
Evidence of rising groundwater and potential for
sustainable management amid multi-year droughts in
the pastoral regions of northern Kenya

Denis Macharia Muthike 1*, Styvers Kathuni 2, Christian Muragijimana3, Taylor
Sharpe 1, Gabriel Senay 4, Evan Thomas1

1 Mortenson Center in Global Engineering & Resilience, University of Colorado Boulder,
4001 Discovery Drive, Boulder, 80303, CO, USA
2 Millennium Water Alliance, Nairobi, Kenya
3 Virridy, Boulder, CO, USA
4 Earth Resources Observation & Science Center, United States Geological Survey, Fort
Collins Science Center, Fort Collins, CO, USA

* denis.muthike@colorado.edu

*

Abstract Groundwater underpins water security in the drylands of East Africa, where
climate extremes and increasing groundwater use pose growing water management
challenges. This study examines groundwater dynamics in arid northern Kenya using
multi-source data that combine in-situ electronic sensor measurements with
satellite-based rainfall observations, terrestrial water storage anomalies, and model
simulations of groundwater storage. Analysis of long-term rainfall records reveals
pronounced hydroclimatic variability over the past four decades. The analysis revealed
a clear climate signal in regional water storage, characterized by pronounced interannual
variability driven by alternating drought and wet extremes during the long rains
(March–May; MAM) and the short rains (October–December; OND) seasons. The OND
season showed a progressive tendency toward wetter conditions over the study period,
while MAM rains experienced episodic wet anomalies. Groundwater storage increased
gradually from 2004 to 2024, with notable declines during multi-year droughts and
strong rebounds during wet periods. Annual mean groundwater storage across the study
domain over the same period increased by approximately 21.7%, rising from 109.68 km3

to 133.49 km3. At the well scale, monitored sites exhibited distinct drawdown–recovery
behavior and delayed responses to cumulative rainfall, with lags ranging from
approximately one to four months. Differences among sites highlight the heterogeneous
nature of groundwater responses across the region and are likely influenced by local
hydrogeologic controls. Recovery ratios suggest that, during the monitoring period,
short-term abstraction was generally offset by recovery, findings that could support
evidence of potential groundwater sustainability. Overall, these findings demonstrate the
value of high-frequency groundwater monitoring and satellite observations for diagnosing
groundwater dynamics in data-scarce drylands and emphasize the need for sustained
monitoring and improved hydrogeological characterization to support groundwater
management under intensifying climate variability and rising water demand.
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Introduction 1

Groundwater is the primary reliable water source for pastoral livelihoods in arid and semi-arid regions of the 2

Horn of Africa [1–3]. This region is characterized by low and highly variable rainfall, limited surface water 3

storage, and recurrent droughts [4], conditions that elevate the strategic importance of groundwater for 4

domestic, livestock, and livelihood needs. Despite groundwater’s centrality to water security, a quantitative 5

understanding of its dynamics in this region remains limited. Drilling has expanded rapidly to meet 6

humanitarian and development needs, often in data-poor contexts where aquifer properties are poorly known, 7

pumping is weakly regulated, and monitoring networks are sparse. As a result, decision-makers face a 8

recurring challenge: balancing urgent water-supply objectives with long-term groundwater viability amid 9

intensifying climate variability and demand. While many global assessments indicate unsustainable 10

groundwater extraction [5, 6], recent analyses suggest that parts of sub-Saharan Africa have experienced 11

stable or rising groundwater storage [7]. 12

Prevailing environmental conditions influence human-driven groundwater drawdown and natural recovery 13

in northern Kenya [1, 8]. The balance between the amount of water withdrawn from groundwater aquifers 14

and the aquifers’ ability to rebound following rainfall and abstraction effects has profound impacts on the 15

short- and long-term sustainability of groundwater resources in this region. Abstractions at a rate that 16

exceeds natural recharge can prolong groundwater recovery [9], reduce streamflows [10], compromise the 17

health of groundwater-dependent ecosystems [11], and impact long-term water storage [12]. 18

Increased abstractions have been shown to correlate with dry conditions. Thomas et al. [1] found that 19

well use in northern Kenya increased by over 20% following weeks of no rainfall compared to weeks preceded 20

by some rainfall. In a slightly different setting in southern Kenya, but where the rural population is primarily 21

dependent on groundwater, Thomson et al. [13] found a similar association, with groundwater pump use 22

reduced by 34% in the wet season compared to the dry season. Taken together with aquifer storage and 23

climate interactions, the clear link between environmental variability and groundwater use places groundwater 24

sustainability at the center of planning for water resources in the region as humanitarian agencies, county 25

and national governments intensify groundwater development as a drought adaptation intervention [2]. 26

Data-driven decision-making opportunities for groundwater governance in northern Kenya are limited. 27

Policymakers and development partners lack the necessary monitoring data and modeling tools to make 28

informed choices. While significant efforts have been made to improve the evidence base upon which 29

groundwater development can be founded, water level records – often instantaneous and infrequent– are still 30

limited to a small subset of wells. Additionally, metadata on well construction (e.g., well completion reports), 31

hydrogeology, and pumping rates are often incomplete, inaccessible or outdated. Planning and operational 32

decisions such as well siting, pump sizing and schedules, allocation rules during drought, and investment in 33

storage or recharge enhancement are frequently made without explicit consideration of data-informed aquifer 34

responses. Wells are commonly sited opportunistically (e.g., proximity to settlements or infrastructure) 35

rather than with systematic evaluation of hydrogeologic prospects, connectivity to recharge zones, or impacts 36

of neighboring abstractions. At the site level, abstraction practices rarely reference measured water-level 37

trends or recovery rates. At the regional scale, allocation across sectors (i.e., domestic, livestock, smallholder 38

irrigation, and institutions) seldom accounts for externalities where pumping in one area can depress 39

groundwater levels elsewhere. These gaps can heighten the risk of chronic declines [14] and well failures 40

during drought, with lasting outcomes including conflict over unreliable sources. 41

The National Drought Management Agency (NDMA) oversees the program on ”Ending Drought 42

Emergencies in Kenya”, whose goal is to identify and manage strategic wells critical for water provision to 43

people and livestock during severe drought periods [1, 2]. This program has increased drought resilience by 44

focusing resources on these strategic wells across northern Kenya. But little is known about the 45

sustainability of these sites, and decisions about which wells are identified as strategic or not rarely reference 46

empirical evidence about the health of the groundwater. Prioritization is dependent on anecdotal evidence, 47

such as livestock movement routes, which can change over time due to environmental and socio-political 48

factors. NDMA’s programs can be strengthened by research that generates evidence on the state of 49

groundwater health, which in turn can support data-informed prioritization and focus resources to support 50

drought resilience. 51

Against this backdrop, this study integrates high-frequency in situ groundwater level observations from 52
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four community wells in Turkana with satellite-derived rainfall and terrestrial water storage to characterize 53

short-term site-level groundwater and regional terrestrial water storage dynamics under rainfall variability 54

and abstraction. A process-based approach was adopted to quantify drawdown and recovery behavior, 55

estimate representative groundwater heads during non-pumping periods, and examine lagged relationships 56

between cumulative rainfall and groundwater response. In addition, the study used modeled groundwater 57

storage to investigate temporal trends in annual groundwater storage across the study domain. As a result, 58

the study aims to provide decision-relevant insights into groundwater behavior in the region, while 59

recognizing the limitations of both short observational records and coarse satellite products used in the study. 60

Materials and Methods 61

Water level data 62

This study was located in Turkana (Fig. 1), a region in northwestern Kenya comprising drylands that 63

support the livelihoods of pastoralist populations. The climate in this region is arid with annual rainfall 64

ranging between 200–500 mm. Annual rainfall follows a bimodal pattern with rainfall peaks in April during 65

the boreal spring season (long rains: March–May or “MAM”) and November during the boreal autumn 66

season (short rains: October–December or “OND”). There is a long dry season between June–September; 67

however, data records show some rainfall is also received in July in the western region, including some parts 68

of western Turkana. Annual mean temperatures range from 20–40 degrees Celsius with high 69

evapotranspiration throughout the year [15]. 70

Water level data were collected from four community groundwater abstraction wells. These wells are 71

representative of the groundwater supply systems in Turkana and the larger northern drylands. The wells 72

have motorized pumps powered by solar energy (Fig. 2) that extract water to elevated tanks that supply 73

community water points or, in some cases, household networks. Like others across this dryland region, these 74

motorized wells are the primary reliable source of water for domestic, livestock, and small irrigation uses. 75

They are managed primarily by the local communities in partnership with local water services and 76

humanitarian organizations [1]. 77

The Kalobeyei community well site is located in the Kalobeyei alluvial system comprising clayey alluvium 78

overlying Tertiary lavas, with sand lenses being present in proximity to the major lagas [16]. This site is 79

within the larger Kakuma refugee camp complex and serves the host community and the integrated refugee 80

population. Kakemera, Nadapal-IRC, and Loturerei sites are within the larger Lodwar alluvial aquifer 81

system serving the rural communities surrounding Lodwar town. The Lodwar aquifer comprises shallow, 82

intermediate, and deep aquifers that are replenished through diffuse recharge by the Turkwel River and 83

Kawalase River during the wet season, as well as direct infiltration during rainfall events [17]. The reported 84

drilled well depths are 77 m, 98 m, 60 m, and 112 m for Kakemera, Nadapal-IRC, Loturerei, and Kalobeyei, 85

respectively. The reported flow rate for Kakemera and Kalobeyei is 20 m3/hr, while Nadapal-IRC and 86

Loturerei have a flow rate of 8 m3/hr. Kakemera, Kalobeyei, and Nadapal-IRC are categorized as strategic 87

wells and form part of a large network of wells critical for water provision during drought periods for people 88

and livestock. This strategic well network is overseen by the National Drought Management Agency (NDMA) 89

as part of the national ”Ending Drought Emergency” program [2,8]. 90

Water level data were collected using the satellite-connected Holykell HPT604-A submersible water level 91

pressure transducers. These sensors have a measurement error of ≤ ±0.5% of their full scale and a custom 92

range level of 50 cm–500 m. The sampling frequency was set at 15 minutes (Fig. 3), resulting in 1532 total 93

unique days of observations across the four sites [range: 269–486]. Sensor installations were done between 94

May and July 2023. Sensors were installed to correspond to the level of submersible well pumps; thus, water 95

levels were interpreted as water column height above the sensor, not as depth-to-water. Higher (lower) values 96

therefore indicated a rising (falling) groundwater level. For interpretation, drawdown and recovery refer to a 97

reduction and increase in the water-column height, respectively. Water level pressure transducers were 98

installed at depths of 57 m, 63 m, 48 m, and 80 m in Kakemera, Nadapal-IRC, Loturerei, and Kalobeyei, 99

respectively. Data collection periods varied across sites due to intermittent disruptions, including sensor 100

malfunctions and the permanent loss of satellite connectivity following the discontinuation of the Swarm 101

Technologies satellite network in November 2024. 102
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Fig 1. Locations of water level sensor installations at groundwater well sites (blue dots) in Kakemera,
Kalobeyei, Loturerei, and Nadapal-IRC in Turkana, Kenya. The four sites are representative of the typical
community well systems in this region. They are motorized wells using solar, diesel or hybrid power supply
systems, and serve as the primary water sources for domestic, livestock, and small irrigation schemes in the
dry season. Elevation classes provide the local topographical context, whereas the black lines are the major
river basins in the Turkana region. The light blue polygon shows the extent of Lake Turkana.

Remote sensing data 103

Two satellite-based gridded observational datasets of rainfall and terrestrial water storage (TWS), and model 104

simulations of groundwater storage (GWS) were used in this study to map recent seasonal extreme rainfall 105

events and the response in terrestrial water storage comprising both surface and groundwater. Daily and 106

monthly rainfall data were sourced from the Tropical Applications of Meteorology Using Satellite Data and 107

Ground-Based Observations (TAMSAT) v3.1 product [18–20] downloaded from the International Research 108

Institute for Climate and Society’s Climate Data Library 109

[https://iridl.ldeo.columbia.edu/SOURCES/.Reading/.Meteorology/.TAMSAT/.v3p1/] [21]. This 110

dataset spans the period 1983—present, covering the African continent at daily, dekadal, and monthly 111

timesteps. The data are provided as gridded files at a spatial resolution of 0.0375◦ (approximately 4 km at 112

the equator). Studies have validated this dataset in Sub-Saharan Africa, finding it reliable for climate 113

research in Africa with a validated wet bias of 12% compared to rain gauge measurements at the monthly 114

time step and 11% at the daily time step [22]. 115

Monthly estimates of terrestrial water storage were sourced from the Gravity Recovery and Climate 116

Experiment (GRACE) mascon data provided by the Jet Propulsion Laboratory (JPL) [23]. The regionally 117

averaged data were downloaded from the GRACE Data Analysis Tool 118
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Fig 2. An example of a motorized community well site infrastructure in Turkana, Kenya, showing the well
in the middle, solar panels for water pumping, and the pump control room.

[https://grace.jpl.nasa.gov/data-analysis-tool/]. This dataset includes estimates from GRACE and 119

GRACE Follow-On missions, both of which infer terrestrial water storage from gravity measurements. The 120

data are provided as 50 by 50 km grids, represent spatial and temporal terrestrial water anomalies, and 121

incorporate surface, groundwater storage, including snow/ice and soil moisture. For this study, terrestrial 122

water represents surface and groundwater storage, with the latter representing a major proportion of the 123

anomalies due to the ephemeral nature of the surface water in the region [24]. The GRACE/GRACE-FO 124

products have been widely adopted in water balance studies in Africa [7, 25,26]. They provide global 125

coverage of terrestrial water storage observations essential for improving our understanding of Earth’s 126

freshwater availability and enable comparisons between regions. They have also been used to calibrate and 127

validate groundwater models, helping uncover policy-relevant trends in drought risks and the sustainability of 128

groundwater aquifers [12,27,28]. 129

Modeled estimates of absolute groundwater storage were obtained from the NASA Global Land Data 130

Assimilation System version 2.2 (GLDAS) through the NASA Earthdata repository. This product includes 131

spatially and temporally downscaled, and vertically disaggregated GRACE data obtained through GRACE 132

data assimilation into the Catchment Land Surface Model (CLSM) within the Land Information System 133

(LIS) [28]. The daily ”GWS tavg” product provided at a 0.25◦ grid resolution, was utilized, and monthly and 134

annual mean GWS were subsequently computed. Both GRACE and GLDAS estimates were incorporated in 135

this study because the Turkana region includes Lake Turkana, which potentially masks the groundwater 136

storage signal in the GRACE TWS data due to the coarse resolution of this product. The goal, therefore, 137

was to use the GLDAS-CLSM estimates as a separate indicator of groundwater-specific changes during the 138

study period. 139

Estimating well drawdown and recovery 140

A statistical framework was developed in R version 4.3.3 [29] to analyze groundwater dynamics using the 141

high-frequency water level pressure transducer data. Because the well sites lack hydrogeological 142

characterizations required for recharge calculations, a data-driven approach was employed to quantify 143

drawdown and recovery, and to investigate the associations between rainfall and representative groundwater 144

heads during recovery periods. The four well sites experience regular pumping varying from 6–10 hrs/day. 145

Recovery periods were therefore identified from continuous rising segments in the time series following 146

observed drawdown cycles, consistent with field-reported pump-off periods. A visual inspection of the 147

hydrographs in Fig. 3 confirmed that these periods corresponded to non-pumping hours reported by the 148

corresponding well operators. 149
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Fig 3. Sample 15-minute water level measurements for the four study sites showing declining and recovering
water levels as measured by the water level pressure transducers. The reported water level is the water
column height relative to the sensor installation depth. The x-axis is set to a common scale for between-site
visual comparisons.

Data pre-processing 150

Pressure transducer water level time series data underwent rigorous pre-processing to ensure data integrity. 151

Duplicate timestamps were identified and resolved by retaining the observation closest to the local rolling 152

median of surrounding data points within a 1.5-hour window, mitigating spurious spikes while preserving 153

data continuity. A complete 15-minute timeline was constructed spanning the entire period of record for each 154

site, with observed data aligned to this consistent temporal framework without interpolation, and missing 155

data assigned the label “NA”. This explicit representation of missing values maintained consistent spacing 156

and prevented artificial temporal compression, ensuring that water level differences were computed over true 157

15-minute intervals. 158

With cleaned water level data, continuous periods of valid observations were delineated through 159

segmentation, where new segment labels were assigned whenever missing data interrupted the series. This 160

segmentation strategy prevented miscalculation of water level differences across data gaps. For each 161

continuous segment, incremental water level changes ∆h were computed as differences between consecutive 162

15-minute readings (Eq. 1): 163
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∆hi = hi − hi−1 (1)

where hi is the water column height (m) at the i-th 15-minute timestamp and hi−1 is the preceding 164

observation within the same continuous data segment. Differences spanning data gaps are excluded by the 165

segmentation procedure. 166

Daily and weekly drawdown and recovery 167

The ∆h values served as the basis for quantifying aquifer flux dynamics. Recovery was defined as the sum of 168

all positive ∆h values, indicating a rising water column, and drawdown as the sum of absolute negative ∆h 169

values, representing a falling water column. Total daily recovery Rd and drawdown Dd (m day−1) were 170

calculated by summing positive and absolute negative increments (Eq. 2 and 3) within each calendar day d, 171

respectively: 172

Rd =
∑
i∈D

max(∆hi, 0) (2)

Dd =
∑
i∈D

|min(∆hi, 0)| (3)

where D is the set of all valid 15-minute intervals within calendar day d. Weekly aggregation was chosen to 173

balance temporal precision and noise reduction, allowing comparison across sites with occasional data gaps, 174

while retaining sufficient resolution to capture pumping and recovery cycles [1]. Weekly totals were obtained 175

by summing the daily values over each calendar week. 176

* 177

Well recovery ratio 178

Well recovery ratios (Eq. 4) were calculated by dividing total cumulative recovery by total cumulative 179

drawdown over the monitoring period: 180

ρ =

∑
w

Rw∑
w

Dw

(4)

A ratio ρ > 1 implies net positive aquifer storage, whereas ρ < 1 implies an aquifer experiencing more 181

drawdown than recovery can offset. A value of ρ = 1 implies a balance between abstraction and recharge. 182

* 183

Rainfall–groundwater lag correlation To investigate the associations between daily peak water column and 184

rainfall, daily groundwater head levels reflective of aquifer equilibrium conditions were estimated using a 185

targeted approach focused exclusively on recovery periods. The 95th percentile of head values during recovery 186

periods was computed for each qualifying day (Eq. 5): 187

ĥd = P95({hi : i ∈ Rd}) (5)

where Rd is the set of all 15-minute observations recorded during recovery periods on day d, and P95(·) 188

denotes the 95th empirical percentile. This statistic represents the upper envelope of water column levels 189

achieved during aquifer rebound, minimising noise and short-term pressure surges while approximating the 190

quasi-equilibrium head. Sensitivity tests using the 90th and 99th percentiles showed less than 1% variation in 191

results. 192

Rainfall–groundwater relationships were quantified using Pearson correlation coefficients between the 193

daily groundwater head and cumulative antecedent rainfall totals computed over accumulation windows of 194

10, 15, 30, 60, 90, and 120 days (Eq. 6 and 7): 195
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Pl(d) =

l−1∑
k=0

P (d− k) (6)

where P (d) is the daily rainfall (mm) on day d. The Pearson correlation at lag l is: 196

r(l) =

∑
d

(
ĥd − ¯̂

h
)(

Pl(d)− P̄l

)
√∑

d

(
ĥd − ¯̂

h
)2

·
∑
d

(
Pl(d)− P̄l

)2 (7)

where
¯̂
h and P̄l are the respective sample means over all qualifying days. The dominant recharge response 197

time at each site was identified as the lag l∗ at which r(l) reaches its maximum. Peak correlation coefficients 198

were interpreted as indicative of dominant recharge response times. 199

Extreme climate events and terrestrial water storage 200

Gridded climate data were processed and analyzed using both R and the Climate Data Operators; a tool for 201

managing gridded timeseries climate data stored in Network Common Data Form (NetCDF) files [30]. We 202

computed seasonal rainfall anomalies, expressed as a percentage of climatological means, for the two main 203

seasons: March–May [MAM] and October–December [OND]. The period of analysis was 1983–2024, upon 204

which seasonal climatological means were calculated at a grid level and later aggregated over the Turkana 205

region shown in Fig. 1. Seasonal (3-month) gridded standardized anomalies (Z-scores) [31,32] were computed 206

for each year in the climatology, and the frequency of dry and wet events was calculated from the seasonal 207

Z-scores data. We classified dry events as Z-score values ≤ −0.8 and wet events as Z-score values ≥ 0.8. We 208

then summed all dry and wet events at the grid cell level as an indicator of spatial-temporal exposure to 209

extreme events. GRACE terrestrial water storage anomalies and GLDAS groundwater storage estimates were 210

averaged over the same region for further analysis. We interpreted the GRACE data as reflecting regional 211

context rather than site-specific changes in groundwater storage. 212

Monthly and mean annual groundwater storage volume (km³) were computed from the Global Land Data 213

Assimilation System Version 2.2 (GLDAS-2.2) Catchment Land Surface Model (CLSM) monthly output for 214

the period 2004–2024. The groundwater storage variable (GWS tavg), which represents absolute 215

groundwater storage in millimeters of equivalent water depth, was extracted for each grid cell within the 216

study domain. Monthly groundwater storage volume per cell was obtained by converting GWS tavg from 217

millimeters to kilometers and multiplying by the cell area. The total domain-wide groundwater volume for 218

each month was computed by summing across all valid grid cells within the study domain. Annual mean 219

groundwater volume was calculated by averaging the 12 monthly totals for each calendar year, yielding a 220

time series of annual mean groundwater storage volume (km3) over the 21-year period. 221

A monthly standardized groundwater storage index (SGSI) was also computed using the volumetric 222

monthly groundwater storage time series data to assess groundwater storage evolution under drought and 223

pluvial conditions. We adopted an approach analogous to the Standardized Precipitation Index [33]. For 224

each calendar month, a two-parameter gamma distribution was fitted to the historical distribution of 225

domain-wide volumetric groundwater storage via maximum likelihood estimation, and the resulting 226

cumulative probabilities were transformed to standard normal quantiles to yield a dimensionless index with 227

zero mean and unit variance. This approach mirrors the parametric SPI formulation in that it removes the 228

seasonal cycle implicitly through within-month fitting, produces a normally distributed index amenable to 229

threshold-based drought classification, and remains applicable to future observations outside the calibration 230

period without requiring re-ranking of the historical record; advantages over non-parametric alternatives 231

when the observational record is of moderate length [34]. 232
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Results and Discussion 233

Recent extreme climate events 234

The analysis of seasonal rainfall anomalies and extreme event frequencies revealed distinct spatial and 235

temporal patterns across the study domain during both MAM (long rains) and OND (short rains) seasons 236

from 1983–2024 (Fig. 4 and Fig. 5). The MAM season exhibited considerable interannual variability 237

characterized by alternating drought and extreme wet conditions. Spatial analysis revealed that droughts 238

(Z-score ≤ −0.8) were more frequent and spatially extensive during MAM, particularly across central and 239

southern regions where drought seasons occurred up to 33–38% in the 42-season climatology (Fig. 5). This 240

pattern indicates a persistent tendency toward below-normal rainfall during the long rains, consistent with 241

published literature [35,36]. 242

Temporally, the MAM season showed marked fluctuations between extreme conditions. The year 2010 243

featured generally normal to wet conditions across most of the region (Fig. 4). In contrast, 2011 marked a 244

severe drought episode, affecting the entire region, consistent with the documented Horn of Africa drought in 245

2010/2011 [37]. More recent MAM seasons (2018, 2020, 2023) showed predominantly wet anomalies, 246

especially pronounced over central and southern areas. The OND season had a notable evolution toward 247

wetter conditions, with distinct spatial characteristics. Similar to the MAM wet patterns, OND wet events 248

(Z-score ≥ 0.8) were spatially widespread and frequent, reaching up to 33% occurrences in the central and 249

western regions (Fig. 5). OND droughts were concentrated mainly in central and southeastern areas, with 250

relatively fewer events in the north. Widespread dry conditions were experienced in 2005 and 2010, with 251

substantial negative anomalies across much of the region. A marked transition occurred in 2011, which 252

exhibited strong wet anomalies, particularly concentrated in central regions. This wetting pattern persisted 253

through 2015 and 2019, with anomalies exceeding 2-3 times the average values, reflecting intensified short 254

rains during those years and consistent with studies examining the flood extremes in this region [38]. 255

Our findings revealed two primary patterns of rainfall regime evolution in the Turkana region and its 256

surrounding areas. First, OND rains became progressively wetter since 2011, representing a significant shift 257

in the regional climate characterized by more frequent and widespread wet extremes. Second, MAM rains 258

exhibited substantial interannual variability broadly dominated by drought conditions, featuring both 259

extreme drought episodes (notably 2011) and pronounced wet anomalies (2018-2023). These spatial-temporal 260

patterns align with documented regional climate shifts. The generally contrasting behaviors between seasons 261

are consistent with broader regional trends linked to large-scale climate modes such as the El 262

Niño—Southern Oscillation (ENSO) and the Indian Ocean Dipole [36,38–41]. The observed changes have 263

important implications for water resource management, and climate adaptation strategies in this vulnerable 264

region, particularly given the differential impacts on the two primary rainy seasons. While these rainfall 265

anomalies define the regional hydroclimatic forcing, their translation into groundwater recharge depends on 266

site-specific subsurface properties and antecedent conditions, which are examined through well-scale response 267

dynamics in the following section*s. 268

Trends in groundwater storage 269

Seasonal rainfall patterns exerted a notable influence on groundwater system behavior across the region. 270

Terrestrial water storage, comprising both surface water and groundwater (Fig. 6), showed a consistent 271

increase, with the largest gains occurring after the extremely wet conditions of 2019–2020 associated with a 272

positive Indian Ocean Dipole event [38]. This increase persisted through the end of 2024, although storage 273

declined substantially between late 2020 and early 2023. This decline coincided with five consecutive drought 274

events following the anomalously wet MAM and OND seasons that preceded this period [42]. Storage began 275

to rise again in 2024, corresponding with above-average MAM and OND rainfall in 2023 and 2024. Over the 276

same period, modeled annual mean groundwater storage from GLDAS CSLM across the study domain 277

increased by ∼21.7%, rising from 109.68 km3 to 133.49 km3. 278

Despite the generally rising trend in groundwater as shown in Fig 6a, the region’s groundwater storage 279

reveals a shift from predominantly negative anomalies prior to 2019, reflecting sustained below-normal 280

storage conditions associated with recurrent drought episodes, to predominantly positive anomalies from 281

2019 onward. It appears that the 2019-2020 extreme rainfall conditions had a strong influence on the storage, 282

August 4, 2026 9/20

This manuscript is a preprint and has not been peer reviewed. The copyright holder has made the manuscript available under a  Creative Commons Attribution 4.0 International
(CC BY) license and consented to have it forwarded to EarthArXiv for public posting.license EarthArXiv

http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/


-100

0

100

1
9
8
3

1
9
8
4

1
9
8
5

1
9
8
6

1
9
8
7

1
9
8
8

1
9
8
9

1
9
9
0

1
9
9
1

1
9
9
2

1
9
9
3

1
9
9
4

1
9
9
5

1
9
9
6

1
9
9
7

1
9
9
8

1
9
9
9

2
0
0
0

2
0
0
1

2
0
0
2

2
0
0
3

2
0
0
4

2
0
0
5

2
0
0
6

2
0
0
7

2
0
0
8

2
0
0
9

2
0
1
0

2
0
1
1

2
0
1
2

2
0
1
3

2
0
1
4

2
0
1
5

2
0
1
6

2
0
1
7

2
0
1
8

2
0
1
9

2
0
2
0

2
0
2
1

2
0
2
2

2
0
2
3

2
0
2
4

Year

R
a

in
fa

ll 
a

n
o

m
a

ly
 (

%
)

MAM

OND

a

b

Fig 4. Seasonal rainfall anomalies across the Turkana region. The bar graph in (a) shows interannual
anomalies for the March–May (MAM, blue) and October–December (OND, green) seasons from 1983–2024,
expressed as percentage departures from the long-term seasonal mean, with zero indicating normal rainfall
(dashed line). The maps in (b) show the spatial distribution of seasonal rainfall anomalies for selected dry or
wet years across the region, where values below 100% (red) indicate below-normal rainfall and values above
100% (blue) indicate above-normal rainfall.
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Fig 5. Maps of the frequency of dry and wet events over the period 1983-2024 for the March–May [MAM]
and October–December [OND] rainy seasons. Dry and wet events are based on 3-month Standard
Precipitation Index threshold of ≤ − 0.8 and ≥ 0.8 for dry and wet events, respectively.

such that despite the consecutive failed rain seasons from October 2020 to early 2023 [42], the severity of 283

these rainfall deficits was not greater than the gains from the 2019-2020 extreme rainfall for the groundwater 284

storage to fall below the 21-yr climatological mean used to estimate the SGSI. The fluctuations in 285

groundwater storage in response to prevailing rainfall conditions highlight the sensitivity of groundwater 286

systems in the study region to climate extremes and reinforce the argument by [24] that groundwater storage 287

changes in the region are strongly linked to anomalous rainfall events. 288

Well drawdown and recovery trends 289

Weekly groundwater fluctuations revealed distinct site-specific drawdown and recovery dynamics (Fig. 7). At 290

Kakemera, frequent drawdowns of up to 10 m during late 2023 followed by lower-amplitude recoveries 291

toward mid-2024 indicated sustained abstraction. The gradual stabilization in mid-2024 may have been due 292

to a change to pumping conditions, an indication that water demand shifts after the generally good rains 293

received in the region in the MAM season may have had a role in the observed abstraction trends. Kalobeyei 294

exhibited the largest variations, with drawdowns exceeding 20 m and rapid recoveries of similar magnitude, 295

consistent with intensive groundwater use and rapid recovery response to aquifer inflow. At Loturerei, 296

smaller, symmetric fluctuations (±4 m) reflected a system where extraction was consistently low and was 297

well balanced with recovery. Nadapal-IRC showed a similar pattern as Loturerei but with larger extraction 298

magnitudes (±10 m). 299

Collectively, all the sites exhibited near-balanced drawdown–recovery behavior over the monitoring period, 300

with recovery generally offsetting abstraction under prevailing climatic and operational conditions. A closer 301

examination of net storage was taken into account for a better interpretation of this balance at each site. 302

Mean weekly recovery ratios (recovery/drawdown) were 1.05 at Kalobeyei, 1.02 at Loturerei, 0.99 at 303

Nadapal-IRC, and 1.03 at Kakemera, indicating near-balanced to slightly positive aquifer storage conditions. 304

These ratios should be interpreted as short-term system behavior rather than long-term storage trends and 305

reflect transient responses to abstraction and recent climatic conditions. Additionally, the observed rise in 306

well heads and regional terrestrial water storage following major rainfall periods should be viewed as 307

temporally consistent rather than causally linked; a finding that can be supported by detailed modeling of 308

the groundwater in the study domain. The observed correspondence, therefore, provides a regional 309

hydroclimatic context rather than validation of local groundwater storage change. 310
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Fig 6. (a) Time series of groundwater storage estimated from the GLDAS Community Land Surface Model
with GRACE data assimilation (blue, left axis) and terrestrial water storage (TWS) anomalies derived from
GRACE/GRACE-FO satellite observations (green, right axis) for the study domain from 2004–2024. The
dark blue line shows the linear trend in GLDAS groundwater storage, with the shaded band representing the
95% confidence interval. Brown vertical bands indicate major drought periods, while light blue bands
indicate major flood periods. Both datasets exhibit substantial seasonal and interannual variability, with an
overall increasing trend in groundwater storage over the study period. (b) Monthly Standardized
Groundwater Storage Index (SGSI) computed from the GLDAS GWS volume time series over the same
domain and period. Blue bars indicate positive SGSI values corresponding to above-normal groundwater
storage, and orange bars indicate negative SGSI values corresponding to below-normal groundwater storage.
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Fig 7. This figure visualizes the health of wells at the four sites by showing how much the water level drops
after pumping (”drawdown”) and how much it recovers during a rest period (”recovery”) at the weekly time
period. The graphs in the left panel show weekly mean water-column height variations, whereas the graphs
in the right panel are scatterplots of the total weekly recovery and drawdown. The graphs correspond to the
following sites: Kakemera (a,b), Kalobeyei (c,d), Loturerei (e,f) and Nadapal-IRC (g,h).
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Associations between well recovery and rainfall 311

The lagged rainfall–groundwater correlations quantitatively support the visual patterns observed in the 312

hydrographs of groundwater head (Fig. 8). All sites exhibited stronger and significant (p < 0.001) 313

correlations with accumulated rainfall. Nadapal-IRC exhibited the highest observed rainfall–groundwater 314

correlation within the monitoring period, with correlations rising sharply from r = 0.29 (15 days) and 315

peaking at 90 days (r = 0.93). This may reflect a pronounced response to one or more recharge events. The 316

pattern further suggests a delayed groundwater response consistent with relatively efficient hydraulic 317

connectivity between recharge inputs and the monitored water level, although the absence of aquifer 318

parameterization precludes direct inference of transmissivity or long-term storage capacity. 319
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Fig 8. Site-level daily groundwater heads overlaid on TAMSAT monthly rainfall. Distinct rises in
groundwater head at Kalobeyei and Loturerei closely follow major rainfall events, reflecting active recharge
within shallow, permeable alluvial systems. In contrast, delayed responses at Kakemera and Nadapal-IRC
could indicate aquifer systems where recharge transmission is slower. The site-specific patterns highlight
variable hydrogeologic characteristics that mediate rainfall-groundwater coupling in the study sites.

Kalobeyei also displayed a robust response, with correlations strengthening steadily after 60 days (r = 320

0.44) and peaking at 120 days (r = 0.65). The lagged but significant increase suggests a generally efficient 321

infiltration for a well-connected hydraulic system [16]. By contrast, Kakemera showed a modest correlation 322

pattern with a peak at 90 days (r = 0.44), suggesting that recharge occurs gradually. It is important to note 323

that, whereas this site is within the Lodwar Aquifer system [43] just like the Nadapal-IRC site, it is further 324

away from the Turkwell river alluvial plain, which may explain the delayed and weaker correlations. 325

Loturerei, though showing generally weak correlations (r ≤ 0.36 at 120 days), maintained positive values, 326

implying steady but low-magnitude recharge likely controlled by limited transmissivity. 327

Together, these patterns indicate that rainfall has a substantial and direct control on groundwater 328

fluctuations in the Turkana region, but the timing and efficiency of recharge vary by site. The coexistence of 329

both rapid and delayed recharge responses points to the need to consider aquifer characteristics when 330

designing groundwater abstraction and monitoring strategies. This heterogeneity in groundwater response 331
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further underscores the vulnerability of groundwater systems in this region. Aquifer systems that recharge 332

quickly during intense rainfall events offer immediate drought relief but can be more vulnerable to prolonged 333

droughts. 334

Implications for groundwater management 335

The observed patterns of seasonal rainfall extremes and terrestrial water storage response reveal a 336

hydrological system characterized by strong climate sensitivity and pronounced temporal variability in 337

Turkana and the neighboring areas. The intensification of wet and dry extremes directly translated into 338

observable impacts on the region’s water storage dynamics, as revealed by GRACE terrestrial water storage 339

trends and site-specific groundwater monitoring. The GRACE and GLDAS modeled terrestrial and 340

groundwater storage trends demonstrated that sustained rainfall anomalies influenced variability in the 341

hydrological cycles. Despite the major depletion events during the early 2000s to 2011 and 2020 to 2023, 342

above-normal rainfall years led to sustained recovery and gains that gradually accumulated in the regional 343

water budget. This notwithstanding, projected drought intensification and increasing aridity due to climate 344

change could heighten water stress in the region if robust water-resources management measures are not 345

implemented to harness groundwater in a way that complements surface water sources. 346

Our analysis showed a connection between rainfall and groundwater storage at the well scale, and aquifer 347

systems operating across multiple temporal scales. Deeper aquifers such as Nadapal-IRC and Kalobeyei 348

provide delayed but substantial recharge, sustaining water availability for extended periods. Shallower 349

systems at Kakemera and Loturerei recharge more slowly and are likely more vulnerable to seasonal drought. 350

This differentiated recharge behavior underscores the need for localized groundwater management approaches 351

that reflect both recharge dynamics when designing monitoring networks, abstraction regimes, and 352

drought-adaptation strategies across the study domain. The observed spatial and temporal patterns carry 353

significant implications for water-resource management and climate adaptation in the region. Seasonal 354

rainfall extremes and their influence on water systems in the region reflect a regime in which water security 355

increasingly depends on capturing intense rainfall events. The heterogeneous groundwater responses 356

necessitate localized adaptation strategies that account for both the immediate vulnerability of 357

rapid-response systems and the long-term vulnerability of slow-response systems. Furthermore, the regional 358

groundwater-storage patterns and their evident relationship with anomalous rainfall underscore the 359

importance of considering extended hydrological cycles in water-resource planning, as the impacts of drought 360

or surplus conditions persist long after individual rainfall seasons. Such a comprehensive understanding of 361

rainfall–storage relationships across spatial and temporal scales would provide a critical foundation for 362

developing resilient water-management strategies in this vulnerable region. 363

These findings carry significance beyond the Turkana region. Africa’s drylands have biophysical 364

similarities with the study domain. These regions are faced with increasing water insecurity due to 365

intensifying climate change impacts, population growth, rising water demand, and environmental 366

degradation. Highly variable surface water in the drylands – often where exploitation is focused – has led to 367

increased attention on the potential of groundwater to ameliorate water stress. This attention is supported 368

by recent research showing groundwater storage in these regions to be more than 100 times that of renewable 369

freshwater storage [44], offering evidence that this resource offers a foundation for development. Whereas 370

there is also concern about the expansion of water infrastructure in the African drylands and the impacts 371

this might have on existing climate change adaptation practices [14], mostly due to poorly governed water 372

development, a shift towards increased groundwater exploitation and sustainable management can buffer the 373

pastoral dryland communities from persistent water insecurity, and in turn, strengthen their resilience to 374

climate impacts [45]. Ultimately, the sustainability of groundwater aquifers in the region will depend on a 375

comprehensive understanding of the factors that contribute to healthy aquifers which should include a 376

combination of site-level and regional management practices. 377

Considerations for future research 378

This study successfully characterized the dynamic balance between aquifer drawdown and recovery and the 379

interaction between rainfall and terrestrial water storage. However, the analysis remains constrained by its 380
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methodological framework. The findings were derived primarily from statistical interpretations of 381

groundwater hydrographs, and complementary remote-sensing observations and model products. While these 382

approaches are powerful for detecting local and regional patterns and establishing correlative relationships, 383

they provide limited capacity to quantify aquifer properties or reveal the physical processes controlling 384

hydrological responses. Consequently, although differential aquifer behaviors were evident across the study 385

domain, there is little knowledge about the underlying hydrogeological mechanisms such as recharge 386

efficiency, storage capacity, and hydraulic connectivity. A central limitation is the absence of robust 387

ground-truth data to support detailed water-resource assessments. Only a few monitoring wells exist in the 388

region, and, to the best of our knowledge, no other continuous datasets are available to characterize 389

groundwater–rainfall relationships beyond those used in this study. 390

To address these gaps, future research should prioritize targeted, field-based aquifer characterization 391

through a network of long-term monitoring stations distributed across the region. These efforts must be 392

complemented by systematic aquifer pumping tests – currently limited, outdated, or unreliable – to quantify 393

essential hydraulic parameters. Integrating these empirical datasets into numerical groundwater models 394

would enable simulation of climate variability and abstraction impacts, thereby informing sustainable water 395

management and allocation. Given ongoing and planned water-development initiatives, such evidence-based 396

frameworks could transform groundwater governance from reactive and ad hoc to proactive and data-driven. 397

Already, the World Bank has invested USD 385 million in groundwater development across the Horn of 398

Africa [46], with initiatives aimed at strengthening drought resilience through improved aquifer 399

characterization and monitoring. This regional program supports the mapping of transboundary and 400

seasonal aquifers that experience seasonal recharge across Ethiopia, Kenya, and Somalia, and are therefore 401

more prone to climate risks, providing critical evidence to guide sustainable groundwater use and 402

management in these data-scarce drylands. Integrating water quality assessments and improvement into 403

these efforts must also be recognized as integral to broader water security goals. In regions with limited 404

sanitation infrastructure and widespread pastoral activity, microbial contamination poses serious health risks. 405

Therefore, achieving long-term water security will require that future programs embed water-quality 406

improvements as a core component of groundwater development and management interventions. 407

Conclusion 408

This study examined the groundwater dynamics of the Turkana region in arid northern Kenya by integrating 409

seasonal rainfall analysis, GRACE-derived terrestrial water storage, GLDAS-modeled groundwater storage, 410

and site-level groundwater monitoring. The analysis revealed a clear climate signal in regional water storage, 411

characterized by pronounced interannual variability driven by alternating drought and wet extremes across 412

the MAM and OND seasons. The OND season showed a progressive shift toward wetter conditions over the 413

study period, while MAM rains experienced episodic wet anomalies. These rainfall extremes exerted a 414

notable influence on groundwater storage, with GLDAS CLSM-modeled annual mean groundwater volume 415

increasing by approximately 21.7% between 2004 and 2024, from 109.68 km³ to 133.49 km³, punctuated by 416

substantial declines during consecutive drought episodes between 2020 and 2023. Site-level monitoring 417

corroborated these regional patterns, revealing near-balanced drawdown–recovery dynamics likely from 418

sustained net groundwater storage after the 2019-2020 events and subsequent high rainfall events in 2023 and 419

2024. In addition, we found site-specific recovery lags associated with rainfall accumulation ranging from 420

approximately one to four months, reflecting the heterogeneity of aquifer systems across the study region. 421

Our findings underscore the strong sensitivity of groundwater systems in this region to rainfall events and 422

highlight both the opportunity and urgency of sustainable groundwater management in East African 423

drylands. Rapid-response aquifer systems offer immediate relief during drought but remain vulnerable to 424

prolonged dry spells, while slower-recharging systems provide more sustained storage but require longer 425

recovery periods following depletion. These contrasting behaviors necessitate localized, evidence-based 426

management strategies that account for recharge dynamics, abstraction regimes, and projected intensification 427

of climate variability. The broader relevance of these findings extends to dryland regions across Africa where 428

groundwater represents a critical but undercharacterized buffer against growing water insecurity. Realizing 429

the full potential of this resource will require sustained investment in aquifer characterization, long-term 430
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monitoring networks, and integrated numerical modeling frameworks that can translate climate signals into 431

actionable guidance for water governance and drought adaptation. 432
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