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Abstract.  The US-German GRACE (Gravity Recovery and Climate Experiment, 2002-2017) and GRACE-FO (GRACE-
Follow-On, since 2018) satellite missions observe terrestrial water storage (TWS) variations. Over twenty years of data al-
low for investigating interannual variations beyond linear trends and seasonal signals. However, the origin of observed TWS
changes, whether naturally caused or anthropogenic, cannot be determined solely with GRACE and GRACE-FO observations.
This study focuses on the East African Rift region region around lakes Turkana, Victoria, and Tanganyika. It aims to charac-
terise and analyse the interannual TWS variations together with surface water and meteorological observations and determine
whether natural variability or human interventions caused these changes.

To this end, we apply the STL method (Seasonal Trend decomposition based on Loess) to separate the TWS signals into
a seasonal signal, an interannual trend signal, and residuals. By clustering these interannual TWS dynamics for the African
continent, we define the exact outline of the study’s region.

In this area, a TWS decrease until 2006 was followed by a steady increase until around 2016, and Africa’s most significant
TWS increase occurred in 2019 and 2020. We found that besides precipitation and evaporation variability, surface water storage
variations in the large lakes of the region explain large parts of the TWS variability. Storage dynamics of Lake Victoria regulated
by the Nalubaale Dam alone contribute up to 50% of the TWS changes. Satellite altimetry reveals the anthropogenically altered
discharge downstream of the dam. It thus indicates that human intervention in the form of dam management at Lake Victoria

substantially contributes to the TWS variability seen in the East African Rift region.

1 Introduction

Satellite gravimetry, as realised with the Gravity Recovery And Climate Experiment (GRACE, 2002-2017) satellite mission
and its successor GRACE-Follow-On (GRACE-FO, since 2018) is the only remote sensing technique available today that

provides quantitative estimates of water storage changes on regional to global scales. These observations cover equally surface
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and subsurface water storage compartments, i.e., they represent changes in the complete water column, including all types of
surface water bodies, soil moisture, snow, ice, and groundwater. That makes the GRACE and GRACE-FO data a unique and
invaluable complement to all other existing observations of the hydrological cycle.

Both GRACE and GRACE-FO satellite missions measure tiny variations in the distance between two twin satellites trailing
each other in a polar orbit at very low (500 km) altitudes (Tapley et al., 2004; Landerer et al., 2020). From collecting these
variations along the satellite orbits, the current gravity field of the Earth can be derived. By computing and comparing monthly
global gravity fields, gravity’s spatial and temporal variations and, thus, the underlying mass variations on and below the
Earth’s surface can be investigated. The applications of GRACE/GRACE-FO data in hydrology are manifold and include,
for instance, assessing water balance closure at regional to global scales (Lehmann et al., 2022), quantifying the ice mass
loss of the continental ice-sheets (Sasgen et al., 2020), groundwater storage changes (Frappart and Ramillien, 2018), water
storage capacity and flood potential (Reager and Famiglietti, 2009) or drought effects e. g. in Central Europe (Boergens et al.,
2020b). Tapley et al. (2019) gives a comprehensive summary of state-of-the-art applications of GRACE data for climate and
hydrological research.

Quantifying large-scale terrestrial water storage (TWS) variations on the continents has been one of the primary fields of
application of GRACE data. Several publications investigated TWS variations in Africa at regional to continental scales. For
example, Frappart (2020) analysed the groundwater storage in the Sahara aquifer systems with GRACE data, while Ferreira
et al. (2018) combined TWS and surface water storage in the Niger Basin in West Africa. Scanlon et al. (2022) investigated
hydrological extremes in Africa by considering climatic teleconnections. Of all continents, only Africa had an overall positive
linear TWS trend of about 2 mm/year (corresponding to 62 Gt/year) over the last 21 years (Figure 1a). Thus, the continent
has been gaining water over the last two decades, although the observed amplitude of the signal is smaller than for most other
continents. The spatial trend patterns, though, are heterogeneous (Figure 1b). Two regions stand out with positive TWS trends
for the GRACE/GRACE-FO period: the Niger basin and the East African Rift region. The area surrounding Lake Victoria
exhibits the most distinct trend of the region. This study focuses on the East African Rift region around Lake Victoria.

The East African Rift region is characterised by large lakes, including Lake Victoria, the second largest freshwater lake in the
world (by area), Lake Tanganyika, and Lake Turkana. The region’s lakes have been named one of the Global 200 eco-regions
for conservation by the World Wide Fund for Nature (WWF), emphasising their importance for hydrology and ecosystems
(Olson and Dinerstein, 2002).

The climate of the East African Rift region is tropical, with a semiannual precipitation signal. The primary rainy season is
from March to May, and the secondary rainy season is from October to December (Yang et al., 2015). However, substantial in-
terannual variability in precipitation and evaporation have been observed in the past (Ummenhofer et al., 2018). To investigate
long-term interannual variations in precipitation and evaporation, especially in the context of drought monitoring, standardised
indices got well established, namely the Standardised Precipitation Index (SPI) (McKee et al., 1993) and Standardised Precipi-
tation Evaporation Index (SPEI) (Vicente Serrano, S.M., Beguiria, S. & Lopez-Moreno, 2010). Both indices have been applied
in regional studies in East Africa. For example, Ayugi et al. (2020) employed the SPEI to investigate droughts and floods in
Kenya, or Uwimbabazi et al. (2022) used both SPI and SPEI for their investigation of changes in droughts over Rwanda.
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Figure 1. Terrestrial water storage (TWS) trends from GRACE/GRACE-FO satellite gravimetry (COST-G/GravIS data set, see subsec-
tion 2.1)

Surface water storage variations are by now commonly monitored by satellite altimetry. Altimetry measures the water level
variations of lakes, rivers, or wetlands (e. g. Schwatke et al., 2015) while surface water body extent can be monitored by remote
sensing satellites (e. g. Pekel et al., 2016; Schwatke et al., 2019). With these two observations, storage variations are estimated.
Tong et al. (2016) combined altimetric water levels and surface area extent to investigate surface water storage variations in
East Africa, while Herrnegger et al. (2021) employed water level data of smaller lakes in Kenya to investigate the hydroclimatic
conditions of the region. The large lakes of the East African rift have been the subject of earlier research with multiple sensors
and a particular focus on Lake Victoria (e. g. Swenson and Wahr, 2009; Velpuri et al., 2012; Hassan and Jin, 2014).

Earlier studies on TWS changes in the East African Rift region include Becker et al. (2010), who used GRACE data together
with altimetric water level observations and found both an influence of the Indian Ocean Dipole and surface water storage
on TWS. The former result was confirmed by Anyah et al. (2018), who investigated connections between climate indices and
TWS and found a strong influence of the Indian Ocean Dipole on TWS in the East African Rift region, too. However, at the
same time, part of the region is among the most densely populated areas in Africa (Salvatore et al., 2005), which influences the
hydrology through human interventions such as the construction of large dams along the major rivers (Getirana et al., 2020).
Most notably, Lake Victoria, which exhibited strong fluctuations in its water levels in the last decades, has been dammed since
the 1950s by the Nalubaale dam (formerly known as Owens-Falls dam), which raised the water level of the lake by about
2m (Okungu et al., 2005). In the years between 2003 and 2006, the region exhibited a drought which naturally lowered the
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water levels of Lake Victoria, while at the same time, the water extraction at the dam was increased, which further declined the
water levels (Sutcliffe and Petersen, 2007; Kull, 2006; Awange et al., 2008). Intense rainfall events in 2019/2022 led to a rapid
rise of water levels, causing massive floodings along the shores (Khaki and Awange, 2021). Several recent studies found with
hydrological modelling, that a large part of the observed storage variation of Lake Victoria is due to human intervention and
not naturally occurring (Vanderkelen et al., 2018; Getirana et al., 2020). In contrast, in their study on TWS trends at the global
scale, Rodell et al. (2018) labelled the trend in TWS around Lake Victoria as “probable natural variability”.

In this study, we investigate the long-term interannual TWS variations in the East African Rift region (section 3). The link
between these interannual variations and both meteorological data (section 5) and surface storage variations (section 6) will
be investigated. We strive to give additional evidence of whether the observed storage trends are of climatic or anthropogenic

origin (section 7).

2 Data
2.1 GRACE/GRACE-FO TWS Data

This study uses 221 monthly GRACE and GRACE-FO gravity fields from the COST-G RLO1 (GRACE) and RL0O2 (GRACE-
FO) data set (Jaggi et al., 2020; Meyer et al., 2023). The data set is the result of the IAG (International Association of Geodesy)
Services “International Combination Service for Time-variable Gravity Fields (COST-G)” in which seven different solutions
of GRACE data processing centres are combined at the University of Bern. From these monthly gravity fields global 1° TWS
are derived (Boergens et al., 2020a) which are freely and publicly available from the GravIS portal (gravis.gfz-potsdam.de,
TWS V.0005). Details of the processing steps can be found in Dobslaw and Boergens (2023).

2.2 Precipitation Data and Precipitation Indices

We analyses both precipitation data and subsequently derived standardised meteorological indices in this study. We use the
monthly Global Precipitation Climatology Centre (GPCC) precipitation data set, given globally on a 1°grid until the end of
2019 (Schneider et al., 2022). After January 2020, the First Guess GPCC monthly data is used, given in the same spatial
resolution (Ziese et al., 2011). As the latter data set contains data since 2004, we verify the consistency between the two in the
overlapping period. Besides monthly precipitation, we consider accumulated precipitation time series. To this end, the value of
each month is the accumulated precipitation over the preceding n months.

Furthermore, we use the “Standardised Precipitation Evaporation Index” (SPEI) (Vicente Serrano, S.M., Beguiria, S. &
Lopez-Moreno, 2010). SPEI is based on a combination of precipitation with (potential) evaporation. For the index, the precip-
itation minus evaporation values P — E accumulated over a fixed period n such as six, twelve, 24, or 48 months P—FE, are
compared to the distribution of this quantity in the same month over the whole time series. From this statistical distribution,

which is not necessarily normal, the mean value ;1; and the standard deviation o; for a given month j are calculated. The index
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SPEI(t,j) is then computed with

P—FEn(t,j) —
gj ’

SPEI(t,j) = (1)

Values of SPEI between -1 and 1 indicate near normal conditions, while with values below -1, the conditions are drier and
above 1, wetter than usual.

We rely on pre-computed SPEI data sets. The Instituto Pirenaico de Ecologia, Zaragoza, Spain (https://spei.csic.es/database.
html) provides two different SPEI realisations. The first, the SPEI Global Drought Monitor, is based on the GPCC first look
precipitation data set and uses the NOAA NCEP CPC_GHCN CAMS gridded dataset for mean temperature (Fan and van den
Dool, 2008) from which the potential evaporation is computed via the Thornthwaite equation. This SPEI is recommended for
near-real-time applications. The second, the Global SPEI database (SPEIbase, v2.9), uses the CRU TS 4.03 precipitation data
and the FAO-56 Penman-Monteith estimation for potential evaporation (Vicente Serrano, S.M., Beguiria, S. & Lopez-Moreno,
2010; Begueria et al., 2010, 2014). This SPEI offers more long-term, robust information. We employed both SPEI variants
(called SPEI (GPCC-based) and SPEI (CRU-based) in the following) to assess the influence that different precipitation data

sets might have.
2.3 Lake Data

We now analyse the water volume changes of the major lakes of the East African Rift Region. Figure 2 gives an overview of
the region. Among the lakes, there are some of the world’s largest freshwater bodies. Lake Victoria is the second largest (by
area, ninth by volume), and Lake Tanganyika is the sixth largest (by area, second by volume) freshwater lake.

We derive the water volume change of the lakes from altimetric water level and lake surface extent data. The water level
time series are based on multi-mission satellite altimetry, freely available on the “Database for Hydrological Time Series of
Inland Waters” (DAHITI, https://dahiti.dgfi.tum.de) web portal maintained by the “Deutsches Geodatisches Forschungsinstitut
der Technischen Universitidt Miinchen” (DGFI-TUM).

The DAHITI approach for estimating water level time series is based on a Kalman filtering approach and an extended
outlier rejection, described in detail in Schwatke et al. (2015). All applied geophysical corrections and models are identical
for all altimeter missions, including a multi-mission cross-over analysis to derive homogeneous water level time series from
various satellites. The time series length varies and falls between September 1992 and September 2023, depending on the
crossing altimeter tracks. The temporal resolution depends on the number of altimeter crossings and the repeat cycle of the
used altimeter mission and can vary between a few days and about a month.

To assess the area of the lakes in the East African Rift Region, we analysed the Global Surface Water Occurrence maps
provided by Pekel et al. (2016) via the Global Surface Water Explorer (https://global-surface-water.appspot.com/). The data
set is based on 36 years (1984-2020) of global remote sensing observations of water surfaces, classified to a water occurrence
probability for each pixel. I. e. permanent water bodies have a water occurrence probability of 100%, while lake shores have
a probability below 100% but above 0% due to varying water levels. However, as a result of cloud cover or similar effects in

the remote sensing data, some pixels, even in the middle of permanent lakes, do not reach 100% water occurrence. Thus, we
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Figure 2. East African Rift Region: Study area and major lakes. The red outline delineates the study area considered here. For lakes labelled

in red, we analyse water storage changes individually; lakes labelled in green are summarised later as small lakes (see Figure 12).
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Figure 3. Example of the water level and surface area empirical cumulative distribution function (ECDF) for Lake Tanganyika.
Procedure to get surface area from a given water level: Step 1 - for water level read quantile of ECDF; Step 2 - look up same quantile in lake

area ECDF; Step 3 - get lake area to this quantile.

considered all occurrence probabilities larger than 95% as permanent water. From these water occurrence maps we estimate an
empirical cululative distribution function (ECDF) of lake surface area.

Similar to the ECDF of the lake surface area, we also derived the ECDF of water levels from the level time series of each
lake. Assuming a monotone and continues relationship between lake height and lake area, the two ECDFs can be used to map
the lake area for each water level observation. Figure 3 illustrates the procedure on the example of Lake Tanganyika. For a
given water level, its lake level ECDF quantile is read (step one), i.e. the percentage of observed water levels equal or lesser.
The same quantile is looked up in the lake area ECDF (step 2) and, thus, the corresponding lake area can be determined (step
3). With this procedure we get for every water level value an associated lake area.

Thus, from the time series of water level (H) and of lake area (A), the water volume change AV, between the time steps

t;—1 and t; was calculated with a truncated pyramid formula:

1
AV, = 3 (= Hio) (Ai+ Aia + VAA). @)
Finally, to get the time series of lake volume V' relative to the first time step, all AV are cumulated.

In order to compare the spatial distribution of the lake storage to TWS observed by satellite gravimetry, it needs to be filtered
to get a comparable spatial resolution to the TWS data. To this end, we first interpolate each volume time series to monthly
values and distribute the volume uniformly over the lake’s surface to get equivalent water heights. Then, we employ a Gaussian
filter with a half-width of 350 km, to mimic the spatial resolution of TWS. Such filtered surface water storage (SWS) maps can
be compared to TWS maps.

3 Time Series Analysis

A simple time series decomposition into periodic seasonal annual and semiannual signals and linear trend is not well suited

to characterise the temporal variations of TWS in Africa over the available 21 years due to substantial interannual variability.
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Thus, we employed the Seasonal-Trend Decomposition with Loess (STL) method to separate the TWS signals into an annual,
trend, and residual signal (Cleveland et al., 1990). The so-called trend component of the STL decomposition contains not only
a linear trend but all multi-year interannual variations. The second advantage of STL compared to a conventional parametric
decomposition is its ability to capture changing seasonal amplitudes over the time series.

The results of the STL decomposition depend on several parameters that govern the smoothness of the trend and the annual
signal. Cleveland et al. (1990) provided guidelines for choosing the STL parameters, which we used with empirical testing
and visual inspection, resulting in the following parameter values. n,,: Length of annual signal, 12 in our case; n; and n,: the
number of passes through the inner and outer loop, respectively, set to 1 and 10; n;: the width of the low-pass filter, set to 13;
and n; and n,: the trend and seasonal signal smoothing parameter, both set to 35.

Problems for STL in sorting out the interannual signal component arise around the data gap between the GRACE and
GRACE-FO satellite missions in 2017/2018. The standard STL approach linearly interpolates across data gaps, which is in-
appropriate here due to seasonality. Figure 4 displays the data gap problem based on a hypothetical data-gap (Dec. 2006 to
Feb. 2008) in the GRACE-only time series. In blue, the resulting separated signals of the original signal are displayed, and red
shows the results in the presence of a data gap. While the annual signal is barely affected, the interannual trend signal exhibits
unexpected behaviour before and after the data gap.

To overcome this problem, we implemented a more sophisticated gap-filling approach. We took the STL described above in
the first step to identify the annual signal. This annual signal was then removed from the original time series. The data gaps are
linearly interpolated in the resulting residual time series, and then the annual signal is added back. This gap-filled time series
(i.e., filled with an annual signal plus linear trend) was, in turn, used as input to the STL decomposition. Finally, the periods
of the data gaps were masked out again for further analysis and presentation. Returning to the example time series separation
above, Figure 4 shows in green the resulting separated signals after we filled the hypothetical gap in 2007. The interannual
trend is significantly closer to the interannual trend without data gap and the unexpected peaks before and after the data gap
have vanished.

We applied the STL decomposition with gap filling to the TWS time series of all grid cells of Africa. As we seek to
investigate the interannual TWS behaviour in this study, we will base all subsequent analyses only on the STL interannual

trend component.

4 Clustering of Interannual TWS Variations

The visual inspection of the TWS interannual trend components revealed similar temporal patterns in regions that were often
incongruent with river basins or climate zones. Thus, we employed a cluster analysis to identify regions of similar temporal
TWS dynamics.

A cluster analysis aims at grouping data items into subsets such that the elements within each cluster have a high degree of
similarity among themselves and are relatively distinct from elements assigned to other clusters (see, e.g. Hastie et al. (2009)

for an overview of cluster analysis algorithms). We applied an hierarchical approach (Ward, 1963) for which no assumptions
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Figure 4. STL decomposition results of TWS time series (GRACE-only) at grid point 31.5°E, 5.5°S without data gap, with synthetically
added data gap, and with filled data gap.
a) original TWS time series (black) and with data gap in 2007 (red); b) annual seasonal signal; c) interannual trend signal; d) residual.

Blue lines: without data gap; red lines: standard STL gap filling; green lines: adjusted gap filling including seasonality.

about the clusters are needed. Hierarchical approaches produce a tree of clusters, where subsets at higher levels are created by
merging two clusters from the next lower level. As the basis for computing the tree of clusters, we used the interannual trend
component from the STL analysis. Pairwise Euclidean distances were determined to measure the similarity of the interannual
TWS variations between the grid cells. We also considered the connectivity graph, which represents the k-nearest neighbours,
to avoid a disjunct distribution of cluster members across the continent.

We decided on the final number of clusters based on their size. For more than 8 clusters, the smallest cluster only reached
an overall size of roughly 700 km diameter, which is not meaningful in view of the spatial resolution of GRACE/GRACE-FO.
Thus, as a result of the cluster analysis, eight regions of similar interannual TWS dynamics could be distinguished (Figure 5).
The dendrogram of the clustering in Figure 6 gives an indication of the similarities between the different cluster regions. The
length of the U-shaped legs in the dendrogram indicates the distance between clusters, i. e. longer legs equals larger distance.
Cluster 2 encompasses most of the Sahara desert and has the largest distance to all other regions due to its lack of significant
TWS signals. The island of Madagascar was fully assigned to cluster 7. Cluster 6 covers most of the Niger River basin and is
the second African region with a strong positive trend. Large parts of the tropical rain forest (climate A according to K&ppen-
Geiger classification) are in cluster 3. The western part of southern subtropical Africa is clustered into cluster 5, which was
wetting until around 2012 and subsequently drying again. Regions 1 and 4 encompass large parts of Africa and summarise
regions with and without trends. The cluster of the East African Rift region (Label 0) shows a distinct temporal dynamic
compared to the other African regions with strong non-linear interannual variability, i.e., a TWS decline until 2006 and an
overall increase afterwards, culminating in a steep TWS rise in 2019 and 2020 and a subsequent decline. Among the regions
with an overall positive TWS trend, the Rift cluster is the first that was separated out (Figure 6). Furthermore, it consists of
two sub-clusters with a rather large distance. Figure 7 displays both the location of the two sub-clusters and their mean as

well as cell-based interannual trend components. Sub-cluster 8 covers Lake Victoria and its direct surroundings and has even
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Figure 6. Dendrogram of the clustering (simplified). The colouring corresponds to the cluster map in Figure 5. (Madagascar cluster not
included)

[mm]

./\ 200

-200
2002 2004 2006 2008 2010 2012 2014 2016 2018 2020 2022 2024

Figure 7. The two subclusters of the East African Rift region. The time series on the right hand side are coloured according to colours in the
map (left hand side; blue sub-cluster 0, purple sub-cluster 8). Pale colours show all interannual time series of the subclusters; dark colours

the mean time series.

larger TWS amplitudes than the other sub-cluster. Besides this, the most notable difference between the two sub-clusters is the

marked TWS increase of sub-cluster 8 in 2012/13.

5 Comparison between TWS Signals and Precipitation

First, we compare the interannual TWS variations with precipitation. Monthly precipitation exhibits substantial short-term

variability, not directly seen in the TWS observations due to their temporally integrating character. Thus, we compare accumu-

11



215

220

225

230

235

240

245

https://doi.org/10.5194/egusphere-2024-641
Preprint. Discussion started: 14 March 2024 EG U h
© Author(s) 2024. CC BY 4.0 License. spnere

lated precipitation with TWS. As we only investigate the interannual variability of TWS, the accumulation period should be
an integer multiple of twelve months to remove the seasonality in precipitation. To this end, we investigate the correlation be-
tween TWS and accumulated precipitation with accumulation periods between 12 months (1 year) and 120 months (10 years).
In Figure 8, the grid-wise correlation between the TWS and accumulated precipitation time series are plotted as violin plots.
The median of all grid-wise correlations (green plus) and the correlations between the regional mean time series (red dot) are
also marked. The median correlation and the correlations of the regional time series increase for accumulation periods until
36 or 48 months and then stay rather constant. However, the number of grid points with small or even negative correlations
increases beyond the 48-month accumulation period. The constantly high correlation for accumulation periods longer then 48
months seems unexpected at first. However, the correlations are governed by the similarity of the two time series at the extreme
points, the dryness around 2006 and the wetness around 2020. These two extreme are similarly well observed by accumulated
precipitation beyond 48 months as long as the accumulation period stays below the 14 years time difference between the two
events. Longer accumulation periods further smooths the time series which makes it similar to the smooth interannual TWS
time series. We assume that we can transfer the investigation of the precipitation accumulation period to the following indices’
investigations. We decided to use an accumulation period of 48 months rather then 36 months, as SPEI also shows an higher
correlation to TWS with an accumulation period of 48 then 36 months (detailed results not shown here).

Considering only precipitation and its influence on TWS lacks an essential hydro-meteorological component in this tropical
region: evaporation. We assume that precipitation minus (potential) evaporation predicts interannual TWS changes better than
precipitation alone. For better comparability between precipitation minus evaporation and TWS, we use for the former not
absolute values but standardised indices, the SPEI. That also allows us to put the precipitation minus evaporation in relation to
long-term observations.

To this end, we employ two SPEI variants as introduced above (subsection 2.2). These indices indicate a surplus or lack of
precipitation minus evaporation compared to a long-term mean (here since 1955).

Figure 9 presents the time series of the indices, TWS, and the accumulated precipitation. We used an accumulation period of
48 months for both indices and precipitation, as explained above. The relative shortage of precipitation from 2003 until 2006
caused the decline of TWS in these years. In these early years before 2008, the decline in TWS and subsequent rise fit also
well with both indices. However, after 2008, TWS continuously rose while the precipitation stayed nearly constantly. Thus,
increased precipitation cannot explain the storage increase between 2008 and 2016 alone. The high accumulated precipitation
most probably caused the TWS increase in 2020-2022. SPEI (CRU-based) do show an increase in the years 2008-2016 but does
not display a sharp increase around 2020. On the other hand, SPEI (GPCC-based) do not show an intermediate increase but a
distinct increase in 2020. The differences between the two SPEI realisations can be caused either by substantial differences in
the precipitation data sets after 2008, when the two indices started to diverge, or by the different PET estimations. The latter
would affect the whole time series of SPEI, not only starting in 2008, which hints towards major differences in the precipitation.
Both precipitation data sets are based on sparse interpolated station data over Africa which might explain the differences.

Overall, both SPEI indices strongly correlate with TWS with a correlation coefficient of 0.87 (CRU-based) and 0.82 (GPCC-

based). The correlation between TWS and precipitation is 0.87 as well. As explained above, the correlation coefficients are
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between the regional mean time series.

govern by the two extreme points of the time series in 2006 and 2020. Which explains, that despise SPEI (CRU-based) being

better able to describe the changes between the two extremes, precipitation has a similarly high correlation to TWS.

6 Comparison between TWS Signals and Surface Water Storage

The large lakes of the East African Rift (see Figure 2 for the names and locations) are a crucial component of terrestrial
water storage in this region. We investigate the volume change of these lakes, i.e., surface water storage (SWS) variations, in
comparison to TWS variations as observed by GRACE and GRACE-FO.

Overall, the linear trend of SWS over the study period from 2002 to 2023 can explain close to 50% of the TWS trend
(Figure 10). However, the positive TWS trends in the North-East and South-West of the study area are less visible in the SWS
trends. The lake storage trend of Lake Victoria itself (SWS-Victoria) is the most prominent component of SWS changes in
the region, besides another marked contribution by Lake Tanganyika in the South-West. Notably, the filtered SWS-Victoria
signal coincides with subcluster 8 shown in Figure 7. The storage time series at one grid point in the centre of the region at

Lake Victoria (Figure 10)show a close temporal correlation of the three quantities TWS, SWS and SWS-Victoria. While TWS
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and SWS-Victoria are very similar in their dynamics, TWS has a higher amplitude and stronger annual fluctuations as it also
represents other storage compartments, in particular soil moisture and groundwater.

For a closer look into the similarities of SWS and TWS dynamics, we show the percentage of explained variance (PEV)
and Pearson’s correlation coefficient (p) in Figure 11. PEV is defined as

(TWS —SWS)
var(TWS)

PEV = <1 _uar ) 100%. 3)

PEYV helps to evaluate to which extent the amplitudes of temporal variations of SWS can explain the variations of TWS.
In the centre of the region around Lake Victoria, about 60% of the TWS variations can be explained by SWS. On the other
hand, p describes the temporal similarities between the respective time series in each grid point and is insensitive to amplitude
differences. We observe high temporal correlations between TWS and SWS throughout the study region, with the highest values
around Lake Victoria, where the correlation is close to 1. From the corresponding analysis with SWS-Victoria (Figure 11,
lower plots) it turns out that the storage variations of Lake Tanganyika in the South-West have to be considered to explain
TWS variations. The wide-spread high temporal correlation between TWS and SWS (or SWS-Victoria) indicate that similar
hydro-meteorological dynamics govern the whole region and its water storage.

To further investigate the storage contributions of the different lakes, we analyze the annual storage change of each year
(i.e., the difference of storage between the end and the beginning of each year) for the individual lakes and for the area-average
TWS. We only consider the volume change of the lake storage time series if less than two months are missing at the beginning
or end of the year. In order to account for the missing months, the volume change is upscaled in these years. This is the case
for Lake Albert in 2013, Lake Kivu in 2010 and 2013, Lake Mweru Matipa in 2010 and 2016, and Lake Edward in 2010 and

2013. For TWS, we only take years where observations both in January and in December are available.
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Figure 12 compares the annual TWS and lake volume changes. The volume changes of the lakes Mweru, Mweru Matipa,
Kivu, and Edward (see Figure 2 green labelled lakes) are too small to be distinguishable from each other in the figure. Thus,
we summarise these lakes as small lakes. In years with a substantial TWS change, the lake volumes usually agree with the
direction of change. Especially, Lake Victoria exhibits the same direction of change as TWS, except in 2008 and 2014 which
were years with overall minor changes. In some years such as 2013, Lake Victoria alone can explain over 50% of the TWS
change of the whole region. Notably, Lake Albert and Lake Kyoga often disagree in the change direction with TWS. These

lakes and Lake Victoria are located in the Nile River basin, which we will further investigate in the next section.

7 Dynamics of Lake Victoria and of downstream water bodies in the Nile Basin

In this chapter, we investigate the relation between the dynamics of Lake Victoria and of the Victoria Nile, Lake Kyoga and
Lake Albert, located downstream of Lake Victoria in the Nile basin. As the Nalubaale Dam (formerly known as Owen Falls
Dam) in Uganda regulates outflow and water levels of Lake Victoria it cannot be classified as a natural lake. The dam has
been operated since 1954, and the reservoir on top of Lake Victoria was filled in the 1960s. This enlarged the lake volume by
about 200 km?® and raised the water level by about 2 m. It was agreed between the operators of the dam and the downstream
riparians of the Nile that the outflow should mimic a natural discharge curve (after the water level rose in the 1960s) (Sene,
2000; Vanderkelen et al., 2018).

While we do not have access to the Victoria Nile discharge data downstream of the Nalubaale Dam, we use altimetric water
level observations of Lake Victoria, the Victoria Nile and of the lakes Kyoga and Albert ( Figure 13). Compared to the lake
water levels, the quality of the Victoria Nile time series is poorer due to the comparatively small size and the challenging

topography of the river for satellite altimetry. Sutcliffe and Parks (1999, chapt. 4) showed with historic discharge observations
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that the outflow of Lake Victoria almost completely determines the inflow and water level of Lake Kyoga. Thus, Lake Kyoga
can be viewed as a proxy for direct observations at the Victoria Nile. We include Lake Albert to illustrate the natural flow
between Lake Kyoga and Lake Albert. Again, according to Sutcliffe and Parks (1999, chapt. 4), the outflow of Lake Kyoga
almost completely determines the water level of Lake Albert.

The different dynamics of Lake Victoria versus Victoria Nile and Lake Kyoga are particularly visible between 2006 and
2020 (Figure 13). While the former experienced a rather steady rise in water levels during the period, the water levels of
the latter remained stable. This does not concur with the agreed rating curve as with rising water levels of Lake Victoria the
discharge should increase and, thus, the water level of the Victoria Nile. The water levels of Lakes Kyoga and Albert show
high similarities between each other but also to the temporal pattern of the Victoria Nile.

The change in the relation between the water levels over time is further illustrated in Figure 14. For this purpose, we
interpolate the time series to common time steps, which are the time steps of the time series with a courser temporal resolution.
Under natural conditions, the water levels of the three water bodies considered in this comparison should have a close, albeit
not necessarily linear relationship, as explained above. We thus employ Spearman’s rank correlation coefficient p, to quantify
the similarity of the water level time series. Only a weak relationship between the water level dynamics was found, with p,
in the range of 0.37 to 0.41 (Figure 14). The poor data quality of the Victoria Nile time series can partly explain the weaker
Spearman’s correlation between Lake Victoria and Victoria Nile as compared to the Lake Kyoga correlation. In contrast, with
ps equal to 0.88, water levels dynamics of Lake Kyoga are much more similar to those of the next downstream Lake Albert as
it could be expected for neighbouring lakes.

Strictly speaking, we should consider the travel time of water between the lakes in the correlation analysis above. However,
with Lake Kyoga only observed with Jason-series altimetry satellite, the temporal resolution is limited to 10 days. Thus, only
a time shift of the time series larger than 10 days would be observable. The Victoria Nile between Lake Victoria and Lake
Kyoga is about 120km long (estimated on a map along the river path) and has an elevation difference of 100 m (measured
by altimetry). We roughly estimate the flow velocity with the Gaukler-Manning-Strickler equation (Strickler, 1981) to 4.5 =+
(assumption of constant river depth of 10 m, river width of 500 m, and literature value for large rivers for the Strickler coefficient
of 35 mT%). Therefore, the travel time is only about 7.5 h, which is too fast for altimetry to observe a time shift.

If the outflow of Lake Victoria would be mainly govern by its water level, hardly any temporal variation of the relationship
between the water levels of Lake Victoria on the one hand and Lake Kyoga and Victoria Nile on the other hand. However,
according to Figure 14, the relationships between the water levels changed: before 2006, more water was released at the dam
as expected from the water levels, as shown in previous studies. The dam operators discharged a surplus of water to help
inaugurate a new 1 km downstream hydroelectric power plant named Kiira Power Station (Sutcliffe and Petersen, 2007; Kull,
2006; Awange et al., 2008). In the years between 2006 and 2019, the water level of Lake Victoria was rising while both the
water levels of Lake Kyoga and the Victoria Nile stayed more or less constant, indicating that less water was released from
the dam than the water level of the lake indicated. In 2020, the water levels of Lake Victoria quickly rose in a natural way
due to the high amounts of rainfall on the lake and in its catchment, leading to severe flooding around the lake. By massively

increasing lake outflow, these inundations were somewhat mitigated. These observations agree with the modelled results of
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Figure 13. Water level of Lakes Victoria, Victoria Nile, Lake Kyoga and Lake Albert.

335 Vanderkelen et al. (2018); Getirana et al. (2020) who found that the storage variations of Lake Victoria cannot be explained by
natural variations alone.

Instead of employing water level to assess the lake’s discharge, we could also investigate volume changes (see section 6).
However, the volume change is not only influenced by the inflow and outflow of a lake but also by evaporation over the lake’s
surface. Thus, again, it is only a proxy for the flow estimation. Investigations into volumes instead of water levels revealed no

340 new information, so we refrained from presenting them here. Further, we could only investigate the lakes, not the Victoria Nile,

with volume change.

8 Conclusions

Unlike other world regions with clear linear trends over the last 22 years of TWS observations (e. g. Northern India or the
Caspian Sea), the East African Rift region, as well as most of Africa, shows a complex interannual behaviour. Further, the

345 origin of these interannual variation can be both anthropogenic or due to natural variability.
A linear trend plus annual and semiannual seasonal signals describe the temporal patterns insufficiently only. To better
investigate the interannual variability of TWS in Africa, we separated the TWS signal into an annual and an interannual
component with the help of the Seasonal-Trend Decomposition with Loess (STL) method. Based on the interannual STL

component we analysed the spatial patterns of similar interannual behaviour. To this end, these interannual signals were used
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in a geographical clustering algorithm to identify similar regions. The clustering algorithm is based on hierarchic trees but with
the extension of ensuring geographically connected regions. With this method, the East African Rift region turned out to be of
similar interannual TWS dynamics. The region encompasses the East African highlands, from Lake Turkana in the North to
Lake Tanganyika in the South, including Lake Victoria.

The mean TWS signal of the study region shows a decline in water storage prior to 2006, linked to a documented natural
drought period. Afterwards, TWS steadily increased until 2019. An even stronger TWS increase occurred in the years 2019
and 2020 due to severe rainfall events. Considering long-term precipitation data since 1955, these rainfall anomalies are less
extreme than they seem when only looking into the last 20 years, though. By considering evapotranspiration in addition to rain-
fall, we could explain a larger part of the observed TWS changes as caused by natural variability. As another important storage
component, surface water storage variations in the large lakes of the Rift region complemented the view on the interannual
TWS signal. Water storage variations in Lake Victoria contribute up to 50% of the TWS variations. While it was not possible
to explain the steady increase in TWS between 2006 and 2016 with meteorological data alone, this became possible with the
help of lake storage variations.

Lake Victoria leads us back to whether the TWS changes we observe in the region are naturally caused or influenced by
human interventions. The water level of Lake Victoria, and thus its water storage, is governed by the Nalubaale Dam at the lake
outflow. Investigations into altimetric water levels of Lake Victoria, the Victoria Nile, Lake Kyoga, and Lake Albert indicate
that the discharge at the dam does not follow a natural outflow pattern any longer and thereby influences TWS changes of the
whole region. Thus, the combination of natural variability of precipitation and evaporation with human interventions cause the

TWS interannual variations of the African Rift region.
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Code and data availability. The TWS data of COST-G used in this study have been published by Boergens et al. (2020a) and are available
at ftp://isdcftp.gfz-potsdam.de/grace/GravIS/COST-G/Level-3/TWS. The data are published under the "CC BY 4.0" licence.

The water occurence map is available at https://global-surface-water.appspot.com and documented by Pekel et al. (2016). It is produced
under the Copernicus Programme and is provided free of charge, without restriction of use.

The surface water storage time series, including water levels, water surface extent, volume change, and filtered map will be made available
upon publication or earlier request.

The both SPEI data sets have been documented by Vicente Serrano, S.M., Beguiria, S. & Lopez-Moreno (2010); Begueria et al. (2010, 2014).
SPEIbase can be downloaded at https://spei.csic.es/spei_database/; SPEI Global drought monitor can be downloaded at https://spei.csic.es/
map/maps.html. Both are published under the ODbL 1.0 license.
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