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ABSTRACT OF THE DISSERTATION 
	  

Earth observation and land surface model applications for improved groundwater 
resources monitoring over East Africa 

 
 

By 

Jamiat Nanteza 

Doctor of Philosophy in Earth System Science 

University of California, Irvine, 2016 

Professor James Famiglietti, Chair 

 

Groundwater resources are an important supplier of fresh water to East Africa’s 

communities. Resource degradation, resulting from climate variability and population growth, 

places many livelihoods at risk of water shortages. Monitoring of regional groundwater 

behaviors and associated climate and anthropogenic controls remains a limited practice over the 

region, a hindrance to effective resource management. In this thesis, I apply remote sensing and 

land surface modeling approaches to increase the state of knowledge of groundwater behaviors 

and resource monitoring over East Africa. In Chapter 1, a methodology is developed aimed at 

improving the estimation of groundwater storage changes from the Gravity Recovery and 

Climate Experiment (GRACE) satellites over East Africa (EA), a region characterized by 

significant surface water variability. Results document strong correlation between GRACE 

groundwater estimates and in-situ groundwater observations (Spearman’s ρ = 0.6), after 

systematic data processing that limits the effect of spatial leakage due to surface water bodies. 

Additional analysis, comparing groundwater storage behaviors with satellite precipitation, 

permits a regional view of groundwater characteristics as well as regional recharge behaviors, 
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which can enhance effective resource management. In Chapter 2, a multi-objective calibration 

approach (using GRACE total water storage anomalies and streamflow) is applied to improve 

land surface model parameterization and simulation of baseflow and groundwater depth within 

the Community Land Model (CLM)).  Model simulation of groundwater depth and baseflow is 

shown to significantly improve, formulating a basis for further hydrologic experiments, 

including anthropogenic impacts. In Chapter 3, I use the calibrated model to examine the 

hydrologic impacts of groundwater abstraction. Specifically, the CLM groundwater generation 

scheme is modified to include ‘human’ abstraction fluxes. Results show a decline in baseflow 

and groundwater depth with increased groundwater abstraction, while evaporation, especially 

during dry periods, increases. The results suggest that a deeper groundwater table reduces 

capillary influences, limiting the potential to affect soil moisture and Hortonian runoff, while 

causing induced recharge from soil layers. Results show that induced recharge does not exceed 

abstractions with increased groundwater withdrawals, suggesting unsustainable use of the 

aquifers.  
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INTRODUCTION 

Accessibility to freshwater resources for drinking water and irrigation is an important 

issue that the global water management community strives to address amidst non-stationary 

hydro climatology [Milly et al., 2005] and ever-increasing water demands as population grows 

[Vörösmarty et al., 2000]. Over one billion people in the world [Morris et al., 2003; Alley, 

2006], a majority of whom reside in Sub-Saharan Africa, currently have no access to safe 

drinking water [UN-Water, 2007], a situation that perpetuates poverty [Howard and Bartram, 

2003; Hanjra et al., 2010; Kahinda et al., 2009] and food insecurity. These numbers will likely 

increase in the next decade since the relative demand for freshwater especially in developing 

countries is projected to increase by 2025 [Vörösmarty et al., 2000], due to growth and economic 

development of the human population.  

The largest volume of accessible freshwater is stored within the earth’s aquifers as 

groundwater. The groundwater resource provides drinking water to over two billion people 

worldwide [Morris et al., 2003; Kundzewicz & Döll, 2009] and to 60% of the rural population in 

Africa, that lacks access to municipal water systems [MacDonald et al., 2009]. Groundwater also 

sustains about 40% of global agricultural production [Morris et al., 2003] and supports a number 

of ecosystems including sustaining rivers through discharge (baseflow) especially during dry 

periods (e.g., droughts). Groundwater is thus fundamental to sustainable economic development 

and poverty eradication. Unlike surface water, groundwater is a hidden resource, whose response 

to perturbations (natural or anthropogenic) is not quickly noticeable over short periods. It is 

therefore vulnerable to overexploitation. 

The global reliance on groundwater to meet water demands has increased during the last 

few decades [Giordano, 2009; Famiglietti & Rodell, 2013; Famiglietti, 2014] due to factors 
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including rising populations, agriculture, industry [Gleick, 2000; Morris et al., 2003] and 

climatic stressors including drought [Scanlon et al., 2012; Castle et al., 2014]. Drought for 

instance prompts changes in surface water allocations, often leading to tapping groundwater 

storage, resulting in cascading changes in low flows, groundwater/surface water storage and 

long-term soil moisture storage [Theis, 1940]. These factors, combined with limited to non-

existing water and land policies and poor governance [Mogaka et al., 2006; Giordano, 2009] 

render groundwater resources in many parts of the world susceptible to over-exploitation and 

depletion. These factors have reportedly contributed to groundwater depletion at regional [e.g., 

Dhawan 1995; Changming et al., 2001; Karami and Hayati, 2005; Rodell et al., 2009; Scanlon 

et al., 2012; Thomas and Famiglietti, 2015] and global scales [e.g., Wada et al., 2010; Schwartz 

& Ibaraki, 2011; Gleeson et al., 2012; Taylor et al., 2013; Döll et al., 2014b; Richey et al., 2015 

a,b]. Over parts of East Africa, anecdotal evidence indicates that shrinking rivers and 

diminishing groundwater resources [MWE, 2007; Tenywa, 2007; DWRM, 2011; Wanzala, 2013; 

Lwanga, 2015] have become commonplace, both of which indicate declines in groundwater 

storage, potentially impacting the socioeconomics and productivity of local communities. 

Sustainable groundwater management is thus emerging as a high priority issue to ensure national 

and international security, in both the developing and developed worlds, given the importance of 

water to food and energy production, to economic growth and to environmental and human 

health. 

To effectively and sustainably manage the resource, an understanding of groundwater 

dynamics and associated controls is necessary, yet to this end, groundwater monitoring is still 

minimal over many parts of the world including East Africa (covering Uganda, Kenya, Tanzania, 

Rwanda and Burundi). There is a general paucity of knowledge about groundwater use, regional 
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recharge dynamics and groundwater surface water interactions; processes necessary for aiding 

resource planning and management. Like other parts in Sub-Saharan Africa, the urge for 

economic development and the need for increased food security [Rosegrant et al., 2002; 

Rosegrant & Cline, 2003; UN-Water, 2007; Sun et al., 2010; Sasson, 2012] over the East 

African region, may greatly impact water availability, specifically groundwater [Pavelic et al., 

2012]. For instance, policy interventions to increase agricultural productions in parts of the 

region have led to increased adoption of small scale irrigation schemes [Blank et al., 2002], 

while large irrigation projects are planned [MWE, 2010]. Such irrigation expansions would 

mostly increase groundwater abstraction (because of its low development costs [Morris et al., 

2003] as compared to surface water), a process that could perturb surface water resources and 

energy balances through changes in evaporation, groundwater recharge, soil moisture, and other 

budget terms [Leng et al., 2014]. Across the region, however, there is insufficient evidence to 

link groundwater abstractions to local-regional hydrologic changes, again vital information for 

water resources management and planning purposes. 

The widespread reliance on groundwater in East Africa [MacDonald et al., 2009; Pavelic 

et al., 2012; Nsubuga et al., 2014], coupled with the limited resource knowledge, uncertainties 

about the impact of increasingly non-stationary climates [Trenberth, 2012] and population 

growth on future groundwater availability, pose new and as yet unquantified threats to water 

security in the region. There is need to improve our understanding of the resource dynamics and 

to design tools that would aid resource management. The work presented in this thesis aims at 

bridging groundwater knowledge gaps over East Africa. In Chapter 1, I use a water balance 

approach to estimate groundwater variability from the Gravity Recovery and Climate 

Experiment (GRACE) satellites, while addressing spatial leakage impacts from surface water. 
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Although post-processing of the GRACE total water storage anomalies (TWSA) has improved, 

allowing the hydrology research community to readily use GRACE level-3 datasets (i.e., filtered 

GRACE TWSA), from the National Aeronautics and Space Administration (NASA) website 

(http://grace.jpl.nasa.gov/), results from Chapter 1 argue for continued care to apply the post-

processed GRACE data over East Africa, especially if they are scaled using LSM-derived scaling 

factors, since LSMs poorly represent lakes and thus LSM-based scaling fails to resolve leakage 

due to surface water variability. 

One of the needs for the water resources management community is to have reliable 

scientific guidance and tools to support decision-making and adaptation to climate variability 

efforts. Hydrologic models (e.g., Land Surface Models (LSMs)) play an essential role in bridging 

the knowledge gaps of the system’s behavior and in aiding water resources management 

decisions. However, although models are great tools for monitoring the current and future 

hydrologic behaviors of a given system, models are a simplistic representation of the complex 

hydrologic system. Before applying models in water resources monitoring, it is necessary that 

the model, with a given set of parameters, can simulate variables of interest with a fair degree of 

accuracy. In chapter 2, I use a multi-objective approach (using GRACE total water storage 

anomalies and observed stream flow) to calibrate a LSM, the Community Land Model (CLM), 

over the Upper-Nile basin in East Africa, with the goal to improve parameterization and 

simulation of baseflow and the water table depth. Multi-objective model calibration approaches 

are advantageous as they improve parameters identifiability in models with complex 

parameterization [Efstratiadis and Koutsoyiannis, 2010]. In Chapter 3, I present a preliminary 

application of the calibrated CLM model to evaluate the potential impacts of groundwater 

abstraction on the Upper-Nile basin hydrology.  



5 
 

The work presented here increases the state of groundwater science and resource 

monitoring over East Africa and is useful to aid decision making in resource management. 

Model results can be used to inform where additional subsurface hydrogeologic information is 

needed to further improve groundwater resource monitoring over the region. Efforts towards 

improved observed data sharing will enhance hydrologic and scientific research in general, in the 

East African region. 
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CHAPTER 1 : Monitoring groundwater storage changes in complex basement aquifers: An 

evaluation of the GRACE satellites over East Africa 

1.0 Abstract 

Although the use of the Gravity Recovery and Climate Experiment (GRACE) satellites to 

monitor groundwater storage changes has become commonplace, my evaluation suggests that 

careful processing of the GRACE data is necessary to extract a representative signal especially in 

regions with significant surface water storage (i.e., lakes/reservoirs). In this chapter, I use 

systematically processed datasets, including GRACE, lake altimetry and model soil moisture, to 

reduce scaling factor bias and compare GRACE-derived groundwater storage changes to in-situ 

groundwater observations over parts of East Africa. Results show a strong correlation 

(Spearman’s ρ = 0.6) between in-situ groundwater storage change and GRACE-groundwater 

estimates over the period 2007-2010. Piecewise trend analyses of the GRACE-groundwater 

estimates reveal significant negative storage changes that are attributed to groundwater use and 

climate variability. Further analysis comparing groundwater and satellite precipitation datasets 

permits identification of regional groundwater characterization. For example, the results identify 

potentially permeable and/or shallow groundwater systems underlying Tanzania and deep and/or 

less permeable groundwater systems underlying the Upper-Nile basin. Regional groundwater 

behaviors in the semi-arid regions of Northern Kenya are attributed to hydraulic connections to 

recharge zones outside the sub-basin boundary. The results prove the utility of applying GRACE 

in monitoring groundwater resources in hydrologically complex regions that are under-sampled 

and where policies limit data accessibility.  
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1.1 Introduction and Background 

Water resources monitoring is a limited practice in many parts of the world [Giordano, 

2009; Sophocleous, 2010; Scanlon et al., 2012]. Groundwater in particular, unlike surface water, 

has received limited monitoring [Robins et al., 2006; Pavelic et al., 2012]. In aquifer systems 

that are monitored, hydrologists encounter sparse observation networks, discontinuities in data 

collection leading to data gaps and restricted institutional data sharing policies limiting access to 

essential observational data [Famiglietti et al., 2011]. This is true especially in Africa, where 

hydrologic data records are often impeded as a result of limited government funding and regional 

conflicts [UNECA, 2011; Jacobsen et al., 2012].  However, observations from satellites, offer a 

great potential to reduce data gaps and to enhance hydrologic research.  

Earlier (e.g., altimetry satellites such as Jason-1and 2, Topex/Poseidon and ENVISAT) 

and newly-launched satellite missions (e.g., NASA’s Gravity and Climate Recovery Experiment 

(GRACE) and the Soil Moisture and Ocean Salinity missions (SMOS) have been (re-)focused on 

the monitoring of freshwater resources and provide global, time-variable observations of the 

terrestrial water storage [Swenson & Wahr, 2009; Birkett et al., 2011; Crétaux et al., 2011]. In 

particular, the GRACE mission provides unprecedented, exceptionally clear observations of 

seasonal and year-to-year climate variations and human water use on water availability and stress 

[Richey et al., 2015 a, b]. The GRACE satellites provide monthly estimates of the Earth’s 

gravity field at a 400 km spatial resolution at the equator [Wahr et al., 1998; 2004; Tapley et al., 

2004], that can be converted over land into monthly estimates of vertically-integrated storage, 

namely Total Water Storage Anomalies (TWSA) [Syed et al., 2008], including changes in snow 

water equivalent anomalies (SWEA), surface water anomalies (SWA) from lakes/reservoirs and 

rivers, soil moisture anomalies (SMA), vegetation canopy anomalies (VCA) and groundwater 
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anomalies (GWA). Knowledge of these water budget components (SWEA, VCA, SMA and 

SWA) can be utilized to deduce groundwater anomalies from GRACE TWSA using a simple 

water budget equation 1.1 [Rodell & Famiglietti, 1999]. 

 

𝐺𝑊𝐴! = 𝑇𝑊𝑆𝐴! − 𝑆𝑊𝐴! − 𝑆𝑀𝐴! − 𝑆𝑊𝐸𝐴! − 𝑉𝐶𝐴!                                                        (1.1) 

 

GRACE has been used to study groundwater changes in a number of aquifers and regions 

including parts of the United States [Rodell et al., 2006; Swenson et al., 2006; Yeh et al., 2006; 

Strassberg et al., 2007; Famiglietti et al., 2011; Scanlon et al., 2012; Castle et al., 2014], India 

[Rodell et al., 2009; Shamsudduha et al., 2012], China [Moiwo et al., 2012; Feng et al., 2013], 

the Middle East [Voss et al., 2013; Joodaki et al., 2014] and globally [Famiglietti, 2014; Richey 

et al., 2015 a, b]. 

Across East Africa (figure 1.1) studies have applied GRACE together with other satellite 

observations, including the Tropical Rainfall Monitoring Mission (TRMM) and CHAllenging 

Minisatellite Payload (CHAMP), in the examination of the hydrologic behaviors of major lake 

basins in the last decade [Awange et al., 2007; Swenson & Wahr, 2009; Becker et al., 2010; 

Hassan & Jin, 2014]. Awange et al. [2007] examined the cause of the decline in Lake Victoria 

water levels during 2002-2006. The authors, assuming that changes in the lake levels were 

directly related to changes in its catchment water storage, deduced that the 80% reduction in the 

lake’s catchment water storage was due to human management. Although lake levels may 

portray similar changes to basin total water storage changes over longer timescales, the case may 

not be true for highly managed basins like Victoria that are underlain by complex crystalline 

aquifer systems.  
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Swenson and Wahr [2009] examined the cause of the declining levels in East African 

lakes (Victoria, Tanganyika and Malawi) by comparing trends in a given lake’s water storage to 

trends in its catchment water storage as observed from GRACE during 2003-2008. The study 

found that both human management and climatic variations contributed similarly to the water 

storage declines in Lake Victoria while changes in precipitation contributed to Lake Tanganyika 

and Malawi declines. Similar to Awange et al. [2007], Swenson and Wahr [2009] assumed that 

changes in the lake levels are related to changes in the groundwater storage.  

Becker et al. [2010] and Hassan and Jin [2014] evaluated the behavior of East Africa’s 

major lakes during the period 2003-2008 and 2003-2012 respectively. Becker et al. [2010] 

compared variations in GRACE TWSA, lake storage, and subsurface storage (the combination of 

groundwater and soil moisture) and found that individual lake storage governed total water 

storage (TWS) in lakes Victoria and Turkana basins while subsurface storage variations mainly 

governed Tanganyika storage. Hassan and Jin [2014] applied seasonal trend decomposition and 

correlation analyses to evaluate the relationship between lake storage, soil moisture and GRACE 

TWSA. Attributing their results to the percentage of the lake’s surface area relative to the basin 

area, the study found that TWS in lakes Malawi and Victoria basins were governed by the water 

stored in the individual lakes while that of Tanganyika was governed by both lake storage and 

soil moisture.  

Awange et al. [2014a] evaluated the impacts of global climate change on the TWS within 

the Nile basin using global climate forcing by the Indian Ocean dipole (IOD) and El Nino 

Southern Oscillation (ENSO). Their results suggest that the Lake Victoria basin in East Africa 

experienced effects of anthropogenic and climate variability during 2002-2011 with ENSO and 

IOD both influencing total water storage variability during the study period.  
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Despite the well-recognized use of groundwater resources in the region, none of the 

above regional studies have explicitly evaluated groundwater storage behavior and associated 

trends, the main focus of this chapter. In this chapter, I use a combination of remote sensing (i.e., 

GRACE and altimetry products) and land surface model simulations to evaluate groundwater 

storage changes across East Africa. The use of GRACE for hydrologic studies necessitates 

application of a number of data post-processing techniques aiming at filtering systematic and 

random errors [Swenson & Wahr, 2006]. Filtering of GRACE data along with their intrinsic low-

resolution (about 400 km at the equator) leads to signal attenuation and introduces bias in the 

mass changes as they get smoothed, and translated, an effect known as spatial leakage [Swenson, 

2002; Landerer & Swenson, 2012]. Spatial leakage from surface water bodies [Longuevergne et 

al., 2013] is anticipated over East Africa, especially within the Lake Victoria basin [Awange et 

al., 2014a]. Scholars continue to devise methods to correct for such spatial leakage/bias (e.g., 

Independent Component Analysis [Awange et al., 2014a], kernel functions [Moore and 

Williams, 2014] and statistical decomposition [Forootan et al., 2014]). In many GRACE 

applications however, the common method applies land surface model (LSM) output to derive 

scaling factors, that are multiplied with the GRACE data [Landerer & Swenson, 2012], in order 

to restore the lost signal and improve their spatial resolution up to 100 km at the equator.  

The simplified assumptions included in the parameterization of the land surface 

processes, including a poor representation of the natural and human controls on groundwater 

storage behaviors and no dynamical representation of lake storage [Zeng, 1999; Swenson and 

Milly, 2006; Han et al., 2010; Werth and Geuntner, 2010], limit the use of LSM-based scaling 

techniques over regions with large and highly variable surface water resources like East Africa 

[Kull, 2006; Awange et al., 2007; Long et al., 2015]. Moreover, the storage constituents may 
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have different spectral contents making the use of the same scaling factor for all the temporal 

frequencies inappropriate [Landerer and Swenson, 2012]. Also, scaling factors are not 

representative when hydrological signals are not significantly correlated in space (such as 

regions with surface water resources) whereby leakage from neighboring regions cannot be 

corrected using a simple scaling factor. Thus if LSM-based approaches are used to scale GRACE 

data, associated biases are propagated to the groundwater estimates, limiting their accuracy. 

In this chapter, I attempt to reduce the influence of lake leakage from Lake Victoria and 

other large water bodies in the GRACE groundwater storage estimates over East Africa by 

applying a methodical post-processing of the GRACE data and judicious corrections for soil 

moisture and lake storage changes estimated from satellite altimetry observations (see section 1.3 

for details). I specifically use an alternative approach to estimate groundwater storage anomalies, 

which consists of using the GRACE TWSA in their filtered, unscaled form [Landerer & 

Swenson, 2012] from which I subtract similarly filtered SMA and SWA (provided by a LSM and 

derived from satellite altimetry, respectively), using equation 1.1 [Scanlon et al. 2012, 

Longuevergne et al., 2013]. I did not include SWE and VCA (equation 1.1) in the analysis as 

these two variables do not contribute significantly to total water storage over the region based on 

my analysis (results not shown here) of model outputs from GLDAS (i.e., snow contributes 0% 

while canopy contributes less than 1% to TWSA). I hypothesize that using filtered water budget 

component datasets along with observed lake storage anomalies in isolating a groundwater signal 

from GRACE, more appropriately captures groundwater storage changes, compared to the 

alternative method of scaling the raw data and subtracting high resolution LSM estimates of 

known storage constituents, as it reduces scaling factor bias resulting from inaccurate 

assumptions underlying the scaling approaches. To validate the approach, I compare GRACE-
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derived groundwater storage changes to ground-based observations from monitoring wells 

located throughout Uganda. The sections that follow discuss the study area and its hydro-climatic 

characteristics (section 1.2), datasets and methods (section 1.3), results and discussions (section 

1.4) and conclusions (section 1.5). 

1.2 Study area and its hydro-climatic characteristics 

The East Africa (EA) region encompasses five countries: Kenya, Uganda, Tanzania, 

Rwanda and Burundi (figure 1.1), covering an area of about 1,820,000 km2, with a population of 

over 140 million [UNPD, 2010]. This region of Sub-Sahara African hosts the most vulnerable 

populations to water stress [Rekacewicz, 2009], an alarming fact given that water scarcity is 

projected to increase [Meigh et al., 1999] due to climate change [Diop et al., 2002; UNEP, 

2008], population growth and development [Falkenmark, 1990, 1997; Fischer & Heilig, 1997; 

Wallace, 2000]. East Africa encompasses a number of surface lakes (figure 1.1) that 

significantly contribute to the productivity of the area by supporting a number of activities 

including fishing, agriculture, transport and hydropower generation [Molsa et al., 1999; Ntiba et 

al., 2001; Awange et al., 2007; Diop et al., 2002; UNEP, 2008; Swallow et al., 2009; Maitima et 

al., 2010]. Lake Victoria, the largest regional lake, is known for generating great amounts of 

hydro-electricity for the entire region [Awange & Ong’ang'a, 2006], supplying over 30% of food 

to communities in its basin through fishing [Song et al., 2004] and supporting the livelihoods of 

over 70% of its basin communities through agriculture [Kayombo and Jorgensen, 2005]. Many 

of the regional surface lakes are undergoing both climate and human induced degradation 

[Verschuren et al., 2002; Leiju, 2012], posing a threat to the region’s productivity. 
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Figure 1.1: Map of East Africa showing the countries, regional Lakes and alienated sub-
basins adapted from the Hydrological data and maps based on SHuttle Elevation 
Derivatives at multiple Scales (HydroSHEDS) [Lehner et al., 2008]. 

 
East Africa is primarily underlain by shallow, low permeable and low productive 

crystalline basement aquifers comprised of zones of weathered overburden (regolith), fractured 
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rocks and un-weathered bedrocks [Clark, 1985; Jones, 1985; Wright and Burgess, 1992; Chilton 

& Foster, 1995; Taylor & Howard, 1996; MacDonald and Davies, 2000], with reported yields 

between 0.1 – 100 m3/hour [Kashaigili, 2010; Pavelic et al., 2012]. Groundwater within the 

weathered zones and bedrock fractures [MacDonald and Davis, 2000] is recharged by direct 

infiltration from precipitation and through preferential pathways [Wright and Burgess, 1992; 

Aldous, 2005; Pavelic et al., 2012]. Non-homogeneous soil types cover the region, particularly 

dominated by ferrasols, acrisols and nitisols (Uganda), cambisols and acrisols (Tanzania) and 

solonetz and fluvisols along river systems (Kenya) [Dewitte et al., 2013].  

The average rainfall across the study area varies from >2000 mm/yr around Lake Victoria 

and the mountainous areas to <200 mm/year in the arid and semi-arid lands [Nicholson, 1996]. 

Rainfall is controlled by a number of atmospheric phenomena including the Inter Tropical 

Convergence Zone (ITCZ), subtropical anticyclones, El Niño Southern Oscillation (ENSO), 

monsoonal winds, Indian Ocean Dipole (IOD), Congo air mass amongst other factors [Ogallo, 

1988; Janowiak, 1988; Basalirwa, 1995; Nicholson, 1996; Saji et al., 1999; Indeje et al., 2000; 

Black et al., 2003; Behera et al., 2006; Marchant et al., 2007; Tierney et al., 2013]. The region 

typically experiences bimodal rainfall [Nicholson, 1996; Conway et al., 2005; Nikulin et al., 

2012], with peaks around April and November. East Africa’s rainfall has been shown to portray 

decadal climate variability [Omondi et al., 2012, 2013; Yang et al., 2014] with an intensifying 

dipole (positive anomalous rainfall in the north and opposite conditions in the south) associated 

with warming climates [Schreck & Semazzi, 2004]. Warm ENSO (El Nino) events are associated 

with abundant rains over the region and the conditions are reversed during cold ENSO (La Nina) 

episodes [Janowiak, 1988; Ogallo, 1988; Nicholson, 1996; Schreck & Semazzi, 2004]. The IOD 

is associated with excess rainfall especially during the short rainfall season of October-December 
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[Black et al., 2003; Clark et al., 2003; Bergonzini et al., 2004; Behera et al., 2006; Hastenrath, 

2012;]. Both ENSO and IOD are associated with significant influence on water storage 

variability in the region [Awange et al., 2013; 2014a; Ahmed et al., 2014]   

Groundwater recharge is a function of rainfall and over parts of basement aquifers in East 

Africa, significant recharge has been shown to follow heavy rainfall events [Owor et al., 2009; 

Bonsor and Macdonald, 2010]. Groundwater recharge over the region is also spatially 

distributed with wet and humid areas receiving more recharge than the semi-arid regions 

[Gavigan et al., 2009]. If global model predictions of rainfall are accurate, groundwater recharge 

and storage in East Africa may increase in the future [Gavigan et al., 2009] as global climate 

models predict an increase in the region’s mean precipitation rates and intensity during the 21st 

century [IPCC, 2007; Solomon, 2007; Shongwe et al., 2011]. However, little is known about 

current groundwater use rates and storage capacity. The increasing demand and use of 

groundwater from growing populations [Carter & Parker, 2009] could potentially offset the 

impacts of increasing recharge thus leading to declines in storage as already reported in some 

parts of this region [Mogaka et al., 2006, MWE, 2007; Tenywa, 2007; Wanzala, 2013; Lwanga, 

2015]. Such declines have great social and economic implications since groundwater is the 

major supplier of drinking water for rural communities [Tindimugaya, 2008] and municipal and 

industrial water [Wijnen et al., 2012] for urban centers such as Nairobi, Dar es Salaam, Arusha, 

Kampala, Dodoma and Nakuru [Mogaka et al., 2006; Adelana, et al., 2009, Kashaigili, 2010].  

A complex geologic history of the region is apparent in figure 1.1 whereby the East 

African Rift has limited hydrologic connectivity to regional basins extracted from the 

Hydrological data and maps based on SHuttle Elevation Derivatives at multiple Scales 

(HydroSHEDS) [Lehner et al., 2008] dataset [http://hydrosheds.cr.usgs.gov/index.php, accessed 
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August, 9, 2012]. In this chapter, the analysis of the groundwater behavior using GRACE was 

done at a hydrologic sub-basin scale and assumes that groundwater boundaries are coincident 

with surface water boundaries. The study area was divided into five sub-basins A, B, C, D and E 

representing the Upper Nile, Shebelli-Juba, Upper East Central Coast, Congo and Lower East 

Central Coast basins, respectively, (figure 1.1) to permit evaluation of GRACE TWSA and 

GWSA.  Hydromorphological features including precipitation [Diop et al., 2002; UNEP, 2008; 

Omondi et al., 2012] and geologic characteristics [Foster et al., 2008] were assessed to combine 

rift valley basins with neighboring basins. GRACE groundwater storage anomalies were 

estimated for the five sub-basins with area ranges of 300,000 - 494,280 km2 (table 1.1), larger 

than spatial requirements of 200,000 km2 deemed suitable for GRACE analysis [Rodell & 

Famiglietti, 1999]. 

Table 1.1: Sub-basins and their respective areas 

Sub-Basin Size (km2) 
A 494,280 
B 456,460 
C 308,710 
D 393,760 
E 428,570 

	  

1.3 Datasets and methods 

1.3.1 Surface water storage and soil moisture  

Time series of lake heights (for the lakes shown in table 1.2), volume (for Lake Edward) and 

lake areas measured by satellite altimeters were obtained from the Hydroweb-GOHS (Geodesy, 

Oceanography and Hydrology from Space) website [http://www.legos.obs-

mip.fr/soa/hydrologie/hydroweb/, accessed February, 2013]. The Hydroweb-GOHS data is a 

merged product of measurements from the Topex/Poseidon, Jason-1, ENVISAT and GFO 
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satellites [Crétaux et al., 2011]. The temporal resolution of the satellites is 10 days for 

Topex/Poseidon and Jason-1, 17 days for GFO and 35 days for ENVISAT [Birkett et al., 2011; 

Crétaux et al., 2011]. This means that, for a given lake, sampling frequencies vary depending on 

the satellite used. The data samples are also at higher temporal resolutions for months when two 

satellite missions overlap. I re-sampled the lake height altimetry data at the same dates as the 

GRACE TWSA data after applying a low pass filter to remove high frequencies. Validation of 

altimetry data over in-situ lake height observations for a number of global lakes including Lake 

Victoria has revealed successful results [Birkett et al., 2011] thus providing a reliable dataset for 

use in hydrologic studies. The lakes (table 1.2, figures 1.1 and 1.2) used in the analysis included 

those within and outside the study area for which I could obtain a minimum of a 10x10 grid mask 

(similar to GRACE data resolution).  

Table 1.2: East African Lakes used in the study 

Lake  Area 
(km2) 

Standard deviation 
(2003-2010) (km3) 

Victoria 68,800 21.06 
Tanganyika 32,000 10.18 
Malawi 29,600 12.53 
Turkana 6,750 4.72 
Albert 5,300 3.16 
Mweru 5,120 2.93 

 
For all the lakes but Edward, the lake height was converted to anomalies by deducting 

each month’s data from a long term mean (i.e., January 2004 - December 2009, similar to the 

GRACE product), multiplying by the reference lake area and dividing by the lake mask area to 

conserve mass. By doing so, I assume a constant lake area through time. Volumes of storage for 

Lake Edward were divided by the lake’s mask area to estimate water equivalent depth anomalies. 

Smaller lakes data from the Hydroweb-GOHS were available for the period 2002 to 2010, and 
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had not been updated by the time of this study; I thus focused the analysis on the period 2003-

2010.  

 
Figure 1.2: Storage variations for some of the lakes used in the study 

	  
In-situ soil moisture (SM) monitoring is limited over many parts of the world including 

the East African region. This chapter, similar to other GRACE-groundwater estimation studies 

[e.g., Rodell et al., 2007; 2009; Swenson et al., 2006; Strassberg et al., 2007; Syed et al., 2008; 

Shamsudduha et al., 2012; Feng et al., 2013; Voss et al., 2013; Joodaki, 2014], utilizes gridded 

soil moisture output from global land surface models (LSMs). Monthly soil moisture estimates 

were extracted from the CLM (v.4) model (10x10 spatial resolution, 10 soil layers, 3.4 m total 

soil depth) [Oleson et al., 2010], the WaterGAP (WG) version 2.1 model (0.50x0.50 spatial 
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resolution) [Alcamo et al., 2003; Döll et al., 2003] and three 10x10 spatial resolution models 

from the Global Land Data Assimilation System (GLDAS) i.e., NOAH (4 soil layers, 2.0 m total 

soil depth), VIC (3 soil layers, 1.9 m total soil depth) and MOSAIC (MOS) (3 soil layers, 3.5 m 

total soil depth) [Rodell et al., 2004a] accessible via NASA’s GES DISC 

[http://disc.gsfc.nasa.gov/hydrology, accessed March 2013]. GLDAS soil moisture outputs were 

assumed to be the mean of the three model products. CLM (v.4) includes a rudimentary 

groundwater scheme which represents an unconfined aquifer hydraulically connected to soil 

layers [Oleson et al., 2010]. Soil moisture data from WaterGAP was spatially interpolated to a 

10x10 resolution to match the other model datasets and GRACE. The WaterGAP model, unlike 

all the other models used in the chapter, is calibrated against measured global discharge [Döll et 

al., 2003]. 

Soil moisture for each model was combined with lake height from altimetry to produce a 

combined product of surface and subsurface storage. The lake altimetry data helped compensate 

for the poor performance of the land surface models over lakes by providing a more realistic 

estimate of lake storage. The lake height data were first projected to a 10x10 global grid before 

being added to the 10x10 soil moisture grid. The combined soil moisture and lake altimetry 

product was then processed similarly to the GRACE post-processed products I used (i.e., 

truncated at harmonic degree 60, destriped using a decorrelation filter following Swenson and 

Wahr [2006] and smoothed with a 200 km radius Gaussian filter, as highlighted in section 1.3.3), 

to produce a filtered product hereafter referred to as SMmodel + ALT (for model = CLM, WG and 

GLDAS). Processing storage changes using true lake locations allows for more accurate spatial 

distribution of water mass to correctly remove the influence of lake storage in the GRACE 

TWSA signal, which if not well captured may lead to a bias in the groundwater estimates 
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[Longuevergne et al., 2013]. Error in average SMmodel+ALT was taken as the standard deviation 

for the three model datasets.  

 1.3.2 Tropical Rainfall Measuring Mission (TRMM) Precipitation product 

The chapter uses the 3B43 version 7 monthly gridded (0.250 × 0.250 spatial resolution) 

rainfall estimates (released as 3-houly precipitation rates) sourced from the TRMM Multisatellite 

Precipitation Analysis [Huffman et al., 2007], available at the NASA website 

(http://trmm.gsfc.nasa.gov/data_dir/data.html). It is a merged product of data from different 

satellite sensors (e.g., precipitation radar, Special Sensor Microwave Imager) and rain-gauge 

observations from the Global Precipitation Climatology Center (GPCC). The TRRM 

precipitation rates (in cm/day) were converted to a cumulative monthly product and gaussian 

smoothed with a 200 km smoothing radius similar to GRACE, for use in this chapter. Several 

studies have used TRMM over different parts of Africa [Awange et al., 2007; 2008; 2013; 

2014a; 2014b; 2016; Ahmed et al., 2014; Dinku et al. 2008; Forootan et al., 2014; Naumann et 

al. 2012] and it has been shown to provide the best spatial and temporal rainfall distribution 

[Beighley et al., 2011], rainfall intensity and frequency [Sylla et al., 2013] and closest agreement 

when compared with in-situ rain gauge observations [Adeyewa and Nakamura 2003] and GPCC 

precipitation product [Awange et al., 2016]. In this chapter, TRMM is used in the water balance 

evaluation (equation 1.2, section 1.3.3) and to evaluate the estimated GRACE groundwater 

storage behaviors.   	  

1.3.3 GRACE terrestrial water storage 

The GRACE satellite provides monthly estimates of global gravity fields since 2002 

which, once processed, produce vertically integrated Total Water Storage Anomalies (TWSA) 
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[Syed et al., 2008] that can be used to evaluate the behavior of a range of hydrologic variables 

including lake and reservoir storage [Awange et al., 2007; Swenson & Wahr, 2009; Becker et al., 

2010; Wang et al., 2011; Hassan & Jin, 2014] and groundwater storage [Rodell & Famiglietti, 

2002; Rodell et al., 2006, 2009; Yeh et al., 2006; Famiglietti et al., 2011; Voss et al., 2013; 

Castle et al., 2014]. I use release-5 [Swenson, 2012], 10x10 gridded GRACE TWSA data 

produced by the Center for Space Research (CSR) at the University of Texas and provided by the 

Jet Propulsion Laboratory (JPL) through NASA’s TELLUS website [http://grace.jpl.nasa.gov/, 

accessed June 18, 2013]. This GRACE dataset corresponds to monthly spherical harmonic 

coefficients that have been post-processed (i.e., truncated at harmonic degree 60, destriped using 

a decorrelation filter following Swenson and Wahr [2006] and smoothed with a 200 km radius 

Gaussian filter) [Landerer & Swenson, 2012] to remove systematic and random errors [Swenson 

& Wahr, 2006].  

Due diligence of using the GRACE TWSA data over the region necessitates a water 

balance analysis to assess the accuracy of the GRACE data to capture basin total water storage. 

Monthly changes in total water storage from GRACE dTWS’/dt (the time derivative of TWSA), 

were compared in a water balance analysis with monthly water storage variations (dS/dt) 

estimated from observed precipitation (P) from the Tropical Rainfall Monitoring Mission 

(TRMM) product 3B43 (section 1.3.2), satellite-model-observation based evaporation (E) data 

[Mueller et al., 2013] and stream flow (Q) measurements at the outlet of the Upper Nile basin 

(red dot, figure 1.1) according to equation 1.2: 

!"
!"
= 𝑃 − 𝐸 − 𝑄                                        (1.2) 

The long term mean similar to the GRACE product (i.e., January 2004-December 2009) was 

removed from the three products P, E and Q. It is worth noting that quantifying errors in satellite 
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precipitation products is challenging given poor distribution of rain-gauge networks [Awange et 

al., 2016] across regions. For this analysis, the error in TRMM precipitation is taken as 0.3 

mm/day [Pipunic et al., 2013]. The error value on P considered here lies within the bias and 

RMSE estimates generated when TRMM is compared to GPCC [Awange et al., 2016]. The error 

on E, reported as ~150 mm/year (equivalent to ~4.33 cm/month) [Mueller et al., 2013] is used in 

this chapter. The E dataset is a merged synthesis product based on evaporation estimates from 

satellite and/or in-situ observations and LSMs outputs [Mueller et al., 2013], thus the error on E 

is a combination of uncertainties from the different datasets. A relative error of 5% for Q [Rodell 

et al., 2004b; Famiglietti et al., 2011] was considered while the error on GRACE TWSA was 

computed as the basin average of the measurement errors [Swenson and Wahr, 2006; Landerer 

& Swenson, 2012] provided as a gridded product at NASA’s TELLUS website. The GRACE 

gridded measurement errors are spatially correlated [Landerer and Swenson, 2012] for nearby 

grid cells and therefore to derive a representative basin-wide total measurement error from 

GRACE, I estimated the error covariance following methods in [Landerer & Swenson, 2012]. 

1.3.4 Estimating groundwater storage variations from GRACE 

The filtered SMmodel+ALT storage anomalies (section 1.3) were subtracted from the 

filtered GRACE storage anomalies to estimate filtered groundwater anomalies (GWA) using 

equation 1.1. Water storage from snow and canopy were ignored in equation 1.1 as these 

contribute little (<1%) to the TWSA and are accounted for in model residuals. Scaling of the 

resulting groundwater residuals would still be required, especially if the region under study 

consists of many distributed local aquifers. However, a poor knowledge of aquifer spatial 

distribution may make the estimate of such a scaling factor highly uncertain. I correct for bias in 

the groundwater residual amplitudes using the ratio (estimated here as ~ 1.16) between filtered 
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and unfiltered groundwater storage from the WaterGAP model [Döll et al., 2003] similar to 

methods in Longuevergne et al. [2013]. I assume that the study area is underlain by a 

homogeneous basement rock aquifer system [Foster et al., 2008; Adelana, et al., 2009; 

MacDonald et al., 2012] and leakage from aquifers in neighboring sub-basins is minimal. The 

errors in the groundwater estimate are propagated from the GRACE measurement errors 

provided at the TELLUS website and SM+ALT error terms.  

1.3.5 In-situ groundwater data from monitoring wells  

In-situ groundwater monitoring and measurement over East Africa has been minimal in 

the past and, where data do exist, policies for data sharing limit access to groundwater level 

observations. To assess GRACE groundwater estimates, I used monthly groundwater records 

from a network of 28 monitoring wells over Uganda (figure 1.3a), available in form of depths to 

the water table (figure 1.3b). Depths to the water table measurements were converted to water 

table elevations using topographic values extracted from a GTOPO30 global digital elevation 

model (DEM), with a horizontal grid spacing of 30 arc seconds 

(https://lta.cr.usgs.gov/GTOPO30). The dataset was subjected to quality control to remove 

ambiguous values, especially those that were deemed to result from active groundwater 

pumping. Gaps in the groundwater elevation time series were filled using spatial-temporal 

interpolation approaches (equations 1 and 2 in Zeng and Levy [1995]), with a one month time 

step and 200 km spatial range (similar to the radius used for the GRACE Gaussian smoothing). 

The groundwater elevations were further converted to anomalies by subtracting a long-term 

mean. The initial analysis involved computing an anomaly based on the 2004 - 2009 mean 

similar to the GRACE data. However, the under sampling of in-situ observations during the 

2003-2007 (figure 1.3b) period affected the long-term mean and the results. Therefore, to 
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minimize large uncertainties due to under sampling, groundwater anomalies (GWLA) were 

generated from the 2007-2010 mean. The GWLA were then multiplied by specific yield values 

to estimate groundwater storage anomalies (GWSA).  

	  

Figure 1.3: Spatial distribution of depth to static water level over Uganda, groundwater 
monitoring well locations (red dots) and sub-basin parts of the Upper-Nile basin in Uganda 
(green) (1.3a) and the groundwater monitoring network since 2003 (1.3b).  

	  
The static water level map of Uganda (figure 1.3a) shows distinct characteristics of the 

underlying aquifers of Uganda, with shallow (<12 meters below ground level (mbgl)) unconfined 

aquifers in the middle of the country stretching from southwestern to northeastern Uganda and 

relatively deep aquifers (>13 mbgl) covering the rest of the country. A specific yield (Sy) of 0.11 

was applied for the shallow aquifer region (i.e., with static level depths 0-12 mbgl, figure 1.3a) 

while Sy = 0.004 was used to represent storativity in the relatively deeper groundwater regions 

(i.e., with static level depths 13-66 mbgl, figure 1.3a). These values are within reported specific 

(a)	   (b)	  
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yield or storativity ranges of 0.1 – 0.23 for unconfined [Taylor & Howard, 1999; Tindimugaya, 

2008; Pavelic et al., 2012] and 0.001- 0.02 for fractured and crystalline basement rock aquifers 

[Chilton & Foster, 1995; Healy & Cook, 2002; Nyagwambo, 2006; Taylor et al., 2010a] in East 

Africa. An area-weighted average monthly time series of groundwater storage anomalies was 

estimated for the sub-basins delineated in figure 1.3(a). This data, hereafter referred to as 

GWSAOBS, is compared with groundwater storage changes as estimated from GRACE (averaged 

over sub-basin areas in figure 1.3(a)) using goodness of fit criteria including Spearman’s 

correlation coefficients (ρ) and root mean square error (RMSE), for purposes of evaluating the 

satellite’s capacity to monitor regional groundwater storage behaviors.  

It is worth noting that using a constant specific yield across parts of the study area that is 

characterized by mixed hydrogeologic conditions (unconfined, confined, bedrock aquifers) 

potentially introduces uncertainties in the in-situ groundwater results [Rodell et al., 2007; 

Shamsudduha et al., 2012]. Spatially distributed constant specific yield values have been shown 

to impact the magnitude of groundwater depletion [e.g., in Bengal basin, Shamsudduha et al., 

2012] as compared to using a single value, although the direction of such an impact is non-trivial 

[Taylor et al., 2010b]. 

1.4 Results and Discussion 

1.4.1 Comparison of GRACE’s changes in total water storage with observations   

  Over the Upper-Nile basin (sub-basin A, figure 1.1), the water balance results for the 

period 2003-2006 (figure 1.4(b)) show that the observed water balance and the GRACE time 

derivative are fairly well correlated (ρ = 0.63 and RMSE = 3.3 cm), thus illustrating the potential 

use of GRACE to estimate individual variables of the water balance including groundwater 

storage variations.  
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Figure 1.4: Precipitation, Evaporation and discharge time series (4a) and the Upper Nile 
basin water balance based on GRACE and observations (4b). 

	  
The time series in figure 1.4(a) shows similar semi-annual variations in both precipitation and 

total water storage (with peaks in April and November) (figure 1.4b), an indication that changes 

in total water storage (dTWS’/dt) are related to changes in precipitation (P) (i.e., ρ = 0.63). The 

contribution of P and E to the average sub-basin changes in total water storage over the 2003- 

2006 period is 58% and 37.5%, respectively. E shows less inter-annual variability and remains 

relatively stable throughout the period of analysis. Sub-basin discharge is one order of magnitude 

less than P and E and contributes much less (4.5%) to the observed changes in total water 

storage. Q is generally reduced at the beginning of the year and elevated at the end, a behavior 

that depicts management practices. The inter-annual variations in Q show that the period 2003-

2005 registered higher Q values compared to 2005-2008 (figure 1.4a). These high Q values are a 

manifestation of the reported increase in discharge/outflows from upstream Lake Victoria during 
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the period 2001-2005 [Kull, 2006; Mubiru, 2006; Sutcliffe and Petersen, 2007], which also led to 

the drop in lake water levels [Awange et al., 2007; Swenson & Wahr, 2009] observed between 

2003-2007 (figure 1.2). 

The correlation result (i.e., ρ = 0.63) between the water balance (P-E-Q) and GRACE’s 

dTWS’/dt is slightly lower that values reported elsewhere [e.g., Famiglietti et al., 2011, Long et 

al., 2014; 2015]. This could be attributed to uncertainties in the datasets used. The study is over 

the equatorial region where measurement errors in GRACE are higher [Landerer et al., 2012] 

given the satellite’s intrinsic low resolution (about 400km at the equator). Uncertainties in the 

merged E product used in this chapter [Mueller et al., 2013] that result from the different datasets 

(i.e., satellite, in-situ, model and reanalysis) and their associated derivation assumptions [Long et 

al., 2014] could also affect the results. For instance, remotely-sensed E products are shown to be 

less responsive to climate variations (compared to LSM based E products) [Long et al., 2014; 

2015], and thus fail to capture soil moisture constraints on evaporation [Long et al., 2014; 2015; 

Yang et al., 2015] resulting in dampened E seasonal cycles [Long et al., 2014] and unreasonable 

spatial E patterns [Yang et al., 2015]. Such uncertainties are transferable to the water balance (P-

E-Q) estimates, affecting their correlation with GRACE’s dTWS/dt [e.g., Long et al., 2014].  

1.4.2 Comparison of GRACE groundwater estimates with in-situ observations  

Results from the comparison of monthly groundwater observations from monitoring 

wells (figure 1.3) with those estimated from filtered GRACE (figure 1.5b) are promising, given 

that I compared low spatial resolution but homogeneous (in space and time) GRACE data with 

high resolution but scattered (in space and time) monitoring wells data. The two time series 

portray a similar annual signal that generally peaks in November/December, although the 

seasonal amplitudes differ in most of the months, with the GRACE estimates having larger 
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peaks/amplitudes than the in-situ data. A correlation coefficient (ρ) of 0.41 and a RMSE of 4.36 

cm are etimated between the two datasets for the entire period 2003-2010 

	  

Figure 1.5: Comparison of GRACE groundwater estimates based on the approach in this 
chapter (1.5a) and on conventional scaling methods (based on scaling factors provided at 
the TELLUS website) (1.5b) with in-situ observations over Uganda.  

	  
Considering piecewise relationships, a better agreement between GRACE groundwater estimates 

and in-situ observations from monitoring wells is apparent during the period 2007-2010 (ρ = 0.6 

and RMSE = 3.1 cm), when compared to the period 2003-2006 (ρ = 0.4 and RMSE = 5.3 cm). 

These results show that GRACE can accurately observe changes in groundwater storage and thus 
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can be used to monitor groundwater changes over the poorly sampled aquifers in East Africa. 

The improved relationship during 2007-2010 is likely attributed to an increase in groundwater 

sampling in space (i.e., more observations in the western part of the country from 2007, figure 

A.1, appendix A) and aquifer depth (figure 1.3b). In a similar study, Feng et al. [2013] show that 

for a region where the contribution of deep aquifer groundwater depletion is considered, GRACE 

groundwater depletion rates were consistent with those from in-situ observations. Such results 

are intuitive since GRACE monitors changes in the entire groundwater resource (from top to 

bottom) and will agree best compared with a representative groundwater dataset when those 

observations are well sampled in space and depth.  

An evaluation of the GRACE groundwater estimation approach used in this chapter (i.e., 

filtered datasets in equation 1.1) against common/regular approaches (i.e., GRACE data scaled 

using model outputs e.g., Landerer and Swenson [2012]) show that the former approach (figure 

1.5a) produces better groundwater estimates than the latter (GRACE data scaled using CLM4 

based gain factors provided at http://disc.gsfc.nasa.gov/hydrology), figure 1.5(b)), relative to in-

situ groundwater observations, particularly after 2007, the time period during which observations 

are most representative. The 2007-2010 statistics for the regular scaling approach are 0.2 and 3.5 

cm for the correlation coefficient and RMSE respectively. Thus, the approach used in this 

chapter improves the relationship between GRACE groundwater estimates and in-situ 

observations by over 75% and reduces the root mean square error by 14%. The differences 

between the two methods are attributable to a combined effect of unresolved leakage from 

changes in the lakes within the basin that result from limitations in model-based GRACE scaling 

approaches (especially over areas with large and highly variable surface water storage) and to 

soil moisture uncertainties. It is also worth noting that differences in the removal of the mean in 
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the generation of anomalies (e.g., 2004-2009 mean was removed from GRACE and SM+ALT 

but not in-situ groundwater estimates as highlighted in section 1.3.4) may affect specific time 

periods, further creating uncertainties in the end result. 

1.4.3 Estimated GRACE groundwater variations over East Africa 

Figures 1.6 – 1.10 show panels of monthly time series for filtered GRACE TWSA (plot 

a), SM+ALT (plot b) and estimated GWSA (plot c), for sub-basins A, B, C, D and E. Also 

included in plot a for each panel is the TRMM mean monthly precipitation estimates. Plot d in 

each panel represents the monthly climatology of TWSA, SM+ALT, GWSA and precipitation 

for the period March 2003-September 2010. Table 1.3 and figure 1.11 show trends in each 

storage component over the 2003-2006, 2007-2010 and the 2003-2010 periods. Trends in storage 

were estimated while accounting for seasonality in an error-weighted generalized linear 

regression model [Barnett et al., 2012] adjusted with an annual wave, given error propagation in 

equation 1.1 of groundwater calculation. A Student’s t-test was applied to evaluate trend 

significance with α=0.05.  

The results show that total water storage generally follows changes in precipitation, with 

a peak time lag of about 1 month for all sub-basins (figures 1.6-1.10 (a and d)). Higher peaks in 

TWSA occur after extreme precipitation events like those experienced during the September-

October-November-December (SOND) season in 2006 over the entire region (figure 1.6-1.10 

(a)). The inter-annual variations in precipitation and TWSA show that the SOND season of 2006 

was the wettest within the entire 2003-2011 period of study for all the sub-basins, and is 

attributed to a strong 2006 Indian Ocean dipole (IOD) forcing on the regional rainfall [Becker et 

al., 2010] as well as ENSO influences [Awange et al., 2014a].  
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Figure 1.6: Panels of monthly time series for GRACE TWSA (plot a), SM+ALT (plot b) 
and estimated GWSA (plot c), for sub-basins A and B. Also included in plot a for each 
panel is the TRMM mean monthly precipitation estimates. Plot d in each panel represents 
the monthly climatology of TWSA, SM+ALT, GWSA and precipitation for the period 
March 2003-September 2010. 
 
In their study, Awange et al. [2014a] show that ENSO related rainfall increased total water 

storage in the Lake Victoria basin by 14.52 cm/year during 2006-2007. Prior to this high rainfall 

period, a declining behavior in total water storage, that reaches a minimum in February 2006, is 

apparent over all the sub-basins. The water storage declines that accumulated during the period 

2003-2006 were counteracted by the SOND 2006 high precipitation events for all sub-basins, 

causing a rebound in TWS (figures 1.6 - 1.10a) that ultimately affected the overall TWS trend 

over the entire period of study. Thus, no significant trends were detected in total water storage 
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(TWS) for the entire period 2003-2010 for all sub-basins (figures 1.6 – 1.11, table 1.3). 

However, significant piecewise negative trends in TWS were detected during the period 2003-

2006 (table 1.3). Sub-basin A, encompassing Lake Victoria, experienced the biggest decline in 

total water storage (4 cm/yr (20.4 km3), p<0.001) table 1.3, figures 1.6 & 1.11) and SM+ALT (6 

cm/yr (29.3 km3/yr), p<0.001, table 1.3, figures 1.6 & 1.11) during 2003-2006, while the other 

sub-basins experienced total water storage declines between 1 - 1.8 cm/yr and SM+ALT declines 

between 0.5 - 2 cm/yr during 2003-2006. The large decline in SM+ALT over sub-basin A during  

	  

Figure 1.7: Same as figure 1.6 for sub-basins B. 
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Figure 1.8: Same as figure 1.6 for sub-basins C. 

	  
the period 2003-2006 is relatively higher (about 80%) than the declines experienced in the other 

sub-basins, and largely influenced the negative TWS trend. Changes in soil moisture and lake 

storage are often argued to be highly related to changes in precipitation [Findell & Eltahir, 1997; 

Sheffield & Wood, 2008]. Analysis of TRMM data shows no decline in precipitation (table 1.3) 

over the entire region during the 2003-2006 period, a result consistent with other studies [e.g., 

Awange et al., 2007; Becker et al., 2010]. This implies that the observed negative trends in 
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SM+ALT during 2003-2006 are unlikely to be related to changes in precipitation but should be 

attributed to changes in Lake Victoria storage due to human activities.  

	  

Figure 1.9: Same as figure 1.6 for sub-basins D. 

	  
In related studies [Swenson & Wahr, 2009; Becker et al., 2010; Hassan & Jin, 2014, Moore and 

Williams, 2014], similar results were obtained where changes in TWSA over the Lake Victoria 

basin during 2003-2006 were found to be highly governed by changes in the surface water stored 

in the lake itself that were largely driven by management practices (i.e., increased discharge) 

during that period [Kull, 2006; Mubiru, 2006; Sutcliffe and Petersen, 2007].  
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Figure 1.10: Same as figure 1.6 for sub-basin E 

	  
Groundwater storage portrays no significant trends over the region during the entire 

2003-2010 period except for sub-basin D which largely covers the western parts of Tanzania that 

recorded a significant negative trend (-0.37 cm/yr (-1.46 km3/yr), p=0.018) (figure 1.9, table 1.3). 	  

However, during 2003-2006, significant negative trends in groundwater storage are observed in 

sub-basins C (-1.4 cm/yr (-4.3 km3/yr), p=0.001), D (-0.87 cm/yr (-3.73 km3/yr), p=0.025) and E 

(-1.6 cm/yr (-6.88 km3/yr), p<0.001) and each of these trends is largely correlated to the 

observed negative trend in TWSA in the respective sub-basins. The behavior of TWS, GW as 

well as SM+ALT, closely follow rainfall patterns for these three sub-basins (figures 1.6d, 1.7d 
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and 1.8d), an indication that the underlying aquifers are shallow and geologic characteristics 

permit rapid infiltration. These three sub-basins (i.e., C, D and E) have limited surface water 

resources thus likely rely on groundwater resources to meet water demands. I attribute the 2003-

2006 negative changes in groundwater storage over sub-basin C (covering South-Kenya), D and 

E (covering parts of Western Tanzania and Southern Tanzania respectively) to groundwater use 

rather than climate variability (i.e., no significant trends in TRMM are reported in 2003-2006). 	  

 

Table 1.3: Trends in each storage component over the 2003-2006, 2007-2010 & 2003-2010 
periods 

  Period   

Sub-basin 
               

Variable 
 

2003.01-2006.12  2007.01-2010.09  2003.01-2010.09 P-value 
Trend (cm/yr) P-value     Trend (cm/yr) P-value       Trend (cm/yr) P-value 

A GRACE -4.12±0.29* 

(-20.4± 1.43) 
< 0.001 0.39±0.32 

 
0.881 -0.07±0.11 

 
0.254 

 
SM+ALT -5.92±0.27* 

(-29.3±1.33) 
< 0.001 0.55±0.22 

 
0.992 0.43±0.07 

 
1.000 

GW 0.99±0.43 0.987 -0.21±0.42 0.310 -0.06±0.14 0.666 

TRMM 0.37  -0.61  -0.11  

B GRACE -1.17±0.26* 

(-5.34±1.18) 
< 0.001 -1.01±0.29 

 
0.310 -0.16±0.09 

 
0.054 

SM+ALT -1.80±0.18* 

(-8.22±0.82) 
< 0.001 -0.46±0.21* 

(-2.09±0.96) 
0.019 0.01±0.07 

 
0.582 

GW -0.28±0.34 
 

0.208 -1.10±0.39* 

(-5.02±1.78) 
0.004 -0.14±0.13 

 
0.133 

TRMM 0.05  -0.02  -0.15  

C GRACE -1.76±0.29* 

(-5.43±0.89) 
< 0.001 -0.76±0.32* 

(-2.35±0.98) 
0.011 -0.02±0.11 

 
0.432 

SM+ALT -0.61±0.24* 

(-1.88±0.74) 
0.008 -0.12±0.29 

 
0.3456 -0.28±0.08* 

(-0.86±0.25) 
< 0.001 

GW -1.39±0.39* 

(-4.29±1.20) 
0.001 -0.63±0.47 

 
0.095 0.09±0.14 

 
0.736 

TRMM 0.68  -0.13  -0.04  

D GRACE -1.44±0.24* 

(-5.67±0.95) 
< 0.001 0.06±0.26 

 
0.095 0.99±0.09 

 
1.000 

SM+ALT -0.74±0.32* 

(-2.91±1.26) 
0.013 1.07±0.53 

 
0.976 1.08±0.12 

 
1.000 

GW -0.87±0.44 
-3.73±1.89 

0.025 -1.49±0.63* 

(-5.87±2.48) 
0.012 -0.37±0.17* 

(-1.46±0.67) 
0.018 

TRMM 0.95  -0.322  0.06  

E 
 
 

GRACE -1.52±0.25* 

(-6.51±1.07) 
< 0.001 -0.30±0.27 

 
0.136 0.69±0.09 

 
1.000 

SM+ALT 0.21±0.26 
 

0.783 -0.66±0.35 
 

0.032 0.29±0.09 
 

0.999 

GW -1.61±0.38* 

(-6.89±1.63) 
<0.001 0.04±0.48 

 
0.536 0.33±0.14 

 
0.999 

TRMM 1.01  -0.50  0.02  

*  significant at 0.05%,   () equivalent volume lost/gained km3/yr  
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Figure 1.11: Spatial trends in TWSA, SM+ALT and GWSA over East Africa 

	  
For the period 2007-2010, sub-basins B and D registered significant negative trends in 

groundwater storage (-1.1 cm/yr (-5.02 km3/yr), p=0.004; -1.5 cm/yr (-5.87 km3/yr), p=0.012, 

respectively) (table 1.3). TRMM data shows that precipitation slightly decreased by about 0.32 

cm/yr over the entire region during the period 2007-2010, consistent with other regional studies 

[Becker et al., 2010; Awange et al., 2014a]. Given the relationship between groundwater storage 

and infiltration, I attribute the observed 2007-2010 declines in groundwater storage in sub-basins 

B and D to a combination of groundwater use and reduced infiltration. The negative trend in 
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GWS was larger (-1.4 cm/yr) during 2007-2010 (slightly decreased overall precipitation) than it 

was (-0.87 cm/yr) in 2003-2006 (relatively stable overall precipitation) for sub-basin D, a result 

that shows that the combined contribution of groundwater use and variations in precipitation 

exposes the groundwater system to additional stress. Elsewhere [Scanlon et al., 2015], 

groundwater storage declines during reduced precipitation periods have been attributed to 

reduced recharge and increased groundwater discharge (e.g., for irrigation). 

1.5 Conclusions 

The East African region is largely characterized by highly variable surface water 

resources and low productive crystalline aquifers, with limited hydro-geologic observations. The 

results show that the GRACE satellite captures the changes in total water storage well, based on 

the analysis of the water balance (ρ = 0.63 and RMSE = 3.3 cm between the GRACE-based 

dTWS’/dt and observed P-E-Q) and groundwater storage (ρ = 0.6 and RMSE = 3.1 cm between 

GRACE groundwater estimates and in-situ groundwater observations), allowing for evaluations 

of groundwater behaviors over the entire East African region. Central to the analysis is the use of 

filtered datasets in the disaggregation of the groundwater component from the GRACE total 

water storage signal. When compared to conventional scaling methods, the approach used in this 

chapter, which accounts for surface water storage, performs better. The correlation coefficient ρ 

between GRACE groundwater estimates and in-situ observations improves by ~ 75% while the 

RMSE reduces by 14%, when the approach used in this chapter is compared to the commonly 

used scaling approach. The goal of conventional scaling of GRACE products is to restore signal 

loss that results from post-processing. However, scaling should be done only when one is sure 

that the GRACE residuals are not smeared with unwanted signals e.g., from surface water 

bodies. The results demonstrate that a careful post-processing of the GRACE data is required to 
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account for the surface water storage component correction, especially over regions with large 

and highly variable lakes and reservoirs to accurately assess regional groundwater behaviors.  

Precipitation is a significant driver of the observed total water storage behavior over the 

entire region, contributing about 60% to TWS changes in parts of the region e.g., the Upper-Nile 

basin. We find that the semi-annual precipitation behavior is similar to that of total water storage 

(with a month time lag between peak P and peak TWS) and that at inter-annual timescales; high 

precipitation events (e.g., SOND, 2006) which are associated with large scale circulations (e.g., 

ENSO and IOD [Awange et al., 2014a]) play a role in eliminating accumulated declines in total 

water storage from previous years, if any. The combined impact of human groundwater use and 

precipitation variability, also demonstrated by other regional studies [e.g., Awange et al., 2008; 

2014a; Swenson and Wahr, 2009; Becker et al., 2010], leads to additional stress in some of the 

regional aquifers. For example, sub-basin D reported a negative trend in groundwater storage of -

0.87 cm/yr during the relatively stable precipitation period 2003-2006 (attributed to groundwater 

use) and -1.4 cm/yr during the low precipitation period 2007-2010 (attributed to both 

groundwater use and reduced infiltration). With increasing variability in regional precipitation 

[Yang et al., 2014], and increased groundwater demands from growing populations and industry, 

groundwater sustainability is questionable.  

This study has provided the first regional view of aquifer behavior within the East 

African region. Southern Kenya (i.e., sub-basin C) and Tanzania (i.e., sub-basins D and E) 

exhibit permeable and/or shallow aquifer systems that are recharged by rapid infiltration from 

precipitation within the basins themselves. Groundwater behavior and precipitation are in phase 

within these basins, peaking one month after the peak rains. The observations indicate that 

groundwater behaviors in sub-basins C and E are largely driven by groundwater use while sub-
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basins B and D are driven by a combination of reduced natural infiltration and groundwater use.  

Such results suggest that changes in the ratio of groundwater use to precipitation over these sub-

basins may result in short-term groundwater exploitation with the potential for rapid rebound in 

groundwater storage after subsequent heavy rainfall events, similar to ‘Variable Stress’ aquifers 

identified in Richey et al. [2015a]. The groundwater system underlying the Upper-Nile (sub-

basin A) seems to be generally deep and/or less permeable, resisting faster infiltration, and thus 

is highly susceptible to depletion if groundwater use exceeds recharge. Over the semi-arid parts 

of Northern-Kenya (sub-basin B) the groundwater system seems to be hydraulically connected to 

recharge zones outside the basin boundary that need to be identified and characterized for 

sustainable groundwater management in this dry land region. 

Uncertainties in the results are attributed to limitations in datasets used. It is worth noting 

that uncertainties in model soil moisture, that result from poor representation of the vadose zone 

(including soil type, depth and thickness) in land surface models, propagate into the GRACE 

groundwater estimates. A recent study [Swenson and Lawrence, 2015] while comparing GRACE 

TWSA and CLM model TWSA, shows that the inter-annual variability in total water storage 

depends on the thickness of the soil column, which is currently poorly represented in LSMs. For 

instance, LSM simulations with thin soil columns promote faster depletion of soil moisture from 

the surface layers while thick soil columns sustain near surface soil moisture while depleting 

deeper layer soil moisture (through prolonged evaporation). The study [Swenson and Lawrence, 

2015] also showed that with a soil column depth of ~2-3m over semi-arid regions (e.g., lower 

Colorado river basin), all of the observed GRACE TWS decline could be explained by model 

soil moisture variability (i.e., due to climate variability and not human groundwater use), 

signaling that care should be taken when making conclusions about observed trends in GRACE 
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groundwater estimates. On the other hand, the use of constant yield values across the basins also 

creates bias in the groundwater results [Rodell et al., 2007; Shamsudduha et al., 2012]. The 

results also demonstrate the importance of having more in-situ groundwater samples including 

those for deeper aquifer layers (i.e., GRACE groundwater estimates compare better with in-situ 

observations for periods with more groundwater samples), portraying a need for more 

representative hydro-geologic datasets over the region. 

For a region that is under-sampled and where policies limit data accessibility, this study 

has demonstrated the utility of applying GRACE in monitoring groundwater resources over East 

Africa. The results clearly identify patterns of hydro-climatology and groundwater use that has 

impacted changes in groundwater storage in the data-sparse region. Such results can be readily 

applied to regional water resources modeling to interpret local-scale water resources availability. 

The study was limited in timeframe given short period data availability, especially for small 

lakes and in-situ groundwater. I therefore recommend that future works consider extending the 

analysis with inclusion of more surface lakes, to further isolate long term anthropogenic and 

climate related controls on regional groundwater and associated trends.  
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CHAPTER 2 : A GRACE-discharge land surface model calibration approach for improved 

baseflow and water table depth simulations over the highly managed Upper-Nile basin of 

East Africa 

2.0 Abstract 

The ability to accurately simulate groundwater behaviors is central for resource planning 

and management purposes, especially in regions that are dependent on groundwater resources. In 

this chapter, data from the Gravity Recovery and Climate Experiment (GRACE) are combined 

with observed streamflow and estimated baseflow within a multi-objective calibration 

framework for the Community Land Model version 4 (CLM4), (the first full global model that 

includes a ‘groundwater storage component’). The analysis is completed over the highly 

managed Upper-Nile basin in a bid to improve model parameterization and simulations of the 

water table depth and baseflow. Multi-objective calibration resulted in an improved simulation of 

flow partitioning between surface discharges (overland flow) and subsurface discharges 

(baseflow). A significant improvement in the simulation of the water table depth during the 

calibration period 2007-2010 is observed, when the default (i.e., RMSE = 6.50 m/month, 

PBIAS=48.33%) is compared with the calibrated (i.e., RMSE = 1.04 m/month, PBIAS=3.37%) 

model output. The results generally show robustness in the optimized parameters (generated over 

the short-term period 2007-2010) to simulate historic runoff records. The results underscore the 

need to include management practices in modeling efforts and provide a simulated reconstruction 

of past hydrologic behavior (e.g., streamflow, baseflow and water table depth) over the study 

area. 
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2.1 Introduction and background 

The use of land surface models (LSMs) in regional and catchment hydrologic studies has 

become common place. The original intent of LSMs was to supply global climate models with 

terrestrial water, energy and bio-geochemical processes [Wood et al., 1992; Liang et al., 1994; 

Pitman, 1991, 2003; Kumar et al., 2006; Sato et al., 2015], and thus LSMs employ simplified 

assumptions to distribute water within the terrestrial hydrosphere. Therefore, their application for 

small scale hydrologic studies fosters greater uncertainty [Bjerkens et al., 2015] and requires 

careful consideration of associated model results. In addition to having poor representation of the 

heterogeneity of the land surface [Pitman, 1991; 2003; Giorgi and Avissar, 1997; Ke et al., 

2013], LSMs use one-dimensional mass conservation methods to simulate hydrologic 

components (e.g., soil moisture and runoff), an assumption that limits physical processes within 

a given grid (e.g., drainage) to only occur vertically [Pitman, 1991; 2003]; underscoring the 

contribution of lateral flow [Choi et al., 2013; Kim and Mohanty, 2015].  

In addition, many LSMs lack adequate representation of lakes/reservoirs and 

groundwater, important model limitations, given that these storages critically contribute to 

hydrologic behaviors over basins. Particularly, groundwater storage influences land surface 

processes [Kollet and Maxwell, 2008] through interactions with the soil and surface water 

systems [Famiglietti and Wood, 1991; 1994; Liang et al., 2003; Yeh and Eltahir, 2005a; 2005b; 

Fan et al., 2007; Niu et al., 2007]. Groundwater storage and the corresponding simulation of 

saturation in LSMs influence soil moisture through gravitational and capillary exchanges of 

water between soil layers and underlying aquifers, thus influencing runoff [Liang et al., 2003; 

Kollet and Maxwell, 2008; Li et al., 2011b]. A shallow (deeper) water table influences saturation 

(infiltration) excess runoff, groundwater discharge (recharge) and ultimately evaporation [York et 
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al., 2002, Liang et al., 2003, Niu et al., 2007]. An improved representation of groundwater 

dynamics in LSMs is thus imperative to achieve a better understanding of the distribution of 

water and energy between the subsurface and the lower atmosphere [Gutowski et al., 2002; 

Liang et al., 2003; Yeh, and Eltahir; 2005a, 2005b; Kollet and Maxwell, 2007; Lo et al., 2008; 

2010].   

Studies have employed a number of approaches in a bid to improve model 

parameterizations and/or simulations. Such approaches include; parameter calibration 

approaches [Gupta et al., 1998; 1999b; Xia et al., 2002; Duan et al., 2006], parameter 

aggregation approaches [Chehbouni et al., 1995; Shuttleworth et al., 1998], data assimilation 

approaches [Rodell et al., 2004a; Moradkhani et al., 2005; Vrugt et al., 2005; Clark et al., 2008; 

Zaitchik et al., 2008], statistical approaches [Avissar and Pielke, 1989; Entekhabi and Eagleson, 

1989; Famiglietti and Wood, 1991; Wood et al., 1992; Avissar, 1991; Giorgi, 1997] surface 

tiling approaches [Essery et al., 2003] and finer grid simulation approaches [Seth et al., 1994; 

Kumar et al., 2006; Sheffield et al., 2006; Wood et al., 2011].  

Efforts to improve representations of groundwater dynamics in LSMs have increased in 

the recent past [e.g., Famiglietti and Wood, 1991, 1994; York et al., 2002; Liang et al., 2003; 

Yeh and Eltahir, 2005a, 2005b; Maxwell and Miller, 2005; Fan et al., 2007; Maxwell et al., 

2007; Niu et al., 2007; Kollet and Maxwell, 2008; Anya et al., 2008; Rihani et al., 2010; Tian et 

al., 2012], providing a basis to examine groundwater hydrology. A number of studies have 

evaluated feedbacks between improved groundwater representation and surface and subsurface 

hydrology [Maxwell and Miller, 2005; Maxwell et al., 2007; Anya et al., 2008] and land surface 

energy [Anya et al., 2008; Kollet and Maxwell, 2008; Tian et al., 2012]; but few [e.g., Lo et al., 
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2008; 2010] have attempted to incorporate representative calibration schemes in LSMs to 

capture subsurface behaviors, a central goal of this chapter. 

Historically, the complexity of the hydrologic system and the lack of reliable 

groundwater observations [Sophocleous, 2002, Jolly et al., 2010] have limited conjunctive 

modeling of groundwater and surface water resources in LSMs. Unlike for groundwater, long 

records of streamflow exist for a number of river basins around the world [GDRC, 1995]. 

Conventional LSM calibration and validation studies [Post et al., 1999; Brun et al., 2000; Liang 

et al., 2001; Ajami et al., 2004; Niu et al., 2005; Li et al., 2011b] have thus sought to improve 

runoff simulations using historical streamflow records. Such model exercises ignore the 

influence of subsurface hydrology and its associated controls on water table depth, soil moisture, 

evapotranspiration and flow partitioning of different runoff components [Fenicia et al., 2007; Lo 

et al., 2008; 2010]. Integrated hydrologic models for simulating groundwater-surface water 

interactions (e.g., GSflow (http://water.usgs.gov/ogw/gsflow/) and Parflow 

(https://computation.llnl.gov/casc/parflow/), are often limited, as such approaches require 

reliable hydro-geologic observations, including human management, to achieve satisfactory 

results (Valerio et al., 2007). Given the extensive reliance on groundwater use globally [Foster 

and Chilton, 2003; Morris et al., 2003], and the need to use groundwater simulations to 

characterize groundwater drought [Li and Rodell, 2015], significant improvements in model 

simulations of baseflow and water table dynamics are necessary to provide insights about 

regional relations between subsurface and surface hydrology behaviors.  

Advances in earth observation technology, specifically the Gravity Recovery and Climate 

Change Experiment (GRACE) satellites, provide a global view of where and to what extent 

changes in water storage occur [Rodell et al., 2001; Tapley et al., 2004; Schmidt et al., 2006]. 
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Changes in groundwater storage can be isolated after making assumptions of hydrologic budgets 

and auxiliary datasets [Wahr et al., 1998; Rodell and Famiglietti, 1999; Rodell et al., 2004; 

Swenson & Wahr, 2009; Birkett et al., 2011; Crétaux et al., 2011], providing opportunities to 

validate model output [Niu and Yang, 2006; Syed et al., 2008; Alkama et al., 2010; Grippa et al., 

2011]. Such information like GRACE data provides opportunities to improve parameters for 

hydrologic modeling of global [Werth et al., 2009; Werth and Güntner, 2010] and regional water 

resources [Milzow et al., 2011], including groundwater [Niu and Yang, 2006; Zaitchick et al., 

2008; Lo et al., 2010)]. For instance, GRACE data has been employed in data assimilation 

approaches in which model fields/variables are corrected towards observational estimates [e.g., 

Zaitchick et al., 2008; Houborg et al., 2012; Eicker et al., 2014] and in calibration approaches 

(also used in this chapter) in which model parameters are adjusted to identify an optimal 

parameter value/set, that produces results, that most closely matches observations [e.g., Werth et 

al., 2009; Lo et al., 2010; Milzow et al., 2011].  

LSM studies [Yapo et al., 1998; Gupta et al., 1998, 1999b, 2003; Bastidas et a., 1999; 

Madisen, 2000; Xia et al., 2002; Vrugt, 2003a; Crow et al., 2003; Khu et al., 2005; Fenicia et 

al., 2007; Lo et al., 2010] suggest that using more than one variable (statistic) in a multi-

objective parameter calibration framework improves model performance. By combining GRACE 

total water storage anomalies (TWSA) and discharge for example, improved model simulations 

of streamflow and water table depth were obtained over Sub-Saharan Africa [Xie, et al., 2012] 

and Illinois [Lo et al., 2010]. Such results indicate that multi-objective calibration using a 

combination of GRACE data with other hydro-climatic variables can be useful in model 

parameterization to improve hydrologic simulations of baseflow and groundwater [Lo et al., 

2010].  
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In this chapter, the community land model version 4 (CLM4) [Oleson et al., 2010; 

Lawrence et al., 2011] is conjunctively, in a multi-objective framework, calibrated using a 

combination of hydrologic processes including surface and subsurface runoff and total water 

storage from the GRACE satellite, over the Upper-Nile basin of East Africa, a region 

characterized with poor groundwater records in addition to complex yet important hydrology 

(i.e., the presence of Lake Victoria, the head waters of River Nile). CLM4 has been used widely 

to study different aspects of the land surface hydrology including energy fluxes [Hou et al., 

2012], runoff [Huang et al., 2013; Li et al. 2011b], soil moisture [Li et al., 2011a; Subin et al., 

2013] and groundwater [Gulden et al. 2007; Niu et al. 2007; Lo et al. 2008; 2010]. CLM4 is 

chosen because, unlike the commonly applied Soil and Water Assessment (SWAT) model in the 

region [e.g., Vazquez-Amábile and Engel, 2005; Abdelhamid, 2010; Ndomba and Griensven, 

2011; Kimwaga et al., 2012 a, b; Mango et al., 2011, Baker and Miller, 2013; Githui et al., 

2009; Velasco and Bauwens, 2013], CLM4 includes a shallow unconfined aquifer, that allows 

for a dynamic interaction between the water table and soil moisture [Oleson et al., 2010], shown 

to play a significant role in improving land surface model output [Maxwell and Miller, 2005, Yeh 

and Eltahir, 2005a, 2005b, Lo et al., 2008, 2010].  

Subsurface runoff or baseflow (Qs) is related to watershed storage (S) through a power 

law relationship [Dooge, 1983] as Qs=αSn. Thus, an increase in watershed storage, primarily 

indicated by an increase in water table elevation, theoretically leads to an increase in subsurface 

runoff (assuming that watershed storage is above some baseline where baseflow Qs=0).  I 

hypothesize that improved parameterization of groundwater parameters including baseflow in 

CLM4, would result in improved simulations of the water table depth. The goals of this chapter 

therefore are; 1) to explore the extent to which a multi-objective calibration approach using 
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GRACE TWSA and observed runoff can improve parameterization and simulation of baseflow 

and water table depth over the Upper-Nile basin and 2) to evaluate the robustness of optimal 

parameters generated from a short period (i.e., 2007-2010) in simulating historical hydrologic 

behavior since 1950.  

2.2 The Upper-Nile Basin 

	  

Figure 2.1: Study region (based on SHUttle Elevation Derivatives at multiple scales 
(HydroSHEDS and model domain data set available at http://hydrosheds.cr.usgs.gov/ 
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The Upper-Nile basin (figure 2.1) over East Africa, the study region, encompasses five 

Nile riparian countries: Uganda, Kenya, Tanzania, Rwanda, and Burundi. The basin is overlain 

by important hydrologic systems including Lake Victoria; a great economic resource for basin 

communities [Reynolds et al., 1998; Odongkara et al., 2005, Lubovich et al., 2007; Njiru et al., 

2008, Musamba et al., 2011] and River Nile; the primary producer of electricity energy through 

a number of dams including the oldest Nalubaale dam power project (est. 1954 with a capacity of 

~ 180MW) [Hoyle, 1963; Sene et al., 1994; Tumwesigye et al., 2011, Mawejje et al., 2013]. 

Since 1954, discharge from Lake Victoria through river Nile is managed at an ‘agreed rating 

curve’ that ‘mimics’ the natural flow [Sene and Plinston, 1994; Mubiru, 2006; Kull, 2006, 

LVBC, 2012], a practice aimed at avoiding adverse downstream hydrologic impacts that may 

result from high water releases for hydro-power generation. However, with increasing demands 

for energy, deviations from the ‘agreed curve flow’ are inevitable, as new hydro-power plants get 

constructed (e.g., the Kiira dam construction led to increase in Nile discharge during 2000-2006 

[LVBC, 2012]).   

Low permeable crystalline basement aquifers comprised of zones of weathered, un-

weathered and fractured bedrock [Clark, 1985; Jones, 1985; Wright and Burgess, 1992; Chilton 

& Foster, 1995; Taylor & Howard, 1996; MacDonald and Davies, 2000], underlie the basin. 

Groundwater within the weathered zones and bedrock fractures [MacDonald and Davis, 2000] is 

recharged by direct infiltration from rainfall (which varies between 200 and 200 mm/year within 

the basin [Nicholson, 1996]) and through preferential pathways [Wright and Burgess, 1992; 

Aldous, 2005; Pavelic et al., 2012]. Extreme rainfall is shown to strongly impact groundwater 

recharge in parts of the basin [Bonsor and Macdonald, 2010; Owor et al., 2009; Taylor et al., 

2013] with wet and humid areas receiving more recharge than the semi-arid regions [Gavigan et 
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al., 2009]. Groundwater in the region is poorly monitored despite the dependence on 

groundwater resources for drinking water supplies [Nsubuga et al., 2014]. The need to assess 

conjunctive hydrologic behaviors in the region can be achieved by evaluating output from simple 

land surface model approaches, the primary goal of this chapter. 

The rest of the chapter is organized as follows; the CLM model, the forcing datasets, the 

in-situ observations for calibration and validation purposes, the baseflow separation approach 

and statistics for model output evaluation are presented in section 2.3, steps for parameter 

sensitivity analysis and model calibration are described in section 2.4 and section 2.5 presents 

calibration and validation of results. A summary of the major findings from the study, 

conclusions and future directions are provided in section 2.6. 

2.3 Model and datasets 

2.3.1 The Community Land model (CLM) surface and subsurface parameterization 

schemes 

The study uses the Community Land Model version 4 (CLM4) [Oleson et al., 2010], the 

land surface component in the National Center for Atmospheric Research (NCAR) Community 

Earth System Model (CESM). CLM4 is a one-dimensional grid-based water and energy balance 

land surface model comprised of a lumped simplified unconfined aquifer that allows for 

interactive vertical exchanges between the water table and soil moisture through groundwater 

recharge and capillary rise [Oleson et al., 2010; Lawrence et al., 2011]. The model is comprised 

of 15 subsurface layers with a total depth of 50m. The top 10 layers are hydrologically active soil 

layers totaling to a depth of 3.4m, with layer thicknesses that exponentially increase with depth 

(upper layer ~ 0.018 m thick) (table B.1, appendix B). The five bottom layers (3.4-50 m depth) 

are thermal slabs representing an arbitrary unconfined aquifer system [Lawrence et al., 2011; 
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2013; Oleson et al., 2008; 2010]. The runoff and groundwater generation schemes in CLM4 are 

briefly presented in the section that follows. For detailed description of CLM4, the reader is 

referred to Niu et al., [2005, 2007], Oleson et al., [2008, 2010] and Lawrence et al., [2011]. 

Runoff (both surface and subsurface) generation in CLM4 is based on a simple 

TOPMODEL scheme (SIMTOP) developed by Niu et al. [2005], parametrized as exponential 

functions of the water table depth [Li et al., 2011b]. The surface runoff scheme accounts for both 

saturation excess and infiltration excess runoff mechanisms using the following equation [Niu et 

al., 2005; Oleson et al., 2008; 2010]: 

𝑄!"#$ = 𝑄!"# ∗ 𝐹!"#  exp   −0.5𝑓!"#$𝑍!        +    (1  −     𝐹!"#  exp   −0.5𝑓!"#$𝑍!     ∗  max(0,     𝑄!"#

− 𝐼!"#))                                                                                                                                                                                                                          (2.1) 

 

where 𝑄!"#$ is the surface runoff, 𝑄!"# is effective precipitation, 𝐼!"# is the maximum soil 

infiltration capacity.  𝐹!"#   is the maximum saturated area fraction [Niu et al., 2005], a function 

of the water table depth, which is an empirical discrete cumulative distribution function of the 

topographic index when the grid cell water table depth is zero. 𝑍!   is the water table depth (m), 

which is calculated by scaling the aquifer water storage by the average specific yield Sy. The 

surface decay factor, fover (m-1), represents the length scale for the exponential decrease in the 

saturated hydraulic conductivity of the soil with depth [Oleson et al., 2010; Lo et al., 2010; Li et 

al., 2011b] and thus controls the amount of infiltration into the soil column [Li et al., 2011b]. 

CLM4 uses the Richard’s equation [Richards, 1931] to govern vertical movement of water 

within the soils. The Richard’s equation has been shown to poorly represent capillary rise and 

soil saturation especially over shallow aquifers [Zeng and Decker, 2009], and is thus deemed 

inappropriate in simulating water fluxes in soils with saturated regions [Ross, 2003; Zeng and 

Decker, 2009; Decker and Zeng, 2009]. The baseflow or subsurface runoff (𝑞!"#$  )  scheme 
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gradually restricts drainage in frozen soils so that the water table depth remains dynamic under 

partially frozen soil conditions. The scheme is described by equation 2.2 below [Niu et al, 2005; 

Oleson et al., 2010]: 

𝑞!"#$   = (1− 𝑓𝑖𝑚𝑝)𝑞!"#$,!"#    exp   −𝑓𝑑𝑟𝑎𝑖𝑍!                                                                                       (2.2)        

where 𝑞!"#$   is groundwater discharge (mm s-1), 𝑞!"#$,!"#  (mm s-1) is the maximum subsurface 

runoff when the mean water table depth for a grid cell is zero (i.e., when the whole grid cell is 

saturated), 𝑓!"# is the fraction of impermeable area determined from the ice content of the soil 

layers interacting with the water table and fdrai is the subsurface decay factor (m-1), representing 

the distribution of subsurface runoff with depth [Hou et al., 2012] that also controls the shape of 

the recession curve [Li et al., 2011b].  

The CLM4 water table depth generation scheme assumes an unconfined and shallow 

aquifer [Niu et al., 2005, 2007]. The scheme accounts for the position of the water table (within 

or below the soil column) when estimating the changes in groundwater storage. Groundwater 

stored in the aquifer (GW) at a given time step is estimated using the mass balance equation 

below:  

𝐺𝑊!!! = 𝐺𝑊! + (𝑞!  – 𝑞!"#$  )∆𝑡                                                                                             (2.3) 

where qr is the recharge to the aquifer (kg m-2 s-1) and ∆𝑡 is the model time step. The water table 

depth 𝑍!    at  a  given  timestep  is calculated from the aquifer groundwater storage (GW) using the 

following equation; 

𝑍!   =   𝑍!,!"#$%&'     + 25−
GW
10!𝑆!  

                                                                                                (2.4) 

where 𝑍!,!"#$%&'    is the water table depth at the bottom of the soil layer and Sy is the bulk aquifer 

specific yield.  
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For model calibration and evaluation, my interest is in the parameters that control surface 

and subsurface runoff as well as groundwater recharge, storage and the water table depth. Thus 

the parameters evaluated in this study include the maximum subsurface drainage qdrai,max, surface 

decay factor fover (equation 2.1), subsurface decay factor fdrai (equation 2.2) and the specific yield 

Sy (equation 2.4). The CLM4 model default parameter values for qdrai,max, fover, fdrai and Sy  are 

5.5 x 10-3 mm s-1,  2.5 m-1, 0.5 m-1 and 0.2 respectively [Oleson et al., 2010]. 

2.3.2 Atmospheric forcing and land surface datasets 

The model was run in an offline mode [e.g., Mullens et al., 2013] and the atmospheric 

forcing variables required include: precipitation (mm s-1), solar radiation (W m-2), air pressure 

(Pa), atmospheric specific humidity (kg kg-1), near-surface air temperature (K) and wind speed 

(m s-1) [Oleson et al., 2010]. The required atmospheric variables are taken from the Climate 

Research Unit – National Center for Environmental Prediction global forcing dataset (CRU-

NCEP), specifically version 4 (CRU-NCEP.v4) 

(http://dods.extra.cea.fr/data/p529viov/cruncep/readme.htm accessed August, 2014). 

CRUNCEP.v4 is a combination of CRU T 3.21 0.5°x0.5° monthly climatology covering the 

period 1901 to 2012 and the NCEP reanalysis 2.5°x2.5°, 6 hours’ time step near real time dataset 

beginning in 1948 [Kanamitsu et al., 2002; Mitchell and Jones, 2005; Mao et al 2012a; 2012b]. 

I chose the CRU-NCEP forcing dataset because from my preliminary experiments (results not 

shown here), total water storage anomalies (TWSA) from CLM4 forced with CRU-NCEP 

portrayed similar variability as the GRACE satellite TWSA. This variability was not captured 

with other forcing datasets (e.g., the Global Land Data Assimilation System (GLDAS)). The land 

surface data types (topography, lake, wetland, urban, vegetation, soil characteristics, plant 

functional types, land use etc.) required for the model grid were derived using default datasets 
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and aggregation methods provided with the CLM4 source code and described in Oleson et al. 

[2010].  

The model was run from cold start with arbitrary initial conditions. To ensure that model 

simulations are independent of uncertain initial conditions, it is necessary to spin up the model 

for a number of years to bring the system to a hydrologic equilibrium. The required spin up time 

varies depending on the system’s memory [Yeh et al., 2005]. Yang and Dickson [1995] show that 

it takes longer (>30 years) for dry systems (e.g., arid and semi-arid regions) while it takes shorter 

times for wet systems e.g., topical forests (2-10 years) and grasslands (5-15 years) to reach 

equilbrium. In this study, a spin up time of 10 years was used to account for uncertain initial 

conditions.  

Due to computational burden, the model was run as a single point containing the entire 

study domain shown in figure 2.1 (i.e., the whole basin represented as one grid cell) [similar to 

Crow et al., 2003; Lo et al., 2010] (here after called CLM4SP) for the Monte Carlo based 

sampling experiments used for sensitivity analysis (section 2.3.6) and model 

calibration/validation (section 2.5). The split sample approach was employed in which the model 

was calibrated over the period 2007-2010, while validation is done at decadal scales starting 

from 1950 till 2006. The optimal parameters generated from the single point run experiments are 

further tested with a 0.250 x 0.250 (~14 km at the equator) simulation (hereafter called CLM4025) 

over the Upper Nile basin. This exercise is aimed not only to evaluate their performance with 

spatial basin heterogeneity, but also to aid evaluation of the optimized model simulation of water 

table depth for which observations are available over the Ugandan part of the basin (figure 2.1).  
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2.3.3 In-situ hydrologic observations  

2.3.3.1 Streamflow data 

The model domain covers the Upper-Nile basin where daily streamflow data were 

available at a point along river Nile (gage C, figure 2.1, table 2.1), which approximately 

represents the basin’s outlet. Common to most in-situ hydrologic datasets, the gage C streamflow 

data had some temporal gaps. Concurrent streamflow observations (table 2.1, figure B.1, 

appendix B) at upstream gages (gage A and B, figure 2.1, table 2.1) exhibit correlated behaviors 

with observations at gage C, thus providing a dataset to drive relationships to fill missing data.  

 

Table 2.1: Discharge stations used in the study. DWRM = Department of Water Resources 
Monitoring 

Station DWRM 
station 
number 

Station name Drainage area 
Km2 

Period of record 

A 83203 R. Kyoga Nile at Masindi 
Port 

338,465 1947 - 2013 

B 83209 R. Kyoga Nile at Paraa 349,207 1963 - 2012 

C 87222 R. Albert Nile at Panyango 413,046 1969 - 2013 

 

 
Parret and Cartier (1990) provide a detailed review of methods to estimate streamflow at 

ungagged locations and/or for missing periods. I used the concurrent-measurement technique, 

that employs the Maintenance of Variance Extension (MOVE.1) regression [Hirsh, 1982; Hirsh 

and Gilroy, 1984; Nielsen, 1999; Parrett and Cartier, 1990; Rankl et al., 1994] applied to the 

log-transformed streamflow data, to estimate missing flow values at gage C. The extended time 

series data set was then converted to monthly stream flow data and is shown in figure 2.2 (blue 

curve) together with lake Victoria levels (black curve).   
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Figure 2.2: Total runoff, estimated baseflow, agreed curve flow and Lake Victoria levels 

	  
Changes in observed streamflow and lake Victoria levels (figure 2.2) are generally 

similar at both annual and inter-annual time scales (spearman’s rho=0.6) except for the period 

2000-2005 when streamflow increased as lake Victoria level dropped. Marked increases in 

streamflow and lake levels are evident following extreme precipitation events [Piper et al., 1986, 

Conway, 2002] (e.g., the 1962 event related to Indian ocean dipole). For instance, following the 

1962 extreme precipitation, a ~2.5 meters rise in lake levels and a ~1 cm/month increase in 

streamflow as compared to the previous year was registered (figure 2.2). This result is similar to 

earlier studies that show that a dramatic rise in Lake Victoria of about 2.5 m between 1959-1964 

doubled the average flow from the lake during the period 1962-1979 (10.4 x 109 m3) as 

compared to an earlier 1900-1961 period flow (4.60 x 109 m3) [Kite, 1981].   
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Although the Upper-Nile river discharge is managed and controlled at an agreed rating 

curve, deviations from this practice are inevitable given the increasing demand for hydropower 

energy. For example, during the period 2000-2006 [LVBC, 2012], discharge from Lake Victoria 

exceeded the agreed curve, ultimately leading to an increase in downstream flow along River 

Nile. A power Planning Associates (PPA) report [2007] published the 2000-2005 Lake Victoria 

discharge observations together with the expected agreed curve flow [figure 3-4 PPA, 2007]. 

Using this information and assuming a linear relationship between lake Victoria discharge and 

downstream flow at gage C; the 2000-2005 expected gage C streamflow observations were 

estimated (red curve, figure 2.2) (i.e., if Lake Victoria discharge was at the agreed rating curve) 

using the equation; 

Q!_!"#$$% =
Q!"#_!"#$$%
Q!"#_!"#

∗ Q!                                                                                                                       (2.5) 

 where QC_agreed and QC are the estimated ‘natural’ (i.e., corresponding to lake Victoria agreed 

curve flow) and the observed gage C discharge respectively, while Qvic_agreed and Qvic_obs  are the 

agreed curve and observed lake Victoria discharge respectively for the period 2000-2005. The 

estimated 2000-2005 QC_agreed is used in the evaluation of the calibrated model’s capacity to 

simulate streamflow during periods when deviations from ‘natural’ flow occur and as such to 

document the impact of dynamic management practices on modeling efforts in the upper-Nile 

basin.  

2.3.3.2: Baseflow estimation 

A digital recursive filter method [Nathan and McMahon, 1990; Arnold et al., 1995; 

Arnold and Allen, 1999; Chapman, 1999; Spongeberg, 2000; Vasconcelos et al., 2013; Stewart, 

2015] was applied to separate daily baseflow from daily streamflow observations at gage C.  The 
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method has been found to be objective and reproducible [Arnold et al., 1995] and has been used 

to efficiently filter baseflow [Arnold et al., 2000; Santhi et al., 2008; Lo et al., 2008; Lo et al., 

2010] and groundwater recharge [Arnold and Allen, 1999, Arnold et al., 2000] from high 

frequency streamflow signals. According to the recursive filter technique [Lynne and Hollick, 

1979], baseflow over a linear reservoir at time t can be estimated as a weighted average of runoff 

at time t and the baseflow at the previous time 𝑡 − 1 using equation 2.6 below [Chapman and 

Maxwell, 1996]. 

𝐵 𝑡 = (!)
!!!

𝐵 𝑡 − 1 + !!!
!!!

[ 𝑄 𝑡                                                                                                                     (2.6)  

where B(t) is baseflow, Q(t) is total streamflow, t is time and α is the filter coefficient or 

baseflow recession contant. For the study area, the α was estimated using traditional methods as 

described in Vogel and Kroll [1996] and Thomas et al. [2013], which assume watershed storage 

operates as a linear reservoir. The hydrograph recession algorithm described in Vogel and Kroll 

[1996] was used to derive hydrograph recessions for nested watersheds (i.e., flow at gage B 

minus flow at Gage A and flow at gage C minus flow at gage B) for the period 1990 – 2013, 

using a 3-day moving streamflow average. An average recession constant α of 0.955, which falls 

within the reported feasible range (0.900 - 0.975) [Nathan and McMahon, 1990] was derived for 

the Upper-Nile basin. Using equation 2.6, with α =0.955, time series of baseflow were estimated 

and are shown in figure 2.2 as the green curve.   

2.3.3.3: Water table depth 

Monthly groundwater depth records from a network of 29 monitoring wells (figure 2.1) 

were available for this study for the period 2000-2010. Water table records were processed to 

produce area-weighted average behaviors as described in chapter 1, section 1.3.5.	   The 

comparison between estimated baseflow and water table depth (figure B.2, appendix B) indicates 
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a strong positive linear relationship (r=0.8, p-value < 0.01), suggesting that improved subsurface 

flow parameterization could improve simulated groundwater table depths.  

2.3.4 GRACE Total Water Storage Anomalies and groundwater estimates 

This chapter uses the same (i.e., release-5 (RL05), 10x10 gridded GRACE total water 

storage anomalies (TWSA) produced by the Jet Propulsion Laboratory (JPL) and available at 

NASA’s TELLUS website http://grace.jpl.nasa.gov/) GRACE dataset described in chapter 1, 

section 1.3.3. The dataset corresponds to monthly spherical harmonic coefficients that have been 

post-processed to remove systematic and random errors [Swenson & Wahr, 2006; Landerer & 

Swenson, 2012] and thus requires scaling to restore the signal lost during processing. Caveats of 

commonly used model-based scaling approaches [Landerer & Swenson, 2012] over the study 

region have been explained in Chapter 1, section 1.3.3. In Chapter 1, section 1.3.4, a water 

balance approach was employed to estimate groundwater residuals (GWSA) from the GRACE 

satellite using model soil moisture and surface water storage from altimetry. These groundwater 

residuals are used in this chapter for purposes of calibrating and evaluating the CLM4 model.   

 2.3.5 Model evaluation statistics 

Four statistics (shown in the equations below) including; the Root Mean Square Error 

(RMSE), the Normalised Root Mean Square Error (NRMSE) (i.e., ratio of RMSE to standard 

deviation of observations) [Singh et al., 2005; Moriasi et al., 2007], the percentage bias (PBIAS) 

and the mean residual (MR) [Gupta et al., 1999 a, b; Moriasi et al., 2007] are used to evaluate 

model performance. For the multiobjective parameter optimization exercise, only one statistic, 

the NRMSE is used, while for optimized model evaluation, the three (RMSE, MR and PBIAS) 

are used.   
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𝑃𝐵𝐼𝐴𝑆 =
(𝑜! − 𝑝!! ) ∗ 100

(𝑜!! )                                                                                                                 (2.7) 

𝑀𝑅 = 𝑙𝑜𝑔(𝑝!)− 𝑙𝑜𝑔(𝑜!)                                                                                                                          (2.8) 

𝑅𝑀𝑆𝐸 =
(𝑝! − 𝑜!)!

𝑛!
                                                                                                                          (2.9) 

𝑁𝑅𝑀𝑆𝐸 =
𝑅𝑀𝑆𝐸
𝑆𝑇𝐷!"#

                                                                                                                                            (2.10) 

where 𝑜! is the observation and 𝑝! is the model simulation respectively and STDobs the standard 

deviation of the observations. The PBIAS measures the tendency of the model to overestimate or 

underestimate a given variable [Gupta et al., 1999 a, b; Moriasi et al., 2007; Muleta 2011]. The 

optimal (perfect model fit) value for PBIAS is 0%. Low magnitude PBIAS values indicate very 

good model performance whereas positive (negative) PBIAS values indicate model under-

estimation (over-estimation) of a given variable [Moriasi et al., 2007; Muleta, 2011]. The RMSE 

indicates error in the units of the variable [Moriasi et al., 2007] and can be used to evaluate 

model performance of a given variable at different periods (e.g., validation and calibration 

period). As suggested by Singh et al., [2005], care must be taken when interpreting RMSE in that 

model performance should be ranked successful if the RMSE value is lower than half the 

standard deviation of the measured data. The NRMSE incorporates the benefits of error index 

statistics and a normalization factor [Moriasi et al., 2007] such that the result can be compared 

for different variables. NRMSE varies from 0 (which indicates RMSE = 0 and perfect model-

observation match) to large positive values (which indicate poor model-observation match).  
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Figure 2.3: Comparison of control (or default) model simulations for three fluxes (total 
runoff, surface runoff and baseflow) (left panel) and state variables (total water storage 
anomalies, groundwater storage anomalies and water table depth) (right panel) with 
observations over the Upper-Nile basin 

	  
Figure 2.3 shows the 0.250 x 0.250 compares model simulations for a control run (with 

default parameter values i.e., qdrai,max, fover, fdrai and Sy  are 5.5 x 10-3 mm s-1,  2.5 m-1, 0.5 m-1 

and 0.2 respectively [Oleson et al., 2010]) with observations over the upper Nile basin (figure 

2.1), for the period 2000-2012. The results show that the model at default parameter values, 

poorly represents baseflow (i.e., under estimated, PBIAS=83.95%, RMSE=0.35cm/month, MR = 

-2.78 log of cm/month) and surface runoff is poorly captured (PBIAS = -123.9%, MR=0.74 log 

of cm/month, RMSE=0.48 cm/month). Model surface runoff is marked with large frequencies 

and unrealistically large seasonal variability (figure 2.3a) that is not seen in the observations. 



62 
 

Reduced seasonal variability in the observed data is attributed to discharge management 

practices. Groundwater storage changes are not captured (figure 2.3e) while the water table depth 

(figure 2.3f) is generally overestimated (PBIAS = 36.14%, MR = - 0.43 log of cm/month, 

RMSE=4.64 cm/month). The model however, fairly captures the month-to-month total water 

storage variability as compared to GRACE observed total water storage anomalies (figure 2.3d).  

2.3.6 Model parameter sensitivity analysis 

   Effective parameter sensitivity analysis is challenging due to the complexity (which 

usually comes with multiple parameters) of many models that requires significant computational 

effort [Foglia et al., 2009]; thus there is no single method in the literature that explicitly 

addresses its shortcomings. This study uses a simultaneous sampling technique of Monte Carlo 

format similar to that in Crow et al., [2003] and Lo et al., [2008; 2010]. Table 2.2 shows the 

parameters evaluated in this chapter and their feasible ranges.  

Table 2.2: Parameter values used in the study, (*) is a default parameter value in CLM4 

Parameter value used                                                                      Range (Hou, et al., 2012) 
fover 0.125 0.25 0.5* 1 2 0.1 – 5 m-1 
fdrai 0.625 1.25 2.5* 5 10 0.1 – 5 m-1 
qdrai,max 0.001375 0.00275 0.0055* 0.011 0.022     1x10-6 – 1x10-2 mm s-1 
Sy 0.001 0.005 0.04 0.08 0.2* ± 50% of mean for soil 

texture Sy (mean values 
are 0.02 for clay, 0.07 for 
sandy clay, 0.18 for silt, 

0.27 for coarse sand  
 
For each of the four parameters, five values were picked from their feasible ranges (table 2.2). 

Each parameter value was held constant while varying others, giving a total of 54 = 625 

simulations for each parameter value and a total of 2500 model simulations from the 
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combination of all the parameters in table 2.2. Sensitivity analysis was based on the 13 year 

period 2000-2012) while calibration was for the period 2007-2010.  

The average value of the 54 = 625 simulations with one given parameter held at a 

constant value was generated for the period 2000-2012 and a monthly climatology was computed 

(presented in figure 2.4). Results show that surface runoff is more sensitive to the surface decay 

factor (fover) with smaller (large) decay factor values producing high (low) surface runoff values 

(figure 2.4iii).  A small fover implies larger saturation fraction at the land surface [Li et al., 

2011b], leading to larger surface storage, more runoff, less infiltration, less aquifer recharge and 

thus a lower water table depth. Higher (>= 1 m-1) surface decay factor values decrease seasonal 

variability in surface runoff (figure 2.4iii). Baseflow is sensitive to both subsurface decay factor 

(fdrai) and specific yield (Sy). Low fdrai values (≤1.25m-1) produce more baseflow and the reverse 

is true for high fdrai values (e.g., ≥2.5 m-1) (figure 2.4ix). 

The inverse of fdrai (i.e., 1/fdrai) characterizes the effective storage capacity of the 

subsurface aquifer. Thus, smaller fdrai values correspond to a larger subsurface storage capacity, 

which ultimately leads to more baseflow generation for a given groundwater level and soil 

moisture status [Li et al., 2011b; Hou et al., 2012]. On the other hand high fdrai values lead to 

decreases in subsurface storage capacity, slow down deep layer soil moisture depletion and lead 

to low baseflow values [Niu et al. 2005; Li et al. 2011 a, b; Hou et al., 2012; Huang et al., 

2013]. In their study over the Model Parameter Estimation Experiment (MOPEX) basins, Huang 

et al., [2013] found that if fdrai takes on values larger than 2 m-1, then it no longer limits soil 

moisture and runoff generation, which indicates that uncertainties in runoff prediction increase 

with small fdrai values [Huang et al., 2013].  
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Figure 2.4: A 13 year (2000-2012) climatology of simulated total water storage anomalies 
(TWSA), total runoff (TRO), surface runoff (SRO) baseflow (BF) and water table depth. 
Each of the lines represents the average of 54 =625 simulation runs with one given 
parameter held at a constant value (as shown in the legend). TWSA is a combination of 
storage contributions from groundwater, surface water (i.e., the routed storage) and soil 
moisture, computed as an anomaly from the 2000-2012 mean climatology for each month. 

 
Specific yield controls the groundwater-soil water interactions [Huang et al., 2013] and 

ultimately recharge and subsurface runoff. Increasing Sy increases the water table depth (figure 

2.4xv). Generally, large Sy values (i.e., the aquifer yields more water under gravity), lead to more 

water exchanges between the soil layers and the aquifer (i.e., saturation excess runoff), 

promoting more storage in the shallow soil layers, increasing both subsurface (qdrai) (figure 

2.4xiv) and surface runoff (qover) (figure 2.4xiii), the drainage networks and the water table depth 

(figure 2.4xv). The water table depth shows no marked month-to-month and seasonal variability 

for all parameters (figure 2.4), which could mean that monthly variability in recharge is less 
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marked or that the model generally distributes the water into soil moisture, runoff and baseflow 

generation.  

The partitioning of peak total water storage (i.e., during peak dry months of January and 

July and wet months of April and October), is sensitive to the surface decay factor. Lower fover 

values, which lead to large surface runoff, reduce mean watershed storage, while the reverse is 

true for smaller fover values (figure 2.4i). The TWSA sensitivity to fover is more marked during dry 

seasons than it is in wet seasons. Watershed storage is predominantly controlled by precipitation 

and the energy available for evapotranspiration (ET). During wet/rainy months, ET is energy 

limited than it is water limited, and the reverse is true during dry months. Soil hydrology 

parameters (e.g., fover) can affect the shape and timing of the hydrograph [Niu et al., 2005], but 

have no significant control on the water balance when ET is energy limited rather than water 

limited [Li et al., 2011 a, b], e.g., during the wet months.  

Figure 2.5 is a boxplot for standardized values of modeled surface runoff, baseflow and 

water table depth for selected dry (January and July) and wet (April and October) months. To 

standardize the data, a 2000-2012 mean value was deducted from each of the 625 simulations 

corresponding to a given fover value, and the result was divided by the 2000-2012 standard 

deviation. The results for selected months (i.e., January, April, July and October) show marked 

differences in surface runoff variability between wet and dry months (figure 2.5). Wet months 

are characterized by higher runoff values while dry months depict lower surface runoff values as 

expected because surface runoff is correlated with precipitation. Surface runoff generally has 

largest variability in the month of October, which is the middle of the September-October-

November (SON) short rainfall season, while less variability happens during the month of July, 

which is the middle of the June-July-August (JJA) dry season (figure 2.5a). 
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Figure 2.5: Boxplot showing the sensitivity of surface runoff, baseflow and water table 
depth (WTD) to surface decay factors (fover), for dry (January and July) and wet (April and 
October) months. To standardize, the 2000-2012 mean was deducted from each of the 625 
simulations corresponding to each constant fover value, and the result divided by the 2000-
2012 standard deviation. Each box includes all of the standardized values of that specific 
month for the years 2000-2012. 

  
The impacts of the surface decay factor on the dry and wet month surface runoff, is also 

different. For the dry months, as fover values increase, the variability in surface runoff decreases 

and the reverse is true for wet months. However there is no difference between wet and dry 

month variability in baseflow and water table depth (figure 2.5 (b and c)). Similar results were 

obtained (not shown here) when figure 2.5 is derived for the other calibration parameters fdrai, Sy 

and qdrai,max. The behavior of surface runoff in the different seasons (figure 2.5) portrays what 

other scholars have highlighted that, given model output variables may react differently to the 

same model parameters during various periods of a year [Tang et al., 2007; Abebe et al., 2010; 

Li et al., 2011 a, b; Muleta, 2011] and would probably call for seasonal based calibrations 

[Muleta, 2011] separating wet and dry seasons [Zhang et al., 2015]. Seasonal calibration would 

add extra computational burden. There are four seasons in a year for which optimal parameters 
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would be generated, which implies that four different optimal model simulations would be 

required for validation purposes. Due to time constraints for this PhD thesis, calibration was 

performed based on the monthly time series for the period 2007-2010. 

2.4 Model Calibration and objective functions 

A multi-objective calibration approach [Gupta et al., 1998; Crow et al., 2003; Khu et al., 

2005; Lo et al., 2010] was applied to optimize the CLM4 model parameters that control runoff 

and groundwater. The model is calibrated (over the period 2007-2010) using total water storage 

anomalies (TWSA) (a state variable) and total runoff and baseflow (both of which are fluxes) 

simultaneously. The study uses a normalised root mean square error (NRMSE) as the evaluation 

statistic, with the following cost function F; 

𝐹 = 𝑤!"# ∗ 𝑁𝑅𝑀𝑆𝐸!   +   𝑤!" ∗ 𝑁𝑅𝑀𝑆𝐸!"       +   𝑤! ∗ 𝑁𝑅𝑀𝑆𝐸!                                                              (2.11) 

where T is total water storage, BF is baseflow and Q is total runoff and w is a weighting ratio. 

The weighting ratios were selected from a distribution 0 – 1 in increments of 0.1, with the 

condition that  𝑤!"# +   𝑤!" + 𝑤! = 1, a process that produced 66 weight combinations. The 

task was then to determine the weighting values that could minimize F. 

For each of the 2500 simulations (obtained from the Monte Carlo simulation, section 

2.3.6), a cost function value F was estimated (for each of the 66 weighting combinations) using 

equation 2.11. To evaluate the impact of each weighting combination, the mean of all the F 

values corresponding to a given weighting combination was computed and the results are plotted 

in figure 2.6(a). The results show that small (large) F values are attained when a bigger 

percentage of baseflow (total runoff) is included in the calibration (figure 2.6a). The smallest F 

values correspond to a single objective function that is based on baseflow alone (i.e., WBF = 
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100%). A combination of high baseflow and low TWSA weights give relatively small values of 

F, while a combination of large total runoff and large TWSA weights produces large F values. 

The resultant 2500 cost function values were further ranked and the top 1% (or 25) performing 

runs (i.e., those with small F values) together with their corresponding weights identified.  

	  

Figure 2.6: Cost function values for different weighing ratios (a), and mean RMSE for top 
1% (25) runs (b) 

	  
Figure 2.6(b) shows the normalized root mean square error (NRMSE) of baseflow, 

TWSA and total runoff for the top 1% (i.e., 25) performing runs. Each point on the line 

represents the average NRMSE for a given run (from the top performing 1% (i.e., 25) runs) for 

all the 66 weighting combinations. NRMSEBF is smaller compared to NRMSEQ and NRMSET 

again implying that baseflow carries more weight in the minimization of the cost function. Table 

B.2 (appendix B) shows the top 10 small F values (i.e., less than 1.8) with their corresponding 
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weighting ratio combinations. As mentioned earlier, one objective baseflow calibration (i.e., 

𝑤!"# = 0,𝑤!" = 1  𝑎𝑛𝑑    𝑤! = 0) produced the least F value (= 1.61). For two objectives, 

calibration with 10% TWS and 90% baseflow produced the smallest F value (= 1.64) and for 

three objectives, calibration with 10% TWS, 80% baseflow and 10% Q produced the smallest F 

value (=1.77). 

	  

Figure 2.7: Total runoff, Surface runoff, baseflow and total water storage (TWSA) for the 
top 1% (i.e., 25) runs for the one objective, two objective and three objective weighting 
combinations that produced the least F values. Observed TWSA is from the GRACE 
satellite. 

	  
Plots of the top 1% (i.e., 25) runs with the best one objective, two objective and three 

objective calibration weighting ratios are shown in figure 2.7. As shown in figure 2.7, all the 

three weighting combinations produce better results of baseflow and TWS but not total runoff. 

While simulation of baseflow improves when total runoff (Q) is not included (as shown in figure 

2.7 for weights WTWS  = 0, WBF =1, WQ = 0, and WTWS  = 0.1, WBF =0.9, WQ = 0), the same 
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weights produce very high values of surface and hence total runoff. The same effect of high total 

run off is evident for all other weighing combinations with WQ = 0 in table 2.3 that are not 

included in the figure 2.7. On the other hand when a weight as small as 10% of Q is included, 

relatively better values of surface and total runoff are obtained (i.e., the blue curves for WTWS  = 

0.1, WBF = 0.8, WQ = 0.1), a result that shows the importance of including more objectives in the 

calibration process. The study thus took the objective cost function to be; 

𝐹 = 0.1 ∗ 𝑁𝑅𝑀𝑆𝐸!   +   0.8 ∗ 𝑁𝑅𝑀𝑆𝐸!"       +   0.1 ∗ 𝑁𝑅𝑀𝑆𝐸!                                              (2.12) 

A shuffled complex evolution (SCE) algorithm [Duan et al., 1992; 1994] was then applied to 

find the optimal parameter values that minimize equation 2.12, considering the parameter ranges 

in table 2.2. Accordingly, the parameter set that produced the minimum F value is fover = 0.5 m-1, 

fdrai = 0.625 m-1, Sy = 0.2 and qdrai,max = 5.5x10-3 mm s-1. 

2.5 Results and discussions 

2.5.1 Calibration results 

Calibration (i.e., for the period 2007-2010) model results based on the optimized 

parameters for the single point (i.e., CLM4SP) run and the 0.250 x 0.250 (i.e., CLM4025) run are 

shown in figure 2.8 and figure 2.9 respectively. For CLM4025 the results (figure 2.9) represent 

basin averages (i.e., model output for all variables is spatially averaged over grid cells within the 

Upper-Nile basin, except for the water table depth where averages are over the Ugandan part of 

the basin, that contains in-situ groundwater observation (figure 2.1)). The results show 

improvement in the simulation of baseflow, surface runoff, total runoff and water table depth, 

when the model is run with the optimized parameters.  
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Figure 2.8: Comparison of observed variables and model estimates of total water storage 
anomalies, total runoff, surface runoff and baseflow for CLM4SP.  

	  
Figure 2.9: Comparison of observed variables and model estimates of total water storage 
anomalies, total runoff, surface runoff, baseflow, water table depth and groundwater 
storage anomalies for CLM4025.  
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Table 2.3: Evaluation statistics for CLM4SP and CLM4025 for the calibration period 2007-
2010 

                                  Calibration (2007-2010) 

 
Statistic 

 
Variable 

CLMSP CLM4025 
Control Optimal % 

change 
Control Optimal  % 

change  
 

RMSE 
 

 
cm/month 

Q 0.49 0.17 65 0.57 0.36  37  
BF 0.29 0.04 86 0.23 0.44  48  

SRF 0.67 0.17 75 0.61 0.15  75  
m/month WTD    6.50 1.04  84  

 
PBIAS 

 

 
(%) 

Q -42.10 17.12 59 -65.62 -61.78  5.8  
BF 99.99 -6.72 93 59.60 -164.84  64  

SRF -182.35 40.64 77 -189.10 39.85  79  
WTD    48.33 -3.37  93  

 
MR 

 

 
log of 

cm/month 

Q 0.25 -0.19 24 0.39 0.48  23  
BF -9.3 0.07 99 -1.78 0.96  46  

SRF 0.95 -0.61 36 1.00 -0.58  42  
log of m/month WTD    -0.66 0.04  95  

 

The surface runoff RMSE, PBIAS and MR for the CLM4SP (CLM025) run improves by 

75% (75%), 77% (79%) and 36% (42%) respectively (table 2.3). The large amplitudes in surface 

runoff are significantly reduced (although seasonal variability still exists). CLM4SP run with the 

optimized parameters greatly improves baseflow simulation compared to the control run; where 

RMSE, PBIAS and MR change from 0.29 to 0.04 l cm/month, 99.99% to 6.72 % and 9.3  to 0.07 

log of cm/month respectively (i.e., RMSE, PBIAS and MR improve by 86%, 93% and 99% 

respectively) (table 2.3). The CLM025 seems to overestimate baseflow (figure 2.9). The time 

series in figure 2.9 are basin averages (sensitive to extreme values), thus large baseflow values 

over some grid cells would likely affect the average.  

The results based on the CLM4025 run show that with optimal parameters, model 

simulation of the water table depth improves significantly with 84%, 93% and 95% decline in 

RMSE, PBIAS and MR when compared with the control run (figure 2.9, table 2.3). Both the 

control and calibration runs lead to similar variability in groundwater storage even though the 
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respective water table depths are different This behavior is discussed in details in the section 

2.5.2.  Further analysis shows that model calibration improves the simulation of annual totals of 

baseflow, surface and total runoff (bias reduces from 100% to closer to zero and from 200% to 

about 40% for baseflow and surface runoff respectively) (figure B.3, appendix B).  

2.5.2 Validation results  

The validation exercise aimed at evaluating the performance and robustness of the 

optimal parameter set in reproducing observed flow for periods other than the calibration period. 

I examine the performance of the single point model simulations at decadal scale since 1950, 

except for the period 1980-1989 that had missing flow data.  

	  
Figure 2.10: Comparison of the CLM4SP control and validation model output of baseflow, 
surface runoff and water table depth for the periods 1950-1959 and 1960-1969 
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Figure 2.11: Same as figure 2.10 but for the period 1970-1979 and 1990-1999 

	  
Generally, the results (figure 2.10, 2.11) show robustness of the optimized parameter set 

in simulating flow for earlier decades when compared to the default parameter set.  For the 

period 1950-1959, the model performed better in simulating surface runoff as shown by the 

percentage improvement of 80%, 93% and 77% for RMSE, PBIAS and MR (figure 2.10, table 

B.3, appendix B). The optimized model thus simulates natural surface runoff (i.e., for the period 

1950-1954 before the start of discharge management, figure 2.10 (c)) well. Baseflow simulation 

during 1950-1959 also improves as shown by the mean residual change from 8.2 cm/month for 

the control run to 0.40 cm/month for the validation run (figure 2.10, table B.3, appendix B). The 
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behavior of the two time series is generally similar (figure 2.10e), especially after 1955 when 

river flow management started. Similarly, the optimization improves simulation of flow in the 

period 1970-1979 (RMSE = 0.11 cm/month, PBIAS = 25% and MR = - 0.29 log of cm/month 

for baseflow and RMSE = 0.4 cm/month, PBIAS = 43.5% and MR = -0.57 log of cm/month for 

surface runoff) and period 1990-1999 (RMSE = 0.09 cm/month, PBIAS = 15.22% and MR = -

0.16 log of cm/month for baseflow and RMSE = 0.3 cm/month, PBIAS = 33% and MR = - 0.40 

log of cm/month for surface runoff) (figure 2.11, table B.3, appendix B).  

The period 1960-1969 generally shows underestimation of both baseflow (i.e., PBIAS = 

40.35 %) and surface runoff (i.e., PBIAS = 68.75 %) for the validation run starting during 1962 

(figure 2.10 (d and f)). The observed runoff during 1962-1969 (figure 2.10b) is attributed to an 

increase in discharge that resulted from a significant rise (~2.5 m) in Lake Victoria levels due to 

increased precipitation [Kite, 1981; Flohn, 1987; Conway, 2002]. Because no dynamic change in 

lakes is assumed in CLM4, any anomalous changes in discharge due to significant changes in 

lake levels is a significant source of uncertainties in the results as seen in figure 2.10 (b, d, f). 

Thus, the application of the CLM4 model for future basin hydrologic monitoring under projected 

increased mean precipitation rates, amounts and intensity [IPCC, 2007; Solomon, 2007; 

Shongwe et al., 2011; Stocker et al., 2014] and warm climates, necessitates improved 

representation of lake dynamics in the model [e.g., Subin et al., 2012].  

Validation results for the period 2000-2006 are shown in figure 2.12 for CLM025 (figure 

B.4, appendix B for the CLMSP run), while statistics for both runs are shown in table 2.4. The 

optimal parameters simulate baseflow better (e.g., RMSE = 0.11 cm/month, PBIAS = -7.4% and 

MR= 0.06 log of cm/month for CLM4025 run, table 2.4). However, the results generally show that 

the optimised model underestimates surface runoff (i.e., PBIAS= 61.97 % for CLM4SP and 65.45 



76 
 

% for CLM4025 (table 2.4). It is during this period 2000-2005 that discharge from lake Victoria 

through river Nile increased (beyond the agreed rating curve) due to construction of a new power 

generating dam, the Kiira dam [LVBC, 2012]. Thus, the poor performance of the optimised 

model simulation of surface runoff during 2000-2006, attributed to human controls on 

streamflow, results from the lack of reservoir management within the LSM [Solander et al., 

2016].  

	  
Figure 2.12: Comparison of the control and validation model output for the period 2000-
2006 for CLM4025.  Also included is the agreed curve flow in green 

	  
The model was calibrated over a period with ‘natural runoff’ or agreed curve flow. Total 

runoff statistics and behaviour based on the agreed curve flow estimates (shown in green in 

figure 2.12, table 2.4) show that the agreed curve and the optimal total runoff agree better than 

when the optimal model runoff is compared to the observed. If runoff was at the agreed curve 
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during the 2000-2006 period, the RMSE for CLM025 would improve by 44% (i.e., from 0.34 

cm/month for the control run to 0.19 cm/month for the validation run) compared to only 14% 

improvement with the observed runoff (i.e., from 0.35 cm/month for the control run to 0.30 

cm/month for the validation run) (table 2.4). These results again demosntrate that the optimal 

parameter set does not capture runoff deviations from the agreed curve flow. Consequently, the 

results show that hydrologic modeling efforts over the Upper-Nile basin in the face of increasing 

human controls may necessiate dynamic calibrations to capture the changing human impacts (or 

more complex model parameterisation), if better results are to be achieved. 	  

Table 2.4: Model evaluation statistics for the period 2000-2006, () = agreed curve statistics 

 Validation 
(2000-2006) 

 
Statistic 

 
Variable 

CLM4SP CLM4025 
Control Optimal % 

change 
Control Optimal  % 

change  
RMSE 

 
cm/month Q 0.49 

(0.55) 
0.45  

(0.19) 
8.2 
(65) 

0.35  
(0.34)  

0.30 
(0.19) 

14 
(44) 

BF 0.42 0.17 60 0.36 0.11 69 
SRF 0.68 0.29 57 0.36 0.28 22 

PBIAS  
 

(%) 

Q -10.28  
(-56.03) 

49.68 
(26.58) 

79.3 
(53) 

18.01 
(-7.23) 

28.19 
(8.88) 

36 
(19) 

BF 99.98 37.9 62 91.31 -7.4 92 
SRF -125.43 61.97 51 58.78 65.45 10 

MR 
 

log of 
cm/month 

Q -0.02  
(-0.34) 

-0.69  
(0.31) 

97 
(8.8) 

-0.29 
(-0.03) 

-0.33 
(-0.09)  

12 
(66) 

BF -9.13 0.48 95 -3.43 0.06 98 
SRF 0.73 -1.06 31 0.41 -1.16 65 

 
The optimal CLM4025 model run seems to underestimate the water table depth for the 

period 2000-2006. However, no conclusion can be made about this result given that my earlier 

analysis (figure 1.3, chapter 1) showed that the observed water table depth during the period 

2000-2006 was undersampled, and not well representative of the basin average. The groundwater 

storage anomalies (figure 2.12) show more variability in the GRACE estimate as compared to 
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the model output. Groundwater storage for both the control and optimal run (figure 2.12)  again 

vary similary as seen earlier in the calibration results (figure 2.9). This behaviour is attributed to 

model physics. As shallow aquifer soils become saturated through capillary rise (which is 

represented as negative recharge in CLM4) in accordance with the Richard’s equation [Richards, 

1931], any extra water above saturation is removed as surface runoff. The optimal parameters 

from the calibration exercise in this chapter modify the partitioning between surface runoff and 

subsurface runoff; with more water channeled towards baseflow than in the control run, a 

process that lowers the water table depth (which affects capillary rise) and ultimately surface 

runoff (as shown in figure 2.12). The impact of the change in vertical exchange of water between 

the aquifer and soils due to a lowered water table depth can also be examined by analyzing soil 

moisture and recharge (figure B.5, appendix B).  Because of the lowered water table in the 

optimal run, capillary rise (or negative recharge) and consequently soil moisture are reduced 

(figure B.5, appendix B). Based on the results, it may be concluded that the model allocates 

water that originally sustained capillary rise in the control run, partitioning it as baseflow in the 

optimal run, thus lowering the water table depth, despite similar variability in groundwater 

storage.  

2.6 Conclusions 

As efforts towards improving the representation of water table dynamics in land surface 

models increase, the need for proper groundwater parameterization is paramount, for realistic 

model simulations of water table depth and baseflow. In this study, I used total water storage 

anomalies from the GRACE satellites (a state variable), estimated baseflow and observed 

streamflow (both of which are fluxes) in a multi-objective framework to calibrate version 4 of 

the Community Land Model (CLM4) over the Upper-Nile basin of East Africa. A split sample 
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approach was utilized in which observed data (i.e., baseflow and surface runoff) over the period 

2007-2010 was used in calibration while data over the 1950-2006 was employed for model 

validation. The study assumes that baseflow is a function of storage and that an increase in 

watershed storage (mostly indicated by increase in water table depth, assuming watershed 

storage is above some baseline where baseflow Qs = 0) leads to an increase in 

baseflow/discharge.  The hypothesis therefore is that if the watershed storage and discharge are 

well parameterized in the model, then the simulations of water table depth would improve.  

The study shows that the amount of surface runoff generated is more sensitive to the 

surface decay factor (fover) while baseflow and water table depth are both sensitive to both 

subsurface decay factor (fdrai) and specific yield (Sy). fdrai has opposite impacts on baseflow and 

water table depth. In general, surface runoff variability is influenced by changes in precipitation 

where simulated surface runoff is high during rainy periods and low during dry periods, while 

there is no marked change in variability between dry and wet months for baseflow and water 

table depth. This result may call for seasonal-based calibration approaches [Muleta, 2011] to 

better capture the variability in streamflow. However, this was not done in this study and I 

recommend that future studies look into it.  

Model calibration and validation show improved performance in regards to baseflow, 

surface runoff and water table depth simulations. Generally most improvement is in baseflow for 

all model validation periods. For example, CLM4SP simulations generated RMSE for baseflow 

within the range 0.09 - 0.27 cm/month for all validation periods (1950-1959, 1960-1969, 1970-

1979, 1990-1999 and 2000-2006). The mean residual lies within the range 0.15-0.5 log of 

cm/month while the percentage bias is generally below 30%. The PBIAS value for baseflow 

based on the CLM4SP validation run indicates a good model performance after validation since it 
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is below the reported ± 10% of good PBIAS values [Moriasi et al., 2007]. The optimized 

CLM4025 run shows great improvement in the water table depth i.e., the RMSE, PBIAS and MR 

improve by 84%, 93% and 95% respectively with model calibration (table 2.3).  

The study further shows that parameters calibrated from the short term (2007-2010) 

period can be used to simulate hydrologic behaviors for other earlier time periods (i.e., 1950-

1959, 1970-1979, 1990-1999), especially when streamflow follows the agreed rating curve, that 

‘mimics’ natural flow. This implies that the model can be useful in monitoring the basin flow 

behaviors for ‘agreed curve’ regimes. However, for periods when discharge deviates from the 

‘agreed curve’ (e.g., due to natural factors like extreme precipitation and lake level rise), care 

must be taken in utilizing the optimized model output for water resources monitoring. Separate 

calibration and/or complex model parameterization (e.g., better parameterization of lakes in the 

model) is recommended in such cases, for better results.  

The impact of human controls on runoff is also evident in the study results. Modeled 

streamflow shows great seasonal variability that is not depicted in the observations, which is also 

attributed to the fact that discharge over the study area is highly managed, a process that reduces 

seasonal variability. In addition, the period 2000-2006 shows evidence of increased discharge 

(due to management) that is not captured by the model. On the other hand month-to-month 

observed water table depth variability and GRACE groundwater storage changes are larger than 

model output, likely because the model lacks a representation of human withdrawal of 

groundwater. Therefore, efforts to correct for bias in the model output due to human practices 

and/or to better represent human management in CLM4 are recommended.  However, such 

efforts would require data on management practices, which is lacking in the region. For example, 

existing efforts to improve simulation of groundwater abstraction impacts on hydrology include 
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coupling land surface models with integrated hydrologic models (e.g., Parflow 

https://computation.llnl.gov/casc/parflow/). In addition to being computationally intensive, such 

approaches require reliable hydro-geologic observations and groundwater abstraction data for 

better results [Valerio et al., 2007].  

This study presents a calibration approach aimed at improving simulation of baseflow 

and water table depth over the Upper-Nile basin using CLM4. Although is the study was faced 

with limitations especially inadequate in-situ data in some periods, the results achieved are 

promising (e.g., small baseflow RMSE ranging 0.09 - 0.27 cm/month achieved during 

validation). The study results are a basis for the development of a fundamental tool for water 

resources monitoring and assessment over the highly complex and poorly monitored Upper-Nile 

basin, a region characterized with growing water demand [Morris et al., 2003; Tenywa, 2007; 

Wanzala, 2013], diminishing rivers and declining groundwater storages [MWE, 2007; Tenywa, 

2007; Wanzala, 2013; Lwanga, 2015]. This work would feed into other ongoing regional efforts 

geared towards improved water resources management including the Nile Basin initiative 

(http://www.nilebasin.org/), the Lake Victoria Basin Commission (http://www.lvbcom.org/) and 

the recent Hydroclimate project for Lake Victoria (HyVic) Regional Hydroclimate Project 

(RHP) developed under the auspices of the World Climate Research Program (WCRP)’s 

GEWEX project (http://www.gewex.org/hyvic/). 
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CHAPTER 3 : The impact of groundwater abstraction on basin hydrology over the Upper-

Nile Basin  

3.0 Abstract 

In this chapter, I evaluate the hydrologic impacts of groundwater abstraction within the 

Upper-Nile basin. I specifically modify the CLM4 groundwater generation scheme to include a 

new flux i.e., the human groundwater abstraction flux. I utilize monthly groundwater abstraction 

estimates generated by Döll et al., [2014b] (referred to as GWWGHM in this chapter) averaged 

over the Upper-Nile basin as input data for this new flux. To conserve mass, groundwater 

abstracted from each model grid cell is added to the surface layer of the grid. I performed four 

different model runs, which included a control (CTRL) run without groundwater abstraction, 

experimental runs with GWWGHM abstraction (EXPT1), with an increase of 50% (EXPT2) and an 

increase of 100% in GWWGHM (EXPT3). The results show that groundwater abstraction leads to 

declines (increases) in the water table depth, baseflow, groundwater storage, total water storage 

and surface runoff (evaporation and groundwater recharge). These impacts are strengthened as 

groundwater abstraction rates increase (i.e., stronger declines (increases) for EXPT3 compared to 

EXPT2 and EXPT1). Because of the lowered water table depth, capillary rise (represented as 

negative groundwater recharge in the model) that draws groundwater to upper soil layers is 

reduced, and instead groundwater recharge through soil water percolation (i.e., positive 

groundwater recharge) is enhanced. The lowered water table depth, due to groundwater 

abstraction also lessens saturation excess runoff and thus reduces surface runoff. The extra water 

added to the surface enhances evaporation especially during dry seasons when evaporation is 

more water limited and increased evaporation leads to declines in total watershed storage. The 

results further show that large water table depth declines (due to large groundwater abstraction 
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rates), enhance soil water flow into aquifer recharge, leading to declines in soil moisture storage. 

Although there are likely uncertainties in the results due to simplified model physics and 

groundwater abstraction estimates, the results demonstrate important hydrologic responses to 

groundwater abstraction that formulate a basis for future modeling efforts.  

3.1 Introduction and background 

Understanding the impact of increased groundwater use on a region’s hydrology is 

important not only for guiding water resources management but also for climate/weather 

applications, since groundwater, through its interactions with the soil and surface water systems 

[Famiglietti and Wood, 1991; 1994; Yeh et al., 2005; Niu et al., 2007], influences land surface 

processes [Kollet and Maxwell, 2008] e.g., soil moisture, runoff [Liang et al., 2003, Kollet and 

Maxwell, 2008, Li et al., 2011a], evaporation [York et al., 2002, Liang et al., 2003, Niu et al., 

2007; Leng et al., 2014] and thus plays a role in land-atmosphere feedbacks [Leung et al., 2011; 

Leng et al., 2014].  Because of its buffering potential and impact on land surface memory [Lo et 

al., 2010], groundwater is shown to dominate inter-annual variability of total water storage 

[Güntner et al. 2007] and thus is an important variable for seasonal predictions of water storage 

behaviors.  

Efforts to evaluate hydrologic impacts of groundwater withdrawals exist but have mostly 

been limited to regions with water use data [e.g., Leng et al., 2014]. At continental and global 

scales, such efforts have mostly focused on surface water withdrawals [e.g., Alcamo et al., 2003; 

Haddeland et al., 2006; Hanasaki et al., 2008; Döll et al., 2009], mainly because of lack of 

information about groundwater use at such big scales, and failure to disaggregate any available 

water use values into their respective sources (i.e., surface water or groundwater) [Döll et al., 

2009]. However, estimates of time varying gridded global groundwater withdrawals have been 
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derived in the recent years using models [Wada et al., 2010; 2014; Döll et al., 2012; 2014 a, b] 

and a collection of country level water use datasets available at different organizations (e.g., the 

International Groundwater Resources Assessment Centre (IGRAC) (http://www.un-

igrac.org/global-groundwater-information-system-ggis), the Food and Agricultural Organization 

(FAO) (http://www.fao.org/nr/water/aquastat/water_use/index.stm)) and national reports. These 

datasets, although highly uncertain especially over regions where scanty groundwater use reports 

are available (e.g., Africa), are vital inventories for evaluating the impacts of groundwater 

withdrawal on local hydrology. 

Models are invaluable tools to examine the response of hydrologic systems to climate and 

anthropogenic controls including groundwater withdrawals [Döll et al. 2014 a, b; Wada et al. 

2012, 2014]. Models provide a feasible and cheap way to experiment the impact of management 

practices on hydrologic systems where direct observations are not possible [Xie et al., 2012]. For 

instance, models have been applied to examine groundwater withdrawal/depletion at global 

[Wada et al., 2010, 2014] and regional scales [Scanlon et al., 2012], to evaluate groundwater 

contributions to irrigation [Siebert et al., 2010; Wada et al., 2012], impacts of groundwater based 

irrigation on global [Leng et al., 2015], regional [Lee et al., 2007; Lo and Famiglietti, 2013; 

Leng et al., 2014; Lei et al., 2015] and local/remote hydrology [Lo and Famiglietti, 2013] and 

the impacts of groundwater withdrawals on continental water storage variations [Döll et al., 

2012] and river flows [Parkin et al., 2007].  

Model-based evaluations show that groundwater withdrawals alter river flow regimes 

[Lee et al., 2007; Döll et al., 2009], decrease seasonal flow amplitudes and statistical low flows 

and the long-term average global discharge into oceans [Döll et al., 2009]. Groundwater based 

irrigation is shown to affect subsurface water balance [Leng et al., 2014], to increase 
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groundwater depletion [Leng et al., 2014; 2015] and evapotranspiration in regions of occurrence 

[Lo et al., 2013] and water vapor export to remote areas, significantly impacting the atmospheric 

circulation, including strengthening the regional hydrologic cycle and feedback loops [Lo et al., 

2013].  

This chapter investigates the hydrologic impacts of groundwater withdrawals over the 

Upper-Nile basin of East Africa using the National Center for Atmospheric Research 

Community Land Model version4 (CLM4) [Oleson et al., 2010; Lawrence et al., 2011], which 

was calibrated over the region (chapter 2). The application of CLM4 to model hydrologic water 

withdrawal (especially for irrigation) effects has increased in the recent past [e.g., Lei et al., 

2015; Leng et al., 2014; 2015], because of the extensive enhancements in representing 

hydrologic processes including groundwater dynamics [Lawrence et al., 2011]. In this chapter 

similar to Leng et al., [2014], the CLM4 groundwater generation scheme is modified by 

introducing an extra flux to represent human groundwater withdrawals. The impact of this new 

flux is evaluated through model output comparisons (e.g., streamflow, water table depth, 

groundwater storage, soil moisture and evaporation) based on a control simulation (without 

groundwater withdrawal) and an experimental simulation (with groundwater withdrawal). The 

differences between these two simulations reveal the contribution of human groundwater 

controls on regional hydrology. For the groundwater withdrawal flux, I utilize monthly 

groundwater estimates from Döll et al., [2014b] (described in section 3.2.2). The rest of the 

chapter is organized as follows. Section 3.2 presents data and methods including the groundwater 

withdrawal estimates; section 3.3 presents results and discussion while section 3.4 presents the 

chapter conclusions.  
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3.2 Data and methods 

Although groundwater is the major source of freshwater in the Upper-Nile basin, no 

information about how much of it is withdrawn is available. The available global statistics [e.g., 

FAO, 2003] are aggregate values of both groundwater and surface water use and limit studies 

focused on understanding the impacts of water use from either of the two resources. Recently, 

global groundwater use datasets have been generated [e.g., Wada et al., 2010; 2014; Döll et al., 

2012; 2014 a, b]. The monthly groundwater abstraction dataset (briefly explained in section 

3.2.2) from Döll et al. [2014b] was available and used in the modeling experiments in this 

chapter. To evaluate this dataset over the study region, I estimated an independent value of the 

currently abstracted groundwater amounts over the region based on the number of groundwater 

collection points and assumptions on populations they serve, aquifer yields and pumping periods 

as explained below. 

3.2.1 Estimating groundwater withdrawals based on collection points, yield and demand  

Currently, groundwater in the Upper-Nile basin is majorly used for domestic purposes 

[Nsubuga et al., 2014] and not irrigation. An estimate of domestic groundwater use could be 

derived with assumptions on the number of groundwater supply points, aquifer yield, total 

pumping times, and /or amount of water needed per person. Groundwater in the Upper-Nile 

basin is mainly withdrawn from springs, shallow and deep boreholes. There are over 35,000 

groundwater collection points (20,000 deep boreholes, 12,000 protected springs and 3,000 

shallow wells) in Uganda [MWE, 2010; Pavelic et al., 2012; Nsubuga et al., 2014;] that supply 

communities with water mainly for domestic use. Figure 3.1 shows the borehole network over 

Uganda. As of 2003, there were about 9242 boreholes in Tanzania [Baumann et al., 2005; 

Pavelic et al., 2012] with an annual growth rate of 1000 boreholes/year [Kashaigiri, 2010], 
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which means there are ~ 20,000 boreholes as of now. Over Rwanda, 19,200 ground water 

collection points (i.e., 185 boreholes and 19000 springs) are estimated [Lothe and Nkurikiyinka, 

2007]. Over Kenya, ~ 14,000 boreholes were available during 2003, representing a 0.5 % 

increase per 12 years when compared with the 1992 value of 9,462 boreholes [UN-

WATER/WWAP, 2006]. This implies that as of now, there are about 21,000 boreholes across 

Kenya excluding springs (table 3.1).  

	  

Figure 3.1: The borehole network over Uganda within the Upper-Nile basin 

	  
The reported groundwater collection points are aggregates at country level, yet only parts 

of each country (table 3.1,) lie within the Upper-Nile basin	   (Source, 

(http://www.fao.org/docrep/w4347e/w4347e0k.htm, accessed June 13, 2016). I therefore 

estimate for each country the number of GW collection points based on the country area, which 



88 
 

lies within the Upper-Nile basin. I assume that these collection points are homogeneously 

distributed across countries. Thus dividing each country’s total number of GW collection points 

by the country’s area gives collection points per square km (column 6, table 3.1), which when 

multiplied by the area of the country within the basin gives approximate number of GW 

collection points (column 7, table 3.1). No groundwater collection points for Burundi were 

sourced from the literature and I assumed this number to be ~10,000. Thus over the Upper-Nile 

basin, about 62,500 groundwater collection points are estimated (table 3.1). 

Table 3.1: Countries that form up the Upper-Nile basin, their areas and percentage area 
within the basin  

Country Total area 
of the 

country 
(km2) 

Area of the 
country 

within the 
basin 
(km2) 

Area of the 
country 

within the 
basin as % 
of total area 
of country 

No of 
groundwater 

collection 
points 

No of 
groundwater 

collection 
points per km2 

(i.e., column 5 
divided by 
column 2) 

No of 
groundwater 

collection points 
within the basin 
(i.e., column 6 
multiplied by 

column 3) 
Rwanda 26,340 19,876 75.5 19,200 0.73 14,488 
Tanzania 945,090 84,200 08.9 20,000 0.02 1,782 
Uganda 235,880 231,366 98.1 35,000 0.15 34,330 
Kenya 580,370 46,229 08.0 21,000 0.04 1,849 
Burundi 27,834 13,260 47.6   Taken as 10,000 
Total  38,1671    62,449 

 
To estimate the current amount of groundwater used, I used two approaches. The first 

approach considers the total number of boreholes, number of people they serve and average 

water required per person per day. Each borehole can serve as many as 100 families [Lothe and 

Nkurikiyinka, 2007]. The number of liters of water used per person in most Upper-Nile countries 

lies between the range 15 ~ 50 l/day (0.01 - 0.05 m3/day) [UNDP, 2006] and each family is 

assumed to have six persons on average. The average amount of water used per person is taken 

to be ~ 20 l/day. Thus, the 62,500 boreholes would serve about 37 million people. For a day, the 
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total amount of groundwater that would be extracted is about 62500 boreholes * 100 families * 6 

persons per family *0.02 m3/day required per person per day, which is equivalent to a basin 

average of ~ 0.75 million m3/day (~22.5 million m3/month). The second approach considers the 

total number of boreholes, average yield of aquifer and average time of pumping. The 

assumption here is that since the aquifer yield is mostly constant, the amount of groundwater 

abstracted for a given day will vary based on the total time pumping occurs. Based on pumping 

tests data for over 8000 boreholes in Uganda (figure 3.1), borehole yield ranges between 0-70 l/s 

with a mean value being 2.5 l/s. The average yield value over Uganda is in agreement with 

reported values of ~ 11 m3/hr (3.05 l/s), over Tanzania [Kashaigili, 2010] and the 0 - 5 l/s range 

reported by MacDonald et al., [2012] over the region. Boreholes with yield values > 1 l/s are 

considered high yielding sources of groundwater in the basin (MacDonald et al., 2012). The 

average borehole yield across the Upper-Nile basin is considered to be ~ 10.8 m3/hr (~ 3 l/s), and 

the total time of pumping or groundwater collection to be 10 hours. Thus for a day, the total 

amount of groundwater abstracted would be equivalent to 62,500 boreholes * 10.8 m3/hr 

(average yield) * 10 hours/day of groundwater abstraction which is equivalent to ~ 6.75 million 

m3/day (~202 million m3/month). Based on the two estimated values, groundwater abstracted 

over the Upper-Nile basin for domestic use only, could range between 22 million m3/month – 

200 million m3/month.  

3.2.2 Groundwater withdrawal estimates from the WaterGAP model 

A time varying, constant in space, monthly groundwater withdrawal (GWW) estimate is 

generated from the gridded global groundwater withdrawal dataset [Döll et al., 2012, 2014a, b] 

over the Upper-Nile basin. The WaterGAP global groundwater withdrawal dataset (at 0.5 x 0.5 

degree resolution for the period 1990-2010) was generated using water use models (i.e., for 
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irrigation, livestock, households, manufacturing and cooling of thermal plants [Döll et al., 2012; 

2014 a, b] in the Water Global Assessment Prognosis (WaterGAP) model [Alcamo et al., 2003]. 

The water use models generate time varying aggregate withdrawal and consumptive (i.e., part of 

withdrawn water that transpires) water use in the different sectors considering; 1) irrigation water 

use as a function of irrigated area, 2) climate and crop type and irrigation water use efficiency, 3) 

livestock as a function of number of animals and the water requirements per livestock type, 4) 

domestic and manufacturing water use based on national values downscaled to grid cells using 

population density and 5) water use by thermal power plants based on their location, cooling type 

and electricity production [Döll et al., 2012]. Water withdrawals according to source (e.g., 

surface and groundwater) are modeled using a groundwater surface water use (GWSWUSE) 

model [Döll et al., 2012; 2014a, b] that computes net abstractions (NA) (i.e., the difference 

between water withdrawn from a given source and return flows from water use sites) from 

surface (i.e., NAs) and groundwater (i.e., NAg) [Döll et al., 2012, 2014a, b]. For more details 

about how groundwater withdrawal datasets were generated, the reader is referred to Döll et al. 

[2012, 2014 a, b].  

The NA datasets have associated uncertainties that arise due to the assumptions made. 

For instance groundwater abstraction for domestic and manufacturing water use were estimated 

based on information from the International Groundwater Resources Assessment Centre 

(IGRAC, www.igrac.net), international reports and national sources [Döll et al., 2012]. However 

for a number of countries (about 55) especially those in Africa, no information on domestic and 

manufacturing water use was available and groundwater use fractions for the two sectors were 

drawn from neighboring countries with reliable information [Döll et al., 2012], creating 

uncertainties in the estimate. Given such uncertainties, this dataset provides a basis on which 
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hydrologic impacts of water withdrawals can be evaluated. For instance, the NA values have 

been used as inputs into the WaterGAP Global Hydrology Model (WGHM) to examine the 

impact of water withdrawals on continental water storage [Döll et al., 2012] and global 

groundwater depletion [Döll et al., 2014 a, b].  

	  

Figure 3.2: Estimates of groundwater abstraction over the Upper-Nile basin from the 
WaterGAP model.  

 
For this study, monthly average basin NAg time series are generated over the Upper-Nile 

basin (figure 3.2) hereafter referred to as GWWGHM, and are used as inputs into the CLM4 model 

to examine the impact of groundwater withdrawals on basin hydrology (i.e., surface runoff, 

baseflow, recharge, evaporation, soil moisture, water table depth and groundwater storage). The 

basin average time series (figure 3.2) also lie within the range (and are closer to the lower 
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estimate) of my independent groundwater withdrawal estimates (i.e., 22 million m3/month – 200 

million m3/month) (section 3.2.1), which gives some confidence in using this dataset.  

3.3 Model and experiment set up  

The model used in this chapter is the CLM4 [Oleson et al., 2010; Lawrence et al., 2011]. 

For detailed descriptions of the CLM4 model physics, the reader is referred to [Oleson et al., 

2004, 2008; 2010; Lawrence et al., 2011] and Niu [2005; 2007]. Here, the ground water 

generating scheme is briefly discussed. In CLM4, groundwater is generated as a balance between 

recharge (qrg) and baseflow (or subsurface flow) (qsb) [Oleson et al., 2010; Lawrence et al., 

2011], a process that represents only natural and no human controls on hydrology. Here, a new 

flux GWabst is introduced in the CLM4 groundwater generation scheme to represent human 

groundwater withdrawals (equation 3.1),  

          𝐺𝑊!!! − 𝐺𝑊! = (𝑞!" − 𝑞!"   − 𝐺𝑊!"#$  )∆𝑡                                                              (3.1)   

where GW is groundwater stored in the aquifer at a given time step n, qrg is the recharge to the 

water table and qsb is baseflow. For mass conservation, water moved from one storage 

compartment is transferred to another. Over the upper-Nile basin, groundwater use is mainly for 

domestic purposes and any generated wastewater is poured on the ground surface. In the model 

setup, for each grid cell, groundwater withdrawn is added to the top surface layer of each grid 

cell. It is hypothesized that most of this water would evaporate rather than infiltrate into the soil 

layers. 

The model was run at a 0.250 x 0.250 resolution over the Upper-Nile basin. The model 

was driven by atmospheric forcing data from the Climate Research Unit – National Center for 

Environmental Prediction (CRU-NCEP) 
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(http://dods.extra.cea.fr/data/p529viov/cruncep/readme.htm, accessed August, 2014) 

[Kanamitsu et al., 2002; Mitchell and Jones, 2005; Mao et al., 2012 a; b], including temperature, 

precipitation, specific humidity, solar radiation, wind speed, pressure and long wave radiation, 

for the period 1990 - 2010. To remove the effects of uncertain initial and boundary conditions, 

the period 1990-1999 was taken as model spin up time and was not included in the analysis.  

To explore the hydrologic impacts of groundwater abstraction, I conducted four 

simulations. The first simulation is the control (CTRL) run (i.e., without groundwater 

abstraction), while the other three experiments include groundwater abstraction at the GWWGHM 

rate (EXPT1), GWWGHM rate increased by 50% (EXPT2) and by 100% (EXPT3). These 

experiments are used to evaluate the impact of the current (EXPT1) and increased groundwater 

use (i.e., EXPT2 and EXPT3) to basin hydrology relative to the control (CTRL) simulation (i.e., 

without groundwater abstraction). It is worth noting that the groundwater abstraction flux is 

constant is space but varied in time (figure 3.2). Thus at a given model time step, the same 

groundwater abstraction value was removed from all grid cells, a possible source of uncertainty 

since groundwater use most likely varies in space and time.  

3.4 Results and Discussion  

 Figure 3.3 (figure 3.4) shows the spatial distribution of annual mean surface 

runoff (SRO), baseflow (BF), evapotranspiration (ET) and groundwater recharge (RQ) (soil 

moisture (SM), water table depth (WTD) and groundwater storage (GWS)), from the control 

(CTRL) simulation (upper row) and the difference between experimental (for EXPT1 (second 

row) EXPT2 (third row) and EXPT3 (bottom row) and control runs. The monthly basin average 

(generated over grid cells excluding lakes) time series for the control and experimental runs are 

also shown in figure 3.5, 3.6 and 3.7. 
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Figure 3.3: Spatial distribution of annual mean surface runoff, baseflow, 
evapotranspiration and groundwater recharge for the control run (first row) and 
differences between CTRL and EXPT1 (second row) EXPT2 (third row) and EXPT3 
(bottom row) runs. 

	  
The BF, RQ, and WTD variables generally show similar spatial patterns in the control 

run (i.e., regions with positive and large recharge values (figure 3.3) are also associated with 

large baseflow values (figure 3.3) and shallow water table depths (figure 3.3). The results show 

that groundwater abstraction generally decreases the WTD, GWS (figure 3.3, second to third 

row), BF and SRO (figure 3.3, second to third row) and increases ET and RQ (figure 3.3, second 

to third row. The effect of groundwater abstraction on the respective variables is amplified as the 
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amount of abstracted water increases according to the differences between experiment and 

control runs (figures 3.3, 3.4, 3.5, 3.6 and 3.7).	  

	  

	  

Figure 3.4: Spatial distribution of annual mean soil moisture, water table depth and 
groundwater storage for the control run (first row) and differences between CTRL and 
EXPT1 (second row) EXPT2 (third row) and EXPT3 (bottom row) runs 

	  
It is important to point out again that in the experiment, groundwater abstracted from 

each grid cell in the model domain, was applied to the surface. This process, which avails more 

water at the surface, is responsible for the increased ET values as seen from the differences 
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between the groundwater abstraction runs and control run (figure 3.3, 3.6). As seen in the time 

series plot (figure 3.6), the ET increase is more pronounced during dry seasons as compared to 

wet seasons. This makes sense because during wet seasons, ET is not water limited but energy 

limited while in dry seasons, ET is water limited rather than energy limited. Thus, the water 

added to the surface leads to more increases in ET during the dry seasons than wet seasons.   

	  

Figure 3.5: Monthly variations of simulated Surface runoff and baseflow for the control 
and experimental runs 

	  
Groundwater abstraction leads to declines in the water table depth and groundwater 

storage declines (figure 3.4, 3.7). This decline is more marked for EXPT2 and EXPT3 than it is 

for EXPT1. WTD declines of up to 4m per month in both experiments (figure 3.4) and GWS 

declines of about 30m/month (for EXPT2) and 300 m/month (for EXPT3) are registered 

compared to only WTD declines ~1m/month and GWS declines ~10m/month in EXPT1 (figure 
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3.4). These results demonstrate a scenario where the rate of groundwater extraction through 

pumping exceeds the rate of groundwater recharge, demonstrating unsustainable use of the 

aquifers. The impact of the declining water table also reduces baseflow (figures 3.3, 3.5) out of 

the aquifers, a variable that supports rivers especially during dry periods. 

	  

Figure 3.6: Monthly variations of simulated Evaporation and Recharge for the control and 
experimental runs 
	  

Groundwater abstraction leads to declines in the water table depth and groundwater 

storage (figure 3.4, 3.7). This decline is more marked for EXPT2 and EXPT3 than it is for 

EXPT1. WTD declines of up to 4 m per month in both experiments (figure 3.4) and GWS 

declines of about 30 m/month (for EXPT2) and 300 m/month (for EXPT3) are registered 

compared to only WTD declines ~1 m/month and GWS declines ~10 m/month in EXPT1 (figure 

3.4). These results demonstrate a scenario where the rate of groundwater extraction through 

pumping exceeds the rate of groundwater recharge. The impact of the declining water table also 
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reduces baseflow (figures 3.3, 3.5) out of the aquifers, a variable that supports rivers especially 

during dry periods. 

	  

Figure 3.7: Monthly variations of simulated Soil moisture (SM), Water table depth (WTD) 
and groundwater storage (GWS) for the control and experimental runs (left column) and 
the difference between experiment and control runs (right column) 

	  
The lowered water table also affects the vertical flow of water between the aquifer and 

soil layers in CLM4 according to Richard’s equation [Richards, 1931]. Capillary rise (which is 

marked by negative groundwater recharge as water from the aquifer fills up the soils) is reduced 

(due to lower water table depth) and instead the process leads to more water draining out of the 
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soil layers to recharge the aquifers (i.e., positive groundwater recharge). This can be seen in 

figure 3.3 and 3.6, where with increasing groundwater pumping and thus declining water table 

depth, groundwater recharge becomes more positive (soil water recharging aquifers) than 

negative (aquifer saturating soil layers). The same process (lowered WTD and reduced capillary 

rise) also decreases surface runoff (especially during the wet seasons) (figure 3.5), by reducing 

the occurrence of saturation excess runoff.  

Soil moisture response to groundwater abstraction depends on how much water is 

abstracted, and thus added to the surface. The results in figure 3.3 and 3.7 show that when 

groundwater is abstracted at the estimated GWWGHM rate, the process barely causes any impact 

on soil moisture (i.e., very small increases in SM are registered). When the abstraction rate is 

increased by 50%, an increase in soil moisture is registered over parts of the region. However 

when the groundwater abstraction rate is increased by 100%, a reverse effect on soil moisture 

(i.e., a decline) is registered over parts of the region (figures 3.3, 3.7). These results could imply 

that at a certain threshold, groundwater abstracted from the aquifer would increase soil moisture 

in regions where it is applied (e.g., for irrigation).  However, beyond that threshold, groundwater 

abstraction would lead to decreases in soil moisture. These results are attributed to variations in 

the rate of groundwater recharge and soil water infiltration. If the rate of infiltration is greater 

than the rate of groundwater water recharge, soil moisture storage increases. However if the rate 

of groundwater recharge is higher than the rate of infiltration (e.g., for deeper water table 

depths), then soil moisture decreases. This result (i.e., increase in recharge) combined with 

earlier results (i.e., decrease in discharge) both brought about by ground water pumping, has 

been termed ‘capture’ [Lohman, 1972, Seward and Brendonck, 2006; Konikow et al., 2014]. 
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Figure 3.8 shows differences between experimental and control run volumetric soil 

moisture (generated by dividing soil moisture within a layer by the layer depth) variability (basin 

averages excluding Lakes) for different combined soil depths (i.e., layers 1-3 = 0 - 0.09 m, layers 

4-7 = 0.09 – 0.83 m and layers 8-10 = 0.83 - 3.43 m, table B.1, appendix B). Generally, no 

differences in soil moisture are registered between the CTRL and EXPT1 runs over the selected 

soil depths, implying that the water added to the surface is not significant to impact soil moisture 

(through infiltration) and that the water table has not dropped large enough to induce more water 

out of the soil layers for groundwater recharge.  

	  

Figure 3.8: Volumetric soil moisture variability for different soil depths. The lines in each 
plot represent differences between the experimental and control runs.  (Negative values = 
CTRL > EXPT). 
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Figure 3.9: Total water storage anomalies for the CTRL, EXPT1, EXPT2 and EXPT3 runs 

	  
When groundwater abstraction is increased by 50%, soil moisture in the upper 0-0.09 m 

and middle 0.09-0.83 m depths increases. A very slight increase is registered in the deeper soil 

depths (0.83-3.43 m). This result shows that the water abstracted from the ground and added to 

the surface is significant to impact soil moisture in the upper layers through infiltration, but again 

at this groundwater abstraction rate, the drop in the water table depth does not lead to significant 

soil water percolation to recharge groundwater. However, when groundwater abstraction is 

increased by 100%, soil moisture decreases in the three selected soil depths. This result shows 

that at this high groundwater abstraction rate (EXPT3), the water table greatly declines, a process 

that draws more water from soil layers to recharge the aquifer. The upper soil depth (0-0.09 m) 

however registers soil moisture storage values larger (i.e., positive values, figure 3.8) than the 
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control run during the wet seasons, a result attributed to the combined effect of precipitation 

water and water abstracted from the ground (and applied at the surface) on infiltration. 

  Results of total water storage anomalies (figure 3.9) show that as groundwater 

abstraction increases, total water stored decreases. Marked declines in total water storage are 

evident for EXPT3 when groundwater abstraction was increased by 100%. When abstracted 

ground water is added back to the surface, it either evaporates or infiltrates (which later 

percolates or gets used up as transpiration by plants). The declining storage (figure 3.9) is 

attributed to increased evapotranspiration (figure 3.6) that is a sink to watershed storage. Except 

for slight differences in peak storage, the variability in TWSA is similar for all experiments 

(figure 3.9), a result that underlines poor model distribution of water, as highlighted earlier in 

chapter 2.   

3.5 Conclusions 

Groundwater use will continue to grow in the Upper-Nile basin due to population 

increase and the need to increase agricultural production through irrigation. Significant 

groundwater pumping can lead to depletion of the resource and can perturb land-surface 

hydrologic processes. Over the upper-Nile basin, no modeling studies have evaluated the impact 

of current and future groundwater abstractions on the basin hydrology, likely due to limited 

availability of groundwater use datasets. In this chapter, I evaluate the hydrologic impacts of 

groundwater abstraction within the Upper-Nile basin. I specifically modify the groundwater 

generation scheme in CLM4 to include a new flux; the groundwater abstraction flux. I represent 

this flux with data from the recently generated global groundwater withdrawal dataset [Döll et 

al., 2014b], which lies between the range of independent groundwater withdrawal estimates 

generated in this chapter, based on the number of boreholes, aquifer yield and water use per 
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person. To conserve mass, groundwater abstracted over each model grid cell is added to the 

surface layer of the grid. I performed experiments with and without groundwater abstraction and 

compared them to identify any changes in hydrologic state variables (i.e., soil moisture, 

groundwater storage, water table depth and total water storage) and fluxes (i.e., evaporation, 

groundwater recharge, surface and subsurface runoff).  

The results show that groundwater abstraction lowers the water table depth (and 

baseflow), which induces vertical flow of soil moisture to recharge the aquifer, thus increasing 

groundwater recharge, a process known as ‘capture’ [Lohman, 1972]. However, for all 

experiments, the water table and groundwater storage declined, implying that the increased 

recharge did not outweigh the water leaving the aquifer. Such a result has implications to the 

sustainability of the aquifer in case of increased groundwater use. The water added back to the 

surface enhances soil moisture storage and evapotranspiration (ET). Larger ET increases are 

registered during dry seasons because during such periods, ET is water limited and thus the 

additional water at the soil surface would likely evaporate. Increased ET would likely modify 

local hydrology through increased humidity, which could potentially lead to cloud formation and 

precipitation [e.g., Qian et al. 2013; Lo et al., 2013], which could further affect ET. However, 

the model was run in offline mode ignoring the effect land-atmosphere interactions on the 

simulated hydrology. Such effects from land-atmosphere interactions have been assumed 

negligible in some studies [e.g., Leng et al., 2014].   

The results further show that below a certain groundwater abstraction threshold, the water 

pumped and added to the surface may increase soil moisture storage over regions where it is 

applied.  However, if groundwater is removed beyond that threshold, then soil moisture depletion 

is likely, a result that has implications on agricultural practices. Groundwater abstraction also 
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leads to declines in baseflow. Declines in baseflow have implications on the sustainability of 

rivers especially during dry periods, which would further affect the water supplies of people who 

depend on surface water. In parts of the Upper-Nile basin, cases of declining rivers (e.g., Rwizi) 

[MWE, 2011] exist but no scientific evidence has been attached to such declines. It is therefore 

recommended that further modeling experiments be taken that will aim at examining the impact 

of water use on river storage.  

It is worth noting that the study results are highly uncertain due to simplifications around 

the datasets used (e.g., the groundwater abstraction dataset) and model structure. For instance, 

the groundwater aquifer in CLM4 is unconfined with the same aquifer depth across all grid cells, 

poorly representing the basement aquifers over the study area. Groundwater abstraction was 

taken as a constant value across space, and only varied every month, but in reality, abstraction is 

variable in both space and time. Despite spatial homogeneity in model assumptions, the findings 

raise important questions regarding the influence of groundwater withdrawals in the region. 

There is need for better groundwater use and hydro-geologic observations, to better isolate the 

associated impacts of groundwater abstraction on hydrology, including identifying hotspot areas, 

for better resource management.   
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CHAPTER 4 :  Conclusions 

4.1 Summary of findings 

In this dissertation, remote sensing and land surface model approaches were employed to 

examine the behavior of groundwater resources over East Africa, a region characterized with 

complex hydrogeology and significant surface water bodies, with limited hydrogeological 

observations. In chapter 1, remote sensing observations from the Gravity Recovery and Climate 

Experiment (GRACE) satellites were used together with model soil moisture and lake altimetry 

observations in a water balance approach to estimate groundwater storage variability over East 

Africa. The methods employed here (i.e., use of filtered datasets in the water balance equation) 

aimed at reducing spatial leakage from regional lakes in the GRACE signal, to better capture 

groundwater behaviors. A stronger relationship between GRACE based groundwater estimates 

and in-situ observations is shown by the results based on the methods used here (i.e., ρ = 0.6) 

than if conventional GRACE scaling approaches are used (i.e., ρ = 0.2). These results 

demonstrate that over regions with significant and variable surface water bodies, application of 

the ready to use GRACE level-3 datasets should be done with care, especially if the datasets are 

to be used to isolate groundwater signals.   

Over parts of East Africa, significant declines in groundwater storage amounting to ~1 

cm/year are observed in some periods. These declines are attributable to stresses from climate 

and/or human groundwater use. Precipitation is shown to greatly drive observed watershed 

storage behaviors in the region. Anomalous precipitation associated with large-scale circulations 

(e.g., ENSO and IOD) is shown to offset accumulated declines in water storage from previous 

years. Interesting questions that remain open (and require further research) in regards to such 

results include; 1) how long does it take (how much recharge is needed) for the system to recover 
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from such declines?, and 2) what is the fate of aquifer sustainability in the face of increasing 

climate variability?  

This work has provided the first regional view of aquifer behavior within the East African 

region. Permeable and/or shallow aquifer systems that respond to precipitation changes through 

rapid recharge are identified over southern Kenya and Tanzania. These aquifers are susceptible 

to short term groundwater exploitation especially in drought periods, but would rapidly recover 

after subsequent heavy rainfall events, a phenomenon termed ‘Variable Stress’ in Richey et al. 

[2015a]. Over Uganda, a relatively less permeable aquifer system is identified, characterized by 

slow infiltration and high susceptibility to depletion especially if groundwater use exceeds 

recharge. Over semi-arid parts of Northern Kenya, results demonstrate that the groundwater 

system is hydraulically connected to out of bound recharge zones, which need to be identified 

and characterized for effective resource management. Generally, these results demonstrate 

geographical heterogeneity in aquifer behaviors that requires both local and regional 

(transboundary) management. 

Understanding local and remote controls of the groundwater system is a complex task 

given the hydrologic knowledge gaps of the system behaviors, yet it is vital in water 

management. Hydrologic models are useful in bridging such knowledge gaps; however, 

improved model parameterization is necessary for better results. In chapter 2, the CLM4 model is 

calibrated in a multiobjective framework (using total water storage anomalies from the GRACE 

satellites, estimated baseflow and observed streamflow) over the Upper-Nile basin, with the goal 

to improve the representation of groundwater dynamics. I consider that since baseflow is a 

function of watershed storage, improved parameterization of storage and discharge would 

improve simulations of the water table depth. Significant improvement in the simulation of 
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baseflow and water table depth is achieved with model calibration. The calibrated parameters 

from the period 2007-2010 can be applied to simulate historic hydrologic behaviors since 1950, 

especially if streamflow does not significantly deviate from the ‘normal’ flow (agreed rating 

curve) due to management, revealing the importance of including human practices in modeling 

efforts. A historic model simulation would enable us to evaluate the past behavior of the system 

and perhaps identify associated control dynamics. Chapter 2 formulates a basis for the 

development of a fundamental experimental tool for water resources monitoring and assessment 

over this poorly monitored region.  

 Chapter 3 utilizes the calibrated model in chapter 2 to investigate the effects of 

groundwater abstraction on the Upper-Nile basin hydrology, an experiment that is the first of its 

kind over the region. I introduce a groundwater abstraction flux in the CLM4 model and compare 

model simulations with and without the abstraction flux. For the experiment, water abstracted 

from the aquifer was added at the top of the surface to conserve mass. Analyses show that 

groundwater abstraction decreases groundwater storage, lowers the water table depth and reduces 

baseflow. Reduced baseflow threatens the sustainability of rivers and the supply of freshwater 

for downstream ecosystems. When the water table depth deepens, capillary fluxes are reduced; 

limiting their potential to affect soil moisture and surface runoff (i.e., saturated excess runoff). 

However, a declining water table also induces vertical flow of soil moisture to recharge the 

aquifer, thus increasing groundwater recharge. Results, however, show that the increased 

recharge does not outweigh the impacts of abstraction on groundwater storage, putting to 

question the sustainability of the aquifer under increased groundwater use. Results also show 

increased evapotranspiration (ET) especially during dry season, resulting from the additional 
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water at the surface. Soil moisture response to groundwater abstraction depends on the threshold 

of abstraction rate; with low (high) abstraction rates leading to soil moisture increases (declines).  

4.2 Recommendations for further research 

The work presented in this thesis increases the state of groundwater science and resource 

monitoring over East Africa and would be useful in aiding decision making in resource 

management. The results portray the need for spatial-temporal representative hydrogeological 

datasets (including specific yield, surface water variability and groundwater use) over the region. 

In addition to the region being poorly monitored, the bureaucracies surrounding data sharing 

limited accessibility of existing in-situ hydrologic observations needed for this study. For all the 

five countries in East Africa, data was obtained from a single country, Uganda, limiting the 

evaluation of GRACE based groundwater estimates and model calibrations/validations to only 

Uganda. However, GRACE groundwater evaluation over the other parts of the region is 

important to reinforce the conclusions made in the study. In addition, CLM4 model calibration is 

necessary over the whole of East Africa, to support ongoing transboundary water management 

efforts including; the Nile Basin initiative (http://www.nilebasin.org/), the Lake Victoria Basin 

Commission (http://www.lvbcom.org/) and the Hydroclimate project for Lake Victoria (HyVic) 

Regional Hydroclimate Project (RHP), developed under the auspices of the World Climate 

Research Program (WCRP)’s GEWEX project (http://www.gewex.org/hyvic/).  

The use of model soil moisture in the isolation of groundwater estimates from GRACE 

creates uncertainties in the results, ensuing from poor representation of the vadose zone in land 

surface models, which is fixed at 3.4 m in CLM4. Varying soil column depths in CLM4 was 

shown to significantly affect the inter-annual variability of total water storage [Swenson and 

Lawrence, 2015]. Although it technically observes upper layer (i.e., 5 cm) soil moisture 
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variability, the newly launched NASA Soil Moisture Active Passive (SMAP) mission offers 

potential to improve soil moisture knowledge gaps and thus supplement GRACE applications to 

groundwater monitoring. 

CLM4 is a grid-based model and focuses on vertical water fluxes between soil layers and 

the groundwater aquifer, since its original intent is to supply the global Community Earth System 

Model (CESM) with terrestrial water, energy and bio-geochemical processes. However, lateral 

water fluxes are equally important as they can modify the timing and variability in water fluxes 

and storage. Future work may consider coupling CLM4 with integrated hydrologic models (e.g., 

Parflow) to study the effects of groundwater use on lateral flow; however, representative hydro-

geologic observations would be required. I also recommend that modeling frameworks like the 

Catchment-based Hydrologic And Routing Modeling System (CHARMS) [Goteti et al., 2008] 

and/or the Routing Application for Parallel Computation of Discharge (RAPID) [David et al., 

2011] be employed to further evaluate the hydrologic response of local river storage to reduced 

baseflow resulting from groundwater abstraction. 

Lastly, feedbacks from land-atmosphere interactions that result from increasing 

groundwater abstraction need to be evaluated. For instance, increased evapotranspiration (ET) 

resulting from additional water at the surface, would modify local hydrology through increased 

humidity, potentially leading to cloud formation and precipitation [e.g., Qian et al. 2013; Lo et 

al., 2013], further affecting land surface processes including ET, runoff, soil moisture and 

recharge. In this work, the model was run in offline mode, ignoring the effect of land-atmosphere 

interactions on the simulated hydrology. I recommended that further research considers coupling 

the CLM4 model with the atmospheric model to capture such feedback processes.   
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Appendix A 

Figure A.1: Spatial distribution of groundwater monitoring wells (upper panel) and well 
records through time (lower panel). The well number index in the upper panel corresponds 
with the well index values along the y-axis in the lower panel.  
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Appendix B 

	  

Figure B.1: Observed streamflow values for the three discharge stations (log of m3/s) 

	  
Figure B.2:  Comparison of estimated baseflow and observed water table depth 
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Figure B.3: Annual total flows for the single point calibration run and their percentage bias 
Dashed lines = control run while solid lines = calibrated run. 

	  

Figure B.4: Comparison of the control and validation model output for the period 2000-

2006 for the single point run.  Also included is the agreed curve flow in green. 
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Figure B.5: Changes in recharge and soil moisture between the control and and optimal 
CLM4025 run. OPT = optimal run and CTRL = control run. 

Table A.1:  Subsurface soil layers and subsequent depths in CLM4 

Layer Depth (m)  
1 0-0.018 
2 0.018-0.045  
3 0.045-0.091 
4 0.091-0.166 
5 0.166-0.289 
6 0.289-0.493 
7 0.493-0.829 
8 0.829-1.383 
9 1.383-2.296 
10 2.296-3.433  
11-15 Bedrock 
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Table B.2: Ten smallest F values with their corresponding weights 

F value 𝒘𝑻𝑾𝑺 𝒘𝑩𝑭 𝒘𝑸 
 1.61 0 1 0 
1.64 0.1 0.9 0 

1.66 0.2 0.8 0 
1.68 0.3 0.7 0 
1.71 0.4 0.6 0 
1.73 0.5 0.5 0 
1.75 0 0.9 0.1 

1.76 0.6 0.4 0 
1.77 0.1 0.8 0.1 

1.78 0.7 0.3 0 

Table B.3: CLM4SP evaluation statistics for 1950-59, 1960-69, 1970-79 and 1990-99.  
Q=Total runoff, SRF=Surface Runoff, BF= baseflow.   

Single point Validation 
 1950-1959 1960-1969 

Statistic Variable Control Optimal % 
change 

Control Optimal  % 
change  

RMSE 
cm/mon

th 

Q 0.67 0.18 73 0.57 0.69 17 
BF 0.21 0.13 38 0.53 0.27 49 

SRF 0.84 0.12 86 0.56 0.43 23 
PBIAS 

% 
Q -124.34 -12.87 90 18.45 54.96 66 

BF 99.97 -50.13 50 99.99 40.35 60 
SRF -343.08 23.45 93 -58.45 68.75 15 

MR 
log of 

cm/mon
th 

Q 0.72 0.12 83 -0.26 -0.76 66 
BF -8.20 0.40 95 -9.66 -0.47 95 

SRF 1.44 -0.33 77 0.43 -1.21 64 

 1970-1979 1990-1999 
RMSE 

cm/mon
th 

Q 0.48 0.40 17 0.51 0.30 41 
BF 0.44 0.11 75 0.36 0.09 75 

SRF 0.69 0.30 57 0.72 0.23 68 
PBIAS 

% 
Q -11.21 43.54 74 -28.52 33.00 14 

BF 99.98 25.00 75 99.99 15.22 85 
SRF -125.31 62.56 50 -157.56 50.85 68 

MR 
log of 

cm/mon
th 

Q 0.01 -0.57 98 0.15 -0.40 62 
BF -8.65 -0.29 96 -9.22 -0.16 98 

SRF 0.74 -1.06 30 0.87 -0.79 9.2 

 




