diminueront respectivement de 

42,8% et 29,3% d'ici 2020-2049 par rapport à la période de référence (1990-2016). Dans le 

scénario BAU (conversion de la végétation forestière / mixte en terres de culture et prairies), 

le ruissellement annuel moyen de surface et le débit en eau ont augmenté de 18,7% et 9,1% 

respectivement, tandis que dans le scénario de boisement, une diminution de 23% du 

ruissellement et de 18% des eaux les rendements ont été observés. L'évapotranspiration a 

légèrement augmenté (0,5%) dans le scénario de boisement mais a diminué de 2,5% dans le 

scénario BAU. L'étude a révélé que la recharge en eau souterraine augmentait dans les deux 

scénarios de changement d'affectation des sols, avec des changements prononcés dans le 

scénario de reboisement. 
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Tableau 1: Composantes du bilan hydrique annuel moyen dans les scénarios de changement 

climatique et de changement l’utilisation et d’occupation de terres 

 

Simulation 

période/type de 

scenario 

Composantes du bilan hydrique  

Precipitat

ions 

(mm) 

ET 

(mm) 

GW_recharge 

(mm) 

Ruissellement 

(mm) 

apport en eau 

(mm) 

1993-2017 954,5 709,5 (75) 115,1(12,1)  82,5(8,7) 177,8 (18) 

2020-2049 (RCP4.5) 966,9 773,7 (80,0) 135,7 47,2 (4,7) 78,7 (8.1) 

Changement (%) +1,3 +9,0 -17,9 -42,8 -29,1 

BAU 954,5 689,8 132,8 97,9 193,8 

Changement (%) ------ -2,7 +15,3 +18,7 +9,1 

Reboisement 954,5 714 147,4 66,3 162,6 

Changement (%) ------ +0,6 +28,1 -23% -18 

BAU+RCP4.5 966,9 767,1 113,8 47,9 126,4 

Changement (%) +1,3 +8,1 -1,1 -41,9 -28,9 

reboisement +RCP4.5 966,9 840 61,8 31,6 64,5 

Changement +1,3 +18,3 -46,4 -61,7 -64,8 

NB: values in the bracket indicate the percentage of rainfall 

conclusion 

En conclusion, l'étude a observé une augmentation projetée des précipitations annuelles 

moyennes mais pourrait ne pas suffire à compenser la demande par évaporation élevée due à 

l'augmentation de la température à l'avenir 2020-2049. La situation devient critique en raison 

de l’augmentation projetée du ratio ET / précipitations, indiquant une tendance à un climat 

plus sec en dépit d’un scénario de précipitations favorable. On a constaté que le rendement en 

eau était plus sensible au changement climatique (changements de -42%) que le changement 

d’utilisation des terres dans le scénario BAU (changement de +5) et le scénario de 

reboisement (changement de -20%), suivis du ruissellement de surface qui, avec le 

changement climatique, a diminué de 29,3% par rapport à une augmentation de 10% et 8% 

respectivement dans les scénarios BAU et de boisement pour les changements d'affectation 

des terres. On a constaté que l’évapotranspiration était moins sensible aux changements 



   

xiii 

 

d’utilisation des sols (-2 à + 3% des changements) que le changement climatique (+ 9% des 

changements). La diminution de l’apport en eau et du ruissellement de surface de 29,3% et 

42% respectivement diminuerait la disponibilité des ressources en eau pour différents usages 

indiquant la vulnérabilité du bassin versant de Vea à la disponibilité future en eau du fait du 

changement climatique. La recharge en eau souterraine a augmenté dans les deux scénarios de 

changement d'affectation des sols, avec des changements prononcés dans le scénario de 

reboisement. Toutefois, l'apport en eau et le ruissellement de surface ont augmenté dans le 

scénario BAU, mais ont diminué dans le scénario de reboisement. L'augmentation de la 

recharge en eau souterraine dans les deux scénarios de changement d’utilisation des terres 

augmenterait la disponibilité des ressources en eau souterraine pour différents usages. Le 

résultat de cette étude est de combler le manque de connaissances à petite échelle sur le bilan 

hydrique du bassin versant semi-aride. Les projections issues des modèles climatiques et des 

changements d’utilisation des terres sur le bassin versant peuvent servir de cadre aux 

gestionnaires de l’eau et aux décideurs pour élaborer des stratégies de planification et 

d’adaptation des ressources en eau dans le bassin.  

 

Au cours de cette étude, la disponibilité des données de débits sur une longue période, 

nécessaires à l'étalonnage et à la validation du modèle hydrologique, était un défi pour le 

bassin versant de Vea. Il est donc nécessaire d’améliorer l'acquisition, la maintenance des 

stations hydrologiques pour la collecte des données de débit des bassins versants en particulier 

du Vea. L'installation d'une station pour la mesure du débit à la sortie principale du captage 

est nécessaire pour garantir qu'il existe suffisamment de données pour l'étalonnage et la 

validation des modèles hydrologiques. En outre, l’étalonnage du modèle SWAT peut 

également être répété s’il existe suffisamment de données de débits sur une longue période 

pour confirmer la capacité du modèle à refléter l’hydrologie du captage et s’applique aux 

années sèches et humides. Enfin, cette étude recommande la nécessité de construire de petits 

réservoirs plus rentables pour la collecte des eaux de ruissellement en raison de 

l'augmentation prévue de l'intensité et de la fréquence des précipitations extrêmes. La 

technologie d’utilisation rationnelle de l’eau (irrigation au goutte-à-goutte, par exemple) peut 

être encouragée dans le cadre d’une gestion efficace des ressources en eau. 

 

 

 



   

xiv 

 

Table of contents 

Contents                     Page 

Dedication .................................................................................................................................. ii 

Acknowledgment ...................................................................................................................... iii 

Synthèse de la Thèse .................................................................................................................. v 

Table of contents ..................................................................................................................... xiv 

List of Acronyms ...................................................................................................................... xx 

List of figures ......................................................................................................................... xxii 

List of tables .......................................................................................................................... xxiv 

Chapter 1: General Introduction ................................................................................................. 1 

1.1 Context and problem statement ................................................................................... 1 

1.2 State of arts .................................................................................................................. 3 

1.2.1 Hydrological cycle ............................................................................................... 3 

1.2.2 Land use/land cover change and model selection ................................................ 3 

1.2.3  Climate change and climate models ..................................................................... 5 

1.2.4 Hydrological modelling ........................................................................................ 7 

1.2.5  Impacts of LULC and climate change on water resources .................................. 8 

1.3 Research questions ...................................................................................................... 9 

1.4 Thesis objectives ........................................................................................................ 10 

1.4.1 Main objective .................................................................................................... 10 

1.4.2 Specific objectives .............................................................................................. 10 

1.5 Hypothesis ................................................................................................................. 10 



   

xv 

 

1.6 Novelty ...................................................................................................................... 10 

1.7 Scope of the Thesis .................................................................................................... 11 

1.8  Expected results and benefits ................................................................................... 11 

1.9 Outline of the Thesis .................................................................................................. 12 

Chapter 2: Study area ............................................................................................................... 13 

2.1 Location ..................................................................................................................... 13 

2.2 Topography ................................................................................................................ 14 

2.2.1 Digital Elevation Model and drainage network ................................................. 14 

2.3 Vegetation .................................................................................................................. 14 

2.4  Climate ....................................................................................................................... 15 

2.5 Hydrography .............................................................................................................. 17 

2.6 Soil and land use ........................................................................................................ 18 

2.6.1 Soil ..................................................................................................................... 18 

2.6.2  Land use ............................................................................................................ 19 

2.7 Geology ..................................................................................................................... 20 

2.8 Demography, social and economic activities ............................................................ 21 

2.9 Conclusion ................................................................................................................. 22 

Chapter 3 : Data, materials and methods .................................................................................. 23 

3.1 Data ............................................................................................................................ 24 

3.1.1 Landsat images ................................................................................................... 24 

3.1.2   Reference data .................................................................................................. 24 

3.1.3 Station and gridded climate data ........................................................................ 25 



   

xvi 

 

3.1.4 Regional climate models datasets ...................................................................... 27 

3.1.5  SWAT model input data .................................................................................... 28 

3.1.6 Experimental design ........................................................................................... 30 

3.2 Land use/land cover mapping and modelling ............................................................ 31 

3.2.1 Image pre-processing and classification ............................................................ 31 

3.2.2  Accuracy assessment ......................................................................................... 32 

3.2.3  Scenarios development ...................................................................................... 33 

3.2.4  Post classification change analysis using Land Change Modeller .................... 33 

3.2.5 Transition potentials modelling using Multi-layer Perceptron Neural Network 34 

3.2.6  Change prediction and validation ...................................................................... 35 

3.3 Climate and climate change scenarios analysis ......................................................... 36 

3.3.1 Data quality control and CHRPS validation ...................................................... 36 

3.3.2 Statistical Downscaling ...................................................................................... 36 

3.3.3 Bias corrections of regional climate models outputs ......................................... 38 

3.3.4    Climate models evaluation .................................................................................... 40 

3.3.5  Climate extremes ................................................................................................ 41 

3.3.6 Trend analysis of climate extreme indices ......................................................... 42 

3.3.7 Standardized Anomaly Index ............................................................................. 44 

3.4  Hydrological modelling ............................................................................................ 44 

3.4.1 Hydrological components of SWAT Model ...................................................... 44 

3.4.2 SWAT model setup, calibration and validation ................................................. 47 

3.5 Partial conclusion ...................................................................................................... 50 



   

xvii 

 

Chapter 4 : Land use/land cover mapping, change analysis and projections ........................... 51 

4.1 Land use/land cover mapping and change detection ................................................. 51 

4.1.1 Accuracy statistics and LULC change analysis ................................................. 51 

4.1.2. Land use types contribution to the changes in land use/land cover ........................ 55 

4.2 Model validation and future land use/land cover projection ..................................... 56 

4.2.1 Model validation ................................................................................................ 56 

4.2.2  Simulation of LULC changes ............................................................................ 58 

4.3  Discussion ................................................................................................................. 59 

4.3.1 Classification accuracy, LCM model prediction and validation ........................ 59 

4.3.2 Spatio-temporal analysis of historical LULC changes ....................................... 60 

4.3.3 Relevance of results to achieving National and International Goals.................. 61 

Chapter 5: Historical and future climate change and extremes analysis .................................. 64 

5.1  CHIRPS Rainfall validation for the Vea catchment ................................................. 64 

5.1.1.   Station and gridded precipitation data comparison ............................................... 64 

5.2 Performance evaluation of climate models ............................................................... 66 

5.2.1  Mean monthly rainfall ....................................................................................... 66 

5.2.2 Mean monthly temperature ................................................................................ 67 

5.3  Climate projections for the Vea catchment based on the ensemble mean ................ 68 

5.3.1 Rainfall projections ............................................................................................ 68 

5.3.2 Temperature projections ..................................................................................... 70 

5.3.3 Spatial distribution of rainfall and temperature projections ............................... 73 

5.4  Standardized Anomaly Index of annual rainfall ....................................................... 74 



   

xviii 

 

5.5 Spatio-temporal trend analysis of historical rainfall extremes .................................. 77 

5.5.1 Rainfall intensity indices .................................................................................... 77 

5.5.2 Rainfall frequency indices .................................................................................. 80 

5.5.3 Temperature extreme indices trend analysis ...................................................... 81 

5.6  Rainfall and temperature extremes projections over the Vea catchment ................. 83 

5.6.1 Extreme rainfall indices projections and trends in the future ............................. 83 

5.6.2 Extreme temperature indices trends and projections in the Future .................... 86 

5.7  Discussion ................................................................................................................. 87 

Chapter 6 : Climate and land use change impact on water balance components ..................... 91 

6.1 Sensitivity, calibration and evaluation of SWAT model prediction performance .... 91 

6.2 Mean annual and monthly water balance components analysis ................................ 93 

6.3 Water balance distributions for the different land use/land cover types ................... 94 

6.4  Comparison between plot scale and SWAT simulated surface runoff ..................... 95 

6.5 Surface runoff generation under different classes of Slope ....................................... 96 

6.6  Climate change impact on water balance components .............................................. 97 

6.6.1 Analysis of climate change impact on water balance components .................... 97 

6.6.2 Spatial analysis of climate change impact on water balance components ......... 99 

6.7 Land use/land cover change scenarios impact on the water balance components .. 101 

6.7.1 Analysis of LULC change scenarios impact on the water balance components

 101 

6.7.2 Spatial analysis of LULC change impact on water balance components......... 102 

6.8 Impacts of combined climate and land use change scenarios.................................. 103 



   

xix 

 

6.9 Discussion ................................................................................................................ 107 

Chapter 7 : General conclusion and perspectives ................................................................... 109 

7.1 Conclusions ............................................................................................................. 109 

7.2  Perspectives or Future works ................................................................................... 111 

References .............................................................................................................................. 113 

Annex ..................................................................................................................................... 125 

Annex 1a: Biases in mean monthly rainfall for the various RCMs from 1981 to 2005 for the 

Vea catchment .................................................................................................................... 125 

Annex 1b: Biases in the mean monthly temperature for the various RCMs from 1981 to 

2005 .................................................................................................................................... 125 

Annex 1c: Bias-corrected RCMs for the Vea catchment from 1981 to 2005 ..................... 126 

Annex 2 : List of Publications ............................................................................................ 127 

 

 

 

 

 

 

 

 

 

 

  



   

xx 

 

List of Acronyms 

95PPU  95 percent prediction uncertainties 

CHIRPS   Climate Hazards Group Infrared Precipitation with Station data 

CORDEX     Coordinated Regional Downscaling Experiment 

DEM   Digital Elevation Model 

EPA   Environmental protection Agency 

ET  Actual Evapotranspiration 

ETCCDMI    Expert Team on Climate Change Detection Monitoring Indices 

FAO   Food and Agricultural Organization 

GCMs   Global Circulation Models  

GDP   Gross domestic product 

GIS  Geographic Information System 

GMA  Ghana Meteorological Agency  

GW_DELAY Ground water delay  

GWQMN Threshold depth for ground water flow to occur [mm] 

HRU   Hydrological Response Unit  

IDW  Inverse Distance Weighted  

IFPRI  International Food Policy Research Institute 

IPCC   Intergovernmental Panel on Climate Change 

ITD  Inter-Tropical Discontinuity  

LCM  Land Change Modeler  

LULC  land use and land cover   

MESTI  Ministry of Environment Science, Technology and Innovation of Ghana  

MK  Mann-Kendall 

MLP  Multi-layer perceptron 

NCEP  National Centres for Environmental Prediction  

NLULCC Negative land use/cover change 



   

xxi 

 

NSE  Nash-Sutcliff Efficiency  

PET  Potential Evapotranspiration  

Qsurf  Surface runoff [mm] 

RCHRG_DP Fraction of deep aquifer percolation [-] 

RCM   Regional Climate Model 

RCP4.5 Representative Concentration Pathways 4.5 

REVAPMN Threshold water level in shallow aquifer for revap [mm] 

RMSE   Root Mean Square Error  

SDSM-DC Statistical Downscaling Model - Decision Centric  

SRTM  Shuttle Radar Topography Mission 

SWAT  Soil and Water Assessment Tool 

UNCCD  United nation Conversion on combating Desertification 

UNEP-GEF   United Nation Environmental Protection GetFund 

USDA-ARS  United States Department of Agriculture 

WASCAL West Africa Science Service Center on Climate Change and Adapted Landuse 

WRC  Water Resources Commission 

WVB  White Volta Basin  

  

 

 

  



   

xxii 

 

List of figures 

Figure 2. 1: Location of the Vea catchment, and Aniabisi sub-catchment, within the White 

Volta Basin, as well as the topography, and location of weather and hydrological 

measurement stations in the Vea catchment............................................................................. 13 

Figure 2. 2: Drainage patterns of: (a) the WVB (b) Vea catchment ........................................ 14 

Figure 2. 3: Vea climate station at Aniabisi Site ...................................................................... 16 

Figure 2. 4: Mean annual (a) and monthly (b) rainfall and temperature in the Vea catchment 

from 1985 to 2016 .................................................................................................................... 16 

Figure 2. 5: Flow measuring instruments for streamflow measurement at Vea catchment ..... 17 

Figure 2. 6: A rating curve of Sherigu river for the year 2016 (Guug, 2017) .......................... 17 

Figure 2. 7: A hydrograph of the Vea catchment at Sumbrugu gauge location for 2014-2015 18 

Figure 2. 8: Soil and Land use/cover maps of the Vea catchment ........................................... 19 

Figure 2. 9: Various LULC types at the study region (Source: Braimoh and Vlek, 2004) ...... 20 

Figure 2. 10: Geology of the Vea catchment (source: Ibrahim et al., 2008) ............................ 21 

 

Figure 3. 1: Overview of the General Research Work ............................................................. 23 

Figure 3. 2: Map of the Vea catchment showing the distribution of LULC Ground Control 

Points ........................................................................................................................................ 25 

Figure 3. 3:  Map of the Vea catchment showing the station and gridded precipitation 

locations within a 12km grid .................................................................................................... 26 

Figure 3. 4:  Soil (left), Land use/land cover (middle), and slope classes (right) maps of the 

Vea catchment. Lixisols (Lf1-1a), vertisols (Vc1) and cambisols (Bv2) ................................. 29 

Figure 3. 5: 20 m x 4 m experimental run off plots at the Aniabisi site within the Vea 

catchment ................................................................................................................................. 31 

Figure 3. 6: Flowchart of LULC mapping and accuracy assessment ....................................... 32 

Figure 3. 7: Flowchart of LCM change analysis and modelling .............................................. 34 

Figure 3. 8: Observed and RCMs simulated mean monthly rainfall and temperature for the 

Vea catchment for the period 1981–2005 ................................................................................ 40 

Figure 3. 9:  Conceptual framework of SWAT (Adapted from Neitsch et al., 2005) .............. 47 

Figure 3. 10: Flow Chart of the SWAT processing steps for the Vea catchment .................... 48 

 

Figure 4. 1:  Spatial distribution of land use/cover maps of the Vea catchment for 1990, 2001, 

2011 and 2016 .......................................................................................................................... 54 

Figure 4. 2: Contribution to Net Change in Cropland (in hectares) by Forest/mixed vegetation 

and grassland for 1990-2001, 2001-2011, 2011-2016 and 1990-2016 .................................... 56 

Figure 4. 3: Simulated and Actual LULC maps of 2011 ......................................................... 57 

Figure 4. 4: LULC maps for the year 2016 and for the two 2025 scenarios ............................ 58 

 

Figure 5. 1: Performance evaluation of CHIRPS based on mean monthly distribution (A and 

B) and annual distribution (C and D) of rainfall from 1990 to 2016 for the Vea and 

Bolgatanga locations ................................................................................................................ 65 

Figure 5. 2: Evaluation statistics of simulated and observed mean monthly rainfall for the Vea 

catchment using Taylor’s diagram ........................................................................................... 67 

file:///C:/Users/hp/Dropbox/Larbi/PhD_Thesis_2016_2019/Thesis/LARBI_THESIS_2019_final_version.docx%23_Toc27379518


   

xxiii 

 

Figure 5. 3: Evaluation statistics of simulated and observed mean monthly temperature for the 

Vea catchment using Taylor’s diagram .................................................................................... 68 

Figure 5. 4: Rainfall projections for Vea catchment under RCP4.5 scenario based on the 

individual and ensemble mean of the climate models for: (a) mean monthly and (b) annual 

scale .......................................................................................................................................... 69 

Figure 5. 5: Mean monthly (a) and annual (b) temperature projections of the Vea catchment 

for the various RCMs in the future (2020-2049) under RCP 4.5 scenario relative to the 

baseline period .......................................................................................................................... 72 

Figure 5. 6: Spatial distribution of mean annual rainfall and temperature of the Vea catchment 

for the baseline, future and projected changes. ........................................................................ 73 

Figure 5. 7a: Mean Annual Standardized Anomaly Index from 1985 to 2016 for the individual 

locations (A-H) ......................................................................................................................... 75 

Figure 5. 8:Spatial distribution of extreme rainfall intensity Indices from 1986-2016 ............ 78 

Figure 5. 9: Spatial distribution of Frequency of extreme rainfall Indices from 1986 to 2016 81 

Figure 5. 10: Spatial distribution of Temperature extreme Indices from 1985-2016............... 82 

Figure 5. 11: Trend analysis of extreme rainfall indices for the future (2020-2049) relative to 

the historical (1986-2016) period ............................................................................................. 84 

Figure 5. 12: Spatial distribution of the projected changes in the extreme rainfall indices 

relative to the baseline (1986-2016) period. ............................................................................. 85 

Figure 5. 13: Trend analysis of extreme temperature indices .................................................. 86 

Figure 5. 14: Spatial distribution of the projected changes in the future (2020-2049) extreme 

temperature indices relative to the baseline (1986-2016) period. ............................................ 87 

 

Figure 6. 1: Simulated vs. Observed daily discharge for calibration period (2014-2015) at 

Sumbrugu gauge station, Vea catchment ................................................................................. 92 

Figure 6. 2: Simulated vs. Observed daily discharge for validation period (2013) for 

Sumbrungu gauge station, Vea catchment ............................................................................... 93 

Figure 6. 3: Water balance components from 1993-2017 for the Vea catchment at (a) annual 

scale as a proportion of rainfall (b) monthly scale ................................................................... 94 

 

Figure 7. 1: mean monthly water balance components under baseline (1990-2017) and future 

(2020-2049) climate change scenario RCP4.5 ......................................................................... 98 

Figure 7. 2: Projected changes in the mean annual water balance components between the 

baseline period (1990-2017) and the future period (2020-2049) ........................................... 100 

Figure 7. 3: mean monthly water balance components under different scenarios of land use 

change ..................................................................................................................................... 102 

Figure 7. 4: Impacts of land use and climate change on evapotranspiration and surface run off 

in the Vea catchment .............................................................................................................. 105 

Figure 7. 5: Impacts of land use and climate change on groundwater recharge and water yield 

in the Vea catchment .............................................................................................................. 106 

 

 



   

xxiv 

 

  

List of tables 

Table 2. 1:  River gauging stations ........................................................................................... 17 

 

Table 3. 1: General characteristics of Landsat image .............................................................. 24 

Table 3. 2: Description of the Regional Climate Models ......................................................... 27 

Table 3. 3: Datasets used and sources ...................................................................................... 28 

Table 3. 4:  Land use/ cover classification scheme modified from Forkuor (2014) ................ 29 

Table 3. 5: Distribution of 2016 land use/cover classes within the Vea catchment ................. 30 

Table 3. 6: Data collected from the study site .......................................................................... 30 

Table 3. 7: Land use/land cover change scenarios ................................................................... 33 

Table 3. 8:  Partial correlations and large scale climate factors selected for each location for 

the statistical downscaling of temperature for the base period 1981 to 2010. ......................... 37 

Table 3. 9: Partial correlations of predictors selected for each location for rainfall variable .. 38 

Table 3. 10: Mean addition/change factors for SDSM-DC simulation under RCP 4.5 scenario

 .................................................................................................................................................. 38 

Table 3. 11: Climate Extreme Indices ...................................................................................... 42 

Table 3. 12: Classification scale for wetness and dryness ....................................................... 44 

 

Table 4. 1: Accuracy statistics of the classified land use/land cover maps of 1990, 2001, 2010 

and 2016 ................................................................................................................................... 51 

Table 4. 2: LULC Classification statistics in km2 from 1990 to 2016 ..................................... 54 

Table 4. 3: Change statistics and rate of change of LULC type from 1990 to 2016 ................ 55 

Table 4. 4: Cramer’s V test for each LULC ............................................................................. 57 

Table 4. 5: Comparison between actual and simulated LULC area statistics (in km2) for the 

year 2011 .................................................................................................................................. 57 

Table 4. 6: Predicted LULC area statistics (in km2) for the year 2025 relative to baseline 

(2016) ....................................................................................................................................... 59 

 

Table 5. 1: Mean monthly and annual scale statistical analysis of rainfall for the station and 

CHIRPS data from 1990 to 2016 in the catchment .................................................................. 65 

Table 5. 2: Statistical analysis of climate models performance in simulating mean monthly 

rainfall of the Vea catchment ................................................................................................... 66 

Table 5. 3: Statistical analysis of climate models performance in simulating the mean monthly 

temperature of the Vea catchment ............................................................................................ 68 

Table 5. 4: Mean annual rainfall and temperature projections for the Vea catchment ............ 70 

Table 5. 5: Mean monthly rainfall and temperature projections in the Vea catchment for the 

raining season (MJJASO) ......................................................................................................... 71 

Table 5. 6: Mean monthly rainfall and temperature projections in the Vea catchment for the 

dry season (NDJFMA) ............................................................................................................. 71 



   

xxv 

 

Table 5. 7: Distribution of wetter and drier periods for the different locations at the catchment

 .................................................................................................................................................. 74 

Table 5. 8: MK Trend Statistics of Rainfall Extreme Indices for the historical period ........... 79 

Table 5. 9: MK trend test (Z) statistics and Sen’s slope for temperature Indices .................... 82 

Table 5. 10: Projected changes in climate extreme indices at the Vea catchment ................... 83 

 

Table 6. 1: Input parameters and bounds, sensitivity ranking and calibrated values by the 

SWAT model for the Vea catchment ....................................................................................... 92 

Table 6. 2: Mean annual water balance components simulated by SWAT under different land 

use/cover types at catchment scale ........................................................................................... 95 

Table 6. 3: Mean annual water balance analysis by different land use/cover at HRU level from 

1993 to 2017 ............................................................................................................................. 95 

Table 6. 4: Surface runoff generated for the different LULC types ......................................... 96 

Table 6. 5: Surface runoff generated at HRU level for the different Slope classes from 1993-

2107 at the Vea catchment ....................................................................................................... 97 

 

Table 7. 1: Mean annual water balance components in the future (2020-2049) under RCP 4.5 

scenario from the baseline (1990-2017) period ........................................................................ 98 

Table 7. 2: Mean annual water balance components under climate and LULC change 

scenarios ................................................................................................................................. 104 

 

 

 

 

 



   

1 

 

Chapter 1: General Introduction 

This chapter presents the background of the study, problem statement, objectives of the study 

and literature review. Land use/land cover change analysis and modelling, various studies on 

climate models applications, hydrological modelling of watersheds and the impacts of climate 

and land use/land cover change on water resources at global and study location are reviewed.  

1.1 Context and problem statement 

Water is one of the basic needs that human beings cannot live without, therefore water-related 

ecosystem services provided by the environment are quite valuable and important for human 

well-being (Nedkov and Burkhard, 2012, Pert et al., 2010). Although freshwater constitutes 

less than 3% of the world’s water resources, it forms an important part of all terrestrial 

ecosystems. Concerns about the management of this limited resource in river basins have 

been on the increase due to changes in climatic conditions combined with anthropogenic 

influences (Jones et al., 2015, Zhang et al., 2008).  

The changes in the global climate are believed to have significant impacts on local 

hydrological regimes, such as streamflow which support aquatic ecosystem, hydropower and 

irrigation system. Several studies worldwide (e.g. Buffoni et al., 2002, Labat et al., 2004, 

Huntington, 2006, IPCC, 2007, Mango et al., 2010) have reported the impact of climate 

change on the watershed hydrology in different parts of the world. Benderev et al. (2008) 

observed that, due to climate change, the groundwater recharge to the aquifers in Bulgaria 

dropped significantly in the period 1982-1994. In India, Gosain et al. (2006) reported that  the 

freshwater  availability  is  likely  to  decrease  significantly  in  many  river  basins as a result 

of climate change with a continuous deterioration till 2050. In the study region, several 

studies on climate change impact on water resources by driving hydrological models with 

Regional climate models have also been studied (Jung, 2006, Obuobie, 2008, Kasei, 2009, 

Kankam-yeboah et al., 2013, Awotwi et al. 2015). For example, Obuobie, (2008) observed 

that the White Volta basin (WVB) groundwater resources are been threatened by climate 

change by reducing the amount of groundwater recharge from rainfall. A similar study by 

Awotwi et al. (2015) using Regional Climate Model (REMO) to predict the hydrological 

response of the WVB to climate change observed an increase in mean annual surface runoff, 

baseflow and evapotranspiration by 26%, 24% and 6% respectively, in future (2030-2043) 

due to the increase in precipitation (8%) and temperature by 1.7oC.  
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The water resources of river basins are not only affected by climate change but also land 

use/land cover (LULC) change. Land use/land cover (LULC) change is one of the main 

human induced activities which potentially impacts hydrology and water resources by 

affecting different processes in the catchment (Bhaduri et al., 2000, Tang et al., 2005, 

Stonestrom et al., 2009). The changes in LULC have a direct and significant impact on the 

amount of evapotranspiration, surface runoff and groundwater recharge driven by infiltration 

during and after precipitation events (Wei et al., 2013, Doerr et al., 2000). In the past decades, 

modelling of hydrological response to the changes in LULC has become increasingly 

important. The changes in LULC such as the conversion of forest to agriculture and urban 

areas have accelerated the rate of surface runoff and also affected other water balance 

components (Costa et al., 2003, Jat et al., 2009, Awotwi et al. 2014). A study conducted by 

Mwangi et al. (2016) on agroforestry impact on the hydrology of Mara river basin, East 

Africa observed a decreased in surface runoff and water yield due to the increase in tree 

cover. A similar study by Mango et al. (2010) investigated the hydrological response of the 

Mara River basin to land use change and observed a decrease in baseflow and average flow 

due to the conversion of forest to agriculture and grassland. The above studies and among 

others confirm that the water resources are endangered by the effects of LULC change. 

In the study region, apart from the broader scale study of LULC change impact on 

water resources on the entire White Volta basin by Awotwi et al. (2014), until now no study  

has been conducted at the local scale (e.g. for a sub-catchment such as the Vea), to the best of 

authors’ knowledge. However, local scale information on the response of the catchment 

hydrological processes to scenarios of LULC change would be useful to the Water Resources 

Commission (WRC; the body responsible for water resources management in Ghana), and 

relevant District Assemblies Authorities in planning for water resources at the Vea catchment. 

Apart from the lack of fine resolution studies of water balance components at the Vea 

catchment, there is also the issue of data scarcity and uneven distribution of climate stations in 

the catchment which hampers spatio-temporal studies of the various components of the water 

balance. The issue of data scarcity is a challenge in Ghana, hence the need to rely on high-

resolution satellite-based climate products for hydrological studies. Moreover, in the study 

region there is a proposed initiative to increase the number of small dams or dugouts with the 

aim of ensuring all year round crop production. This initiative as a result may increase 

cropland area in the future and also affect other land use types, which would eventually alter 

the water balance of the study region. Given the reviewed impacts of climate and LULC 
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change on hydrological processes in Ghana, there is the need to assess the impact of RCP4.5 

scenario and LULC scenarios (business as usual and afforestation) on water balance 

components (actual evapotranspiration, surface runoff, water yield and groundwater recharge) 

in the Vea catchment. 

1.2 State of arts 

1.2.1 Hydrological cycle  

Hydrology is the study of occurrence and movement of water on and under the surface of the 

earth, chemical and physical properties of water, and human effects on water (Shelton, 2009). 

The terrestrial branch of the hydrologic cycle consists of the inflow, outflow, and storage of 

water in its various forms on the continents. The Earth's water is always in movement, and the 

water cycle, also known as the hydrologic cycle, describes the continuous movement of water 

on, above, and below the surface of the Earth. When rainfall occurs, some of the rain drops 

are intercepted by leaves and stems of trees known as interception storage and the rest of the 

rain drops reach the surface of the ground where water begin to infiltrate into the soil. Runoff, 

a component of the hydrological cycle, is considered an important process in the study of 

hydrology. Information about runoff is fundamental to the understanding of part of the 

hydrological processes in a catchment, for instance, runoff contributing to stream flow from 

all parts of the catchment is an important factor in meeting its water volume standards in the 

river basins. Evapotranspiration (ET) is another main component of the hydrologic cycle, and 

its accurate estimation is essential in agricultural and hydrological practices (Enku and 

Melesse, 2014). ET plays an important role in the ecosystem water balance and is strongly 

related to gross ecosystem production in terrestrial vegetation (Law et al., 2002). Soil water 

loss to the atmosphere in the form of evapotranspiration is generally the largest loss in the 

water balance of semi-arid ecosystems. These hydrological processes interact in complex 

ways over time and space. Taking into account the scales of the process variability in models 

is one of the major challenges of the modern hydrology. To understand this variability, it is 

common to investigate over a long period, changes in water balance. 

1.2.2 Land use/land cover change and model selection 

The phenomenon of LULC change is an ancient one and has become a global concern due to 

uncontrolled human activities which has led to the modification of the biophysical 

characteristics of the earth over the past years. In the past decades, research has revealed 

unprecedented rates of LULC change, mainly due to increasing population growth and 
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technological development (Lambin and Meyfroidt, 2011). Changes in LULC are responsible 

for the increasing land degradation and declining soil productivity (Braimoh and Vlek, 2004, 

Bationo et al., 2007, Biro et al., 2013). According to the World Atlas of Desertification 

(WAD), over 75% of the Earth's land area is already degraded, and about 90% could become 

degraded by 2050 (Cherlet et al., 2018). Globally, Africa being the most affected accounts for 

65% of the total extensive cropland degradation of the world, with semi-arid and dry sub-

humid zones about 70% degraded land (Thiombiano and Tourino-Soto, 2007). The situation 

is not different in the WVB where the Vea catchment in Ghana is located. The basin has 

experienced major land degradation due to LULC change caused by overgrazing by livestock 

and rapid socio-economic development (WRC, 2008, Gyasi et al., 2011). In the Vea 

catchment, the commencement of the Vea irrigation project in 1980 which was aimed at 

promoting irrigation farming during the dry season to ensure food security, alleviate poverty 

and provide potable water to the surrounding communities has led to changes in LULC with 

an increase in agricultural lands (Adongo et al., 2014).  

Remote sensing (RS) technology provides an effective means for land use/land cover 

mapping, especially over larger and remote areas (Di Gregorio and Jansen, 2005).With the 

advent of Landsat and other remote-sensing satellites, land-cover mapping at all scales has 

flourished. RS directly and indirectly informs the construction of possible LULC scenarios 

through the derivation of historical LULC maps, examination of LULC patterns, and 

exploration of linkages among historical LULC change, socioeconomic and biophysical 

driving forces (Sohl et al., 2007). Previous studies have addressed the issue of LULC change 

over the past years in the region. A significant portion of vegetation cover in the basin has 

been lost over the years partly due to human activities (Gyasi et al., 2011, Agyemang, 2007). 

Detailed studies (Abagale et al., 2009, Daudze, 2004, Baatuuwie, 2015) revealed figures 

about LULC changes in the region. Abagale et al. (2009) revealed that the WVB has 

undergone considerable LULC change within the decade of the 2000s with a loss of 10% 

close savannah, 3.2% decrease in open savannah woodland and an increase in built up areas 

from 2.7% to 11.4%. Baatuuwie (2015) observed a decrease in the forest/dense woodland 

areas and increase in settlement and cropland (46.5% to 49.2%) when they used a 

multidimensional approach to assess land degradation at Nawuni (a sub-basin within the 

WVB). Daudze (2004) observed a decrease in close savannah and riparian vegetation, and an 

increase in farm land in the WVB from 1986 to 2000, while Mahe et al. (2005) established a 

decline in natural vegetation from 43 % to 13 % and an increase in cultivated areas from 53% 
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to 76 % in the basin between 1965 and 1995. The cultivation of crops along the river banks in 

many sections of the basin has led to the degradation of both water and land resources 

(Abagale et al., 2009). Detailed local knowledge and decision support tools and methods 

based on predictions and previsions are thus highly needed. 

Diverse modelling tools have been applied to analyse LULC dynamics, however it is difficult 

to ascertain which one gives the most accurate estimates (Wu and Webster, 2000). Embedded 

in IDRISI software are various land use modelling tools such as the Land Change Modeller 

(LCM), Cellular Automata (CA), CA_Markov, GEOMOD, and STCHOICE which are 

commonly used (Eastman, 2006). For short-term predictions, mostly ten (10) years or less, 

LCM has been noted to provide good prediction accuracy (Roy et al., 2014) and has been 

used by various researchers (Varun et al., 2014, Yasmine et al.,  2015, Mahmoud et al., 2016)  

in LULC change analysis. Compared to other models that predict LULC change based on 

supervised classifications, the LCM produces more accurate output due to the robust nature of 

the Multi-layer perceptron (MLP) neural network used in LCM (Vega et al., 2012). A number 

of studies have used the LCM in projecting the future LULC change. For example, Varun et 

al. (2014) applied the LCM with an accuracy of 72.3% to project LULC change of 

Muzaffarpur in India and observed an increase in agricultural land and built–up areas in the 

future 2025. The LCM was also used by Yasmine et al. (2015) to model the urban growth in 

the Greater Cairo Region in the future 2025 which indicated the conversion of vegetation 

(14%) and desert (4%) into urbanization. In a similar study, Tewolde and  Cabral (2011) using 

the LCM in Eritrea (East Africa) for urban sprawl analysis modelling projected with an 

accuracy of 85.9%, an increase of 25% in built-up areas by the year 2020 at the expense of 

plantation and agricultural land. These reasons guided the choice of the LCM to predict the 

LULC changes in the Vea catchment for the 2025 horizon.   

1.2.3  Climate change and climate models  

Climate change according to IPCC (2001) is any significant change in a climate variable such 

as temperature, rainfall or wind over a longer period of time mostly for a decade or longer. 

The impact of climate change required tools for its assessment and the most common 

approach of climate change impacts studies is the use of climate model outputs. Though, 

Global Circulation Models (GCMs) have been widely used for various climate change studies 

(Minville et al., 2008, Liu et al., 2010), they are not suitable for analyzing the projections on a 

regional or local scale due to their coarse resolution nature and the spatial resolution 
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mismatch between GCMs outputs and the data requirements of hydrological models (Maraun 

et al., 2010, Seager and Vecchi, 2010, Xu, 1999). In West Africa regions, GCMs are unable to 

represent key features of the West African monsoon (WAM) such as the Africa Easterly 

Waves (AEWs), Africa Easterly Jets (AEJ) and Tropical Easterly Jets (TEJ) (Sylla et al., 

2013). Regional Climate Models (RCMs) are therefore recently used in various climate 

change impact studies at watershed level due to their fine resolution compared to GCMs 

(Obuobie, 2008, Awotwie et al., 2015).  

It is evident that RCMs are valuable tools for understanding WAM dynamics and the 

interactions between its different components. It  is  not  surprising  that  in  the  last  few  

years,  significant  efforts  have been employed to establish coordinated frameworks using 

several RCMs aimed at improving the characterization of the WAM at various time-scales. 

Such frameworks include the West African Monsoon Modelling and Evaluation (WAMME) 

(Xue et al. 2010, Druyan et al. 2010), African Multidisciplinary Monsoon Analysis 

(AMMA)(Ruti et al. 2010), the Ensemble-based Predictions of Climate Change and their 

Impacts (ENSEMBLES, Paeth et al. 2011) and the Coordinated Regional Downscaling 

Experiment (CORDEX, Jones et al. 2015) established by the World Climate Research 

Program (WCRP) with the aim to improved  multi-model  RCMs-based  high  resolution  

climate  change scenarios in such a way that the uncertainty can be minimized and quantified.  

As a result, several RCMs have been tested over West Africa with most of the studies 

focusing on the ability of the RCMs in representing the annual or seasonal cycle of critical 

meteorological variables (Sylla et al., 2015, Paeth et al., 2011, Akinsanola et al., 2015).  A 

study conducted by Kim et al. (2013) by evaluating the CORDEX-Africa multi-RCM 

hindcast found out that, all RCMs used in the study simulated the basic climatological 

features of rainfall and temperature, but systematic biases also occur across these models. 

Similar study was conducted by Gbobaniyi et al. (2014), by assessing the capability of 

CORDEX-Africa simulation to simulate climatology and annual cycle of precipitation and 

temperature, which indicated that, the RCMs showed acceptable performance in simulating 

the spatial distribution and variability of the main precipitation and temperature features. This 

study employs the use of RCMs within the CORDEX-Africa experiment and West African 

Science Service centre on Climate Change and Adapted Land Use (WASCAL) regional 

climate simulations for the climate change analysis and hydrological impact studies. 

The projections of climate change in Ghana varies considerably among different models, 

however, there is a consensus on the evidence of increasing temperature across the country. 
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The mean annual temperature of Ghana is projected to increase by 1.0 to 3.0°C by 2060, and 

by 1.5 - 5.2°C by 2090 with more rapid increases expected in the northern sector of the 

country (McSweeney et al. 2010a, De Pinto et al. 2012). Similar increase in temperature of 

0.6°C, 2.0°C and 3.9°C by the year 2020, 2050 and 2080 respectively in Ghana  has also be 

projected by the Ministry of Environment Science, Technology and Innovation of Ghana 

[MESTI] (2013). These projections in temperature are noticed to be across all regions in the 

country with a rapid increase in the northern sector (World Bank, 2010). Unlike temperature, 

rainfall projections in Ghana are characterised with greater uncertainties with some models 

predicting an increase while others a decrease (McSweeney et al. 2010b, Cited in: Limantol, 

2016).  

1.2.4 Hydrological modelling 

Hydrological models are mathematical formulations which determine the runoff signal which 

leaves a watershed basin from the rainfall signal received by this basin. They are useful tools 

for water resources assessment, understanding of hydrological processes and prediction of the 

impact of changes in land use and climate (Wagener et al., 2003). In the past decades, several 

hydrological models have been developed to simulate the water balance of catchments, 

especially in data scarce regions. These catchment models are generally applied for water 

balance assessments (Ghoraba, 2015, Vilaysane et al., 2015, Bansode and Patil, 2016, Yin et 

al., 2016) or climate/land use change impact assessments (Zhang et al., 2008, Mohamed, 

2010, Palazzoli et al., 2015). Among these models, the physically based semi-distributed Soil 

and Water Assessment Tool (SWAT) model is a well-established model for estimation of 

water balance components, as well as for the analysis of the impact of land management 

practices on water, sediment and agricultural chemical yields in large complex catchments 

(Arnold et al., 1993).  

The SWAT model is one of the most widely used hydrologic models and has been applied in 

the USA, China, Europe, South Asia and Africa (Abbaspour et al., 2009). Hydrological 

models face challenges in terms of data requirements, spatial heterogeneity of basin 

characteristics, and how to represent complex terrestrial systems by model equations. SWAT 

is capable of overcoming some of these challenges due to its semi-distributed structure 

(Gassman et al., 2007). The model has been used for a wide range of applications such as 

those relating to hydrology, including hydrological climate change impact studies, and the 

effect of agricultural management practices on sediment, pollutant and nutrient transport 
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(Gassman et al., 2007). In West Africa, number of studies (Schuol and Abbaspour, 2007, 

Obuobie, 2008, Kasei, 2010, Kankam-Yeboah et al., 2013, Bossa et al., 2014; Hounkpe, 

2016) evaluated the SWAT model favourably in the context of water balance simulation. For 

example, Obuobie (2008) applied the SWAT model in the White Volta Basin (WVB) to 

simulate the water balance components and found a good agreement between simulated and 

observed annual discharge, surface runoff and baseflow with a coefficient of determination 

(R2) and Nash-Sutcliffe model Efficiency (NSE) all greater than 0.80. Other studies, such as 

Awotwi et al. (2015), also confirmed that the SWAT model was able to simulate reliably the 

hydrology of the WVB. The above review on SWAT model indicates the capability of the 

model in simulating hydrological processes hence the choice of the SWAT model in this 

study.  

1.2.5  Impacts of LULC and climate change on water resources 

LULC change is one of the main human induced activities which potentially impacts 

hydrology and water resources by affecting different processes in the catchment (Bhaduri et 

al., 2000, Tang et al., 2005, Stonestrom et al., 2009). These changes in LULC have a  direct  

and  significant  impact  on  the  amount  of evapotranspiration,  surface  runoff  and  

groundwater  recharge  driven  by  infiltration  during  and after  precipitation  events (Wei et 

al. 2013, Doerr et al., 2000). In the past decades, modelling of hydrological response to the 

changes in LULC has become increasingly important. For example, previous studies such as 

Awotwi (2014) have assessed LULC change impacts on the catchment hydrological 

behaviour in the study region. Most studies (e.g. Costa et al., 2003, Shanahan and Jacobs, 

2007, Jat et al., 2009) have confirmed that LULC change such as the conversion of forest to 

agriculture and urban areas have a severe effect on the accelerated rate of surface runoff and 

groundwater recharge. A study conducted by Mwangi et al. (2016) on agroforestry impact on 

the hydrology of Mara river basin, East Africa observed a decreased in surface runoff and 

water yield due to the increase in tree cover. A similar study by Mango et al. (2010) 

investigated the hydrological response of the Mara River basin to land use change and 

observed a decrease in baseflow and average flow due to the conversion of forest to 

agriculture and grassland. In the Day River Basin, Van der Wolf (2015) observed that forest 

and grass generate the most groundwater recharge while residential areas and paddy fields 

generated the least. The above studies and among others confirms that the water resources in 

arid and semi-arid regions are endangered by the effects of land use/land cover change. 
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The changes in climate as a result of temperature increase have been demonstrated to have 

effects of the hydrological cycle and are projected to negatively affect the water resources of 

most regions in the world. However, the characteristics and intensity of the impact differ from 

region to region. Climate change (CC) impact on water resources for most of the river basins 

in Ghana has been studied. A study by EPA (2000) for almost all the river basins in Ghana 

projected a decrease in stream flow between 5% - 20% and 30% - 40% in the future 2020 and 

2050 respectively. The simulations also projected that CC could lead to reductions in 

groundwater recharge by between 5% and 22% by 2020, and between 30% and 40% by 2050 

(EPA, 2000). Other studies from individual researchers have also found similar results. In the 

Volta basin of West Africa, several studies on the impact of climate change on water 

resources have been conducted (Awotwi et al., 2015, Jung, 2006, Kasei, 2009, Obuobie, 

2008). Obuobie, (2008) observed that the White Volta Basin groundwater resources are being 

threatened by climate change by reducing the amount of groundwater recharge from rainfall. 

A similar study by Awotwi et al. (2015) using Regional Climate Model (REMO) to predict 

the hydrological response of the basin to climate change found an increase in mean annual 

surface runoff, baseflow, and evapotranspiration by 26%, 24% and 6% respectively in future 

(2030-2043) due to the increase in precipitation by 8% and temperature by 1.7oC. Kasei 

(2009) on the other hand predicted a decrease in mean annual rainfall and consequently 

decrease in the surface runoff from the Volta Basin water balance dynamics. As the impacts 

of climate change have been recognized, modelling of hydrological response to this 

transformational force has therefore become increasingly important for effective management 

of the watershed.   

1.3 Research questions 

 What will be the state of the future (2025) LULC condition of the Vea catchment 

under BAU and afforestation scenarios relative to the 2016 baseline land use condition? 

 How will climate change under RCP4.5 scenario affect rainfall, temperature and its 

extremes indices in the future 2020-2049? 

 What will be the response of the water balance components to scenarios of climate and 

land use/land cover change at the Vea catchment? 
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1.4 Thesis objectives 

1.4.1 Main objective 

The aim of the study was to integrate a system of existing physically based semi distributed 

hydrological model, climate and land use change modelling outputs to provide a framework 

of predicting the impact of climate and land use change on the water balance components in 

the Vea catchment, West Africa.  

 

1.4.2 Specific objectives  

The specific objectives of the study are to: 

(1) Project the future (2025) LULC pattern in the Vea catchment based on 

Business-as -usual (BAU) and afforestation scenarios. 

(2) Assess the impact of climate change scenario (RCP4.5) on rainfall, 

temperature and climate extremes indices in the future 2020-2049. 

(3) Assess the impact of climate and LULC change scenarios on the water balance 

components in the catchment using the SWAT model.  

 

1.5 Hypothesis 

The following hypotheses were formulated and tested by this study: 

 Hypothesis 1: Increasing temperature will decrease surface and groundwater resources. 

 Hypothesis 2: Increasing vegetation cover will decrease surface water but increase 

groundwater resources. 

1.6 Novelty 

Although, several studies have assessed the impact of climate change and LULC change on 

catchment hydrological behavior at the study region, they have only worked at a scale that 

may ignore or over-simplify the landscape characteristics that relate to the hydrological cycle. 

In addition, literature reviewed indicated that, except Limatol (2016) that assessed climate 

change scenario (RCP8.5) on water availability for irrigation, no study on combined climate 

and land use change impact at the Vea catchment has been conducted due to flow data 

scarcity. The novelty of the current study resides in the high resolution of data used and 

approach used to simulate the water balance components for the data scared Vea catchment, 

to ensure that the hydrological processes simulated represents the reality. A very high 
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resolution (2m) rainfall and temperature simulations at point scale was developed and 

compared to 12km and 50km regional climate models over the Vea catchment. This study 

investigated the response of different land use/land cover to surface runoff at plot scale (20m 

by 4m) to validate the outputs simulated by the hydrological model. The new hydrological 

insight for the Vea catchment was provided by demonstrating the use of higher resolution 

gridded precipitation data to supplement the uneven distribution of station data in the study 

catchment for the analysis of climate and water balance. Also, developing scenarios of land 

use/ land cover maps for the Vea catchment coupled with the use of high resolution (12km) 

Regional Climate Models of WASCAL for hydrological impact studies are yet to be 

undertaken at the catchment. The objectives of the study also fit within the context of the 

BRAVE (Building Understanding of Climate Variability into Planning of Groundwater 

Supplies from Low Storage Aquifers in Africa) project. Therefore, the outcome of this study 

may serve as a contribution to the goal of BRAVE project, by providing improved 

understanding of the effects of LULC and climate change on the water balance components of 

the Vea catchment. 

1.7 Scope of the Thesis 

This study focusses on the water balance components analysis at the Vea catchment by 

considering groundwater recharge induced by rainfall, hence groundwater abstractions is not 

within the scope of this study. Rainfall and temperature projections under RCP4.5 scenario 

and the impact of climate change on climate extremes were also studied. The hydrology of the 

Vea catchment for the current (2016) land use condition was set up using the SWAT model 

by driving both station and satellite climate data. In order to validate the surface runoff 

simulated under different land use types using the hydrological model and to support the 

understanding of the hydrological process at the catchment, plot scale (20m by 4m) land use 

response to surface runoff was also investigated. The effects of climate and LULC change on 

the water balance components such as evapotranspiration, water yield and runoff at catchment 

scale was also investigated. Land use change scenarios considered in this study ware business 

as usual and afforestation.  

1.8  Expected results and benefits 

The study provided: (i)  the past, current and scenarios maps of the LULC condition at the 

Vea catchment which are useful to policy makers responsible for land use planning, and water 

resources management at the catchment, (ii) information on rainfall, temperature, and climate 
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extremes projections at the catchment based on different climate models outputs, (iii) 

information on the current state of the hydrology of the catchment, and how climate and land 

use/cover change scenarios are projected to affect the water resources at the Vea catchment. 

In many West African countries, the increased frequency of flood events which has led to the 

loss of human lives and properties has been attributed to climate change and climate extremes. 

The information provided on the frequency and intensity of rainfall extremes for the current 

and future period would be relevant for policy makers to plan ahead towards future flood or 

drought events. The study also provides information on the state of the current and future 

climate which is relevant to enhance regional adaptation, hazard preparedness, and decision 

making in the water resources, agriculture and other climate related sectors at the basin.  In 

partnership with national and local government, the obtained information on the future 

climate and LULC change impacts on the water resource would be incorporated into the 

planning and operation of water usage in the catchment.  

1.9 Outline of the Thesis 

The thesis is organized into seven chapters. Chapter 1 provides a general introduction 

whereby the study background, the research problem, the literature of previous and related 

researches and the objectives that guided the study, the novelty, the scope of the study and 

expected outcomes are discussed. Chapter 2 provides a detailed description of the Vea 

catchment including location, climate, land use/land cover types and the topography. Chapter 

3 describes the various data collected, the tools and methods used in analyzing the data. It also 

describes the SWAT model and input data preparation, the model setup, calibration and 

validation. The water balance components such as streamflow, evapotranspiration and 

groundwater recharge estimations from SWAT model are also discussed in detailed in this 

chapter. The plot scale surface runoff measurements under different land use types are also 

presented.  Chapter 4 deals with the results and discussion on land use/land cover change 

analysis and prediction. In chapter 5, climate change projections and impacts on extreme 

rainfall and temperature indices are presented and chapter 6 talks about the outputs from the 

SWAT simulated water balance components, and the impact of climate and LULC change 

scenarios on the water balance components. Lastly, in chapter 7, conclusions and perspective 

from the study are provided.    
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Chapter 2: Study area 

This chapter of the study describes the study location (i.e. Vea catchment) in detail by 

considering several characteristics of the study area such as location, topography, climate, 

vegetation, soil and land use. The water resources, demography, environmental, social and 

economic activities of the catchment are also described.   

2.1 Location  

The Vea catchment is one of the sub-catchments within the White Volta Basin (WVB) located 

between latitudes 10o 30’N and 11o 08’N, longitudes 1o 15’W and 0o 50’E (Figure 2.1). It has 

an area of about 306 km2 and covers mainly the Bongo and Bolgatanga districts in the Upper 

East region of Ghana with a small portion over the south-central part of Burkina Faso. Within 

the Vea catchment is the Aniabisi site (Figure 2. 1) in Ghana which is among the focal sites of 

WASCAL (West African Science Service Center on Climate Change and Adapted Land use) 

where the plot scale rainfall/surface run-off experiment for the different LULC types were 

conducted.  

 

Figure 2. 1: Location of the Vea catchment, and Aniabisi sub-catchment, within the White 

Volta Basin, as well as the topography, and location of weather and hydrological 

measurement stations in the Vea catchment 
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2.2 Topography  

2.2.1 Digital Elevation Model and drainage network 

The Vea catchment is characterized by fairly low relief with elevation in the range from 317m 

to 89 m, and a mean value of 196.5 m (Figure 2. 1). In the catchment, rock outcrops (Bongo 

granites) occur in the eastern part of the catchment where elevation exceeds 300m. The Vea 

River is a minor tributary of the White Volta River (Figure 2. 2). The Red Volta (Nazinon), 

one of the main tributary of the White Volta River which also takes its source in the north-

eastern and central part of Burkina Faso. The Red Volta River at the Burkina Faso first flows 

south on entering Ghana, then turns west to be joined by the Red Volta (Figure 2.2a). The 

White Volta River then continues westwards through northern Ghana and then turns south 

where it is joined by several tributaries including Vea River, Sissili, Kulpawn and Nasia 

Rivers (WRC, 2008).  

 
 

Figure 2. 2: Drainage patterns of: (a) the WVB (b) Vea catchment 

 

2.3 Vegetation 

The vegetation of the study area consists of short deciduous trees often widely spaced and a 

ground flora composed of different species of grasses of varying heights. The traditional 
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savannah woodland with light canopy which characterized the greater part of the area has 

gradually been replaced with an open savannah of scattered trees and grassland as a result of 

human activities, giving it a heterogeneous cover characteristic (Guug, 2017). Very little of 

the vegetation exists in its original form especially vegetation that occurs along the wetter 

banks of rivers and streams as gallery forest and in fire protected forest reserves. 

Deforestation in the Region is pervasive due to the pressure of human activities such as felling 

of trees for fuel wood and farming activities and, these are contributing factors to the growing 

desertification, land degradation and droughts in the region (Ofori-Sarpong, 2001). Persistent 

annual dry season bush fires are also the contributing factor to the reduction in forest trees 

such that only young trees are found in even remote areas (Blench, 2006). Trees such as 

baobab, dawadawa, acacias, sheanuts, and ebony have adapted to this environment. Trees in 

this zone shed their leaves mostly within dry seasons and bloom in the rainy season. There are 

Forests, which supports wild life namely baboons, monkeys, rats, grass-cutters, rabbits, 

antelopes and guinea fowls.  

2.4  Climate 

The climate of the catchment is controlled by the movement of the Inter-Tropical 

Discontinuity (ITD) over the land that dominates the climate of the entire West African region 

(Obuobie, 2008). Located in a semi-arid agro-climatic zone, the catchment covers three agro-

ecological zones: the Savanna and Guinea Savanna zones in Ghana, and north Sudanian 

Savanna zone in Burkina Faso (Forkuor, 2014). The ITD is a zone of convergence of the 

north east trade winds and the south west monsoon in which its movement produces the wet 

and dry seasons. The Wet season is of the moist southwest monsoon, blowing from the Gulf 

of Guinea across the West African inland giving rise to precipitation and the dry season is 

characterized by the movement of a dry warm and dust-laden wind from North-East 

(Harmattan) and extended across the Atlantic Ocean (Awotwi et al., 2014). Figure 2.3 shows 

a climate station found in the Vea catchment at the Aniabisi site which was installed by 

WASCAL. The catchment is characterized by a uni-modal rainfall regime which extends from 

May to October with a mean annual rainfall of about 957 mm which peaks in August (Figure 

2. 4), and a very high potential evapotranspiration with a mean annual value from 1650mm to 

1950mm (Limantol et al. 2016). The temperature is uniformly high with a mean annual value 

of 28.9oC while potential evapotranspiration exceeds monthly rainfall for the most part of the 

year, except the three wettest months of July, August and September (Limantol et al. 2016). 
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The 1985-2016 meteorological observation at the Vea climate station (Figure 2.4B) indicates 

an increasing trend in mean annual rainfall. 

 

       

            

              

Figure 2. 4: Mean annual (a) and monthly (b) rainfall and temperature in the Vea catchment 

from 1985 to 2016 
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Figure 2. 3: Vea climate station at Aniabisi Site 



   

17 

 

2.5 Hydrography 

The ungauged Vea catchment has one discharge measuring gauge station called Sumbrugu 

(Table 2. 1) which is measured with two different types of instruments. These measuring 

instruments (Figure 2. 5) include the OTT Qliner which uses ultrasound to measure the water 

depth and speed of the rivers mostly during high flows, and the MF pro which is used mostly 

during low flows to develop a rating curve.  Figure 2. 6 shows the rating curve which 

indicates graph of discharge versus stage (water level above the reference) for a given point 

on a stream for Sherigu gauge station while the hydrograph from 2013 to 2015 at Sumbrugu 

gauge location within the Vea catchment is shown in Figure 2. 7 .   

Table 2. 1:  River gauging stations 

Name Latitude [m] Longitude[m] Location Parameter 

Sumbrungu  10.81271 -0.91869 Vea Water Level 

Sherigu 10.66735 -0.98032 Vea Water Level 

 

 

 

 

 

 

 

 

 

 

(a):  OTT Qliner                                                        (b):  MF pro flow meter 

Figure 2. 5: Flow measuring instruments for streamflow measurement at Vea catchment 

 

Figure 2. 6: A rating curve of Sherigu river for the year 2016 (Guug, 2017) 
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Figure 2. 7: A hydrograph of the Vea catchment at Sumbrugu gauge location for 2014-2015 

2.6 Soil and land use  

2.6.1 Soil  

The soil map of the study area (Figure 2. 8) at 10km spatial resolution from the Food and 

Agriculture Organization digital soil map of the world and derived soil properties version 3.6 

(FAO, 2003) indicates that the dominant soil type in the Vea catchment is Lixisols (Lf1-1a) of 

90%, while Vertisols, Vc1 (8%) and Cambisols, Bv2 (2%) occur in relatively smaller 

proportions.  Lixisols are strongly weathered tropical soils with low organic matter content 

and a sandy loam to sandy clay loam composition. Lixisols have topsoil with a lower, and 

subsoil with a higher, clay content (WRB, 2006). Generally, Lixisols have low levels of 

available nutrient, which is aggravated by low cation retention. Consequently, recurrent 

fertilizer inputs are required to ensure continuous cultivation (WRB, 2006). Loss in soil 

fertility also occurs as a result of upland/hill slope cultivation. Due to an unstable surface 

structure, lixisols are susceptible to slaking and soil erosion on hill slopes (WRB, 2006). The 

low land areas are covered by heavy and silty clay soils with higher natural fertility but are 

difficult to till and also prone to floods due to seasonal water logging (Ofori-Sarpong, 2001). 
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Figure 2. 8: Soil and Land use/cover maps of the Vea catchment 

2.6.2  Land use  

The land use/land cover of the Vea catchment is dominated by cropland followed by Savanna 

which consists of grassland interspersed with shrubs and trees (Figure 2. 8). Two main types 

of savannah can be found in the catchment, namely the grassy savannah and the woodland 

savannah which is characterized by short, closed and scattered drought resistant trees and 

grasses of about 3m high (WRI, 2003). The main tree species associated with woodland 

savannah include both local (Adansonia digitata, Ceiba pentandra, Parkia biglobosa, 

Faidherbia albida, Khaya senegalensis) and exotic (Tectona grandis, Mangifera indica, 

Azadirachta indica, Anacardium occidental, Eucalyptus spp. and Moringa oleifera) (FAO, 

2010). The traditional savannah woodland with light canopy which characterized the greater 

part of the area has gradually been replaced with a type of open savannah with scattered trees 

that rarely form closed canopy (WRC, 2008). Agriculture, which includes the growing of 

annual crops such as: Vigna unguiculata (beans), Sorghum bicolor, (sorghum), Oryza sativa 

(rice), Pennisetum glaucum (millet), and Arachis hypogaea (groundnuts) and tree crops such 

as Anacardium occidental (cashew) and Mangifera indica (mango) is the dominant land use 

in the basin. Figure 2. 9 show the various LULC types at the catchment. A detailed 

description of land use/land cover of the study area is found in chapter 3.  
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Figure 2. 9: Various LULC types at the study region (Source: Braimoh and Vlek, 2004) 

 

2.7 Geology  

The two main geological formations that underlain the Upper East Region are the Pre-

Cambrian Basement Complex rocks and Palaeozoic consolidated sedimentary rocks (Obuobie 

and Ofori, 2014). The Pre-Cambrian Basement Complex rocks which underlie the major 

(92%) parts of the region consist of mainly the Dahomeyan, Birimian and Tarkwaian 

formations (Obuobie and Ofori, 2014). In the Northern region of Ghana is found mostly the 

Voltaian sediments which is made up of mainly sandstone, quartzite, shale arkose and 
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mudstone (Agyare, 2004). The Geology of the Vea catchment (Figure 2. 10) is composed of 

crystalline rocks where by 48% of the catchment is made of Migmattes and undifferentiated 

granite, followed by Homblende Biotte Graanodite (27%), Granite (17%), Biotte gneiss(6%) 

and Upper Birimian (1%). The Birimian formation and its associated granite intrusions are 

characterized essentially by little or no primary porosity. Therefore, groundwater occurrences 

are associated with the occurrence of secondary porosities caused by fracturing, faulting, 

jointing and weathering. The development of secondary porosity has given rise to two distinct 

types of aquifers in the White Volta River Basin, viz. the weathered zone aquifers and the 

fractured zone aquifers (WRC, 2008).  

 

Figure 2. 10: Geology of the Vea catchment (source: Ibrahim et al., 2008) 

2.8 Demography, social and economic activities 

West Africa has experienced high population growth rate in recent years as a result of high 

fertility rates (Callo-Concha et al. 2012). The Upper East region (UER) where the Vea 

catchment is located is largely dominated by people living in rural areas constituting over 

80% of the Regional population (Birner et al. 2005). It is economically the poorest among the 

ten administrative Regions of Ghana (Gyasi et al. 2006) and yet it is the region where efforts 

to reduce poverty have failed to yield positive results (Kwesi, 2003). With as high as 88% of 

the population living in poverty as of 1998/99 (GSS, 2000) the Region has the largest 

proportion of poor people in Ghana (Liebe, 2002). In the UER of Ghana, the Bolgatanga 

municipal and Bongo district both experienced a population increase of about 9% between 
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2000 and 2010 (GSS 2012). Despite this increase, population density in the catchment remain 

low (<=100 persons/km2), with a high rural population.  Bolgatanga municipal has a relatively 

lower percentage of rural inhabitants (50%) due to the location of a regional capital in this 

municipal. Female population in the catchment is higher than male, a situation that is 

consistent with that of West Africa. 

Agriculture  (crop  farming  and  livestock  rearing)  is  the  main  source  of  livelihood  for  

the rural population living in the study watersheds (Ghana Statistical Service, 2007).  

According  to  Ghana  Statistical  Service  (2007),  agriculture  employed  58%  and  51%  of  

the population in Bongo and Bolgatanga municipality respectively in 2000. Crop cultivation 

takes place during the rainy season which spans from May to October, while irrigated 

agriculture is done on a very limited scale during the dry season. The farmers produce mainly 

food crops such as rice, millet, guinea corn, beans and groundnuts (WRC, 2008). In Vea,  the  

main  cash  crop cultivated is groundnut which is often  intercropped  with  Bambara  beans  

and  may border cereal fields close to hamlets or located a few kilometres away. The start of 

cultivation in the study watersheds is tied to the onset of the rainy season, which recent 

studies have identified uncertainties in its pattern (Laux et al. 2008). As a result of this 

linkage (i.e. start of the season with onset of rains), the cropping calendar could vary in, or 

between, countries (Vrieling et al. 2011).  This  results  in  variable  planting  dates  as  

farmers subjectively decide when to plough or plant their fields, i.e. as to whether they are 

convinced that the pattern of rains will continue or not. 

2.9 Conclusion 

The various components of the study area such as location, climate, topography, soil and land 

use, geology and demography, environmental, social and economic activities have been 

described and discussed in this chapter. The Vea catchment characterized by a uni-modal 

rainfall regime with higher rainfall intensities which peak in August, high temperature and 

evapotranspiration. Lixisols is the dominant soil type at the catchment and the main land 

cover is a clear shrub savanna. The area is characterized by high population density with high 

level of poverty among the inhabitants who are predominantly small holder farmers living in 

rural areas. Agriculture  (crop  farming  and  livestock  rearing)  is  the  main  source  of  

livelihood  for  the  rural population living in the study area and this activity requires water for 

all year round farming.  

 



                                                                         

Chapter 3 : Data, materials and methods 

This chapter describes the various data collected, the tools and materials used and the 

methodology used in data collection and analysis. The chapter is divided into three sections. 

The first section deals with the land use/land cover data collection, classification and 

modelling. The second section deals with data collection on rainfall and surface runoff at plot 

scale for Aniabisi site. RCMs data were collected from CORDEX Africa and WASCAL for 

the historical (1981-2005) and future (2020-2029) for RCP4.5 scenario. Bias-correction of 

the simulated rainfall and temperature data were performed using Local Intensity Scaling and 

Variance Scaling methods respectively. The last section describes the data required, 

preparation and setup of the water balance components simulation using the SWAT model. 

The overall analytical framework (Figure 3. 1) consists of land use change modelling using 

the Land Change Modeller, development of climate change scenarios generated by Regional 

Climate Models (RCMs) and SDSM-DC for the study catchment and evaluation of climate 

and land use change scenarios impact on water resources of the catchment. The details of the 

data collected and methods used are discussed in the following sections. 

 

Figure 3. 1: Overview of the General Research Work 



   

24 

3.1 Data 

3.1.1 Landsat images 

The 30m resolution Landsat Images for the years 1990, 2001, 2011 and 2016  covering a 

period of 27 years, were downloaded for two scenes (Table 3. 1)  based on availability and 

seasonal compatibility from the United States Geological Survey (USGS) GLOVIS website 

(USGS, 2017). A cloud cover criterion of less than 10% was used. In all cases, end of 

growing/harvest season (October and November) images were used to reduce the confusion 

between natural vegetation and agricultural lands, and to minimize interference due to cloud 

cover (Ruelland et al., 2008, Zoungrana et al., 2015). All images downloaded were already 

geometrically corrected and georeferenced to the Universal Transverse Mercator (UTM) 

projection WGS84 zone 30 north. 

Table 3. 1: General characteristics of Landsat image 

Date of acquisition Platform 

(sensor) 

Scene 

path & row (p, r) 

No. of bands 

2016-10-24  Landsat 8 (OLI /TIRS) p194r052, p194r053 11 

2011-10-24    Landsat 7(ETM+) p194r052, p194r053 8 

2001-10-27   Landsat 7(ETM+) p194r052, p194r053 8 

1990-11-02   Landsat 4/5(TM) p194r052, p194r053 7 

OLI: Operational Land Imager, ETM+: Enhanced thematic mapper, Thematic Mapper (TM), 

Bands used: 5, 4, 3 & 2 

 

3.1.2   Reference data   

Reference data used for the classification and accuracy assessment were obtained from high-

resolution images of Google Earth, previous 2013 LULC map of the Vea catchment 

(Forkuor, 2014) and a field campaign using Global Positioning Systems (Figure 3. 2). The 

google earth imagery is provided by digital globe and SPOT satellite over the study area with 

resolution between 10m to 1.5m. These datasets were collected to serve as a basis for image 

classification and accuracy assessment. The field campaign was conducted within the same 

dry season (January to March 2017) for best correlation between the 2016 Landsat image and 

the ground features. In all, a total of 250 reference points from both 2017 field campaign (150 

points) and Google Earth Image (100 points) of the year 2016 were collected. Sixty percent 

of the collected data were used for training and the remaining for validation. With the help of 
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a handheld GPS device, a total of 150 polygons were created for five LULC types during the 

field survey. The polygons were created from 30m X 30m plots of a particular LULC type 

(eg. Cropland). Two hundred reference points from 2011 Google Earth Image and previous 

2013 LULC map of the catchment were used for the classification (58 points) and validation 

(142 points) of the 2011 image. The year 2001 Landsat image was classified (65 points) and 

validated (135 points) based on 200 points selected from Google Earth Image. Also, 215 

points were collected for the year 1990 of which 56 were used for classification and 159 

points for validation. The samples were picked from areas that remained unchanged after 

loading the samples of the year 2001 on the 1990 Landsat image. 

 

Figure 3. 2: Map of the Vea catchment showing the distribution of LULC Ground Control 

Points 

3.1.3 Station and gridded climate data 

Historical daily rainfall, maximum and minimum temperature station data within the Vea 

catchment over the period 1981-2016 were obtained from the West African Science Service 

Center on Climate Change (WASCAL) research Center. Due to missing rainfall and 

temperature data (less than 10%) which were mostly found in the Bolgatanga station for the 
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period 1986 to 1989, and the limited spatial distribution of climate stations within the 

catchment, additional twelve gridded daily precipitation data (Figure 3. 3) from the Climate 

Hazards Group Infrared Precipitation with Station data (CHIRPS) for the period 1981-2016 

were also used. These gridded locations were selected to represent the three agro-ecological 

zones namely, the Savanna zone (GRID3, GRID 4, GRID 5, GRID 6, GRID 7 and GRID 8), 

Guinea Savanna (GRID 9, GRID 10, GRID 11 and GRD 12) and the north Sudanian Savanna 

zone (GRID 1 and GRID 2) in the study area. The CHIRPS precipitation dataset is a product 

of the US Geological Survey (USGS) and the Climate Hazards Group at the University of 

California, Santa Barbara (UCSB). The data which is available on daily timescale at a 5km 

spatial resolution (Funk et al., 2015) was freely downloaded from 

(http://chg.geog.ucsb.edu/data/chirps). Quality control was checked for the two stations (Vea 

and Bolgatanga) using Microsoft excel and Rclimdex package. Missing data found in the 

Bolgatanga station were filled directly using the CHIRPS precipitation data and 0.50 

resolution daily minimum and maximum temperature data from the National Aeronautics and 

Space Administration Prediction of Worldwide Energy Resource (NASA POWER) project 

(https://power.larc.nasa.gov/data-access-viewer/). 

 

 

Figure 3. 3:  Map of the Vea catchment showing the station and gridded precipitation 

locations within a 12km grid 

http://chg.geog.ucsb.edu/data/chirps
https://power.larc.nasa.gov/data-access-viewer/
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3.1.4 Regional climate models datasets  

Regional Climate Models (RCMs) datasets (Table 3. 2) within the CORDEX-Africa 

experiment and West African Science Service Center on Climate Change and Adapted Land 

Use regional climate simulations (WASCAL-WRF) were obtained from both CORDEX-

Africa (https://climate4impact.eu/impactportal/data) and WASCAL geoportal (Heinzeller et 

al. 2016). The two CORDEX-Africa RCMs have been selected based on their ability to 

simulate the basic climatological features in West Africa (Kim et al. 2013). The recently 

developed 12km RCMs (WRF-HadGEM2 and WRF-GFDL)simulation over West Africa 

only  were downscaled from the General Fluid Dynamics Laboratory Earth System Model 

(GFDL-ESM2M) and the Hadley Global Environment Model (HadGEM2-ES) using the 

Weather Research and Forecasting Model (Heinzeller et al. 2017). A detailed technical 

description and parameterization of the 12km WRF models can be found at Heinzeller et al. 

(2017). The climate change scenario datasets used in this study consist of daily rainfall, 

minimum and maximum temperature for the RCM historical (1981-2005) and future (2020-

2049) for RCP 4.5 which represents moderate future emission. It is worth mentioning that 

this study considered only RCP4.5 scenario because the WRF-HadGEM2 and WRF-GFDL 

models are driven by only RCP4.5 scenario with no other RCPs. Also, RCP8.5 (extreme 

climate scenario) has been applied over the Vea catchment to assess climate change and 

impact on water availability for irrigation (Limantol, 2016). The data for the study catchment 

was extracted from these simulations by raster package in R programming using the 

catchment shape file. The study catchment was found to be well captured by only a single 

grid box for CORDEX RCMs and two grid boxes for the 12km WRF simulations owing to its 

small size. 

Table 3. 2: Description of the Regional Climate Models 

GCM RCM INSTITUTION RESOLUTION 

ICHEC-EC-EARTH REMO2009 Max Planck Institute- 

Computational methods in 

systems and control theory (MPI-

CSC), Germany 

50km 

ICHEC-EC-EARTH KNMI-

RACMO22T 

Koninklijk Nederlands 

Meteorologisch Instituut (KNMI) 

50km 

HadGEM2-ES  WRF- 

HadGEM2 

WASCAL / KIT/IMK-IFU 12km 

GFDL-ESM2M WRF-GFDL WASCAL / KIT IMK-IFU 12km 

https://climate4impact.eu/impactportal/data


   

28 

3.1.5  SWAT model input data 

The SWAT model requires a Digital Elevation Model (DEM), daily meteorological data, soil 

and land use/cover map as input data. The characteristics of the datasets used and their 

sources are listed in Table 3. 3. The meteorological observation network for the Vea 

catchment is mainly Bolgatanga and Vea climate stations (Figure 3. 3). Due to the poor and 

limited distribution of the climate stations, daily precipitation data from the Climate Hazards 

Group InfraRed Precipitation with Station data (CHIRPS) were also utilized. The CHIRPS 

daily precipitation data was extracted for the various grid locations within the Vea catchment 

(Figure 3.3). The streamflow dataset is based on water level measurement for Sumbrugu river 

gauge for the period 2013 to 2015. The LULC map (Figure 3. 4) was obtained from 

Maximum likelihood algorithm classification of Landsat image of the year 2016.  Table 3. 4 

and Table 3. 5 show the various LULC types and their statistics identified for the study 

catchment.     

Table 3. 3: Datasets used and sources 

Data type Description  Source 

DEM 30m digital elevation model for 

delineation of the watershed 

boundary, stream networks and sub-

basins. 

Shuttle Radar Topography 

Mission (SRTM) 

http://earthexplorer.usgs.gov/ 

Climate Daily rainfall (mm), maximum and 

minimum temperature (oC) from 

1990-2017. 

Ghana Meteorological 

Agency, WASCAL Vea 

catchment and CHIRPS 

(Funk et al., 2015)    

Hydrological  Daily discharge data from 2013-2015 

from Sumbrugu river gauging station 

for calibration and validation of 

SWAT model. 

WASCAL  Vea catchment. 

Soil 

map/properties 

10km soil map, Soil texture and 

physical properties such as: bulk 

density, hydrological group, available 

water content, soil texture, hydraulic 

conductivity and organic matter 

content for two layers (30cm and 

100cm) for the three soil types 

namely, lixisols (Lf1-1a), vertisols 

(Vc1) and cambisols (Bv2) in Figure 

3.4 

CSIR-Soil Research 

Institute, Ghana, 

Harmonized World Soil 

Database (Dewitte et al., 

2013) 

 

Land use/cover 

map 

Land use/cover map of the year 2016  Landsat image classification 

 

http://earthexplorer.usgs.gov/


   

29 

 

Figure 3. 4:  Soil (left), Land use/land cover (middle), and slope classes (right) maps of the 

Vea catchment. Lixisols (Lf1-1a), vertisols (Vc1) and cambisols (Bv2) 

 

Table 3. 4:  Land use/ cover classification scheme modified from Forkuor (2014) 

LULC Categories Description 

Water bodies Areas permanently covered with standing or moving water 

such as inland waters, waterlogged areas, wetlands, dams, 

dugouts and streams. 

Grassland Mainly the mixture of grasses and shrubs with or without 

scattered trees (<10 trees per hectare) and areas covered 

with only grasses. 

Built-Up areas Areas of human settlements, roads, artificial surfaces etc. 

Cropland Areas used for crop cultivation (irrigated and rain-fed 

Agriculture), harvested agricultural land and bare soil. 

Forest/Mixed 

Vegetation 

Areas with dense trees usually over 5m tall, riparian 

vegetation, shrub and trees. 
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Table 3. 5: Distribution of 2016 land use/cover classes within the Vea catchment 

LULC type Redefined LULC according 

to SWAT database 

SWAT 

Code 

Area (Km2) Area (%) 

Cropland Agricultural Land-Generic AGRL 174.50 56.64 

Grassland Range Grass RNGE 82.72 26.85 

Built-Up Areas Residential URBN 1.67 0.54 

Water Bodies Range-Grasses WATR 4.90 1.59 

Forest/Mixed 

Vegetation 

Forest Mixed FRST 44.28 14.37 

 

3.1.6 Experimental design 

Three experimental run-off plots of 20 m x 4 m with three different land uses (grassland, 

sorghum, and groundnut) were established at the Aniabisi site within the Vea catchment 

(Figure 3. 5) in 2016, by members of the BRAVE (Building understanding on climate 

variability in planning for groundwater supply) project with sensors and infrastructure in 

place for data collection. Data on daily rainfall at Aniabisi station and surface runoff for three 

different land use (sorghum, groundnut and grassland) were collected (Table 3. 6) over the 

growing season (30th May to 22nd September) for eighteen storm events in the year 2017 to 

determine the surface runoff/rainfall ratio for the three different land uses. Comparison 

between plot and catchment scale surface runoff generation under different LULC types were 

made. This was done by comparing the surface runoff/rainfall ratios obtained from grassland 

and cropland (sorghum and groundnut) with the SWAT simulated surface runoff/rainfall 

results.   

Table 3. 6: Data collected from the study site 

Variables/Parameters 

Measured 

Description 

Meteorological variables  Daily records of rainfall, minimum and maximum temperature, 

relative humidity, solar radiation, and wind speed from climate 

stations at the study site. 

Surface Runoff  Measurement at each rainfall events from the run-off plots. 
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Figure 3. 5: 20 m x 4 m experimental run off plots at the Aniabisi site within the Vea 

catchment 

 

3.2 Land use/land cover mapping and modelling 

3.2.1 Image pre-processing and classification   

The Landsat images covering the Vea catchment for the years 1990, 2001, 2011 and 2016 

were corrected radiometrically to resolve viewing geometry errors and unwanted atmospheric 

conditions using the dark object subtraction (DOS1) atmospheric correction module (Zang et 

al., 2010). Parameters such as image acquisition dates, satellite azimuth, illumination 

elevation and incidence angle required for the correction were obtained from the associated 

metadata files. The radiometric correction converts digital numbers to reflectance units with 

the aim of minimizing the effects of incident solar radiation and solar zenith angle (Chander 

et al., 2009). These corrections are useful because the quality and type of information 

extracted from remotely sensed data are affected by the spatial, radiometric and temporal 

characteristics of the data. Additionally, such corrections allow the standardization of image 

data and comparison of images from different dates. The LULC maps were produced based 

on the methodology outlined in Figure 3. 6 by considering five LULC classes (Table 3. 4) 

based on previous studies at study area and the LULC classification scheme of the study by 

(Forkuor, 2014). A supervised image classification based on maximum likelihood algorithm - 

a statistical decision criterion that assigns pixels to the class of the highest probability was 
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performed (Mahmoud et al., 2016, Ahmad, 2012).  The Landsat images of 1990, 2001, 2011 

and 2016 were classified based on training data obtained from both onscreen digitization of 

various LULC classes and the use of part of the reference data collected for the various 

LULC classes as discussed in section 3.1.2.  

 

Figure 3. 6: Flowchart of LULC mapping and accuracy assessment 

3.2.2  Accuracy assessment 

The aim of accuracy assessment is to quantitatively determine how effectively pixels were 

grouped into the correct feature classes in the area under investigation. Accuracy assessment 

of the classified image of the year 1990, 2001, 2011and 2016 were performed using reference 

data discussed in section 3.1.2. An error or confusion matrix which is one of the most widely 

used accuracy assessment method (Congalton and Green, 2009) was generated for all the 

LULC classes. The error of omission or producer’s accuracy (Equation 1), error of 

commission or user’s accuracy (Equation 2), overall accuracy (Equation 3) and the Kappa 

value were determined for each classified LULC map. 
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Producer accuracy =
number of correctly classified classes in the column

total number of items verified in that column
                   𝐸𝑞𝑢𝑎𝑡𝑖𝑜𝑛 1   

         User′s accuracy =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑 𝑐𝑙𝑎𝑠𝑠𝑒𝑠 𝑖𝑛 𝑡ℎ𝑒 𝑟𝑜𝑤

𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑖𝑡𝑒𝑚𝑠 𝑣𝑒𝑟𝑖𝑓𝑖𝑒𝑑 𝑖𝑛 𝑡ℎ𝑎𝑡 𝑟𝑜𝑤
               𝐸𝑞𝑢𝑎𝑡𝑖𝑜𝑛 2 

        Overall accuracy =
∑(correctly classified classes along diagonal)

∑(𝑅𝑜𝑤 𝑡𝑜𝑡𝑎𝑙 𝑜𝑟 𝑐𝑜𝑙𝑢𝑚𝑛 𝑡𝑜𝑡𝑎𝑙)
                            𝐸𝑞𝑢𝑎𝑡𝑖𝑜𝑛 3 

 

3.2.3  Scenarios development  

Developing scenarios of future LULC conditions is important for a variety of research 

themes, including hydrologic change and water availability (Wilk and Hughes, 2002). In 

developing countries such as Ghana, due to the complex land tenure systems, land use  

change  is  a  relatively  uncontrolled  process  compared  to  developed countries. In this 

study, two different LULC change scenarios, i.e., Business-as-usual (BAU) and afforestation 

scenarios (Table 3. 7) were considered. The afforestation scenario was created by altering the 

probability matrices for cropland, grassland and forest/mixed vegetation produced from the 

Markov chain analysis by limiting the probability that grassland and forest/mixed vegetation 

would be converted to cropland. 

Table 3. 7: Land use/land cover change scenarios 

Scenarios Type  Description 

Business- as-usual 

 

The future 2025 LULC map is produced based on the 

expansion in cropland and grassland at the expense of 

forest/mixed vegetation.  

 Afforestation Increase in natural vegetation (forest/mixed vegetation 

and grassland) by 15% in the future 2025 by reducing 

the expansion of cropland area.  

 

3.2.4  Post classification change analysis using Land Change Modeller 

The LULC change analysis and the scenarios maps were produced in the Land Change 

Modeller (LCM) using the following procedure: change analysis, transition potential 

modelling, model validation and change prediction (Figure 3. 7). LCM is ecological 

sustainability software in IDRISI Selva developed for analyzing LULC change and to predict 

the possible future LULC under different scenarios (Eastman, 2006).The model evaluates 

LULC change between two sets of images of different dates, same legend, and spatial 

characteristics, and presents the change results in graph and map forms (Megahed et al., 
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2015).  In this study, the LULC changes for the four time periods (1990 to 2001, 2001 to 

2011, 2011 to 2016 and 1990 to 2016) were performed by post-classification comparison 

technique, a widely used approach for LULC change detection (Mahmoud et al., 2016). The 

LULC change analysis was performed using the change detection module in the LCM which 

provides information on, gains and losses of each LULC class, the net change of each class, 

contributors to the net change experienced by each class, and the transition of areas among 

each LULC class that has occurred between two different dates (Eastman, 2006).  

 

Figure 3. 7: Flowchart of LCM change analysis and modelling 

 

3.2.5 Transition potentials modelling using Multi-layer Perceptron Neural Network 

The LULC maps of the year (2001t1 – 2011t2 and 1990t1 – 2016t2) were used as inputs to 

produce the transitions. The change analysis module was used to identify the most dominant 

transitions (grassland to cropland, forest/mixed vegetation to cropland and forest/mixed 

vegetation to grassland) which were used to create transition potential maps required for 

modelling by setting a threshold of 1000 hectares. The likelihood of transformation from 

other classes to cropland (Evidence likelihood image) was created using the change maps. 

The LCM employs logistic regression, SimWeight and Multi-Layer Perceptron (MLP) neural 
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network as modelling algorithms to model transition variables. The MLP neural network was 

employed in this study to produce the transition potential maps. The MLP is extensively 

enhanced and requires no user intervention, with the ability to model several transitions at a 

time, and also capable of modelling non-linear relationships (Eastman, 2006). The MLP 

neural network operates as a feedforward artificial neural network (ANN) model with uni-

directional data flow through hidden layers in between (Nazzal et al. 2008). The neural 

network training is based on a supervised training algorithm which is a common method of 

training ANN. The transition potential maps for the LULC changes were produced with MLP 

accuracy rate (85%) which is within the acceptable range (Eastman, 2006). 

 

3.2.6  Change prediction and validation  

The potential exploratory model power for the Evidence likelihood driving variable was 

tested using the Cramer’s V. The Cramer’s V which ranges from 0 to 1 is used to determine 

the association between a change and the driving force or variable with 0 indicating no 

correlation and 1a perfect correlation (Clark Labs, 2009). The LCM model predictive power 

was assessed by modelling the transitions from 1990-2001 using the transition sub model 

after setting the driving force, to produce the transition potentials required to predict the  

2011 LULC map using the Markov chain. The Markov chain calculates how much land 

transition from one class to another from time to to t1 in each transition based on the historical 

rate of LULC changes (Eastman, 2006, Olmedo et al., 2015). To validate the LCM, the 

statistical approach which examines the agreement between a pair of maps that show any 

categorical variable, and can have any number of categories was used (Pontius and Chen, 

2008). The output of the simulated 2011 map was compared with the real or classified map of 

2011 using the validation module to evaluate the accuracy of the model through the 

application of Kappa Index (Pontius, 2000, Langley et al., 2001) which includes overall 

accuracy of simulation run (Kno) and the level of agreement of location (Klocation). The Kappa 

value ranges from -1 which indicates no agreement to 1 which indicates perfect agreement 

(Pontius, 2000). This is done to ascertain the quality of the predicted map and the actual 

LULC map. Comparison between changes indicated by the real map to the change shown by 

the simulated map over the validation period was made. After validation and assessment of 

the model, the LCM was used to predict the future LULC scenarios maps for the year 2025 

based on the same driving variable and the historical LULC change between 1990 and 2016 

by going through the procedure defined in Figure 3.7. The BAU scenario map was produced 
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based on the probability matrix generated from the the transition potential maps. In the case 

of afforestation scenario, the probabilty matrix for the forest/mixed vegetation, grassland and 

cropland were modified based on the definition of the afforestation scenario while the other 

LULC types were assumed to be maintained in the future 2025. 

3.3 Climate and climate change scenarios analysis 

3.3.1 Data quality control and CHRPS validation 

Validation of the CHIRPS precipitation data was performed on monthly and annual scales by 

the comparison of the extracted point-based CHIRPS data for the Vea and Bolgatanga 

locations with the Vea and Bolgatanga stations data for the period 1990-2016 due to some 

missing gaps for Bolgatanga station from 1986 to 1989. The performance of the CHIRPS 

precipitation data was assessed using several statistical indicators such as Pearson correlation 

coefficient (r), percentage bias (PBIAS), standard deviation, the root mean square error 

(RMSE) and Nash-Sutcliff coefficient (NSE) to verify the acceptability of CHIRPS data for 

further analysis at the catchment. Homogeneity test using a single mass curve was performed 

on the data to ensure that the observed variations in the data series are resulting from 

fluctuations in weather and climate exclusively.  

 

3.3.2 Statistical Downscaling  

The Statistical Downscaling Model-Decision Centric (SDSM-DC) is a hybrid statistical 

downscaling method that uses a hybrid stochastic weather generator and multiple linear 

regression technique to simulate local variables of regional circulation and atmospheric 

moisture predictors (Harpham and Wilby, 2005). The SDSM-DC version 5.2 was used to 

generate daily rainfall and temperature scenario datasets for the Vea catchment through the 

following process: (1) quality control (2) predictor variable selection (3) model set-up and 

calibration (4) weather generation, and (5) generation of future climate scenario. Reanalyzed 

atmospheric dataset acquired from National Center for Environmental prediction (NCEP) at 

275km resolution for the Vea catchment was used together with the observed rainfall and 

temperature data for the SDSM model calibration at the monthly scale. The large-scale 

predictor variables were screened further to select the best predictors for temperature (Table 

3. 8) and rainfall (Table 3. 9) required for the weather generator. The rainfall and temperature 

time series were considered as conditional and unconditional variable respectively based on 

its normal distribution. Correlation analysis was done at 0.05 significance level based on 
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partial correlation (partial r) value and P-value for the model calibration period of 1981 to 

2010. The calibrated SDSM-DC was used to generate 20 ensemble mean of downscaled daily 

rainfall and temperature for each station and gridded location using the weather generator. 

After comparing results of simulated and observed rainfall and temperature, the calibrated 

SDSM-DC was used to generate future (2020-2049) climate change scenario (RCP 4.5) 

datasets based on projections from multi-model mean of the 5th Coupled Model 

Intercomparison Project (CMIP5) of the World Climate Research Program (WCRP). The 

CMIP5 scenarios run which consist of an ensemble mean of forty-one (41) GCMs projects 

mean daily rainfall and temperature of 2.57mm and 29.44 oC respectively for the catchment 

by 2020-2049. The 2020-2049 RCP4.5 data was generated using mean addition/change 

factors (Table 3. 10) based on the evaluation of mean annual rainfall, minimum and 

maximum temperature changes between the historical (1981-2010) and future (2020-2049) 

period.  

 

Table 3. 8:  Partial correlations and large scale climate factors selected for each location for 

the statistical downscaling of temperature for the base period 1981 to 2010. 

Predictors Vea station Bolgatanga station 

Tmax Tmin Tmax Tmin 

Mean temperature at 2 m (temp) 0.34 0.63 0.23 0.45 

Direct shortwave radiation(dswr) 0.29 0.18 0.19 0.18 

Zonal velocity component at 850 hPa (p8_u) -0.11    

Mean sea level pressure (mslp) -0.43 -0.22 -0.18 -0.23 

Potential temperature (pottmp) 0.55 0.56 0.36 0.28 

geopotential height at 850 hPa (p850) -0.13    

Surface lifted index (lftx)  -0.23  -0.17 

Relative humidity at 500 hPa height (r500)  -0.12   

Precipitable water (Pr_wtr)  0.4   
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Table 3. 9: Partial correlations of predictors selected for each location for rainfall variable 

Predictors Stations Gridded locations 

Vea Bolgatanga Grid 1 Grid 2 Grid 3 Grid 4 

Surface lifted index -0.49 -0.52 -0.52 -0.51 -0.50 ---- 

Mean sea level pressure -0.48 -0.47 -0.51 -0.52 -0.49 -0.63 

850 hPa geopotential height -0.32 -0.33 -0.34 -0.36 -0.34 -0.39 

Potential temperature 0.50 0.50 0.53 0.54 0.50 0.69 

Relative humidity at 500 

hPa height 

----- ----- ----- ---- ---- -0.31 

Near surface specific 

humidity 

0.63 0.66 0.67 0.67 0.67 ---- 

Mean temperature at 2 m 0.54 0.54 0.57 0.58 0.54 0.70 

 

Table 3. 10: Mean addition/change factors for SDSM-DC simulation under RCP 4.5 scenario 

Variables Vea Bolgatanga 

Rainfall (mm/day) -0.03 -0.13 

Minimum temperature (oC) 0.41 0.51 

Maximum temperature (oC) 0.87 0.67 

Mean temperature (oC) 0.64 0.58 

 

3.3.3 Bias corrections of regional climate models outputs  

Raw RCMs often provide biased representations (Figure 3. 8) in reproducing the monthly 

mean climatology under the current climate conditions (Minville et al., 2009), making bias 

correction of RCMs necessary before using them for impact studies (Teutschbein and Seibert, 

2010). The RCMs temperature and precipitation biases at daily scale for all the climate 

locations were corrected using the Climate Model data for hydrologic modelling (CMhdy) 

tool (Rathjens et al., 2016).  

(a) Variance Scaling  

The Variance Scaling (equation 4 to 11) and Local Intensity Scaling (LOCI) bias correction 

methods were applied for both the current (1981-2005) and future (2020-2049) RCP4.5 

scenario runs. The Variance scaling method which includes the linear scaling method was 

used to correct both the mean and variance of temperature time series (Chen et al., 2011).  In 
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this method, the mean (𝜇𝑚) of the simulated RCM is adjusted by the linear scaling method 

(equation 4 and 5). Afterwards, the corrected mean temperature for the current (𝑇2,𝑐𝑢𝑟𝑟𝑒𝑛𝑡) in 

equation 6 and future scenario run (𝑇2,𝑓𝑢𝑡𝑢𝑟𝑒) in equation 7 are shifted on monthly basis to a 

zero mean. The standard deviations (𝜎𝑚)  of the shifted time series are then matched based on 

the ratio of observed and RCM control runs standard deviations (equation 8 and 9). Finally, 

the standard deviation corrected time series (𝑇3,𝑐𝑢𝑟𝑟𝑒𝑛𝑡 and 𝑇3,𝑓𝑢𝑡𝑢𝑟𝑒 are shifted back using 

the corrected mean to obtain the final bias-corrected time series ( 𝑇𝑐𝑜𝑟,𝑐𝑢𝑟𝑟𝑒𝑛𝑡 𝑎𝑛𝑑  

𝑇𝑐𝑜𝑟,𝑓𝑢𝑡𝑢𝑟𝑒) in equation 10 and 11. 

𝑇1,𝑐𝑢𝑟𝑟𝑒𝑛𝑡 = 𝑇𝑠 + (𝑇𝑚,𝑜−𝑇𝑚,𝑠)                                                        (4) 

𝑇1,𝑓𝑢𝑡𝑢𝑟𝑒 = 𝑇𝑠𝑓 + (𝑇𝑚,𝑜−𝑇𝑚,𝑠)                                   (5)  

Where 𝑇1,𝑐𝑢𝑟𝑟𝑒𝑛𝑡 𝑎𝑛𝑑 𝑇1,𝑓𝑢𝑡𝑢𝑟𝑒 are the corrected current and future RCM daily temperatures, 

𝑇𝑠 𝑎𝑛𝑑 𝑇𝑠𝑓 are RCM temperatures under current and future scenarios, 𝑇𝑚,𝑜  𝑎𝑛𝑑 𝑇𝑚,𝑠 are the 

monthly mean value of daily temperature for observed and simulated. 

𝑇2,𝑐𝑢𝑟𝑟𝑒𝑛𝑡 = 𝑇1,𝑐𝑢𝑟𝑟𝑒𝑛𝑡 − 𝜇𝑚 ∗ 𝑇1,𝑐𝑢𝑟𝑟𝑒𝑛𝑡                          (6) 

 

𝑇2,𝑓𝑢𝑡𝑢𝑟𝑒 = 𝑇1,𝑓𝑢𝑡𝑢𝑟𝑒 − 𝜇𝑚 ∗ 𝑇1,𝑓𝑢𝑡𝑢𝑟𝑒                                 (7) 

𝑇3,𝑐𝑢𝑟𝑟𝑒𝑛𝑡 = 𝑇2,𝑐𝑢𝑟𝑟𝑒𝑛𝑡 ∗
𝜎𝑚(𝑇𝑚,𝑜)

𝜎𝑚(𝑇2,𝑐𝑢𝑟𝑟𝑒𝑛𝑡)
                     (8) 

𝑇3,𝑓𝑢𝑡𝑢𝑟𝑒 = 𝑇2,𝑓𝑢𝑡𝑢𝑟𝑒 ∗
𝜎𝑚(𝑇𝑚,𝑜)

𝜎𝑚(𝑇2,𝑐𝑢𝑟𝑟𝑒𝑛𝑡)
                     (9) 

𝑇𝑐𝑜𝑟,𝑐𝑢𝑟𝑟𝑒𝑛𝑡 = 𝑇3,𝑐𝑢𝑟𝑟𝑒𝑛𝑡 + 𝜇𝑚 ∗ 𝑇1,𝑐𝑢𝑟𝑟𝑒𝑛𝑡                 (10) 

 

𝑇𝑐𝑜𝑟,𝑓𝑢𝑡𝑢𝑟𝑒 = 𝑇3,𝑓𝑢𝑡𝑢𝑟𝑒 + 𝜇𝑚 ∗ 𝑇1,𝑓𝑢𝑡𝑢𝑟𝑒                                    (11) 

 

 

(b) Local Intensity Scaling  

The LOCI method (equation 12 to 16) of precipitation bias correction corrects mean bias in 

addition to wet-day frequencies and intensities (Schmidli et al., 2006). The method 

effectively improves the RCMs data which is known to consist of too many drizzle days. 

With the LOCI, the biases in precipitation are corrected by first of all defining an RCM 

specific threshold (𝑅𝑡ℎ in equation 12 and 13) such that the number of days greater than 0 

mm of rainfall in the observed data becomes the same as that of the RCM data which are 

greater than the defined threshold. This ensures that any day with precipitation less than 𝑅𝑡ℎ 

is redefined to dry days with 0 mm precipitation. Secondly, based on the long-term monthly 
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mean wet-day intensities, a linear/intensity scaling factor (S) in equation 14 is estimated. 

Lastly, the RCM-simulated precipitation is corrected using equation 15 and 16. 

𝑅1𝑐𝑢𝑟𝑟𝑒𝑛𝑡 = {
0, 𝑖𝑓 𝑅𝑠 < 𝑅𝑡ℎ

𝑅𝑠,              𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
                                             (12) 

𝑅1𝑓𝑢𝑡𝑢𝑟𝑒 = {
0, 𝑖𝑓 𝑅𝑠,𝑓 < 𝑅𝑡ℎ

𝑅𝑠,𝑓 ,              𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
                 (13) 

𝑆 =
𝜇𝑚(𝑅𝑜,𝑑/𝑅𝑜,𝑑>0 𝑚𝑚)

𝜇𝑚(𝑅𝑠/𝑅𝑠>𝑅𝑡ℎ)−𝑅𝑡ℎ
                                   (14) 

                𝑅𝑐𝑜𝑟,𝑐𝑢𝑟𝑟𝑒𝑛𝑡 = 𝑅1𝑐𝑢𝑟𝑟𝑒𝑛𝑡 ∗ 𝑆                                                                                (15) 

𝑅𝑐𝑜𝑟,𝑓𝑢𝑡𝑢𝑟𝑒 = 𝑅1𝑓𝑢𝑡𝑢𝑟𝑒 ∗ 𝑆                            (16) 

𝑅1𝑐𝑢𝑟𝑟𝑒𝑛𝑡  and 𝑅1𝑓𝑢𝑡𝑢𝑟𝑒  are corrected number of precipitation events for both current and 

future scenario run, 𝑅𝑐𝑜𝑟,𝑐𝑢𝑟𝑟𝑒𝑛𝑡 𝑎𝑛𝑑 𝑅𝑐𝑜𝑟,𝑓𝑢𝑡𝑢𝑟𝑒 are corrected RCM-simulated precipitation 

for current and future scenario respectively. 

 

Figure 3. 8: Observed and RCMs simulated mean monthly rainfall and temperature for the 

Vea catchment for the period 1981–2005 

3.3.4    Climate models evaluation  

A wide range of evaluation statistics is available to evaluate climate models performance 

quantitatively relative to the in-situ observation data (Segele et al., 2009, Akinsanola et al., 

2015). The performance of the various RCMs and the SDSM-DC simulations in reproducing 

the long term mean monthly rainfall and temperature patterns of the Vea and Bolgatanga 
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stations within the catchment for the baseline period (1981-2005) was assessed using the 

Taylor’s diagram (Taylor, 2001). The Taylor’s diagram provides a statistical summary in a 

graphical form the ability of how well patterns match each other in terms of their correlation, 

root-mean-square difference and standard deviation. Other statistics such as mean bias (MB), 

percentage bias (PBIAS), and Nash-Sutcliff Efficiency (NSE) were also computed and 

evaluated for all the climate models using the HydroGOF package in R software. 

 

3.3.5  Climate extremes 

Climate Indices calculation based on daily time series of temperature and rainfall is one of 

the ways of characterizing the intensity, duration, and frequency of climate extremes 

(Peterson et al., 2002, Mouhamed et al., 2013). Several indicators have been established by 

the Expert Team on Climate Change Detection Monitoring Indices (ETCCDMI) for 

understanding climate extremes and trends in several regions (Soro et al., 2016, M'Po et al., 

2017) . The detailed description of the selected rainfall and temperature indices used for this 

study are shown in Table 3. 11. These Indices were computed for the historical (1981-2016) 

and the future (2020-2049) period under the climate change scenario (RCP 4.5) on the 

interface of R software using RClimdex developed by ETCCDMI which is freely 

downloaded from (http://cccma.seos.uvic.ca/ETCCDMI/index.shtml). The indices are 

primarily based on station-level thresholds and percentile computed from a common thirty 

(30) year base period. The various extreme climate indices computed were analyzed spatially 

using the deterministic Inverse Distance Weighted (IDW) interpolation technique which has 

been demonstrated to perform well in spatial rainfall distribution (Feng-Wen and Cgen-

Wuing, 2012). The spatial interpolation by IDW is performed with the assumption that the 

attribute value of an unknown location is the weighted average of a known location by 

assigning values to the unknown location using values from known neighbouring locations 

based on the concept of distance weighting.  

 

 

 

 

 

 

 

http://cccma.seos.uvic.ca/ETCCDMI/index.shtml
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Table 3. 11: Climate Extreme Indices 

Indices Descriptive Name Definition Units 

PRCPTOT Annual total wet-day 

precipitation 

Annual total rainfall from days ≥1 mm mm 

R95p Very wet days Annual total precipitation from the days 

with daily rainfall > 95th percentile 

mm 

R99p Extremely wet days Annual total precipitation on the days 

when daily rainfall > 99th percentile 

mm 

R20mm Number of very heavy 

precipitation days 

Annual counts of days when rainfall ≥ 

20mm 

days 

R10mm Number of heavy 

precipitation days 

Annual counts of days when rainfall ≥ 

10mm 

days 

RX1day Max 1-day precipitation 

amount 

Annual maximum 1-day precipitation mm 

RX5day Max-5-day precipitation 

amount 

Annual maximum consecutive 5-day 

rainfall 

mm 

CWD Consecutive wet days Maximum number of consecutive days 

with rainfall ≥ 1mm 

days 

CDD Consecutive dry days Maximum number of consecutive days 

with rainfall< 1mm 

days 

SDII Simple daily intensity 

index 

Annual total rainfall when (PRCP ≥ 1 

mm) divided by the number of wet days  

mm/day 

TX90p Warm days Percentage of days when Tmax > 90th 

percentile 

Days 

TN90p Warm nights Percentage of days when Tmin > 90th 

percentile 

Days 

TX10p Cool days Percentage of days when Tmax < 10th 

percentile 

Days 

TN10p Cool night Percentage of days when Tmin < 10th 

percentile 

Days 

TXx Warmest day Annual maximum value of the daily max 

temperature 

oC 

TNx Warmest night Annual maximum value of daily min 

temperature 

oC 

WSD1 Warm spell duration Annual count of days with at least 6 

consecutive days with Tmax > 90th 

percentile 

Days 

 

3.3.6 Trend analysis of climate extreme indices 

The temporal trend analysis in rainfall and temperature extreme indices for the baseline 

(1981-2010) and the future (2020-2049) period were performed in MAKESENS software 

using the non-parametric Mann-Kendall (MK) test and Sen’s slope estimator. The MK test 

(equation 17-21), a widely used statistical analysis for trend detection in extreme climate 
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indices and hydro-climate analysis (Okafor et al., 2017, Larbi et al., 2018) assumes a null 

hypothesis (Ho) that there is no trend which is tested against the alternative hypothesis (H1) of 

the presence of a trend ( Önöz and Bayazit, 2003). 

S = ∑ ∑ Sgn(Xj − Xk)
n
j=k+1

n−1
k=1                 (17) 

Where Xj and Xk are sequential data values for the time series data of length n. The sum of 

the Sgn function and the mean-variance Var(Smk), under the null hypothesis (Ho) of no trend 

and independence of the series terms are given in equations 18 and 19 respectively. 

𝑆𝑔𝑛(𝑋𝑗 − 𝑋𝑘) = {

1 𝑖𝑓 𝑋𝑗 > 𝑋𝑘
0 𝑖𝑓 𝑋𝑗 = 𝑋𝑘
−1 𝑖𝑓𝑋𝑗 < 𝑋𝑘

                                        (18) 

𝑉𝑎𝑟(𝑆𝑚𝑘) =
𝑁(𝑁−1)(2𝑁+5)−∑ 𝑈𝑖(𝑖)(𝑖−1)(2𝑖+5)

𝑚
𝑖=1

18
                (19) 

Where N is the length of the data set, m is the number of tied groups and Ui denotes the size 

of the Mth group. The standard normal test statistic ZS (equation 20) indicates a trend in the 

data series with a positive or negative value indicating increasing or decreasing trends 

respectively. The trend result was evaluated at 5% significant level (corresponding threshold 

value of ±1.96) and the null hypothesis (Ho) that there is no trend is rejected when / ZS/ ≥ Zα/2 

at α = 0.05 level of significance. The magnitude of the trend was estimated using the Theil-

Sen’s estimator (equation 21 and 22) initially proposed by Sen (1968) and modified by 

Hirsch et al., (1982). 

𝑍𝑠 =

{
 
 

 
 

𝑆−1

√𝑉𝐴𝑅(𝑆)
, 𝑓𝑜𝑟 𝑠 > 0

0, 𝑓𝑜𝑟 𝑠 = 0
𝑆+1

√𝑉𝐴𝑅 (𝑆)
, 𝑓𝑜𝑟 𝑠 < 0

                                                                                (20) 

𝑄𝑖 =
(𝑋𝑗−𝑋𝑘)

(𝑗−𝑘)
𝑓𝑜𝑟 𝑎𝑙𝑙 𝑘 < 𝑗 𝑎𝑛𝑑 𝑖 = 1, . . 𝑁                             (21) 

𝑄𝑚𝑒𝑑 = {
𝑄 [

(𝑛+1)

2
] , 𝑤ℎ𝑒𝑟𝑒 𝑁 𝑖𝑠 𝑜𝑑𝑑

𝑄 (
𝑁

2
) + 𝑄 [

𝑁+2

2
] , 𝑤ℎ𝑒𝑟𝑒 𝑁 𝑖𝑠 𝑒𝑣𝑒𝑛

                 (22) 

Where Qi is the slope between data points Xj and Xk, Qmed is median slope estimator which 

reflects the direction of the trend in the data. 
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3.3.7 Standardized Anomaly Index 

An investigation of the frequency of dry and wet years over the period of 1985-2016 was 

conducted using the Standardized Anomaly Index (SAI). SAI is a measure of deviation, in 

standard units, between a data value and its mean. According to the study of WMO (2016), 

the index is used as a descriptor of rainfall variability and it indicates the number of standard 

deviations that a rainfall event deviates from the average of the years considered. The 

classification scheme (Table 3. 12) suggested by the study of Hayes et al., (1999) was used to 

determine wet or dry intensity over the study area. The Standardized Anomaly Index is 

calculated as: 

               𝑆𝐴𝐼 =
(𝑥−𝜇)  

𝜎
                             (23) 

Where x is the annual precipitation, µ is the long-term mean and σ is its standard deviation. 

Table 3. 12: Classification scale for wetness and dryness 

Classification Values 

Extremely wet 2.00 and more 

Very wet 1.50 to 1.99 

Moderately wet 1.00 to 1.49 

Normal -0.99 to 0.99 

Moderately dry -1.00 to -1.49 

Very dry -1.50 to -1.99 

Extremely dry - 2.00 and less 

Source: Hayes et al. (1999) 

3.4  Hydrological modelling  

3.4.1 Hydrological components of SWAT Model 

The SWAT model is an eco-hydrological model developed to simulate the quantity and 

quality of surface water and groundwater, and predict the environmental impact of land 

management practices, land use and climate change (Arnold et al., 1998). SWAT is useful in 

modelling an ungauged catchment and can run with minimum data inputs when working in 

areas with limited data. SWAT simulates the catchment by first dividing it into sub-

catchments, and then into homogenous units that consist of uniform land use, soil and slope 
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characteristics called Hydrologic Response Units (HRUs). The major processes, variables and 

activities simulated by the SWAT model include: weather, hydrology, sedimentation, soil 

temperature, crop growth, nutrients, pesticides, and agricultural management (Neitsch et al., 

2005). Figure 3. 9 shows the conceptual framework of the SWAT model. In SWAT, the 

quantification of the hydrological cycle components is based on the water balance equation 

which is simulated at the HRU level and is expressed mathematically as: 

𝑆𝑊𝑡 = 𝑆𝑊𝑜 + ∑ (𝑅𝑑𝑎𝑦 − 𝑄𝑠𝑢𝑟𝑓 − 𝐸𝑇𝑎 −𝑊𝑠𝑒𝑒𝑝Ltflow − 𝑄𝑔𝑤)
𝑡
𝑖=1 ,                            (24) 

where 𝑆𝑊𝑡 is the final soil water content (mm),  𝑆𝑊𝑜 is the initial soil water content on day i 

(mm),  𝑅𝑑𝑎𝑦 , 𝑄_𝑠𝑢𝑟𝑓 , 𝐸𝑇 , 𝑊𝑠𝑒𝑒𝑝 , Ltflow and 𝑄𝑔𝑤  are the daily amounts (mm) of rainfall, 

surface runoff, actual evapotranspiration, amount of water entering the vadose zone from the 

soil profile, lateral flow, and the groundwater contribution to streamflow on day i, 

respectively.  

Surface runoff: The surface runoff generation in this study was estimated using the Soil 

Conservation Service (SCS) curve number equation which is a function of land use, soil 

permeability and antecedent soil water conditions (Neitsch et al., 2005). The surface runoff 

from the SCS curve number equation is given as: 

𝑄𝑠𝑢𝑟𝑓 =
(𝑅𝑑𝑎𝑦−0.2𝑆)

2

𝑅𝑑𝑎𝑦+0.8𝑆
,                 (25) 

Where 𝑅𝑑𝑎𝑦daily precipitation (mm) and S is a retention parameter defined as: 

𝑆 = 25.4(
1000

𝐶𝑁
− 10),                                                         (26) 

Here CN is the curve number which is a function of land use, soil permeability and 

antecedent soil water conditions. The CN determines the amount of rainfall that becomes 

surface run off and the amount that infiltrates into the soil. 

Actual evapotranspiration (ET): 𝐸𝑇 is the amount of water that is actually removed from a 

surface through the processes of evaporation and transpiration. SWAT computes the actual 

evapotranspiration once the potential evapotranspiration (PET) is determined. In this study, 

the PET was estimated by SWAT using the Hargreaves method (Hargreaves and Samani, 

1985) which requires only air temperature as input data. 



   

46 

Lateral flow (𝐋𝐭𝐟𝐥𝐨𝐰 ): in SWAT, Ltflow occurs whenever the water content of the soil 

exceeds its water content at field capacity, and it is computed as:  

Ltflow = 0.024 (
2.𝑆𝑊𝑙𝑦,𝑒𝑥𝑐𝑒𝑠𝑠.𝐾𝑠𝑎𝑡.𝑠𝑙𝑝

∅𝑑.𝐿ℎ𝑖𝑙𝑙
)       

Where 𝑆𝑊𝑙𝑦,𝑒𝑥𝑐𝑒𝑠𝑠  is the drainable volume of water stored in the saturated zone of the 

hillslope per unit area (mm), Ksat is the saturated hydraulic conductivity of the soil (mm h-1), 

slp is the increase in elevation per unit distance, ∅𝑑 is the drainable porosity of the soil (mm 

mm-1) and 𝐿ℎ𝑖𝑙𝑙 is the hillslope length (m). 

Water yield (WYLD): this component of the water balance considered in this study consists 

of the contributions from surface runoff (Q_surf), lateral flow (Ltflow) and groundwater flow 

(𝑄𝑔𝑤) to stream flow  

Groundwater recharge: in the SWAT model, two types of aquifers are simulated in each 

sub-catchment, shallow (2-20m) and deep (>20m) aquifers at the HRU level (Arnold et al., 

1993). The shallow aquifer contributes return flow to streams within the catchment and the 

deep aquifer does not. In this study, groundwater recharge refers to the amount of water that 

occurs through percolation from the soil profile and is calculated by SWAT using equation 

27: 

W𝑟𝑐ℎ𝑔,𝑖
= (1 − 𝑒𝑥𝑝⌊−1/𝛿𝑔𝑤⌋).𝑊𝑠𝑒𝑒𝑝 + 𝑒𝑥𝑝⌊−1/𝛿𝑔𝑤⌋.W𝑟𝑐ℎ𝑔𝑖−1

                                  (27) 

where W𝑟𝑐ℎ𝑔  and W𝑟𝑐ℎ𝑔𝑖−1
are the amount of recharge entering the aquifer on day i and i-1 

(mm), 𝛿𝑔𝑤 is delay time or drainage time (days) and 𝑊𝑠𝑒𝑒𝑝 is amount of water entering the 

vadose zone from the soil profile. 

The total recharge (W𝑟𝑐ℎ𝑔)  once calculated is partitioned into shallow and deep aquifer 

recharge. The amount of water that enters the deep and shallow aquifer as simulated by 

SWAT are shown in equation 28 and equation 29 respectively. 

D𝑝_𝑟𝑒𝑐ℎ = 𝛽𝑑𝑒𝑒𝑝 +W𝑟𝑐ℎ𝑔                                                                               (28) 

W𝑟𝑐ℎ𝑔,𝑠𝑎 = W𝑟𝑐ℎ𝑔 − D𝑝_𝑟𝑒𝑐ℎ                                                                                            (29)   



   

47 

where D𝑝_𝑟𝑒𝑐ℎ is the amount of water moving into deep aquifer on day i (mm), 𝛽𝑑𝑒𝑒𝑝 is the 

aquifer percolation coefficient, W𝑟𝑐ℎ𝑔,𝑠𝑎the amount of recharge entering the shallow aquifer 

on day i (mm). 

 

Figure 3. 9:  Conceptual framework of SWAT (Adapted from Neitsch et al., 2005) 

3.4.2 SWAT model setup, calibration and validation 

(a) Watershed delineation and Hydrologic Response Units Definition 

The SWAT modelling setup (Figure 3. 10) consists of catchment delineation, Hydrological 

Response Unit (HRU) definition, sensitivity analysis, calibration and validation. The 30m 

DEM was used in the delineation of the Vea catchment, stream networks, sub-basins and 

topography (slopes and elevation) derivation using QSWAT. Using a threshold value of 

300ha, the catchment was delineated into 52 sub-basins with an estimated total surface area 

of about 306 km2. The LULC map was reclassified into SWAT LULC types (Table 3.5) and a 

user look up table was created to identify the SWAT code for the different categories of 

LULC on the map as per the required format. The LULC and soil map were used to define 

the HRUs of the catchment. The multiple HRUs definition option was used to further sub-

divide the Vea catchment into 331 HRUs. The Hargreaves method, which required only 

minimum and maximum temperature as input data was used for calculation of potential 

evapotranspiration. This method was chosen to maintain uniform evapotranspiration 
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estimation when the SWAT model is use for future climate change impact assessment. The 

model was run for the period of 1990-2017, and the first three years (1990-1992) were used 

as model spin up period.  

 

Figure 3. 10: Flow Chart of the SWAT processing steps for the Vea catchment 

(b) SWAT Model Parameter Sensitivity Analysis 

The first step in the calibration and validation process for SWAT is the determination of the 

most sensitive parameters for a given catchment. This analysis guides the overall calibration 

and validation process, and increases the accuracy of calibration by reducing parameter 

uncertainty (Lenhart et al., 2002). The uncertainty analysis and model calibration were done 

in SWAT-CUP software. The superior capability of SUFI-2 algorithm for calibration and 

uncertainty analysis has been demonstrated by several studies, e.g. Shawul et al., (2013), 

Abbaspour et al. (2009). Hence, in this study, the SUFI-2 algorithm was used to perform the 

sensitivity analysis by testing a total of 13 parameters (Table 5) based on previous studies 

(Obuobie, 2008, Guug, 2017) and SWAT documentation recommendations (Neitsch et al., 

2011). 
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 (c) SWAT model calibration and impact assessment 

The SWAT model for the Vea catchment was calibrated (manually and automatically) based 

on daily observed discharge data for the period (May 2014 to November 2014 and June 2015 

to November 2015), and validated for the period (July to November 2013) at the Sumbrungu 

gauge station (Figure 2.1) due to the limited length of time series, and gaps within the 

observed discharge data. The main catchment outlet could not be used due to the lack of 

discharge data. The manual calibration was first performed for a limited number of 

parameters, including SCS runoff curve number (CN2), soil evaporation compensation factor 

(ESCO), and baseflow alpha factor (ALPHA_BF), by changing one parameter at a time and 

re-running the model, this choice of parameters was based on previous SWAT model runs for 

the area (Guug, 2017). In order to ensure that the various water balance components were 

within reasonable ranges typical for the study area, the authors used their knowledge of the 

catchment, as well as from literature of SWAT applications in the region (e.g. Obuobie, 2008, 

Guug, 2017). Manual calibration was then followed by automatic calibration using SWAT-

CUP to further tune the parameters. The performance of the calibrated and validated SWAT 

model was evaluated using Nash-Sutcliffe model efficiency (NSE), coefficient of 

determination (R2) and percentage bias (PBIAS) (equations 30-32, respectively). PBIAS 

measures the average tendency of the simulated values to be larger or smaller than their 

observed. The optimal value of PBIAS is 0.0, with low-magnitude values indicating accurate 

model simulation. Negative values indicate overestimation, whereas positive values indicate 

underestimation. NSE is a commonly used statistics proposed by Nash and Sutcliffe (1970) 

and ranges from 1 to -∞ with a value of 1 corresponding to an exact fit between modelled and 

measured data. The R2 gives information about the goodness of fit between the simulated 

data and the measured data. It ranges from 1 to 0, with 1 being the best fit between the 

simulated and observed data, and typically values greater than 0.5 are considered acceptable 

(Santhi et al., 2001). The model performance was rated according to the performance ratings 

proposed by Moriasi et al. (2007). 

The calibrated SWAT model was then driven by the LULC and climate change scenarios to 

assess their impact on the future water balance components at the basin. Three set of 

scenarios runs were evaluated, namely: 
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(i)  Climate change scenario (RCP4.5) impact on water resources by driving the 

SWAT model with 2016 LULC map and ensemble mean of the RCMs for the 

future (2020-2049) period.      

(ii)  LULC change scenarios impact on water balance components by driving the 

calibrated SWAT model with the baseline climate (1990-2017) and the future 

2025 LULC maps for the Business as Usual (BAU) and afforestation scenarios.  

(iii) Combined climate and LULC change scenarios impact assessment by driving the 

SWAT model with the future (2020-2049) RCMs ensemble mean output for 

RCP4.5 and the two scenarios of land use change.  

          𝑁𝑆𝐸 = 1 −
∑ (𝑂𝑖−𝑃𝑖)

2𝑛
𝑖=1

∑ (𝑂𝑖−�̅�)
2𝑛

𝑖=1

                          (30) 

                        𝑅2 = [
∑ (O𝑖−�̅�)(P𝑖−�̅�)
𝑁
𝑖=1

[∑ (O𝑖−�̅�)2
𝑁
𝑖=1 ]

0.5
[∑ (𝑃−P𝑖̅̅ ̅)2
𝑁
𝑖=1 ]

0.5]

2

                       (31) 

𝑃𝐵𝐼𝐴𝑆 =
∑ (𝑂𝑖−𝑃𝑖)
𝑛
𝑖=1

∑ (𝑂𝑖−�̅�)
𝑛
𝑖=1

× 100                (32) 

In these equations 𝑂𝑖 are the measured discharge data, 𝑃𝑖 are the simulated discharge data, 

whereas  �̅� and �̅�𝑖 are the mean of the measured and simulated data respectively. 

3.5 Partial conclusion 

This chapter described the different types of data collected and the materials and methods 

used in analyzing the data to achieve the stated objectives. The different types of data used in 

this study include secondary data such as: Landsat images, climate data (CHIRPS and 

station), outputs from regional climate models, soil maps and discharge data. Primary data 

used were ground truth data from field campaign and surface run off measurements from run-

off plots. The data were analyzed using different tools and software such as r software, 

CMhdyd, SDSM-DC and RClimdex for climate change and extreme analysis, ERDAS 

IMAGINE and Land change modeler for land use/land cover mapping and prediction, and Q-

SWAT model, SWAT cup and QGIS for water balance components simulations and 

climate/land use change impact assessment.      
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Chapter 4 : Land use/land cover mapping, change analysis and projections 

This chapter presents the findings obtained from the analysis of land use/land cover of the 

Vea catchment for the historical and for two scenarios of land use change. The results consist 

of: (a) change analysis of land use/land cover types of the area, (b) Land change Modeler 

validation model and future land use projection, and (c) Relevance of results to achieving 

National and International Goals.   

4.1 Land use/land cover mapping and change detection 

4.1.1 Accuracy statistics and LULC change analysis 

The accuracy assessment results of the classified LULC maps indicate overall classification 

accuracies of 82% (1990), 86% (2001), 85% (2011), 88% (2016) and Kappa statistics above 

0.8 (Table 4.1a – 4.1d).  

Table 4. 1: Accuracy statistics of the classified land use/land cover maps of 1990, 2001, 2010 

and 2016 

(a) Year 1990 

               LULC  

 

Reference Image Reference 

totals 

User 

Accuracy 

(%) 

Producer 

Accuracy 

(%) 
1 2 3 4 5 

1. Cropland 31 5 3 0 0 39 
79.5 77.5 

2. Grassland 4 30 6 0 0 40 
75.0 75.0 

3. Forest/mixed 

vegetation 

3 5 32 0 0 40 80.0 

 

78.0 

 

4. Built-up areas 2 0 0 28 0 30 93.3 

 

100.0 

 

5. Water bodies 0 0 0 0 10 10 100.0 

 

100.0 

 

       Classified total 40 40 41 28 10 159 
 

 

Overall accuracy = 82.3%,     Kappa= 0.8 
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(b) Year 2001   

            LULC   Reference Image  Reference 

total 

User 

Accuracy 

(%) 

Producer 

Accuracy 

(%) 
1 2 3 4 5 

1. Cropland 30 
3 1 0 0 34 88.2 78.9 

2. Grassland 4 
27 3 1 0 35 77.1 81.8 

3. Forest/mixed 

vegetation 

1 

3 26 0 0 30 86.7 86.7 

4. Built-up areas 3 
0 0 22 0 25 88.0 95.7 

5. Water bodies 0 
0 0 0 11 11 100.0 100.0 

        Classified total 
38 33 30 23 11 135  

 

Overall accuracy = 85.9%,   Kappa=0.84 

(c) Year 2011   

LULC Reference 

Image 

  Reference 

total 

User 

Accuracy 

(%) 

Producer 

Accuracy 

(%) 1 2 3 4 5 

1. Cropland 
31 4 3 1 0 39 79.5 83.8 

2. Grassland 
3 24 5 0 0 32 75.0 77.4 

3. Forest/mixed 

vegetation 1 3 30 0 0 34 88.2 78.9 

4. Built-up areas 
2 0 0 23 0 25 92.0 95.8 

5. Water bodies 
0 0 0 0 12 12 100.0 100.0 

        Classified total 
37 31 38 24 12 142  

 

Overall accuracy = 84.5%,   Kappa=0.82 
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(d) Year 2016,  Overall accuracy = 88%,  Kappa= 0.86 

 

 

             LULC  

Reference Image Reference 

total 

User 

Accuracy 

(%) 

Producer 

Accuracy 

(%) 
1 2 3 4 5 

1. Cropland 
26 2 1 0 0 29 89.7 83.9 

2. Grassland 
3 22 1 0 0 26 84.6 81.5 

3. Forest/mixed 

vegetation 1 2 20 0 0 23 87.0 90.9 

4. Built- up areas 
1 1 0 14 0 16 87.5 100.0 

5. Water bodies 
0 0 0 0 6 6 100.0 100.0 

      Classified total 
31 27 22 14 6 100  

 

 

The LULC classification results of the year 1990, 2001, 2011, 2016 and the area under each 

LULC type are shown in Figure 4.1 and Table 4.2 respectively. Cropland was found to be 

dominant in the LULC maps of the year 2001(40.62%), 2011 (54.09%) and 2016 map 

(56.64%) with the southern part of the catchment mostly dominated by natural vegetation 

(forest/mixed vegetation and grassland) as shown in Figure 4. 1. The changes in LULC from 

1990 to 2001, 2001 to 2011, 2011 to 2016 and 1990 to 2016 in terms of the net change of the 

LULC classes which were analyzed by the LCM are shown in Table 4.3. The most dominant 

LULC change was the conversions of grassland to cropland, followed by the conversion of 

forest/mixed vegetation to cropland within the last 27 years. Between 1990 and 2001, 

cropland increased by 22.87% followed by built-up areas (22.46%) while grassland decreased 

by 25%. Between 2001 and 2011, cropland continued to increase by 24.9% together with 

built- up areas (25.3%) while grassland and forest/mixed vegetation decreased by 34.6% and 

20.7% respectively. During the last five years (2011 to 2016), built-up areas continued to 

increase by 39.14%, followed by water bodies (12.87%) and cropland areas (4.50%), while 

grassland and forest/mixed vegetation decreased further (Table 4.3). Between 1990 and 2016, 

forest/mixed vegetation and grassland decreased by 20.8% and 44.9% respectively, while 

cropland, water bodies and built-up areas showed an increase. The results of the rate of 

change (Table 4.3) of the LULC types showed that built- up areas, cropland and water bodies 

increased at an annual rate of 0.04, 3.0 and 0.01 km2 respectively while grassland and 

forest/mixed vegetation cover decreased at an annual rate of 2.6 and 0.45 km2 respectively 

within the last 27 years. 
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Table 4. 2: LULC Classification statistics in km2 from 1990 to 2016 

       

 

Figure 4. 1:  Spatial distribution of land use/cover maps of the Vea catchment for 1990, 2001, 

2011 and 2016 

  

LULC Class km2 area coverage (%) 

1990 2001 2011 2016 1990 2001 2011 2016 

Cropland 96.53 125.15 166.64 174.50 31.3 40.6 54.1 56.6 

Grassland 150.33 120.26 89.38 82.72 48.8 39.0 29.0 26.8 

Built-Up areas 0.69 0.89 1.02 1.67 0.2 0.3 0.3 0.5 

Water Bodies 4.56 5.35 4.27 4.90 1.5 1.74 1.39 1.6 

Forest/Mixed Veg. 55.96 56.42 46.76 44.28 18.2 18.3 15.2 14.3 
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Table 4. 3: Change statistics and rate of change of LULC type from 1990 to 2016 

NB: Percentage change in LULC type in the bracket. Negative values indicate a decrease. 

4.1.2. Land use types contribution to the changes in land use/land cover  

In order to observe the transformations from all other LULC classes to cropland, charts of 

contributors to cropland area dynamic over the 27 year period expressed in hectares were 

produced (Figure 4. 2).  The main contributing factor to the expansion in cropland within the 

last 27 years was agriculture and population growth. From 1990 to 2001, grassland 

contributed about (20%) to the increase in cropland followed by forest/mixed vegetation 

(14%). Similar observations were made from the year 2001 to 2011, and 2011 to 2016, where 

grassland and forest/mixed vegetation were the main contributors to the increase in cropland 

in the Vea catchment. Between 1990 and 2016, grassland contributed to about 76.9% of the 

increase in cropland while forest/mixed vegetation contributed to the remaining 23.1%. 

 

LULC Class Area change (km2) Rate of change (km2) per year 

1990- 

2001 

2001- 

2011 

2011- 

2016 

1990- 

2016 

1990- 

2001 

2001- 

2011 

2011-

2016 

1990- 

2016 

Cropland 28.62 

(22.8%) 

41.49 

(24.9%) 

7.86 

(4.5%) 

77.97 

(80.7%) 

2.60 4.15 1.57 3.00 

Grassland -30.07 

(-25%) 

-30.88 

(-34.6%) 

-6.66 

(-8.1%) 

-67.61 

(-44.9%) 

-2.73 -3.09 -1.33 -2.60 

Built-Up 

areas 

0.20 

(22.4%) 

0.13 

(25.3%) 

0.66 

(39.1%) 

0.98 

(58.6%) 

1.8 0.01 0.13 0.04 

Water Bodies 0.79 

(14.7%) 

-1.08 

(-12.3%) 

0.63 

(12.8%) 

0.34 

(6.9%) 

0.07 -0.11 0.13 0.01 

Forest/Mixed 

Vegetation 

0.45 

(0.8%) 

-9.66 

(-20.7%) 

-2.48 

(-5.6%) 

-11.68 

(-20.8%) 

0.04 -0.97 -0.50 -0.45 
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Figure 4. 2: Contribution to Net Change in Cropland (in hectares) by Forest/mixed vegetation 

and grassland for 1990-2001, 2001-2011, 2011-2016 and 1990-2016 

4.2 Model validation and future land use/land cover projection 

 4.2.1 Model validation  

The results of the overall Cramer’s V test of predictive power of the LCM as presented in 

Table 4.4 indicates Cramer’s V value greater than 0.4. Comparison of the modelled and 

classified LULC maps of 2011 (Figure 4. 3 and Table 4.5) showed minor differences between 

the simulated and actual maps. In the simulated map, the area for cropland was a little 

underestimated while grassland was a little overestimated especially in the northern part of 

the catchment, and forest/mixed vegetation showing underestimation. The statistical 

validation of the simulated change in 2011 and the corresponding error is shown in Table 4.5. 

A simulated change of 29.22km2 of cropland which is less than the actual change of 

41.49km2 was found with an error of 7.3%. The Kappa value which is related to the location 

and quantity of the image was observed to be high when the modelled and classified LULC 

maps were compared. The overall accuracy of simulation run (Kno) and the level of 

agreement of location (Klocation) values were found to be 80.47% and 78.35% respectively. 

This indicates that the LCM was capable of predicting the 2011 LULC map by simulating the 

historical changes that occurred from the year 1990 to 2001, hence and is capable of 

predicting a reasonable result for the year 2025.     
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Table 4. 4: Cramer’s V test for each LULC 

Evidence 

likelihood 

Variable 

Overall 

Cramer’s 

V 

Water 

bodies 

Cropland Forest/Mixed 

Vegetation 

Grassland Built-up 

areas 

(1990-2001) 0.5549 0.2155 0.9042 0.6393 0.3351 0.0577 

(1990-2016) 0.4668 0.2726 0.6180 0.2334 0.0474 0.00 

NB: Cramer’s V value ranges from 0 to 1, with values approaching 1 indicating higher 

relationship 

 

Figure 4. 3: Simulated and Actual LULC maps of 2011 

Table 4. 5: Comparison between actual and simulated LULC area statistics (in km2) for the 

year 2011 

NB: Values in the bracket indicate the changes (in km2) between 2001 and 2011 for both the 

simulated and actual LULC maps during the validation period.    

 

LULC Class 

 

2001 

Area coverage (km2) Simulated-

Actual  (km2) Actual 2011 Simulated 2011 

Cropland 125.15 166.64 (41.5) 154.43 (29.2) -12.21 (7.3%) 

Grassland 120.26 89.38 (-30.9) 97.97 (-22.2) 8.59 (9.6%) 

Built-up areas 0.89 1.02 (0.1) 0.95 (0.1) -0.07 (6.7%) 

Water Bodies 5.35 4.27 (-1.1) 4.35 (-1.0) 0.08 (1.9%) 

Forest/Mixed Veg. 56.42 46.76 (-9.7) 50.42 (-6.0) 3.66 (7.8%) 
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4.2.2  Simulation of LULC changes 

The outputs from the Markov chain prediction of the future 2025 LULC maps for the two 

LULC change scenarios are shown in Figure 4. 4. Under BAU scenario, as shown in Table 

4.6, there is an evidence of potential increase in cropland at the expense of natural vegetation 

(grassland and forest/mixed vegetation) from 56.6% in 2016 to 57.5% in 2025. Grassland is 

projected to increase from 26.8% to 28.5% which can be attributed to the projected decrease 

in forest/mixed vegetation from 14.4% to 11.8% by the year 2025. There were no changes in 

water bodies and built-up areas due to the fact that the model considered the major transitions 

that occurred over the past years. In the case of afforestation scenario, which considers 

reduction in cropland area by promoting vegetation growth while ensuring food security, 

there would be a potential increase in forest/mixed vegetation from 14.4 % in 2016 to 15.3% 

in 2025. Grassland is projected to increase from 26.85% in 2016 to 31.3% in 2025 while 

cropland decreases from 56.6% to 51.3% by 2025.  

 

Figure 4. 4: LULC maps for the year 2016 and for the two 2025 scenarios 
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Table 4. 6: Predicted LULC area statistics (in km2) for the year 2025 relative to baseline 

(2016) 

  Note: percentage area of each LULC class is in the bracket 

4.3  Discussion 

4.3.1 Classification accuracy, LCM model prediction and validation  

This study assessed the changes in LULC over a period of 27 years and modelled the changes 

to produce the future 2025 scenario maps of LULC conditions in the Vea catchment using the 

LCM. The accuracy of the LULC classification observed in this study can be attributed to the 

heterogeneity of the study area and the likely confusion between grassland and cropland due 

to the mono-temporal data used. This is in line with the observation made by Zoungrana et al. 

(2015) that the confusion between natural vegetation and agricultural lands are minimized 

when late-season images (eg. October images) are classified. However, Forkuor (2014) noted 

that the heterogeneity of the Vea catchment whereby grasses and trees are intermixed with 

harvested croplands can be seen as a major contributing factor to the spectral confusion 

between grassland and cropland. In terms of the model projection accuracy, an overall 

Crammer’s V value of 0.55 (1990-2001) and MLP neural network accuracy rate of 85% were 

achieved and according to Eastman (2006), a Cramer’s V value above  0.4  and accuracy rate 

of about 80% is acceptable in modelling.  

The model validation results based on the comparison between the actual and simulated 2011 

LULC map obtained from this study can be attributed to the nature of the model. It was 

noticed that the simulation in our study shows less change than the actual change (Table 4.3) 

during the validation period (2001-2011). Also, some LULC changes were not relatively well 

simulated by the model during the validation period which according to Olmendo et al. 

(2015) can be attributed to the acceleration of changes that occurs in the reference year which 

does not show during calibration period. According to Robertson and Swinton (2005), if the 

LULC Class Baseline 2016 Future 2025 scenarios 

BAU Afforestation 

Cropland 174.50 (56.6%) 177.04 (57.5%) 155.5 (51.3%) 

Grassland 82.72 (26.8%) 88.06 (28.5%) 94.55 (31.3%) 

Built-Up areas 1.67 (0.5%) 1.67 (0.5%) 1.02 (0.5%) 

Water Bodies 4.90 (1.6%) 4.90 (1.6%) 4.90 (1.6%) 

Forest/Mixed Vegetation 44.28 (14.4%) 36.40 (11.8%) 46.66 (15.3%) 
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changes during the calibration interval which in this case 1990-2001 are not stationary with 

the changes during the validation interval (2001-2011) as shown in Table 4.5, then an 

extrapolation from the calibration interval to the validation interval will probably have 

systematic errors which will affects the accuracy of projection. Moreover, the differences 

between the simulated and actual LULC maps and the reported Kappa statistics can be 

attributed to the fact that Land changes involve complex processes that are shaped by 

dynamic, non-linear human-nature interactions, which can be difficult for the available 

variable and algorithm to capture (Perez-Vega et al. 2012, Kolb et al., 2013).  

4.3.2 Spatio-temporal analysis of historical LULC changes 

The historical LULC change analysis indicated a loss of vegetation in the southern part of the 

Vea catchment in the year 1990 which can be attributed to deforestation (cutting down of 

trees for charcoal production and timber) and agricultural expansion. Between 1990 and 

2016, forest/mixed vegetation area which consist of forest, riparian vegetation, shrubs and 

closed woodland were found to have decreased due to cropland expansion over the past 27 

years. However, in 2001, there was an increase in vegetation at the southern part of the 

catchment and this can be attributed to measures such as the enforcement of the forest 

protection laws put in place to protect the area and the creation of forest reserves. The 

observed decrease in natural vegetation is similar to the results obtained by Daudze (2004), 

who found a decrease in woodland and mixed vegetation in the same region from 1986 to 

2000 due to an increase in agricultural area and bare land. The LULC change dynamics 

mainly the conversion of natural vegetation to cropland observed over the last 27 years have 

also been reported by other studies such as Braimoh, and Vlek (2004), Mahe et al., (2005) in 

the same region. These changes in LULC within the past years can be attributed to population 

growth and human activities such as farming at the area. Farming in this region is 

characterized by low inputs i.e. little or no amendment, continuous cropping, with farms 

usually expanded and scattered across the landscape to increase yield (Boateng, 2013). Apart 

from farming activities, overgrazing by cattle, firewood or charcoal production are all 

contributory factors to the loss of natural vegetation in this region (Gyasi et al., 2011, 

Agyemang, 2007).  

The revealed expansion in cropland over the past 27 years confirms the results obtained by 

studies such as Forkuor (2014), Boateng (2013), Ruelland et al., (2010), Brinkmann et al. 

(2012) in similar regions. For example, a study by Baatuuwie (2015) found an increase in 
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settlement/cropland from 46.1% to 49.2% between 1990 and 2013 at the Nawuni basin, for 

which Vea is a sub-catchment. Similarly, Awotwi et al. (2014) also observed an expansion in 

agricultural land from 1990 to 2006 as a result of clearing of savannah and grassland in the 

White Volta basin where the Vea catchment is located. The expansion in cropland in the Vea 

catchment can be attributed to numerous factors such as, increase in socio-economic 

activities of the area and construction of a number of small dams together with the Vea dam 

over the last 27 years for irrigation, which as a result has increased the cultivation of crops 

such as cereals (maize and rice) and legumes in the area. In terms of built-up areas, an 

increase from 0.22% (1990) to 0.54% (2016) was noticed, which is a sign of an increase in 

population and socio-economic development at the catchment. Although the number of dams 

increased between the year 2001 and 2011, the decrease in water bodies from 1.74% to 

1.39% is possibly due to severe siltation of the Vea dam during that period. However, in the 

year 2014, there was de-siltation of the Vea dam which can be linked to the increased in 

water body between 2011 and 2016 (Limantol, 2016). Also, Conventional tillage and 

continuous cropping and grazing practiced by the majority of farmers along the steep slope 

upstream of the Vea dam induces erosion and hence siltation of the reservoir (Baatuuwie, 

2015). Between 2011 and 2016, the water body increased from 1.39% to 1.59% and this can 

be attributed to the increase in mean annual rainfall of the Vea catchment over the period 

observed by the study of Larbi et al. (2018).  

4.3.3 Relevance of results to achieving National and International Goals 

The results obtained in this study, though at local scale, are essential for (1) the formulation 

and implementation of national developmental policies (e.g., the Ghana Shared Growth and 

Development Agenda II - GSGDA II) (NDPC, 2015), (2) attainment of United Nation’s 

sustainable development goals (SDGs) and (3) input to biophysical and economic models for 

decision making. The GSGDA II outlines the policies and strategies to be adopted by the 

Government of Ghana (GoG) to combat the negative effects of climate change on socio-

ecological systems. Ghana has a local government structure which permit local scale 

implementation of national policies through local government institutions (e.g. metropolitan, 

municipal and district assemblies - MMDAs) and ministries (e.g. Food and Agriculture, 

Environment, Science, Technology and Innovation, lands and forestry). As the Vea 

catchment forms a substantial part of two local government divisions, i.e. Bongo district and 

Bolgatanga Municipal, results obtained can contribute to achieving local scale 

objectives/targets in land use planning and climate change adaption. Due to the country’s 
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abundant endowment of natural resources, the GSGDA II identifies the following, amongst 

others, as some of the broad areas for policy intervention in a bid to develop the country and 

attain economic prosperity: (1) natural resource management and minerals extraction, (2) 

biodiversity management, (3) protected areas/forest management and (4) land management 

and restoration of degraded forests. In this regard, the objectives and results of this study, 

especially the predicted patterns of LULC, will enable the relevant national authorities to 

formulate future-relevant natural resource policies needed for the sustainable use of resources 

and achievement of economic prosperity. For example, based on the results presented in 

section 4.2, the scenario selected by decision makers will be key to determining which land 

management policies should be pursued to ensure environmental sustainability and food 

security.  

On one hand, pursuit of results of BAU scenario, which predicted further increase in cropland 

area, will mean the promotion of agricultural management practices/policies that reduce GHG 

emissions, such that the projected increase in cropland area will not necessarily lead to 

increasing GHG emission and subsequent negative climate change repercussions. Previous 

studies in Ghana have shown how cropland expansion, coupled with unsustainable 

agricultural practices increase CO2 emissions (Asumadu-Sarkodie and Owusu, 2016). On the 

other hand, selection of results of scenario 2, which predicted an increase in natural/semi-

natural vegetation, will mean the formulation and promotion of sustainable agricultural 

intensification and modernization programs Chartres and Noble (2015) such that a reduction 

in cropland area will not lead to food insecurity even if GHG emissions are significantly 

reduced through afforestation. Food demand is bound to increase in the near future due to the 

continuous rise in population. This requires the formulation and promotion of policies that 

will increase agricultural productivity while maintaining ecological integrity (Robertson and 

Swinton, 2005). In addition to considering results of the two scenarios separately, policy 

makers also have the option of considering different aspects of the two in formulating 

appropriate national policies. 

Apart from its usefulness for formulating and implementing national policies and programs, 

the results of this study can contribute to assessing and monitoring progress towards attaining 

SDGs (e.g., 2, 6, 13, 15). In the case of SDG 15 (life on earth), for example, information on 

historical, present and future patterns of LULC are essential data for the derivation of 

indicators needed to monitor relevant targets. The continuous reduction of forest land in the 
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study area (past and future) as found by this research is important information for the 

derivation of indicators 15.1.1 and 15.2.1 (FAO, 2017), which can be used to access the 

progress a country is making towards achieving SDG 15. Specifically, comparison of 

calculated indicators (e.g. Forest area as a proportion of total land area) based on the 

projected LULC (up to 2025) and the present state (e.g. 2016), can assist policy makers to 

formulate appropriate forest management policies that will ensure the attainment of the 

targets by 2030. Similarly, using results of this study in biophysical models will generate 

results that will help in achieving other SDGs. For example, previous studies have showed 

that LULC changes affect the quality and quantity of surface runoff and therefore availability 

of water resources. Using a physically-based hydrological simulation model and land use 

scenarios, Yira et al. (2017) found that land use changes such as cropland expansion and 

savanna degradation increases peak discharge and alters the flood risk of populations. The 

future LULC patterns predicted by this study, when used as input to such simulation models, 

can provide useful insights into future changes in water availability and an appreciation of 

whether or not SDG 6 can be achieved. Climate change related risks such as floods and 

droughts, which have been found to be increasing in recent years (Sylla et al. 2015), can also 

be minimized when appropriate measures are taken based on results of such simulations. 
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Chapter 5: Historical and future climate change and extremes analysis 

This chapter presents the findings obtained from the analysis of climate change and climate 

extremes for the Vea catchment. The results consist of: (a) validation of CHIRPS 

precipitation data for the Vea catchment, (b) climate models performance evaluation and 

bias-correction for the period 1981-2005, (c) rainfall and temperature projections for the Vea 

catchment relative to the 1981-2010 period, (d) Standardized Anomaly Index of annual 

rainfall, (e) historical climate extremes analysis, and (f) projections of rainfall and 

temperature extremes over the Vea catchment under RCP4.5 scenario for the period 2020-

2049 relative to the 1981-2010 period.   

5.1  CHIRPS Rainfall validation for the Vea catchment 

5.1.1.   Station and gridded precipitation data comparison 

The results of the comparison between the CHIRPS gridded precipitation data and the station 

rainfall data at both mean monthly and annual scales in reproducing the current rainfall 

pattern of the Vea and Bolgatanga stations for the period 1990-2016 are shown in Figure 5.1. 

The CHIRPS precipitation data for both stations showed a unimodal rainfall pattern with the 

peak of the raining season in August which is similar to the station data. The statistical 

analysis result at both monthly and annual scales is shown in Table 5.1. At the monthly scale, 

a very high agreement with the station data was observed with a correlation coefficient (r = 

0.99), and a Nash-Sutcliffe efficiency of 0.98 for both Vea and Bolgatanga locations. The 

CHIRPS data simulated well the seasonal rainfall pattern with a slight overestimation at the 

peak month (August) of the raining season at the Vea station. The CHIRPS precipitation data 

was able to reproduce the mean monthly rainfall patterns for the two stations compared than 

the mean annual rainfall patterns as shown in Figure 5. 1. This can be seen in the higher 

correlation at monthly scale compared to the annual scale. At annual scale, although there 

was an underestimation of the inter-annual variability or standard deviation (Figure 5.1c and 

5.1d) by the CHIRPS data at both stations, however the variability in rainfall was captured 

well for the two locations. The percentage bias (PBIAS) indicated an overestimation at Vea 

station (6.7%) and underestimation at Bolgatanga station (-1.1%) but in an acceptable range 

with PBIAS within ± 25 as indicated by Cohen et al., (2012). In general, the observed 

statistical results demonstrate that the CHRIPS precipitation data is able to reproduce the 

rainfall pattern of the Vea catchment and therefore can be used for further analysis. 



   

65 

 

Figure 5. 1: Performance evaluation of CHIRPS based on mean monthly distribution (A and 

B) and annual distribution (C and D) of rainfall from 1990 to 2016 for the Vea and 

Bolgatanga locations 

Table 5. 1: Mean monthly and annual scale statistical analysis of rainfall for the station and 

CHIRPS data from 1990 to 2016 in the catchment 

Monthly scale Vea Bolgatanga 

 Percentage bias (PBIAS) 4.4% -8.1% 

Pearson correlation coefficient (r) 0.99 0.99 

Root-mean-square error (RMSE)  

Nash-Sutcliffe efficiency 

6.6 

0.98 

3.9 

0.99 

Annual scale   

Percentage bias (PBIAS) 6.7% -1.1% 

Pearson correlation coefficient(r) 0.50 0.70 

Mean annual rainfall (mm) 921.8 (974.9) 991.4 (974.8) 

Standard deviation 123.3 (117.8) 132.9 (118.1) 

NB: the values for the CHIRPS data are in the bracket 
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5.2 Performance evaluation of climate models 

5.2.1  Mean monthly rainfall 

A comparison between the raw CORDEX RCMs (REMO2009 and RACMO220T) and the 

WASCAL-WRF (WRF-GFDL and WRF-HadGEM) rainfall simulations for the period 1981 

to 2005 (Figure 3) show that, the 12km WRF RCMs performed better than the 50km 

CORDEX RCMs in simulating the mean monthly rainfall for the Vea catchment (Figure 

3.1a). The computed biases (Annex 1a) show that the peak of the the rainy season month of 

August was simulated reasonably well by RACMO22T with a PBIAS of -6%, followed by 

WRF- HadGEM and WRF-GFDL of -9.4% and -9.7% respectively, but overestimated by 

REMO2009 with PBIAS of 12.7%. The end of rainy season month of October was also 

overestimated by the RCMs, especially REMO2009 and RACMO220T. The result of the 

comparison between the RCMs and SDSM-DC using the Taylor’s diagram is shown in 

Figure 5. 2 with the models statistics presented in Table 5.2. All the climate models including 

the ensemble mean captured the mean monthly rainfall distribution reasonably well with 

correlation (r) above 0.95 and a root mean square error (RMSE) value of less than 0.5. In 

general, the baseline (1981-2005) evaluation of rainfall shows a good performance of the 

WASCAL-WRF 12km climate simulations (WRF-GFDL and WRF- HadGEM) in terms of 

the onset, cessation and peak months of the meteorological season over the Vea catchment 

compared to the 50km CORDEX RCMs. 

 

Table 5. 2: Statistical analysis of climate models performance in simulating mean monthly 

rainfall of the Vea catchment 

 PBIAS % MB rSD RMSE R NSE 

RACMO22T 16.3 13.01 1.24 30.97 0.98 0.86 

REMO2009 32.5 26.01 1.12 46.57 0.91 0.69 

WRF-G 3.2 2.56 0.98 17.99 0.98 0.95 

WRF-H 21 16.79 1.16 34.05 0.96 0.84 

SDSM-DC 5.5 4.41 0.88 18.0 0.98 0.95 

Ensemble 

mean 

15.7 12.55 1.06 21.92 

 

0.98 0.93 
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Figure 5. 2: Evaluation statistics of simulated and observed mean monthly rainfall for the Vea 

catchment using Taylor’s diagram 

 

5.2.2 Mean monthly temperature 

For temperature, all the RCMs underestimated (Figure 3.2b), with the exception of 

REMO2009 that shows overestimation in June, July, August and September. The biases in 

the temperature were reasonable for all the RCMs in the rainy season (May to October) 

compared to the dry season (November to April) as shown in Annex 1b. The mean 

temperature was however simulated well by the SDSM-DC with a high r, NSE and PBIAS 

value of 1.0, 0.99 and -0.4% respectively compared to the CORDEX and WRF RCMs 

(Figure 5. 3 and Table 5.3). There was no much difference between the performance of the 

12km and 50km RCMs in simulating the mean monthly temperature of the catchment. This 

conforms to the study of Bessah et al. (2018) at the Pra river basin in Ghana that shows that 

the 12km resolution WRF-GFDL and WRF-HadGEM models do not improve the simulation 

of the mean temperature. In most cases, the ensemble mean agrees more favorably with 

observation and this has been long recognized to hold for surface temperature and 

precipitation (Lambert and Boer, 2001). The bias-corrected RCMs (Annex 1c) shows an 

improvement compared to the raw RCMs simulations, especially the mean monthly 

temperature and rainfall which indicate no biases after correction (Teutschbein and Seibert, 

2012).  



   

68 

Table 5. 3: Statistical analysis of climate models performance in simulating the mean 

monthly temperature of the Vea catchment 

 PBIAS % MB rSD RMSE R NSE 

RACMO22T -12 -3.41 0.93 3.49 0.86 -4.55 

REMO2009 -3 -0.87 2.04 2.26 0.78 -1.33 

WRF-G -7.9 -2.26 1.54 2.97 0.55 -3.0 

WRF-H -3.5 -0.98 1.37 1.79 0.68 -0.45 

SDSM-DC -0.4 -0.1 1.03 2.97 1.0 0.99 

Ensemble mean -5.3 -1.52 0.98 0.75 0.74 -0.52 

 

 

Figure 5. 3: Evaluation statistics of simulated and observed mean monthly temperature for the 

Vea catchment using Taylor’s diagram 

 

5.3  Climate projections for the Vea catchment based on the ensemble mean  

 5.3.1 Rainfall projections 

The time series results of rainfall projections for the Vea catchment under the RCP4.5 

scenario at monthly and annual scale are shown in Figure 5.4 with the statistics presented in 

Table 5.4. The WRF-HadGEM and WRF-GFDL projected an increase in the mean annual 

rainfall, while RACMO22T and SDSM-DC show a decrease in mean annual rainfall, and 
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REMO2009 projecting no change. The ensemble mean shows an increase of 4.2% in rainfall 

at a rate of 1.98mm/yr (Figure 5. 4) between 2020 and 2049. At the monthly scale (Table 

5.4), WRF-HadGEM, WRF-GFDL and REMO2009 projected an increase in rainfall during 

the rainy season (MJJASO) and a decrease during the dry season (NDJFMA). Similar result 

is shown in the ensemble mean which indicates an increase in mean monthly rainfall of 4.5% 

during the rainy season (MJJASO) and a decrease of 3.9% during the dry season (NDJFMA), 

however, RACMO22T and SDSM-DC projected a decrease in rainfall during the rainy 

season. 

 

 

Figure 5. 4: Rainfall projections for Vea catchment under RCP4.5 scenario based on the 

individual and ensemble mean of the climate models for: (a) mean monthly and (b) annual 

scale 

  

a 

b 
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Table 5. 4: Mean annual rainfall and temperature projections for the Vea catchment 

 

Variables 

  

Baseline 

(1981-

2010) 

RCP4.5 (2020-2049) 

REMO2009 RACMO22T WRF- 

HadGEM 

WRF-

GFDL 

SDSM-

DC 

Ensemble 

mean 

Tmax (oC) 34.6 36.3 (1.7) 35.6 (1.0) 36.3 (1.6) 35.9(1.3) 35.5(0.8) 35.9 (1.3) 

Tmin (oC) 22.6 24.0 (1.5) 24.1(1.6) 24.1 (1.5) 24.0(1.4) 23.5(1.0) 24.0 (1.4) 

Tmean (oC) 28.6 30.2 (1.6) 29.9 (1.3) 30.2 (1.6) 29.9(1.3) 29.5(0.9) 29.9 (1.3) 

rainfall 

(mm) 

941.5 941.2 

(0.0%) 

907.9 

(-3.5%) 

1082.9 

(15.0%) 

992.2 

(5.4%) 

826.2 

(-12.3%) 

981.1 

(4.2%) 

NB: Projected changes in rainfall and temperature in the brackets 

5.3.2 Temperature projections 

Figure 5. 5 shows the time series of the projected mean monthly and annual temperature for 

the catchment under the RCP4.5 scenario by all the climate models. All models projected an 

increase in mean annual and monthly temperature for the future period (2020–2049) with 

higher minimum temperature projections compared to maximum temperature. The mean 

annual temperature projections for 2020–2049 as shown in Table 5.4 are 30.2, 29.9, 30.2, 

29.9 and 29.5oC for REMO2009, RACMO22T, WRF-GFDL, WRF-HadGEM and SDSM-

DC respectively. The ensemble mean showed a warming trend of 0.02 oC/ year (Figure 5.5b) 

with a projected increase in mean annual temperature of 1.3 oC in the future 2020-2049. The 

annual maximum temperature is projected by the ensemble mean to increase by 1.3oC while 

the minimum temperature increased by 1.4oC (Table 5.4). Compared to future (2020-2049) 

minimum and maximum temperature projections for the Vea catchment by CIMP5 

projection, the projections from this study are higher than the minimum and maximum 

temperature projection change of 0.87oC and 1.11oC respectively by the ensemble mean of 

forty-one (41) GCMs of CIMP5 models computed for the Vea catchment.  

At the seasonal scale (Table 5.5 and Table 5.6), an increase in mean temperature (Tmean) of 

1.2, 0.8, 1.2, 1.0, 0.6ºC and 0.94oC in the raining season (MJJASO) were projected by 

REMO2009, RACMO22T, WRF-HadGEM, WRF-GFDL, SDSM-DC and the ensemble 

mean respectively. In the dry season (NDJFMA), a mean temperature change of 1.2 oC is 

projected by the ensemble mean in the future 2020-2049. All the models projected similar 

mean temperature change pattern with the month of July, August and September indicating 
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the lowest temperature months while March and April show highest temperature months 

(Figure 5.5a).  

Table 5. 5: Mean monthly rainfall and temperature projections in the Vea catchment for the 

raining season (MJJASO) 
 

Variables 

Baseline 

(1981-2010) 

RCP4.5 (2020-2049) 

REMO2009 RACMO22T WRF-

HadGEM 

WRF-

GFDL 

SDSM-

DC 

Ensemble 

mean 

Tmax (oC) 33.1 34.4 (1.3) 33.5 (0.4) 34.3 (1.2) 34.1(0.9) 33.6(0.5) 33.9 (0.86) 

Tmin (oC) 23.3 24.5 (1.2) 24.6(1.2) 24.6 (1.3) 24.3(1.0) 24.1(0.8) 24.4 (1.1) 

Tmean (oC) 28.2 29.5 (1.2) 29.0 (0.8) 29.4 (1.2) 29.2(1.0) 28.8(0.6) 29.2 (0.94) 

Rainfall (mm) 146.8 149.6 

(1.9%) 

143.1 

 (-2.5%) 

171.2 

(16.6%) 

150 

(2.2%) 

130.0 

(-11.4%) 

153.5  

(4.5%) 

NB: values in bracket indicate temperature change and percentage of rainfall in the future relative to the baseline 

period  

 

Table 5. 6: Mean monthly rainfall and temperature projections in the Vea catchment for the 

dry season (NDJFMA) 
 

Variables 

Baseline 

(1981-

2010) 

RCP4.5 (2020-2049) 

REMO2009 RACMO22T WRF-

HadGEM 

WRF-

GFDL 

SDSM-DC Ensemble 

mean 

Tmax (oC) 36.9 38.3 (1.4) 37.8 (0.8) 38.3 (1.4) 37.8(0.8) 37.4(0.5) 37.9 (1.3) 

Tmin (oC) 22.1 23.5 (1.4) 23.7(1.6) 23.6 (1.5) 23.7(1.5) 23.0(0.9) 23.5 (1.4) 

Tmean (oC) 29.5 30.9 (1.2) 30.7 (1.2) 30.9(1.4) 30.7(1.2) 30.2(0.7) 30.7 (1.2) 

Rainfall(mm) 10.1 7.3(-28.2%) 8.2(-18.9%) 9.2(8.7%) 15.4(51.9%) 15.6(53.8%) 10.0(1.0%) 

NB: values in bracket indicate temperature change and percentage of rainfall in the future relative to the baseline 

period  
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Figure 5. 5: Mean monthly (a) and annual (b) temperature projections of the Vea catchment 

for the various RCMs in the future (2020-2049) under RCP 4.5 scenario relative to the 

baseline period 

  

A 

B 
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5.3.3 Spatial distribution of rainfall and temperature projections 

The spatial pattern of the projected changes in mean annual temperature and rainfall by the 

ensemble mean in the future (2020-2049) relative to the baseline period are shown in Figure 

5. 6. The mean annual temperature is projected to increase from 28.87 to 28.34oC (baseline) 

to 29.9- 29.5oC (future) with a change in temperature ranging from 1.08 to 1.56 oC.  The 

temperature change (Figure 5.6c) for the future 2020-2049 is higher in the north of the 

catchment compared to the south. The annual rainfall ranges from 910.1 to 966.5mm (1981-

2010), with the highest amount found in the southern and north-western part of the catchment 

(Figure 5.6d). A decrease in annual rainfall of 21.2mm is projected at the center part of the 

catchment (Figure 5.6f) while an increase in rainfall in a range of 46.0mm to 69.0mm is 

projected at the north-eastern and lower part of the catchment.   

 

Figure 5. 6: Spatial distribution of mean annual rainfall and temperature of the Vea catchment 

for the baseline, future and projected changes. 
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5.4  Standardized Anomaly Index of annual rainfall 

The results of the Standardized Anomaly Index (SAI) analysis for annual rainfall for the 

entire catchment and for the individual locations are shown from Figure 5.7a to Figure 5.7p. 

At catchment scale (Figure 5.7P), 47% negative anomalies were observed while 53% positive 

anomalies were observed during the period 1985 to 2016. The year 1990 and 2013 were 

observed to be the most extremely dry years while 1999 and 2003 were the most extremely 

wet period. The years 1989, 1991, 1994, and 2010 were seen as moderately wet (SAI is 

greater than 1.49), while 2000 and 2014 were moderately dry periods. About 57% of the 

locations indicate higher percentage (>50%) of wetter than normal period (SAI greater than 

0.99), 14.3% of locations indicating drier than normal period and 28.6% of locations shows 

equal distribution of wet and dry periods. Table 5.7 shows the distributions of wetter and 

drier than normal periods for the individual rainfall locations and the entire catchment  

 

Table 5. 7: Distribution of wetter and drier periods for the different locations at the catchment 

Rainfall location Frequency of 

drier than 

normal 

Frequency of 

wetter than 

normal 

% of dry 

period 

 

% of wet period 

GRID 1 4 5 44.4 55.6 

GRID 2 5 5 50.0 50.0 

VEA 4 4 50.0 50.0 

GRID 3 6 6 50.0 50.0 

GRID 4 5 6 45.5 54.5 

GRID 5 6 4 60.0 40.0 

GRID 6 6 5 54.5 45.5 

GRID 7 6 6 50.0 50.0 

GRID 8 3 6 33.3 66.7 

GRID 9 5 6 45.5 54.5 

GRID 10 6 5 54.5 45.5 

GRID 11 5 6 45.5 54.5 

GRID 12 5 6 45.5 54.5 

BOLGATANGA 4 7 36.4 63.6 

CATCHMENT 5 6 45.5 54.5 
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Figure 5. 7a: Mean Annual Standardized Anomaly Index from 1985 to 2016 for the 

individual locations (A-H) 
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Figure 5.7b: Mean Annual Standardized Anomaly Index from 1985 to 2016 for the individual 

locations (I-N) and Catchment Scale (P) 
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5.5 Spatio-temporal trend analysis of historical rainfall extremes  

5.5.1 Rainfall intensity indices 

The spatial distributions and MK test statistics for the time series of rainfall intensity indices 

(PRCPTOT, RX1day, RX5day, R95P, R99P, and SDII) for the individual rainfall locations 

(station and gridded) and the entire catchment over the period 1985-2016 are shown in Figure 

5. 8 and Table 5.8 respectively. The trend in annual total wet-day precipitation (PRCPTOT), 

annual maximum 1-day precipitation (RX1day), annual maximum 5-day precipitation 

(RX5day), and very wet days (R95P) were observed to decrease for most of the rainfall 

locations (78%)   with the exception of the upper part of the Vea catchment (GRID 1) that 

shows an increasing trend in all locations. The Intensity indices for the upper Vea location 

(GRID 1) were found to be increasing though not statistically significant at 5% level. 

Besides, the Vea station that recorded a decreasing rate of 2.8mm/year, the magnitude of 

decreasing PRCPTOT for the other locations were quite negligible and not statistically 

significant. At the catchment scale, as shown in Table 5.7, a general decreasing trend in all 

the rainfall intensity indices was found, with the exception of Simple daily intensity index 

(SDII) that shows no trend. The spatial distribution of rainfall intensity indices (Figure 5. 8) 

indicates that PRCPTOT is in the range of 914mm to 990mm and was found to be lowest at 

the central and extreme North-eastern part of the Vea catchment. RX1day, RX5day, and 

SDII, on the other hand, were found to be higher at the south eastern part of the catchment 

but lower in the northern and south-western part of the catchment. 
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Figure 5. 8:Spatial distribution of extreme rainfall intensity Indices from 1986-2016 
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Table 5. 8: MK Trend Statistics of Rainfall Extreme Indices for the historical period 

Indices Vea Bolgatanga GRID 1 GRID 2 GRID 3 GRID 4 

Z slope Z Slope Z Slope Z Slope Z Slope Z Slope 

PRCPTOT -1.18 -2.81 -0.57 -1.46 0.03 0.08 -0.10 -0.13 -0.11 -0.38 0.32 0.68 

R95p -2.48* -3.71 -0.24 -0.25 0.02 0.07 -0.39 -0.74 -1.15 -1.46 -0.78 -1.65 

R99p -1.13 0.00 0.15 0.00 -0.07 0.00 -0.56 0.00 -1.43 0.00 -1.05 0.00 

R10mm -0.47 -0.20 1.04 0.11 -0.24 0.00 -0.18 0.00 1.06 0.12 0.39 0.00 

R20mm -1.62 -0.10 0.26 0.00 -0.20 0.00 -0.41 0.00 0.62 0.00 0.84 0.04 

RX1day -2.51 -0.77 -0.23 -0.06 0.57 0.09 -0.52 -0.18 -0.96 -0.19 -0.86 -0.19 

RX5day -1.43 -0.75 0.39 0.11 0.21 0.07 -0.10 -0.06 -0.32 -0.16 -1.07 -0.34 

CDD -1.18 -1.53 1.48 1.09 0.94 0.57 0.73 0.50 0.19 0.69 0.37 0.35 

CWD 0.87 0.00 -1.33 -0.04 -0.85 0.00 0.10 0.00 -0.24 0.00 0.62 0.00 

SDII -2.87* -0.13 0.47 0.03 0.19 0.03 -1.56 -0.02 0.78 0.54 -0.47 -0.01 

Indices GRID 5 GRID 6 GRID 7 GRID 8 GRID 9 GRID 10 

Z Slope Z Slope Z Slope Z Slope Z Slope Z Slope 

PRCPTOT -0.36 -0.88 -0.21 -0.38 -0.44 -1.10 0.00 0.04 -0.08 -0.39 -0.45 -1.34 

R95p -0.39 -0.65 -0.66 -1.37 -0.97 -1.60 -1.77 -2.23 -0.94 -0.23 -1.30 -2.37 

R99p -0.94 0.00 -1.46 -0.15 -2.04* -1.59 -0.46 0.00 -0.54 -0.22 0.00 0.00 

R10mm 0.52 0.04 -0.08 0.00 0.57 0.04 0.59 0.07 0.00 0.00 0.55 0.05 

R20mm 0.53 0.00 0.10 0.00 -0.18 0.00 0.65 0.03 1.41 0.14 -0.23 0.00 

RX1day -0.84 -0.20 -0.83 -0.09 -1.80 -0.39 -0.36 -0.10 0.38 0.00 -0.37 -0.09 

RX5day -0.31 -0.17 -0.16 -0.05 -0.78 -0.26 -0.31 -0.16 1.96* 0.94 0.06 0.05 

CDD 0.62 0.35 0.41 0.33 1.20 0.71 1.48 0.92 -1.63 -0.04 2.08 1.26 

CWD -1.27 0.00 -0.78 0.00 -1.35 0.00 -1.48 -0.04 -1.15 -1.65 -1.48 -0.05 

SDII -0.29 0.00 0.00 0.00 -0.50 -0.01 0.15 0.00 -0.71 0.00 -0.59 -0.01 

 

 

 

 

 

 

 

NB: * means statistically significant at 5% level, - and + indicates decrease/increase trend respectively 

 

  

Indices GRID 11 GRID 12 Catchment 

Z Slope Z Slope Z Slope 

PRCPTOT -0.79 -2.07 -0.79 -2.07 -0.31 -0.66 

R95p -1.93 -3.59 -1.93 -3.59 -0.08 -0.22 

R99p -1.21 0.00 -1.21 0.00 -1.55 -0.60 

R10mm 0.91 0.13 0.91 0.13 0.99 0.14 

R20mm 0.35 0.00 0.35 0.00 0.39 0.00 

RX1day -0.52 -0.19 -0.52 -0.19 -1.12 -0.23 

RX5day -0.29 -0.14 -0.29 -0.14 -0.92 -0.37 

CDD 1.17 0.61 1.17 0.61 0.29 0.18 

CWD -1.66 -0.06 -1.66 -0.06 -0.18 0.00 

SDII -0.85 -0.02 -0.85 -0.02 -0.26 0.00 
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5.5.2 Rainfall frequency indices 

The results of the temporal trend analysis statistics and spatial distribution of the frequency 

indices which consist of R10mm, R20mm, CWD, and CDD are shown in Table 5.7 and 

Figure 5. 9  respectively. The temporal trend analysis based on Mann-Kendall test indicates a 

non-significant positive trends in the number of heavy precipitation days (R10mm) and the 

number of very heavy precipitation days (R20mm) for most of the locations  (72%) and a 

decrease in trend for 28% of the locations.  R20mm ranges from 30-38days and was observed 

to be highest (36-38days) at the eastern part of the catchment and lowest (30-33days) at the 

central part (Vea station). On the other hand, R20mm which ranges from 10-16days was 

found to be highest (14 -16days) at the central part (Vea station) of the catchment. Similar 

results were noticed for consecutive dry days (CDD) index which shows a non-significant 

increasing trend in 83% of the rainfall locations, with the exception of the Vea station that 

indicates a decreasing trend. Unlike the CDD, negative trends in consecutive wet days 

(CWD) were observed for 83% of the stations within the catchment. The spatial distribution 

of mean annual CWD (Figure 5.9a) ranges from 4 to 6 days with the highest number of days 

found at the upper and lower part of the catchment while the lowest number of CWD is 

recorded at the Vea station. Like the CWD, a similar result was noticed for the number of 

days with heavy precipitation (R10mm) within the catchment. In general, most of the 

frequency indices as shown in Table 5.7 were found to increase at the Vea catchment with the 

exception of CWD that shows a decrease though not significant. 
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Figure 5. 9: Spatial distribution of Frequency of extreme rainfall Indices from 1986 to 2016 

5.5.3 Temperature extreme indices trend analysis 

The MK trend test results (Table 5.9) of temperature indices for the two stations (Vea and 

Bolgatanga) show a general warming trend over the Vea catchment from 1985 to 2016. The 

results show positive trends in the annual number of warm days (TX90p), warm nights 

(TN90p) and warm spells (WSDI) for both stations. TX90p ranges from 10 to 11 days with 

more warming at the southern part of the catchment (Figure 5. 10) while TN90p shows higher 

days of warming during the night in the upper part of the catchment. The Bolgatanga station 

at the southern part of the catchment indicates a decrease in frequency of cool nights (TN10p) 

while the Vea station rather shows an increase. Cold days (TX10p) were observed to be 

increasing for both stations though not significant. The annual maximum value of daily 

minimum temperature or warmest night (TNx) was found to be on the increase from 1985 to 

2016 for both Vea and Bolgatanga stations. In the case of the annual maximum value of daily 

maximum temperature or warmest day (TXx), the Bolgatanga station was found to be on the  

decrease at a rate of 0.28oC per year while the Vea station is on an increase at a rate of 0.46 

oC per year. The spatial distribution of warmest days and nights (Figure 5.10) which ranges 

from 40 to 42 days (TXx) and 28 to 29 days (TNx), shows higher warming at the upper part 

of the catchment. 
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Table 5. 9: MK trend test (Z) statistics and Sen’s slope for temperature Indices 

Indices Vea Bolgatanga 

Z Slope Z Slope 

TX90p 1.99* 0.37 0.19 0.01 

TN90p 0.51 0.11 1.56 0.56 

TX10p 0.12 0.01 1.07 0.17 

TN10p 0.94 0.11 -0.15 -0.02 

TXx 
0.46 0.01 -0.28 -0.01 

TNx 
0.07 0.04 1.15 0.03 

WSD1 0.90 0.00 1.27 0.00 

NB: * means statistically significant at 5% level, negative/positive value indicates 

decrease / increase trend respectively 

 

 

 

Figure 5. 10: Spatial distribution of Temperature extreme Indices from 1985-2016 
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5.6  Rainfall and temperature extremes projections over the Vea catchment  

5.6.1 Extreme rainfall indices projections and trends in the future 

The result of future (2020-2049) extreme rainfall indices (PRCPTOT, CWD, CDD and R99p) 

by the ensemble mean of the climate models under RCP4.5 scenario relative to the baseline 

(1986-2016) period are shown in Figure 5. 11 and Table 5.9. The annual total precipitation 

(PRCPTOT) is projected to increase from 951.9mm to 952.1mm (Table 5.10) with an 

increasing trend at a higher variability at an annual rate of 2.2mm/yr (Figure 5.11a). 

Extremely wet days (R99p) is projected to increase by 29.1mm, however a decreasing trend 

with higher variability in R99p (Figure 5.11d) at a rate of 0.77mm/yr is projected in the future 

2020-2049. Unlike consecutive dry days (CDD) which is projected to increase from 105days 

to 131days, consecutive wet days (CWD) shows a decreasing trend and is projected to 

decrease by 1day in the future 2020-2049. The spatial distribution of the extreme rainfall 

indices (Figure 5. 12) indicate a projected increase in CDD in most part of the catchment with 

the exception of the central part of the catchment that shows a decrease of 5.5 days (Figure 

5.12c). The PRCPTOT is projected to decrease in most part of the catchment except the 

extreme north and south of the catchment which shows an increase of 28.7mm (Figure 5.12f). 

R99p is projected to increase in all part of the catchment especially at the northern and 

southern part of the catchment in a range of 27.7 to 35.7mm (Figure 5.12L). Unlike R99p, 

CWD is projected to decrease in the entire catchment in the range -3.4 to -0.4days (Figure 

5.12I). 

Table 5. 10: Projected changes in climate extreme indices at the Vea catchment 

 

Climate extreme Indices 

Baseline 

(1986-2016) 

RCP4.5 

(2020-2049) 

Change 

PRCPTOT (mm) 951.9 952.1 0.2 

R99p (mm) 46.6 75.7 29.1 

CWD (days) 5.5 4.6 -0.9 

CDD  (days) 105 131.1 26.1 

TXx (oC) 41.5 42.3 0.8 

TNx (oC) 28.9 29.2 0.3 
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Figure 5. 11: Trend analysis of extreme rainfall indices for the future (2020-2049) relative to 

the historical (1986-2016) period 
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Figure 5. 12: Spatial distribution of the projected changes in the extreme rainfall indices 

relative to the baseline (1986-2016) period. 
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5.6.2 Extreme temperature indices trends and projections in the Future  

The time series and trend analysis of extreme temperature indices (TXx and TNx) are shown 

in Figure 5. 13. As shown in Table 5.9, the warmest day (TXx) and warmest night (TNx) are 

projected to increase from 41.5 and 28.9 oC (1986-2016) to 42.3 and 29.2 oC in the future 

respectively with both indices showing an increasing trend. The spatial distribution (Figure 5. 

14) shows an increase in both warmest day and warmest night in the northern part of the 

catchment in the future. Warmest day shows a positive temperature change 0.48 oC which 

was dominant in the entire catchment. Similar positive temperature change was observed in 

warmest night which ranges from 0.43 to 1.26oC with the highest change been noticed in the 

southern part of the catchment.    

 

Figure 5. 13: Trend analysis of extreme temperature indices 
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Figure 5. 14: Spatial distribution of the projected changes in the future (2020-2049) extreme 

temperature indices relative to the baseline (1986-2016) period. 

5.7  Discussion 

The scarcity of long-term and quality climate data suitable for analysis of extremes is 

generally the greatest challenge in the quantification of extreme events in West Africa. This 

study has demonstrated the capability of CHIRPS precipitation data in reproducing the 

current climate of the Vea catchment when compared with the station data over the period 

1990-2016 due to limited and gap-free station data. In general, the CHIPRS data indicated 

high performance in terms of correlation coefficient, Nash-Sutcliffe efficiency, and 

percentage biases, hence its suitability for climate analysis over a similar region in West 

Africa. The good performance of the CHIRPS product may be due to its smaller grid size 

(5km) as it reduces the effect of pixel-to-point comparison (Cohen et al., 2012). The ability of 

CHIRPS data in reproducing the climatology of the study region has also been demonstrated 

by other studies. For example, a study by Mocatar and Zwart (2016), evaluation and 

comparison of satellite-based rainfall products in the sub-region showed that CHIPRS data 

perform well in the study region and hence can be used for further studies. 

The climate extreme analysis based on SAI for the Vea catchment for the period 1985-2016 

indicated the years 1999 and 2007 as the extremely wet years while 1989, 1991, 1996 and 

2010 are all wetter than normal. These findings are in line with Limantol et al. (2016) study 
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at the Vea catchment which indicated that the years 1999 and 2007 recorded the highest 

annual rainfall that led to flood at the study area. Records also show that 1989, 1995, 1999, 

2007 and 2010 were years of widespread flooding in the region (World bank group, 2009, 

UNDP, 2009, NADMO, 2011) that caused a lot of destruction to food crops and settlement. 

A study by New (2006) showed that high frequency of drought events over the period 1988-

212 and especially 2007 and 2010 had the devastating effects on agriculture production and 

contributed towards changing crop patterns at the study region.  Their study observed that 

due to the higher frequency of drought events, more than 57% of farmers in the region have 

shifted from growing traditional crops such as sorghum, millet, groundnuts, and local 

potatoes, to improved and short-duration varieties of maize. 

 The analysis of extreme rainfall Indices based on the Expert Team on Climate Change 

Detection Monitoring Indices (ETCCDMI) showed a general decrease in the intensity and 

magnitude of extreme precipitation indices for the historical period. The frequency of 

extreme rainfall indices was observed to increase at the Bolgatanga station down the 

catchment for the baseline period. The observed trend in the rainfall indices in terms of 

frequency and intensity at the Vea catchment have also been observed in previous studies and 

in other regions worldwide including the West Africa region. For example, a study by 

Mouhamed et al. (2013) found a general tendency of decreased annual total rainfall and the 

maximum number of consecutive wet days in most locations in West Africa. In a similar 

study by M’Po et al. (2017) over the Ouémé basin reported a significant declining in heavy 

and extremely heavy precipitation and annual total wet-day precipitation in most stations for 

the period 1950 to 2014. A study by Omondi et al. (2013) assessed the changes of climate 

extremes within the Greater Horn of Africa (GHA). The results of their study showed a 

significant decrease in total precipitation in wet days greater than 1mm and increasing warm 

extremes, particularly at night, while cold extremes are decreasing. The observed trend in the 

frequency Indices such as decreased in the maximum number of consecutive wet days and 

increase in consecutive dry days agrees with the results obtained by M’Po et al. (2017) in a 

similar climate region. Under, RCP4.5 scenario, annual total rainfall was projected to 

increase in the future. However, this increase was not significant and also exhibited higher 

inter annual variability. The increase in future annual total rainfall was only noticed at the 

extreme ends of the catchment with the greater part of the catchment showing a decrease. The 

study also noted that, despite the increase in extremely wet days, consecutive wet days was 

projected to decrease. The projected decrease in annual total rainfall and consecutive wet 
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days in most part of the catchment is bound to affect the water level in the Vea dam and other 

small dams within the catchment.  

The temperature indices analyzed indicates that the frequency of warm nights and warm days 

has increased over the historical period at the Vea catchment. This result conforms to the 

study of New et al. (2006) that observed an increased in the number of warm days and warm 

nights in West Africa over the period 1961 to 2000. The evidence from the analysis indicates 

that the observed warming over the past years can be attributed to the increase in daily 

minimum temperature rather than daily maximum temperature. The observed increase in the 

daily maximum temperature (TXx) over the period conforms to the temperature trend 

analysis at the Vea catchment from 1972 to 2012 by Limantol et al. (2016) that indicated 

warming of the area. The observed warming during the day (TX90p) and nights (Tn90p) is in 

line with the observed changes at the global scale which indicates the very likelihood of an 

increase in warm days and night (Alexander et al., 2006). A similar result was obtained from 

a study in West African Sahel by Mouhamed et al. (2013) which observed a general warming 

trend throughout the region during the period from 1960 to 2010, mainly through a negative 

trend in the number of cool nights, and more frequent warm days and warm spells. The 

increasing warm extremes at the Vea catchment can be attributed to the upward trends in 

minimum rather than maximum temperatures. A study conducted by Yiran and Stringer 

(2016) at the study area showed that the frequency and severity of diseases and sicknesses 

such as cerebrospinal meningitis, heat rashes, headaches and malaria-related to both dry and 

wet conditions have increased steadily over time. Under RCP4.5 scenario, the projected 

increase in the daily maximum temperature and warmest night in the Vea catchment is bound 

to increase excessive heat which is normally experienced at night. If the increasing trend 

persists, the excessive heat experienced at night may have severe implications for the health 

of the population in the area.  

The results of climate model evaluation for temperature conforms to the study of Bessah et 

al. (2018) at the Pra river basin in Ghana that shows that the 12km higher resolution WRF-

GFDL and WRF-Hadgem models do not really improves the simulation of the mean 

temperature when compared to 50km CORDEX RCMs. One notable observation from this 

study was that in most cases, the multi-model mean agrees more favourably with observation 

for the historic 1981-2005 period and this has been long recognized to hold for surface 

temperature and precipitation (Lambert and Boer, 2001). The bias-corrected RCMs (Annex 
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1c) shows an improvement compared to the raw RCMs simulations, especially the mean 

monthly temperature and rainfall which indicate no biases after correction (Teutschbein and 

Seibert, 2012). The indication is that if the biases were not corrected, it could have affected 

the prediction of future climate projections as well as the overall outcome of the future 

climate extremes of the study area. This point to a strong consistency with earlier studies that 

observed that uncorrected RCM simulated data were often a great source of uncertainty in the 

application of such data (Teutschbein & Seibert 2012). The finding of the rainfall projection 

in the Vea catchment is in line with previous studies in the same region.  For example, 

Obuobie (2008) projected an increase in mean annual rainfall in the White Volta basin by 6% 

in the future 2020-2039 relative to the baseline (1991-2000) period. Similar result was also 

obtained by the study of Awotwi et al. (2015) that projected in the same White Volta basin, 

an increase in mean annual rainfall of 8% by the future 2030-2043 using REMO Regional 

Climate Model. The projection for temperature is similar to the previous study in the sub-

region which indicated that July-September is a cooler period while February-April is a 

warmer period (Bessah et al., 2018). Although, the uncertainties associated with climate 

change projections and impact on extreme indices using RCMs cannot be under-emphasised. 

However, this was minimized by using the ensemble mean of the climate models which was 

noticed to performed reasonably well during the model validation period. 
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Chapter 6 : Climate and land use change impact on water balance components 

This chapter presents the findings obtained from the analysis of the water balance 

components at the Vea catchment using the SWAT model. The results consist of: (a) SWAT 

model calibration and validation, (b) analysis of surface runoff under different land use and 

slopes types, (c) water balance components analysis under the current land use map and (d) 

impact of climate change under RCP4.5 scenario, and two scenarios of land use change 

(BAU and afforestation) on the water balance components of the Vea catchment.    

6.1 Sensitivity, calibration and evaluation of SWAT model prediction performance 

A total of 13 parameters were selected and presented together with their final fitted values for 

the stream flow simulation with the SWAT model (Table 6.1). Generally, hydrological 

models are sensitive to parameters related to soil, weather, vegetation, land management, and 

channels (Arnold et al., 2000). The average slope steepness (HRU_SLP), SCS runoff curve 

number (CN2), baseflow alpha factor (ALPHA_BF), soil evaporation compensation factor 

(ESCO) and the threshold water depth in the shallow aquifer for return flow to occur 

(GWQMN) emerged as the most sensitive parameters for the Vea catchment. Similar results 

were reported by a number of studies in the same region using the SWAT model (Obuobie, 

2008; Kankam-Yeboah et al. 2013; Guug, 2017). The comparison between the observed and 

simulated daily stream flows for the SWAT model calibration (2014 – 2015) and validation 

(2013) periods are shown in Figure 6. 1 and Figure 6. 2 respectively. The values for R² and 

NSE for the calibration period were 0.75 and 0.59 respectively, whereas for the validation 

periods 0.71 and 0.52 were found respectively. The PBIAS values were 10.25% and -18.5%, 

during calibration and validation periods respectively indicating underestimation and 

overestimation of streamflow, respectively. Nevertheless, an overestimation of streamflow 

according to Watson et al. (2005) and Rouhani et al. (2009) can be attributed to a delay in 

routing as SWAT does not route overland flow, but uses a simple surface runoff storage 

feature to lag a portion of the surface runoff released to the main channel. Nevertheless, 

according to Moriasi et al. (2007), a hydrological model can be considered as satisfactory if 

NSE > 0.50, R2 > 0.60, and PBIAS is within ±25% for streamflow, which means that the 

results obtained from this study are within the acceptable range. This is also in line with 

calibration results of previous SWAT modelling studies at the study region (e.g. Obuobie, 

2008; Kankam-Yeboah et al., 2013; Awotwi et al. 2014). In addition, the hydrological 

balances produced by the SWAT model in this study are close to values found for small 
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Sudanian catchments in the study region (Oguntunde, 2004; Martin, 2005). The obtained 

model statistics results therefore provide a reasonable support for the model’s ability to 

describe water balance components of the Vea catchment. 

 

Table 6. 1: Input parameters and bounds, sensitivity ranking and calibrated values by the 

SWAT model for the Vea catchment 

Parameters Description Lower/ 

upper 

bounds 

Fitted 

values 

Sensitivity 

Rank 

R_CN2.mgt_AGRL 

R_CN2.mgt_RNGE 

R_CN2.mgt_ FRST 

Curve number for cropland, 

Curve number for grassland 

 Curve number for 

forest/mixed vegetation 

35-90 72.5 

73.5 

69.0 

2 

V_ESCO.hru Soil evaporation compensation 

factor 

0.0-1.0 0.42 4 

V_GWQMN.gw Threshold depth of water in 

the shallow aquifer for return 

flow to occur (mm ) 

0.0-5000 2200 7 

SURLAG.bsn 

 

Surface run-off lag time (days) 0.0-24 2 12 

V_GW_REVAP.gw Groundwater revap coefficient 0.02-0.2 0.02 9 

V_ALPHA_BF.gw Baseflow alpha factor (days) 0.0-1.0 0.02 3 

V_GW_DELAY.gw Groundwater delay (days) 0- 500 33 10 

R_GW_SPYLD.gw Specific yield of the shallow 

aquifer (m3/m3) 

0.0-0.4 0.0036 11 

R_RCHRG_DP.gw Deep Aquifer percolation 

coefficient 

0.0- 1.0 0.25 13 

HRU_SLP Average slope steepness 

(m/m) 

0.0-1.0 0.014 1 

SLSUBBSN.hru Average slope length (m) 10-150 121.9 6 

R_REVAPMN.gw Threshold depth of water in 

shallow aquifer for “revap” to 

occur 

0.0-1000 550 5 

R_EPCO.hru Plant uptake compensation 

factor 

0.0-1.0 0.02 8 

 R: parameter value is multiplied by 1+given value, V: parameter value is replaced by the 

calibrated value  

 

Figure 6. 1: Simulated vs. Observed daily discharge for calibration period (2014-2015) at 



   

93 

Sumbrugu gauge station, Vea catchment 

 
Figure 6. 2: Simulated vs. Observed daily discharge for validation period (2013) for 

Sumbrungu gauge station, Vea catchment 

 

6.2 Mean annual and monthly water balance components analysis  

The mean annual simulated water balance components from the baseline model run as a 

proportion of the mean annual rainfall is shown Figure 6. 3. The results show that 75% of the 

mean annual rainfall (954.5mm) is lost to ET in the catchment during the model simulation 

period (1993-2017). The WYLD component of the water balance constitutes about 15% of 

the rainfall (139.1mm), of which Q_surf accounts for 8.6%, while Q_gw and lateral flow 

accounts for 3.4% and 1.4% respectively. The recharge to the shallow aquifer (W𝑟𝑐ℎ𝑔,𝑠𝑎) is 

simulated to be 12.1% (115.1mm) and 4% for deep aquifer recharge. The results obtained 

from this study are in line with other previous studies such as Obuobie, 2008, Guug, 2017, 

Martin, 2005, Friesen et al., 2005. For example, a very high actual evapotranspiration (ET) 

within the range of 73-75%, runoff in the range of 10-17% and shallow aquifer recharge (7-

13%) for the year 2003 were obtained by a study conducted by Martin (2005) using a simple 

spreadsheet-based soil water balance method for Atankwidi catchment (a 275 km2 sub-

catchment of the White Volta in northern Ghana) which is adjacent to the Vea catchment. 

Similarly, Ibrahim et al. (2015) determined the water balance for the Vea catchment, from 

water budget modelling using the GR2M model, for the period 1970–2000 and found that 

about 74.6% of the mean annual rainfall (980mm) constitutes actual evapotranspiration, with 

runoff and recharge constituting 11.9% and 12.9% of the annual rainfall, respectively. 

In terms of mean monthly distribution of the simulated water balance components (Figure 

6.3b), it was found that potential evapotranspiration (PET) exceeds rainfall in most of the 

months except July, August and September, which record the highest monthly rainfall of 
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173.3mm, 266.2mm and 175mm, respectively. The ET increases steadily as rainfall increases 

during the season and decreases as the season approaches the dry season. During the first 6-9 

weeks from the rainfall onset month (April), the model simulates rainfall being entirely 

utilised by ET and the replenishment of soil moisture storage. The surface runoff therefore 

becomes important only after this first period of approximately 2 months, it peaks together 

with the water yield in the month of August when the rainfall is highest. It is worth 

mentioning that the wet season is from May to October but the water yield extends to 

December due to groundwater baseflow (also see Guug, 2017). 

 

Figure 6. 3: Water balance components from 1993-2017 for the Vea catchment at (a) annual 

scale as a proportion of rainfall (b) monthly scale 

 

6.3 Water balance distributions for the different land use/land cover types  

The analysis of simulated mean annual water balance components under different land 

use/cover types show that, the lowest average annual Q_surf is from forest/mixed vegetation, 

whereas the highest values occur on grassland followed by cropland at the catchment scale 

(Table 6.2). Grassland which covers about 26.9% of the catchment has a mean annual Q_surf 

of 100.3mm, followed by cropland of 88.5 mm, and the lowest Q_surf of 56.2mm by 

forest/mixed vegetation. The actual evapotranspiration (ET) is observed to be higher in 

forest/mixed vegetation with a value of 720.5mm but lower in cropland. The contribution of 

rainfall to 𝑄𝑔𝑤is observed to be high in forest/mixed vegetation (7.7%) but low in grassland 

(4%). At HRU level (Table 6.3), rainfall contribution to groundwater recharge at the Vea 

catchment was found to be high for forest/mixed vegetation (17.6%), followed by cropland 

(15.4%) and grassland (14.5%). The simulated water yield for the catchment shows no 

distinctive difference at the HRU level for the different land use/cover types.  
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Table 6. 2: Mean annual water balance components simulated by SWAT under different land 

use/cover types at catchment scale 

LULC rainfall 

(mm) 

Q_surf (mm) 𝑄𝑔𝑤 (mm) ET (mm) 

Cropland 949.3 88.5(9.3%) 50.5 (5.6%) 700.5 (72.9%) 

Forest/mixed 

vegetation 

972.87 56.2 (5.8%) 74.3 (7.7%) 720.1 (74.0%) 

Grassland 951.45    100.3(10.5%) 37.9 (4.0%) 698.8 (73.4%) 

NB: Percentage rainfall contribution in the bracket 

 

Table 6. 3: Mean annual water balance analysis by different land use/cover at HRU level 

from 1993 to 2017 

LULC Rainfall(mm) D𝑝_𝑟𝑒𝑐ℎ (mm) (W𝑟𝑐ℎ𝑔)(mm) WYLD (mm) 

Cropland 149.1 5.7 (3.8%) 22.9 (15.4%) 28.6(19.1%) 

Forest/mixed 

vegetation 

150.9 6.6(4.4%)    26.6 (17.6%) 28.8(19.1%) 

Grassland 149.8 5.4 (3.6%)    21.7 (14.5%) 27.8(18.9%) 

NB: percentage rainfall contribution in the bracket 

  

6.4  Comparison between plot scale and SWAT simulated surface runoff 

To understand the effect of different LULC types on the surface runoff generated at the Vea 

catchment, comparisons were made between the catchment and plot scale (Table 6.4). At 

catchment scale, the SWAT simulated surface runoff for the different LULC types shows 

that, grassland which covers about 26.9% of the catchment is characterized by a higher 

surface runoff (11.0% of the total rainfall), followed by cropland and forest/mixed vegetation 

of 9.0% and 6.0% respectively. Similar observation was made at the plot-scale level (80m2) 

as shown in Table 6.4, it was observed that grassland was characterized by higher surface 

runoff (389mm) compared to cropland (groundnut and sorghum) of 258mm. Comparison 

between plot scale measured surface run-off /rainfall ratios with the catchment scale 

simulated equivalents indicates higher measured than SWAT-simulated surface 

runoff/rainfall ratios (Table 6.4). In grassland, the measured plot-scale ratio was 0.47 while 
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0.11 was obtained at the modelled catchment scale. The surface runoff/rainfall ratio for 

cropland (sorghum and groundnut) was 0.31 at plot-scale compared to an average of 0.16 at 

catchment scale. A study by Martin (2005) found similar results when investigating recharge 

in a small watershed at the study region: average surface runoff coefficients were higher 

(0.23 to 0.39) for three plots investigated within the watershed, but only 0.07 for the complete 

watershed, based on model simulation results. The conclusion drawn by Martin (2005) was 

that, during a heavy rain event, water that initially runs off as surface flow gathers in small 

depressions in the micro-relief, from where some fraction evaporates and the remainder 

infiltrates. 

Table 6. 4: Surface runoff generated for the different LULC types 

LULC catchment scale mean annual values  Plot scale values for the year 2017 

Rainfall (mm) Q_Surf(mm) Ratio Rainfall Q_Surf (mm) Ratio 

Cropland 949.3 88. 5 0.09 816.52 258 0.31 

Grassland 951.45 100.3 0.11 816.52 389 0.47 

Forest/mixed 

vegetation 

972.87 56.2 0.06 -------- ------- -------- 

 

6.5 Surface runoff generation under different classes of Slope 

The various contributions of the different slope classes to Q_surf generation in the Vea 

catchment was also analyzed (Table 6.5). Slope class 5-8%, which occupies 16.6% of the 

total catchment, generated the highest Q_surf by contributing 28.3% of the total surface 

runoff generated at the HRU level. The slope class 0-5% accounts for the largest part of the 

catchment (48%) and contributes 27.3% of the total Q_surf. The highest slope class (>15%) 

occupies the smallest catchment area of 12.6% and has the smallest contributions to total 

catchment Q_surf generation (16.76%). The Q_surf is expected to increase with increasing 

slope, however, there was not much difference in the Q_surf generated among the various 

slope classes. Thus, most of the catchment Q_surf generation occurred on slopes ranging 

between 0 -15%, with an average surface runoff of 8.6% of rainfall, which is nearly equal to 

the entire catchment surface runoff ratio (8.6%) generated. 
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Table 6. 5: Surface runoff generated at HRU level for the different Slope classes from 1993-

2107 at the Vea catchment 

Slope Class (%) Slope coverage 

(%) 

Q_surf generated 

(% of rainfall) 

% total catchment 

Q_surf 

0-5 47.98 7.79 27.29 

5-8 16.58 7.05 28.33 

8-15 22.82 6.87 27.61 

>15 12.62 4.17 16.76 

 

6.6  Climate change impact on water balance components 

6.6.1 Analysis of climate change impact on water balance components 

The results for climate change scenario (RCP4.5) impact on the mean monthly and annual 

surface run-off, water yield, and actual evapotranspiration by driving the calibrated SWAT 

model with the ensemble mean are shown in Figure 6. 4 and Table 6.6. The projected 1.3oC 

increase in mean annual temperature in the future (2020-2049) resulted in an increase in 

actual evapotranspiration (ET) by 9.0% respectively, relative to the SWAT simulated period 

(1990-2017) (Table 6.6). The evaporative fraction (ET/rainfall) increased from 74.3% in the 

current climate to 80% in the future, indicating a trend towards a dryer climate and reduced 

runoff despite a positive rainfall scenario. The reduction in water yield and surface runoff by 

42.8% and 29.1% respectively, can be attributed to the increase in temperature and the 

subsequent increase in ET, indicating the sensitivity of water yield and surface runoff to 

climate change. Similar findings of a decrease in streamflow by 21.6% and 50.1% for the 

2020s and 2050s respectively at the White Volta basin due to temperature increase have been 

reported by Kankam-Yeboah et al. (2013). In the same White Volta basin where the Vea 

catchment is located, Awotwi et al. (2015) also found that an increased in temperature of 1.7 

oC caused an increase in actual evapotranspiration by 6%. In contrast, Adeyeri et al. (2019b), 

Trenberth et al. (2003) and Berg et al. (2009) stated that increasing temperature enhances 

heavy precipitation intensity through increased atmospheric moisture. 

At the monthly scale, there is observable changes in the water balance components between 

the baseline and the future period (Figure 6.4). The mean monthly ET in 2020-2049 would 

increase for all the rainy season months (Figure 6.4b). This increase in ET translated into a 
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decrease in surface runoff and water yield in the future over the same rainy season period 

(Figure 6.4c and 6.4d). The highest ET recorded in the month of August can be attributed to 

the highest rainfall and more transpiration by crops as a result of vegetation growth and 

development, while the lower ET recorded in the month of November (end of rainy season) is 

due to the end of the growing season of crops. In the catchment, the calculated ET-rainfall 

ratio of 74.3% is an indication that, water loss in this area is dominated by ET processes. 

Table 6. 6: Mean annual water balance components in the future (2020-2049) under RCP 4.5 

scenario from the baseline (1990-2017) period 

 

Simulation 

period 

Water Balance Components  

Rainfall 

(mm) 

ET  (mm) PET (mm) Surface runoff 

(mm) 

Water yield (mm) 

1990-2017 954.5 709.5 (74.3) 1989.3 82.5 (8.6) 177.8 (18) 

2020-2049 966.9 773.7 (80.0) 2003.9 47.2 (4.7) 125.6 (13) 

Changes (%) 1.3 9.0 0.7 -42.8 -29.1 

NB: Values in bracket indicate the percentage of rainfall 

 

Figure 6. 4: mean monthly water balance components under baseline (1990-2017) and future 

(2020-2049) climate change scenario RCP4.5 
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6.6.2 Spatial analysis of climate change impact on water balance components 

The spatial distribution of the projected changes in the simulated water balance components 

(Figure 6.) shows an increase in rainfall, mostly at the northern and southern part of the 

catchment, but a decreases in the central part of the catchment (Figure 6.5c). The actual 

evapotranspiration varies across the study area from 671.7mm in the south to 1102.5mm in 

the north for the historical (Figure 6.5d) period and from 728mm to 1019mm in the future 

period. Due to temperature and land cover variation, ET is projected to increase in the 

catchment especially in the southern part where higher temperature change is projected 

(Figure 6.5f). Though there was a slight increase in mean annual rainfall over the two 

periods, however, surface runoff and water yield were observed to decrease in the Vea 

catchment (Figure 6.5i and 6.5l), and this can be attributed to the balance of water input and 

atmospheric demand. Both the water input (rainfall) and atmospheric water demand (potential 

evapotranspiration) increased between the period of 2020-2049. The catchment is also 

classified as a semi-arid area with high temperature and evaporative demand. Hence, the 

available rainfall does not fully satisfy the atmospheric demand. The slight increase in rainfall 

was accompanied by an increase in both actual and potential evapotranspiration due to an 

increase in mean annual temperature which further raised the atmospheric water demand. The 

increase in actual evapotranspiration in the future 2020-2049 explains the decrease in surface 

run-off and water yield at the catchment. Thus, an increase in the fractional 

evapotranspiration result in a decrease in the runoff efficiency as more of the precipitation is 

used for evapotranspiration (Rasmussen et al., 2014). 
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Figure 6.5: Projected changes in the mean annual water balance components between the 

baseline period (1990-2017) and the future period (2020-2049) 
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6.7 Land use/land cover change scenarios impact on the water balance components 

6.7.1 Analysis of LULC change scenarios impact on the water balance components 

In assessing the impact of the two LULC change scenarios on the components (actual 

evapotranspiration, surface run-off, water yield and groundwater recharge) of the water 

balance, a separate simulation of the SWAT model were performed by maintaining the 

calibrated parameter values and the climate of the present time period constant. The SWAT 

simulated mean annual water balance components for the two LULC scenarios were 

compared with the 2016 LULC to explore their temporal (Table 6.7) changes in the Vea 

catchment. At monthly scale (Figure 6.5) under BAU scenario described in section 4.2.2, the 

ET was lower than that of the baseline in the rainy season (May-Oct.) and higher in the dry 

season (Nov-April). Under the afforestation scenario, however, the ET was higher than that 

of the baseline for October-June and lower in the peak period of the rainfall season (July-

Sept). In contrast, Qsurf and WYLD were higher in the raining season (May-October) under 

BAU scenario, especially during August, but lower under the afforestation scenario. In the 

case of groundwater recharge, both scenarios of land use change showed an increase, with the 

increase being more pronounced under the afforestation scenario. 

At annual scale under BAU scenario, the mean annual ET decreased from the baseline 

condition of 709.5 mm to 689.8mm in 2025 with increasing cropland, but mean annual 

surface runoff and water yield increased, while groundwater recharge increased slightly 

(Table 6.7). In contrast, the opposite impact on ET was obtained under the afforestation 

scenario, which showed a slight increase in ET by 0.5% in the year 2025, whereas surface 

runoff decreased by 23%. The mean annual water yield is projected to decrease by 16.7% 

while groundwater recharge would increase by 21.1% (Table 7.2).  
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Figure 6.5: mean monthly water balance components under different scenarios of land use 

change 

6.7.2 Spatial analysis of LULC change impact on water balance components 

The SWAT simulated mean annual water balance components for the period 1990-2017 for 

the two LULC scenarios were compared to explore the spatial pattern (Figure 6. ) in the Vea 

catchment. The annual ET ranges from 671mm to 1102mm in the baseline period (Figure 

6.6a) with the northern part showing higher ET above the mean annual value of 709.5mm. 

Under BAU scenario, a considerable part of the catchment shows ET values within the range 

of 625 and 710mm which is below the mean annual baseline ET value, with very small 

portion (extreme north and north-central) of the catchment having ET value above the long 

term mean value respectively (Figure 6.6b). However, under the afforestation scenario, the 

ET shows an increase in the north-central part of the catchment (Figure 6.6c). Comparison 

between Q_surf generation under the two scenarios of land use change relative to the baseline 

land use (Figure 6.6g-6.6i) show an increase in Q_surf in most parts of the catchment (BAU 

scenario) but a decrease in the southern and northern parts of the catchment (afforestation 

scenario). The WYLD is simulated to be higher in the north eastern and the southern part of 

the catchment (Figure 6.7s-6.7u), increases in the central part of the catchment under BAU 

scenario (Figure 6.7t), but decreases considerably in the entire catchment for the afforestation 
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scenario (Figure 6.7u). Recharge to groundwater was found to be higher in the southern part 

of the catchment (Figure 6.7m) under the baseline LULC, but increases in the northern part of 

the catchment (Figure 6.7n and 6.7o) for both scenarios of land use change. 

6.8 Impacts of combined climate and land use change scenarios 

In reference to the results discussed in the sections 6.5 and 6.6, an overview of combined land 

use and climate change scenario effects on the water balance components are presented in 

Table 6.7 and Figure 6.6 and Figure 6.7. Two different combined climate and land use 

change scenarios, namely BAU+RCP4.5 scenario and afforestation + RCP4.5 scenarios were 

considered. ET was observed to increase in both scenarios with a pronounced increase of 

18% under the afforestation + RCP4.5 scenario. However, the other water balance 

components such as surface runoff, water yield and groundwater recharge were found to 

decrease for both scenarios of climate and land use change. The spatial distribution of ET 

ranges from 726-878mm for BAU+RCP4.5 scenario (Figure 6.6k), and 801 to 938mm for 

afforestation+RCP4.5 (Figure 6.6l). The decrease in the surface runoff was noticed to be in 

the central part of the catchment for the combined scenarios as shown in Figure 6.6k and 

Figure 6.6l. 
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Table 6. 7: Mean annual water balance components under climate and LULC change 

scenarios 

 

Simulation 

period/scenario type 

Water Balance Components  

Rainfall 

(mm) 

ET   

(mm) 

GW_recharge 

(mm) 

Surface runoff 

(mm) 

Water yield 

(mm) 

1993-2017 954.5 709.5 (75) 115.1(12.1)  82.5(8.6) 177.8 (18) 

2020-2049 (RCP4.5) 966.9 773.7 (80.0) 135.7 47.2 (4.7) 78.7 (8.1) 

Changes (%) +1.3 +9.0 -17.9 -42.8 -29.1 

BAU 954.5 689.8  132.8 97.9 193.8 

Changes (%) for BAU  ------ -2.7 +15.3 +18.7 +8.4 

Afforestation 954.5 714 147.4 66.3 162.6 

Changes (%) ------ +0.6 +28.1 -23% -15.7 

BAU+RCP4.5 966.9 767.1 113.8 47.9  126.4 

Changes (%) +1.3 +8.1 -1.1 -41.9 -28.9 

Afforestation+RCP4.5 966.9 840 61.8 31.6 64.5 

Changes  +1.3 +18.3 -46.4 -61.7 -64.8 

NB: Values in bracket indicate the percentage of rainfall 
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Figure 6. 6: Impacts of land use and climate change on evapotranspiration and surface runoff 

in the Vea catchment 
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Figure 6. 7: Impacts of land use and climate change on groundwater recharge and water yield 

in the Vea catchment 
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6.9 Discussion 

The impact of LULC change scenarios on water balance components at the Vea catchment 

was analyzed. The findings obtained from this study show that land use and climate change 

change plays an important role in the water balance of the Vea catchment, indicated by an 

increase in water yield due to cropland expansion. The 2.5% decrease in ET under BAU 

scenario, though not substantial, can be attributed to the decrease in forest/mixed vegetation 

from 44.2km2 to 36.4km2 due to the increase in cropland. A possible reason is that, under the 

2016 LULC condition, ET was simulated to be slightly higher in the forest/mixed vegetation 

(74.2%) than in cropland (73.2%). Zhang et al., (2012) indicated that a decrease in forest 

cover reduces ET from both canopy interception and plant transpiration. Similar result was 

obtained by Schilling et al. (2008) which found out that increasing corn production at the 

Raccoon River watershed in west-central Iowa decreased annual ET and increased water 

yield. The ET increased under the afforestation scenario because the surface runoff that 

infiltrates into the soil appeared to be captured by low soil moisture condition which result in 

higher potential ET (Schilling et al. 2008).                          

The results obtained for Q_surf under the BAU (+18.7%) and afforestation (-23%) scenarios 

can be attributed to the change in distribution of cropland and grassland in the Vea catchment. 

Within the baseline model run, a higher Q_surf was simulated for grassland (100mm), 

followed by cropland (89mm) and forest/mixed vegetation (56mm). As highlighted in section 

4.1, the projected major LULC change in the Vea catchment is conversion of forest/mixed 

vegetation to cropland and grassland under BAU scenario. With forest/mixed vegetation, 

greater ground surface roughness reduces runoff generation and enhances infiltration 

(Mwangi et al. 2016).  

In addition to ET and Q_surf, the impacts of LULC change on water yield and groundwater 

recharge were assessed. The results obtained for water yield under the BAU (+9.1%) and 

afforestation (-18%) scenarios are in accordance with those of other studies such as De 

Moraes et al. 2006; Coe et al. 2009, Dos Santos et al. 2018. In the Goseng catchment, 

Nugroho et al. (2013) found that surface runoff and water yield (discharge) increased at the 

Goseng catchment due to lower extent of vegetation cover. This has also be noted by Li et al. 

(2018) which found that vegetated land has relatively lower water yield coefficients due to 

higher rates of water infiltration. In the Mara River Basin in East Africa, Mwangi et al. 

(2016) noticed that with forest/mixed vegetation, greater ground surface roughness reduces 
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runoff generation and enhances infiltration. Similar result was shown by López-Moreno et al. 

(2013) which found that an increased in forest cover in the Upper Aragón River basin caused 

a decrease in annual streamflow by 16%. Moreover, our results also indicated that within the 

baseline model run, lower surface runoff was simulated under forest/mixed vegetation 

(56mm) compared to cropland (89mm) and grassland (100mm) which covers greater part of 

the study area. The groundwater recharge increased by 11.6% under BAU scenario with the 

increase partly attributed to infiltration caused by cropland expansion and the decrease in ET. 

When forest is transformed into cropland, due to land management practices such as soil 

tillage as well as mulching, infiltration capacity is relatively maintain. Consequently, a 

fraction of rainfall is transformed into recharge thereby replenishing the groundwater reserves 

in the rainy season. The results obtained from this study are also consistent with the findings 

from other studies such as Bewket and Sterk, (2005) and Costa et al., (2003) which have 

confirmed that LULC change such as the conversion of forest to agriculture and urban areas 

can increase the rates of Qsurf and groundwater recharge. According to Warburton et al. 

(2012), the expansion of forest and shrub cover reduces catchment yields and increases 

storage capacity, which confirms the increased in recharge obtained in this study under 

afforestation scenario. 
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Chapter 7 : General conclusion and perspectives 

7.1 Conclusions 

Water is an essential natural resource, available in limited quantities, but is exposed to 

climate and land use/land cover change. The understanding of catchment hydrological 

processes and suitable catchment scale model development are vital for water resources 

development and management. The soil and water assessment tool (SWAT) was configured 

for the Vea catchment to study the water balance components under different LULC and 

climate change scenarios. This study undertook small catchment scale investigation that 

resulted in better understanding of, (i) predicting the changes in LULC of the Vea catchment 

based on different LULC change scenarios, (ii) the impact of Representative Concentration 

Pathways (RCP4.5) climate change scenario on rainfall, temperature and climate extremes in 

the future 2020-2049, and (iii) the impact of climate and LULC change scenarios on the 

water balance components. The historical (1990-2016) LULC changes analysis showed an 

expansion in cropland at the expense of natural vegetation (forest/ mixed vegetation and 

grassland). Population growth, increase in settlement areas and the small-holder farming 

system practiced in West Africa with lack of agricultural intensification- related policy 

initiatives are potential causes of cropland expansion. The outcome of the study also attests to 

the conclusions drawn from previous studies that indicated the issue of ongoing deforestation 

or loss of vegetation cover in the study area. Climate extremes using the Standardized 

Anomaly Index and Indices from Expert Team on Climate Change Detection Monitoring 

Indices (ETCCDMI) for the Vea catchment from 1985 to 2016 using stations and gridded 

data were analyzed. The study revealed that the CHIRPS data was also able to mimic both the 

seasonal and annual rainfall pattern of the study area reasonably well indicating its capability 

for further usage in other analysis at the study location. The catchment was noticed to have 

experienced a high frequency of drier years as compared to wetter years over the study 

period. The trend in rainfall and temperature extremes indices obtained in this study indicates 

that the climate of the Vea catchment is moving towards a drier and warmer climate. The 

climate extreme study outcome indicates a decrease in the intensity of extreme precipitation 

events over the catchment during the study period of 1985 to 2016. Most of the frequency of 

extreme rainfall indices was rather observed to be on an increase especially in the southern 

part of the catchment. The study also revealed that almost all temperature indices point to a 

general warming trend in the day and night during the study period. The observed warming 
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trend means a higher evaporation rate from water bodies and irrigated crops while the higher 

frequency in extreme rainfall events indicates the tendency of flood events. The outcome of 

this study gives an insight into the issue of drought/ flood intensities and frequencies over the 

past years in the study area. 

The Soil and Water Assessment Tool (SWAT) was configured for the Vea catchment to study 

the water balance components by driving the model with both station and gridded data. The 

simulated water balance components provide baseline understanding of the hydrological 

processes to deal with water management issues at the catchment. In the catchment, the study 

observed that grassland is characterized by high surface runoff of about 10.2% of the total 

rainfall, compared to forest/mixed vegetation which accounts for about 7.1%. Similar 

observations were also made at plot scale with grassland generating high surface runoff at the 

Aniabisi site within the catchment. Contribution to groundwater recharge at the Vea 

catchment was found to be high for forest/mixed vegetation, followed by cropland and 

grassland. The catchment generally exhibits gentle slopes, hence there was no significant 

difference between the surface runoff generated by the different slope classes considered in 

the study. 

The impact of climate change based on the RCP 4.5 scenario on future climate and extremes, 

and the water balance components (evapotranspiration, surface runoff, groundwater recharge 

and water yield) for the period 2020-2049 based on an ensemble mean of five climate models 

were also studied. An evaluation of the performance of the climate models with time-series 

based metrics shows that, SDSM-DC simulated reasonably well the mean monthly 

temperature in the Vea catchment compared to CORDEX RCMs and WRF models, while 

rainfall was well simulated by the WRF models. The projection of rainfall is subject to 

uncertainty and variability, but 50% of the models projected an increase in annual rainfall for 

the catchment. The catchment is expected to be subjected to much warming especially in the 

dry season as indicated by all the models. The situation becomes critical due to the projected 

increase in scenario ET/rainfall ratio which indicated a trend toward a dryer climate despite a 

positive rainfall. This study indicates that climate change would affect the hydrology of a Vea 

catchment even under a moderate greenhouse gas emission scenario (RCP 4.5). The increase 

in temperature translated into a decrease in the mean annual water yield and surface runoff by 

29.3% and 42% respectively, indicating the vulnerability of the catchment to future water 

availability. The projections from the climate models over the catchment can be used as a 
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framework by water managers and policy makers in the development of water resources 

planning and adaptation strategies at the catchment. Under climate an LULC change 

scenarios impact, groundwater recharge increased under both scenarios of land use change 

but decreases under RCP4.5 scenario of climate change, surface runoff was found more 

sensitive to climate change (-42% changes) than land use change under BAU (+18 change) 

and afforestation scenarios (-23% change), followed by Water yield which under climate 

change decreased by 29.3% compared to +8.4% and -15.7% changes under BAU and 

afforestation scenarios of land use change respectively. The actual evapotranspiration was 

found to be less sensitive to land use change (-2.5 and +0.5 % changes) than climate change 

(+9% changes). The decrease in water yield and surface runoff by 29.3% and 42% 

respectively would decrease the availability of water resources for different usages indicating 

the vulnerability of the Vea catchment to future water availability as a result of climate 

change. The increase in groundwater recharge under both scenarios of LULC change would 

increase the availability of groundwater resources for different usages. The SWAT model 

results provide the projected distributions of the various water balance components under 

different scenarios which is relevant to the Water Resources Commission (responsible for 

water resources management in Ghana), Irrigation Company of Upper Regions  (managers of 

the Vea irrigation scheme), and relevant District Assemblies Authorities, in planning for 

future land use and water resources. The findings are also relevant in filling in the knowledge 

gaps on the water balance of small scale semi-arid catchments, and the implications of LULC 

changes on the water resources of such catchments. 

7.2  Perspectives or Future works 

The application of the Land change Modeler (LCM) to predict the future LULC condition of 

the Vea catchment indicated an acceptable degree of accuracy. One of the limitations of the 

LCM model is its inability to integrate socio-economic data which are relevant in land use 

modelling. Future study can employ other land use models that allows socio-economic data, 

land policy, biophysical and human factors (population density, technology, political) for 

future LULC prediction for the Vea catchment. The 12km regional climate models 

simulations provides future data for only RCP4.5 scenario. This compelled the current study 

to assess climate change impact on the water balance components for only one scenario. 

Future study can look at the impact of climate on the water resources of the catchment by 

considering the RCP8.5 scenario. During the cause of the study, availability of long period of 

discharge data required for hydrological model calibration and validation was a challenge at 
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the Vea catchment. There is therefore the need for better monitoring of data acquisition, 

including stream flow for the Vea catchments. Installation of rain gauge for flow 

measurement at the main outlet of the catchment is necessary to ensure that there is enough 

data for hydrological model calibration and validation. In addition, the calibration of the 

SWAT model can also be re-perform in the case when there is enough flow data spanning 

several years to ensure or confirms the model’s ability to reflect the catchment’s hydrology, 

and is validity for both dry and wet years. Also, future works should focus on the interaction 

between uncertainties associated with the scenarios data and the model structural errors. This 

will help to clearly quantify the uncertainties associated with the outputs from the climate and 

LULC change scenarios impacts on the water balance components which are not investigated 

in this work. Lastly, this study recommends the need to construct more cost effective small 

reservoirs for harvesting runoff water due to the projected increase in intensity and frequency 

of extreme rainfall. Water use efficiency technology (e.g. drip irrigation) can be promoted as 

part of effective management of the water resources. 
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Annex 

Annex 1a: Biases in mean monthly rainfall for the various RCMs from 1981 to 2005 for the 

Vea catchment 

Month Mean Bias PBIAS 

REMO2009 RACMO- 

22T 

WRF-

GFDL 

WRF-

HadGEM 

REMO2009 RACMO- 

22T 

WRF-

GFDL 

WRF-

HadGEM 

Jan -0.2 -0.2 0.1 0.9 -100.0 -100.0 41.4 399.8 

Feb -2.5 -1.5 -0.5 -1.2 -94.3 -56.7 -18.5 -45.0 

Mar -10.4 14.3 8.1 12.0 -89.8 123.0 69.6 103.7 

Apr -17.4 64.8 4.0 7.7 -44.0 163.6 10.0 19.6 

May -1.6 57.6 18.6 -5.7 -1.7 59.0 19.1 -5.8 

Jun -6.7 39.1 -14.6 65.5 -4.6 27.1 -10.2 45.4 

Jul 50.1 87.2 41.3 75.4 30.3 52.7 25.0 45.5 

Aug 33.2 -15.5 -25.3 -24.5 12.7 -6.0 -9.7 -9.4 

Sep 74.2 5.5 -22.0 31.3 42.1 3.1 -12.5 17.8 

Oct 43.7 61.6 13.9 13.9 81.0 114.3 25.7 25.7 

Nov -2.2 3.3 -1.3 4.2 -61.5 91.7 -37.2 117.1 

Dec -4.0 -4.0 -3.9 -2.4 -100.0 -100.0 -97.0 -59.7 
Negative /positive value means underestimation/overestimation respectively 

 

Annex 1b: Biases in the mean monthly temperature for the various RCMs from 1981 to 2005 

Month MEAN  BIAS PBIAS 

REMO2009 RACMO- 

22T 

WRF-

GFDL 

WRF-

HadGEM 

REMO2009 RACMO- 

22T 

WRF-

GFDL 

WRF-

HadGEM 

Jan -4.05 -3.29 -4.93 -3.10 -100.0 -100.0 41.4 399.8 

Feb -2.93 -3.03 -5.70 -4.67 -94.3 -56.7 -18.5 -45.0 

Mar -1.82 -3.97 -5.27 -3.84 -89.8 123.0 69.6 103.7 

Apr -0.28 -5.76 -3.71 -1.96 -44.0 163.6 10.0 19.6 

May 0.22 -5.50 -1.85 -0.25 -1.7 59.0 19.1 -5.8 

Jun 1.26 -3.45 -0.07 0.33 -4.6 27.1 -10.2 45.4 

Jul 1.59 -2.59 0.25 -0.04 30.3 52.7 25.0 45.5 

Aug 0.04 -2.76 0.02 -0.05 12.7 -6.0 -9.7 -9.4 

Sep 0.42 -2.39 -0.22 0.95 42.1 3.1 -12.5 17.8 

Oct -0.28 -3.47 -1.69 -0.16 81.0 114.3 25.7 25.7 

Nov -4.09 -4.90 -3.74 -1.59 -61.5 91.7 -37.2 117.1 

Dec -5.16 -4.43 -4.88 -2.12 -100.0 -100.0 -97.0 -59.7 

Mean -1.26 -3.80 -2.65 -1.37     

MJJASO 0.5 -3.4 -0.6 0.1     

NDJFMA -3.1 -4.2 -4.7 -2.9     
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Annex 1c: Bias-corrected RCMs for the Vea catchment from 1981 to 2005 
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Engineering, He was awarded a German government scholarship under the West African 
Science Service Center on Climate Change and Adapted Land Use (WASCAL) program to 
further his education at the masters and doctoral level from 2013 to 2015 and 2016 to 2019 
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Abstract: This study assessed the impact of climate and land use/land cover (LULC) 

change on the water balance components in the Vea catchment, West Africa using the Soil 
and Water Assessment Tool (SWAT) model. The specific objectives of the study were to, (i) 
predict the changes in LULC of the Vea catchment based on different LULC change 
scenarios, (ii) investigate the impact of the Representative Concentration Pathways 
(RCP4.5) climate change scenario on rainfall, temperature and climate extremes in the 
future 2020-2049, and (iii) assess the impact of climate and LULC change scenarios on the 
water balance components. Data used for the study includes, observations (stations and 
CHIRPS) climate data, Landsat images (1990, 2001, 2011 and 2016) for LULC mapping and 
prediction, Regional Climate Models (RCMs) and Statistical Downscaling Model- Decision 
Centric (SDSM-DC) for RCP4.5 scenario for historical and future (2020-2049) period for 
climate change impact assessment. The study found a decrease in natural vegetation due to 
cropland expansions over the past years, and a continuous decrease in forest/mixed 
vegetation and increase in cropland in the future 2025 under business-as-usual (BAU) 
scenario. The multi-model ensemble mean projected a warmer climate in the future (2020-
2049) with a 1.3oC increase in mean annual temperature and a 4.2% increase in mean 
annual rainfall relative to the baseline (1981-2010) period. Surface runoff was found more 
sensitive to climate change (-42.7% changes) than land use change under BAU (+18.7 
change) and afforestation scenarios (-19.6% change), followed by water yield which under 
climate change decreased by 43.8% compared to +18.4% and -15.7% changes under BAU 
and afforestation scenarios of land use change, respectively. The actual evapotranspiration 
was however found to be less sensitive to land use change (-2.7 and +0.6 % changes) than 
climate change (+9% changes). 

 

Key words:  Land use change modelling, climate extremes, SWAT model, Vea catchment, water  

balance components, Regional climate models 
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