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Abstract

Multiple drought episodes over the Volta basin in recent reports may lead to food insecurity
and loss of revenue. However, drought studies over the Volta basin are rather generalised and
largely undocumented due to sparse ground observations and unsuitable framework to deter-
mine their space-time occurrence. In this study, we examined the utility of standardised indi-
cators (standardised precipitation index (SPI), standardised runoff index (SRI), standardised
soil moisture index (SSI), and multivariate standardised drought index (MSDI)) and Gravity
Recovery and Climate Experiment (GRACE) derived terrestrial water storage to assess hydro-
logical drought characteristics over the basin. In order to determine the space-time patterns
of hydrological drought in the basin, Independent Component Analysis (ICA), a higher order
statistical technique was employed. The results show that SPI and SRI exhibit inconsistent
behaviour in observed wet years presupposing a non-linear relationship that reflects the slow re-
sponse of river discharge to precipitation especially after a previous extreme dry period. While
the SPI and SSI show a linear relationship with a correlation of 0.63, the correlation between
the MSDIs derived from combining precipitation/river discharge and precipitation/soil mois-
ture indicates a significant value of 0.70 and shows an improved skill in hydrological drought
monitoring over the Volta basin during the study period. The ICA-derived spatio-temporal
hydrological drought patterns show Burkina Faso and the Lake Volta areas as predominantly
drought zones. Further, the statistically significant negative correlations of pacific decadal
oscillations (0.39 and 0.25) with temporal evolutions of drought in Burkina Faso and Ghana
suggest the possible influence of low frequency large scale oscillations in the observed wet and

dry regimes over the basin. Finally, our approach in drought assessment over the Volta basin
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contributes to a broad framework for hydrological drought monitoring that will complement
existing methods while looking forward to a longer record of GRACE observations.
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1. Introduction

As a catchment shared by six riparian countries (i.e., Ghana, Burkina Faso, Togo, Ivory
Coast, Benin, and Mali), the Volta basin (Fig. 1), which lies between latitudes 5°N to 14°N
and longitudes 2°E to 5°W with an approximate area of 400,000 km?, is one of the poorest
regions in Africa (Kasei et al., 2010). The region depends highly on rain-fed agriculture for its
livelihood. Consequently, food security, the agrarian system, and economic development are
threatened and highly vulnerable to the unreliable rainfall in the region (e.g., Lacombe et al.,
2012). Kasei et al. (2010), specifically reported that the high variability in spatio-temporal
rainfall distribution pattern was the major cause of fluctuation in food production while Bekoe
and Logah (2013) showed that the hydrological drought years of 1983, 1998, 2003, and 2006
in the basin, which were evident from the strong decline of Lake Volta (a major physiographic
feature in the basin) water levels, owing to rainfall decline, triggered limited production of
electricity. Besides the seldom or rather infrequent scientific discussion probably due to limited
and incomplete hydrological records, the drought story for the Volta basin is highly generalised
due to lack of a suitable method to determine its spatio-temporal patterns.

Apparently, frequent extreme hydro-meteorological conditions (e.g., droughts and floods)
may increase in the region due to the impacts of climate variability and coupled atmosphere-
ocean phenomenon on rainfall variability. Climate phenomena is expected to exacerbate ex-
treme drought tendencies and delayed rainfall in the Volta basin, where historical evidence from
farmers suggests a seasonal forward shift in the onset of rain season (see, e.g., Giesen et al.,
2010). This is probably true as global drying trends due to climate warming will ultimately
impact on changes in hydrological conditions of the land surface. Also, the multiple strings of
drought episodes in recent times, besides their negative impacts on water and energy balance
(Owusu and Waylen, 2009), may have significant impacts on the economy and the agrarian
system of the basin. For example, while food production was below normal in Ghana during
the 1983 drought, food shortages of more than 50% in Burkina Faso were recorded (Kasei
et al., 2010). Further, given that approximately 27% of Ghana’s 238,540 km? land surface
area is actually being cultivated, under a predominantly rain-fed agricultural system such as

the Volta basin, the limited alimentation due to reduced rainfall in the northern boundary of



mid-Ghana as reported by Owusu and Waylen (2013), is likely to prevent the cultivation of
crops leading to food insecurity.

Away from Ghana, Burkina Faso which occupies 46.4% of the Volta basin (i.e., two-thirds
of Burkina Faso is within the Volta basin) is one of the least urbanized countries in the world
with about 90% of its population actively involved in the agricultural sector (see, Giesen et al.,
2002). This level of active participation in rain-fed agriculture implies that if the observed
drying trends in the Sahel (Greve et al., 2014), the shift in the onset of rainy season, and
the 4th Assessment Report of the Intergovernmental Panel on Climate Change (IPCC), which
re-emphasizes the dry gets drier paradigm (see, Giesen et al., 2010), are projections to go by,
the region may be worst hit by food insecurity and poverty. In fact, in a recent study of local
scale assessment and drought prediction (see, Nichol and Abbas, 2015), West Africa has been
mentioned as one of the regions of the world that will be more susceptible to droughts due
to climate change, leading to greater loss of livelihoods. From studies of precipitation sheds,
it has been reported that even a small decline in rainfall could have tremendous impacts
on agricultural yields in societies that rely on rain-fed agriculture (see, Keys et al., 2014,
2012). In view of the foregoing, understanding the space-time evolution of drought occurrence
in the region will only be a logical step that unarguably can support comprehensive regional
adaptation strategies, such as growing rain-fed crop cultivars (Giesen et al., 2010) and building
water infrastructures that can increase water storage for future use, especially during extreme
dry periods.

Unlike the Sahel region of West Africa, studies on drought in the Volta basin are rela-
tively few and largely undocumented. This lack of regional studies on drought can partly be
attributed to lack of ground-based information, as traditional gauge measurements are incon-
sistent, incomplete, and difficult to retrieve, owing to government bureaucracies, logistics, and
the high cost of managing reliable in-situ stations over large heterogeneous landscapes. Con-
sidering the regional nature of drought, understanding their regional context in terms of their
space-time development is critical. Furthermore, drought studies in the Volta basin, besides
being less regional in nature, have only employed precipitation as a major climate variable.
The problem with this, is that drought analyses based on a single climate variable (e.g., rain-
fall) for a region with high spatio-temporal variability, may not sufficiently describe drought
phenomena in terms of its propagation and characteristics such as onset, duration, severity,
frequency and intensity (e.g., Hao and AghaKouchak, 2014).

Further, Hao and AghaKouchak (2013, 2014) argued that for tropical regions, deficit in



precipitation may not lead to a deficit in soil moisture, given the fact that agricultural drought
(i.e., deficit in soil moisture) responds rather slowly to a meteorological drought (i.e., precipita-
tion deficit) condition with some time lag. Following recent recommendation of using multiple
climate variables (e.g., rainfall, river discharge, lake levels, groundwater, etc.) in studying hy-
drological drought characteristics (Long et al., 2015), a composite drought indicator, therefore,
may significantly improve our understanding of hydrological drought (deficit in water avail-
ability usually in the form of low river discharge, abnormally low water levels in lakes, stream
flow records, and groundwater level) characteristics (e.g., onset, duration, severity, frequency
and intensity) over the basin.

However, few studies on the hydro-climatological conditions of the basin have been reported
in recent times. Oguntunde et al. (2006) investigated hydrological variability and trends in the
Volta River Basin during the period 1901-2002. They reported a higher runoff of 87.5 mm/yr
with coefficient of variation of 41.5% before dam construction compared to the post-dam
period, when average runoff was 73.5 mm/yr and less varied (i.e., with coefficient of variation
of 23.9%). Increased variability and declining rainfall totals associated with El-Nino Southern
Oscillation (ENSO) phenomenon was reported by Owusu et al. (2008) as one of the devastating
hydro-climatological changes in the basin. Furthermore, analysing long term precipitation data
over Ghana for the period between 1951 and 2000, Owusu and Waylen (2009) reported large
scale rainfall deficit with potential impacts on vegetation cover, water balance, and surface
albedo that can trigger long-term below-normal rainfall. Using standardised precipitation
index (SPI), Kasei et al. (2010) showed that the frequency of droughts in the Volta basin has
increased since the 1970’s. Also, trends in rainfall series were investigated at 16 stations in
Ghana during the period of 1960-2005 using a resampling-based Mann-Kendall test statistics
(Lacombe et al., 2012). Analysing daily rainfall data for the period between 1951 and 2000,
Owusu and Waylen (2013) observed a widespread decline of mean rainfall totals and number
of rain days during the minor rainy seasons. This aforementioned studies, though topical on
the general drying trends and the hydrological conditions in the region, are highly generalised
and less regional in nature. The implication of drought and hydrological studies that are
less regional in nature is that observed trends and patterns that may be misconstrued as
insignificant in a particular location (i.e., at a local or less regional scale), might be significant
when evaluated at a regional scale ( e.g., Lacombe et al., 2012).

Further, the influence of local relief and the general southward shift in the seasonal move-

ment of the Inter-Tropical Convergence Zone (ITCZ) are largely responsible for the rainfall



variability in the basin (Lacombe et al., 2012; Owusu and Waylen, 2009). While rainfall in
the Sahel region has a single peak mostly in summer, rainfall in the Guinea region, where the
southern basin is located has a bimodal (i.e., two periods of wet seasons) seasonal distribution
with two peaks occurring between May/October, with a short dry period (e.g., Ndehedehe
et al., 2016; Odekunle and Eludoyin, 2008) in July/August separating the two peaks in rain-
fall (see, e.g., Lacombe et al., 2012; Owusu and Waylen, 2009). Hence, as argued by Owusu
and Waylen (2009), the failure in the rainfall regime of a particular region does not necessarily
mean the same for the other regions. Considering that different ocean circulation patterns and
competing multiple physical mechanisms (Druyan, 2011) drive the variability of rainfall in the
region, most drought related studies that have been reported in the region (see, e.g., Bekoe
and Logah, 2013; Lacombe et al., 2012; Kasei et al., 2010) are rather generalised and not fully
representative of the prevailing hydro-climatological condition of the basin at the time. Such
generalizations may not be very useful for effective and robust planning of water resources
and regional adaptation strategies in the event of extreme hydro-meteorological conditions
(e.g., droughts and floods). With the north-south dichotomy in the rainfall mechanisms of the
dry Sahel and wet Guinea regions of the Volta basin, a suitable methodology to monitor the
space-time occurrence of drought episodes becomes essential.

In this contribution, we combine multiple hydrological quantities such as in-situ river
discharge, Global Precipitation Climatology Centre (GPCC) based precipitation, soil mois-
ture, evapotranspiration, and terrestrial water storage (TWS) derived from Gravity Recovery
and Climate Experiment (GRACE, Tapley et al., 2004) in order to investigate the spatio-
temporal characteristics of hydrological droughts and water storage changes over the Volta
basin. GRACE-derived TWS has been widely used in the field of hydrology and studies of
mass transport (see, e.g., Fukuda et al., 2009; Ramillien et al., 2008; Swenson and Wahr, 2007;
Crowley et al., 2006) and represents the total sum of integrated water storage from catch-
ment stores (i.e., groundwater, aquifer, soil moisture, and biomass water). We capitalize on
GRACE observations to estimate the spatio-temporal trends in TWS over the basin, which
like previous studies in the basin (see, e.g., Ferreira and Asiah, 2015; Ferreira et al., 2014), will
be useful in understanding the basin’s TWS and its water footprint, a measure of human’s
use of freshwater resources (e.g., Hoekstra and Mekonnen, 2012). In order to understand
the space-time patterns and development of hydrological droughts over the basin, we used a
higher order statistical decomposition method of independent component analysis (ICA, see,

e.g., Cardoso, 1999; Common, 1994; Cardoso and Souloumiac, 1993) to localise the drought



signals over the entire basin. The ICA approach, which enables the extraction of localised
drought signals is different from previous studies (see, e.g., Bazrafshan et al., 2014; Santos
et al., 2010) that have analysed spatio-temporal drought events in other regions of the world
using principal component analysis (PCA, see, e.g., Jolliffe, 2002; Preisendorfer, 1988). The
use of a statistical decomposition method such as the ICA is very helpful in understanding
drought spatial variations and its temporal evolutions over the Volta basin, where a suitable
framework for drought monitoring is lacking.

In addition, besides the use of standardised precipitation index (SPI, McKee et al., 1995,
1993), standardised soil moisture index (SSI, e.g., Mishra and Singh, 2010), and standardised
runoff index (SRI, Shukla and Wood, 2008) to monitor hydrological drought of the Volta
basin, we also used multivariate standardised index (MSDI, Hao and AghaKouchak, 2014;
Farahmand and AghaKouchak, 2015) to evaluate the effectiveness of rainfall, soil moisture, and
river discharge in capturing hydrological drought characteristics such as frequency (how often
a drought event occurs), persistence, severity (the intensity of a drought event), and cessation.
Specifically, this study aims at (i) characterising hydrological droughts over the Volta basin
using multiple drought indicators such as SPI, SRI, SSI, and MSDI and (ii) characterising
and localising space-time evolutions of hydrological drought patterns and TWS over the Volta
basin.

While we provide a background information on the generalisations of drought patterns in
Section 2, further details on the formulations of ICA and the results of the study are presented

in Sections 3 and 4, respectively.

2. On the Generalisations of Drought Patterns

Owing to the influence of strong spatial variability of rainfall at annual scale coupled with
the mean inter-annual climatological gradients across the region, the use of a single mean SPI
computed from averaged rainfall data in estimating drought conditions over the Sahel hides
the underlying spatial variability of the index (see, e.g., Ali and Lebel, 2009). As pointed out
in Section 1, this may lead to generalisations of wet/dry regimes and might not be very helpful
for modelling and planning purposes. Also, differences in the spatial resolutions of hydrological
data, seasonal patterns, and influence of multiple ocean-atmosphere systems through the so-
called climate teleconnections may complicate our understanding of drought evolutions and
the water footprints of the region. Regardless of differences in the spatial resolution of the

data and climatic zones and the influence of ocean-atmosphere systems, drought analysis from



a spatio-temporal point of view can improve our understanding of drought occurrences and
persistence.

The PCA method has been employed in spatio-temporal drought analysis thereby address-
ing some of these problems (see, e.g., Bazrafshan et al., 2014; Santos et al., 2010; Bonaccorso
et al., 2003). To optimise on the performance of the PCA method, our approach employs a
higher order statistical method, ICA, to localise the decomposed drought signals (SPI and SSI)
obtained from the PCA process, by rotating them towards statistical independence. Further
discussions on the proposed method and the standardised indicators are detailed in Section
3. The space-time evolutions of SPI and SSI through ICA then enables us to understand
hydrological drought processes, their impacts and characteristics such as the onset, duration,
intensity and spatial extent (Loon, 2015).

Furthermore, previous drought studies have associated hydrological drought with precip-
itation deficit on longer time scales such as 6, 9, 12, and 24 months cumulations (see, e.g.,
Li and Rodell, 2015; Lloyd-Hughes, 2012; Santos et al., 2010; Nalbantis and Tsakiris, 2009;
Hayes, 2007; Vicente-Serrano, 2006; Rouault and Richard, 2003; Hayes et al., 1999; Komuscu,
1999). More recently, it has been shown that region averaged groundwater drought index from
the Princeton forced catchment land surface model (CLSM) and in-situ groundwater obser-
vations, exhibited stronger correlation with SPI at 12 and 24 month cumulation, reflecting
the lagged response of groundwater to rainfall anomalies (Li and Rodell, 2015). To this end,
in our spatio-temporal drought analysis, we used long term precipitation and soil moisture
data, covering a 63-year period (1950-2013) to characterise and quantify hydrological drought
frequency and severity in the basin. Also, similar to Li and Rodell (2015), Santos et al. (2010)
and Hayes et al. (1999) we used 12 and 24 month’s cumulations of SPI and SSI, hypothesizing
that this longer time scales for the rainfall and soil moisture drought indices will provide the
capability to monitor drought and wet conditions suitable for hydrological applications in the

Volta basin.

3. Data and Method

3.1. Data
3.1.1. Gravity Recovery and Climate Experiment (GRACE)

The GRACE (Tapley et al., 2004) satellite mission, which has been in operation since
March 2002, provides an integrated sum of changes in catchment stores (e.g., groundwater,

soil moisture, etc.) based on observations of the Earth’s time variable gravity fields. The
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Figure 1: Study area showing the riparian countries of the Volta Basin and the Lake Volta area in Ghana. The
Volta river system comprising the Black Volta, White Volta, and the Oti river is also indicated. Original Map
adapted from http://www.21stcentech.com/wp-content/uploads/2013/12/Volta-River-basin.jpg.

GRACE Release-05 (RL05) spherical harmonic coefficients from Center for Space Research
(CSR), truncated at degree and order 60 and covering the period from April 2002 to October
2014 was used in the study to estimate TWS. Since GRACE does not provide changes in degree
1 gravity coefficients (i.e., C1o, C11, and S11), and is also affected by large tide-like aliases in the
degree 2 coefficients (i.e., Cog), we followed conventional procedures of using degree 1 gravity
coefficients that are determined from ocean and atmospheric models (Swenson et al., 2008)
and substituting degree 2 coefficients with estimates from satellite laser ranging (Cheng et al.,
2013). The spherical harmonic coefficients are thereafter filtered using the DDK2 decorrelation
filter of Kusche et al. (2009) in order to reduce the effect of correlated noise. Equivalent water
heights (hereafter called TWS) are then derived on a 1° x 1° grid from the filtered monthly

solutions following the method of Wahr et al. (1998):
!
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where AS is the change in TWS for each month in time (¢), and where ¢, \ are latitudes
and longitudes respectively. R is the radius of the Earth taken to be 6378.137 km, pg. is the
average density of the Earth (5515 kg/m?), o, is the average density of water (1000 kg/m?), k;



is the load Love numbers of degree [, P, are the normalized associated Legendre functions of
degree | and order m with l,,,4, = 60 and AY}, are the normalized complex spherical harmonic
coefficients after subtracting the long term mean. The DDK2 decorrelation filter with a degree
of smoothing corresponding to that of a Gaussian filter with a 340 km radius (Kusche et al.,
2009) causes a reduction in the amplitude of observed GRACE signal (e.g., Wouters and
Schrama, 2007; Baur et al., 2009). This was remedied by following approaches in previous
studies (see, e.g., Long et al., 2015; Landerer and Swenson, 2012; Fenoglio-Marc et al., 2012),
where a scale factor derived from hydrological models was used to account for the impact of
the filtering on GRACE observations. The random data gaps for the 12 missing months in
the GRACE-TWS solutions were filled through an interpolation method that uses values at
neighboring data points. Further, averaged TWS values over the basin, were computed using

the area weighted average (see, e.g., Tourian et al., 2015; Sneeuw et al., 2014):

=1

where y is the basin index, n is the number of pixels in the basin, A; is the area of the grid

cell ¢ in x and A, is the total area of x.

3.1.2. Global Precipitation Climatology Centre (GPCC)

The monthly gridded GPCC (Schneider et al., 2014; Becker et al., 2013) based precipitation
product covering the period 1950 to 2014 is used in the study for the construction of SPI and
long-term rainfall analysis over the Volta basin. The 0.5° x 0.5° GPCC data, which is accessible
through the GPCC download site (www.ftp.dwd.de/pub/data/gpcc/html/down/loadgate.html)
was also combined with in-situ river discharge to estimate MSDI over the basin. The GPCC
based precipitation uses about 67,200 rain gauge stations over global land areas and has been
compared with other in-situ based precipitation such as the Global Precipitation Climatology
Project (GPCP) (see Schneider et al., 2014). Specifically, over West Africa the GPCC based
precipitation shows good agreement with Tropical Rainfall Measuring Mission (TRMM), which
has been validated over the region (e.g., Awange et al., 2016; Ndehedehe et al., 2016; Paeth
et al., 2012; Nicholson et al., 2003).

3.1.3. Climate Prediction Center (CPC) Soil Moisture
Monthly CPC soil moisture data (Fan and Dool, 2004), at spatial resolution of 0.5° x 0.5°

was used for spatio-temporal drought analysis through the construction of SSI over the basin.



Also, averaged time series of soil moisture over the basin was combined with GPCC-based
precipitation to construct MSDI, in addition to deriving SSI. The CPC soil moisture data
is estimated using more than 17,000 rain gauges worldwide and monthly global temperature
from reanalysis. The data used in this study covers the period between 1950 to 2014 and is
freely available at National Oceanic and Atmospheric Administration’s (NOAA) website for
download (www.esrl.noaa.gov/psd/data/gridded/data.cpcsoil.html).

3.1.4. MODIS Global Terrestrial Evapotranspiration Project

The improved version of MODIS global terrestrial evapotranspiration products by Mu
et al. (2011) was combined with precipitation in this study to estimate net precipitation, a
measure of the maximum available renewable freshwater resource. The data, which has a
spatial resolution of 0.5° x 0.5° covers the period 2000-2014 and is available for download at

the Earth Observing System of NASA’s website (http://www.ntsg.umt.edu/project/mod16).

3.1.5. In-situ River Discharge data

Observed monthly discharge rates at Akosombo Dam, in Ghana were used to construct
SRI. It was also combined with the GPCC-based precipitation to construct MSDI in order
to analyse hydrological drought over the basin. The data covering the period 1979-2012 was

obtained from the Water Research Institute of Ghana.

3.1.6. Climate Teleconnection Indices

In order to examine the possible connections of observed temporal evolutions of the statisti-
cally decomposed drought signals over the Volta basin with coupled atmosphere-ocean system,
relevant global climate teleconnection indices such as the North Atlantic Oscillation (NAO),
Pacific Decadal Oscillation (PDO) and Arctic Oscillation (AO) were investigated through cor-
relation analysis. In particular, PDO has been linked to the decadal variability of Sahel rainfall
(e.g., Rodrguez-Fonseca et al., 2011) while the influence of NAO on the local climate of the
region has been reported (e.g., Okonkwo, 2014). Time series of these data sets covering the
period 1950-2013 were downloaded from NOAA’s website (http://www.ncdc.noaa.gov/

teleconnections).

3.2. Method
3.2.1. Multiple Linear Regression Analysis (MLRA)

This study used a multiple linear regression model to parameterize the cosine and sine

harmonic components (i.e., the annual and semi-annual signals) of monthly GRACE-derived
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TWS changes. This is obtained as

D =X — (By + B2sin(2nt) + [3cos(2mt) + Bysin(4nt) + Bscos(4nt)), (3)

where D is the deseasonalize GRACE-derived TWS with harmonic components removed, X,
is the data, By is the constant offset, 8o and f3 accounts for the annual signals while 54
and s represents the semi-annual signals. The annual signals of TWS were separated from
the GRACE-TWS and the residual, which comprises the semi-annual signals and trends were

further analysed using the ICA method (see Section 3.2.2).

3.2.2. Statistical Decomposition Methods

ICA (see, e.g., Cardoso and Souloumiac, 1993; Cardoso, 1999), a higher order statisti-
cal technique usually referred to as blind source separation in signal processing (e.g., Cardoso,
1999) has emerged as a more suitable alternative in the decomposition of multivariate data into
statistically independent signals. Recently, it has been used to separate relevant geophysical
signals into their statistically independent components (see, e.g., Boergens et al., 2014; Awange
et al., 2014; Forootan et al., 2012; Frappart et al., 2011). We have used it as an improvement
to the PCA method, which has been applied to analyse drought signals and spatio-temporal
variability of TWS in previous studies (e.g., Ndehedehe et al., 2016; Santos et al., 2010; Bonac-
corso et al., 2003). In this study, it is used to localise drought signals over the Volta basin
in order to provide a better understanding of the space-time patterns of droughts. Prior to
implementing ICA, the PCA method is used to identify statistically significant modes of vari-
ability in the computed gridded SPI, SSI values and GRACE-derived TWS. Subsequently,
the derived statistically significant dominant patterns are further explored through a classical
rotation of the principle components, using the Joint Approximate Diagonalisation of Eigen
matrices (JADE) algorithm fully described in Cardoso and Souloumiac (1993) and Cardoso
(1999). The JADE algorithm is statistical based and follows a Jacobi technique (so called
because they seek to maximize measures of independence by a technique similar to the Jacobi
method of diagonalization) in the process of orthogonal contrast optimization, different from
other ICA online solutions that uses the gradient techniques (Cardoso, 1999). Fundamentally,
ICA decomposes a data matrix x;(t), which consist of a number of statistically independent

source signals s;(t) where t is the time index. This can be expressed as (e.g., Ziche, 2005)

zi(t) =Y Aijs;(t), (i=1,...n, j=1,...,m), (4)
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x; in Eq. 4 is the mixing model or the linear mixture and can be represented as a matrix for

notational convenience as

X = AS, (5)

where the entries of the data matrix X are samples of the x;(t) given in Eq. 4 leading to column
vectors x[t] = [1]t], ..., zn[t]]T, the n x m matrix A has elements A;; and the source signals
i.e., matrix S, similar to the construction of X, has column vectors s[t] = [s1[t], ..., s,m[t]]”.
Two major challenges of ICA lies in the definition of a measure of independence and the
choice of algorithms to find the change of basis (or separating matrix) that fully optimizes this
measure (Cardoso, 1999). These measures of independence are based on cumulant-based blind

identification of the separation matrice. The fourth-order cumulant matrix is expressed as
CZJ(M) = ZMU,U CUWl(.Ti,.Tj,.fCu,.TU), (6)

where M is an arbitrary matrix (see, e.g., Ziehe, 2005). The plane rotations are applied to these
Cumalant-based matrices to estimate the independent components through a multiplicative
update of an estimate of the separation matrix. Further theoretical details of these cumulant-
based methods and ICA in general are provided in the works of Cardoso (1991), Cardoso
and Souloumiac (1993), Common (1994), Cardoso (1999), Ziehe (2005), Theis et al. (2005),
and Forootan and Kusche (2012). The ICA algorithm available at http://perso.telecom-
paristech.fr/cardoso/Algo/Jade/jadeR.m was used to decompose standardised drought indica-
tors (SPI and SSI data) and GRACE-derived TWS into spatial and temporal patterns. After
the decomposition, the independent components were normalised using their standard devia-
tions to be unitless. Each ICA mode is a combination of the temporal and spatial patterns
and are usually interpreted together (i.e., the unit-less temporal evolution is multiplied with

the spatial pattern in order to obtain the actual values).

3.2.8. Standardised drought Indices

A drought index is a significant variable used for the assessment of the impacts of droughts
and defining several drought properties such as duration, severity, intensity, and spatial extent
(Mishra and Singh, 2010). In this study, four different drought indices (SPI, SSI, SRI, and
MSDI) were used to quantify and analyse a drought event. Our standardised drought indices
follow the non-parametric approaches of Hao and AghaKouchak (2014) and Farahmand and

AghaKouchak (2015) where instead of gamma distribution function, an empirical approach was
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used to derive the marginal probability using the univariate form of the Gringorten plotting

position (Gringorten, 1963). The joint distribution of two variables X and Y is expressed as
P(X <Y <y) =p, (7)

where p represents the joint probability of any two variables (e.g., rainfall and soil moisture).

The joint probability is used to define the MSDI (Hao and AghaKouchak, 2013) as
MSDI = ¢~ (p) (8)

where ¢! is the standard normal distribution function. For the bivariate case, the Gringorten
plotting position formula (Gringorten, 1963) reported by Farahmand and AghaKouchak (2015)
is used to estimate the empirical joint probability. The empirical Gringorten plotting position

expressed as
my, — 0.44

n+12 ’ (9)

p(Tk, y) =

where n is the number of the observation and my, is the number of times which the pair (x;, ;)
occurs for z; < xp and y; < yp (1 < i < n). Eq. 9 is applied in Eq. 8 to estimate the
MSDI while the SPI, SSI, and SRI are also estimated using the univariate form of Eq. 9.
Since it has been argued that a single drought index may not satisfactorily describe different
aspects of drought onset, duration and termination (see Farahmand and AghaKouchak, 2015;
Hao and AghaKouchak, 2014, 2013), we combined on one hand, rainfall and river discharge
data and on the other hand, rainfall and soil moisture data to estimate two different sets of
MSDI over the basin, in addition to the single indicators (i.e., SPI, SSI, and SRI). Add to
this, the gridded drought indicators (i.e., SPI and SSI) at 12 and 24 month time scales were
also estimated and statistically decomposed using the ICA method (see Section 3.2.2) in order
to understand their spatio-temporal variability for hydrological applications. The relationship
between the two categories of MSDI’s was obtained through Pearson correlation analysis while
the relationship between the pairs SPI/SSI, and SRI/SPI was also examined through the same

process.

4. Results and Discussions

4.1. The Potential of Standardised Indicators in Characterising Hydrological Drought

Hydrological droughts refer to the period with insufficient water in the hydrological system.

This is usually evident in shortages of surface and sub-surface water resources for established
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Figure 2: Time series of standardised drought indicators (SPI, SRI, and MSDI) for the Volta basin based on
GPCC-based precipitation and in-situ river discharge data at Akosombo station covering the period 1979-2013.
MSDI is derived through the combination of GPCC-based precipitation and in-situ river discharge. These
standardised drought indicators are based on empirical probability. The green solid line is drought threshold

based on the description of McKee et al. (1993).

use and relevant applications in a given water resources management system (Mishra and
Singh, 2010). The lack of comprehensive in-situ observations at local or regional scales has
encouraged the use of proxies and indices to quantify hydrological droughts (Kumar et al.,
2015). To this end, we assessed the capability of three different standardised indicators (SPI,
SRI, SSI) and their corresponding multi-index (MSDI), constructed using a non-parametric
approach (Hao and AghaKouchak, 2014). The drought threshold level was defined similar to
the SPI values of McKee et al. (1993) in order to support a better understanding of drought
severity, duration, and intensity.

Results for the computed drought indices for 3, 6, 12, and 24 months cumulation over
the Volta basin using a 34-year data record are indicated in Figs. 2 and 3. Two MSDIs
were derived by combining rainfall and river discharge (Fig. 2) and rainfall and soil moisture

(Fig. 3). Despite the poor correlation between SPI and SRI (0.11), the acknowledged hydro-
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logical drought years of 1983/1984, 1997/1998, 2003 and 2006/2007 that resulted in electricity
power rationing in Ghana (Bekoe and Logah, 2013) have been captured by the two indices in
all monthly cumulations (Fig. 2). Extreme wet periods tend to exhibit some lagged relation-
ships, reflecting some significantly slow response of discharge (SRI) to extreme wet condition
(SPI), especially after a previous extreme dry period. For instance, over longer time scales
(i.e., 6, 12 and 24 months), the SRI responded to the extreme wet conditions of 1989, 1991,
1995 as a gradual rise starting from 1989 and peaking at 1997 (Fig. 2), a known hydrological
drought year in the basin. Still on the relationship of rainfall and river discharge in the Volta
basin, Friesen et al. (2005), observed that runoff had a much higher coefficient of variation
(CV) (0.38) for the period between 1931 and 2005 while rainfall had a CV of 0.08 during the
same period, leading to a non-linear response that amplified small changes in rainfall to large
changes in runoff. Generally, the hydrological behaviour of the basin indicates some time lag
(about 1-2 years) between the response of discharge to wet and dry conditions, in addition
to a non-linear behaviour that could be amplified by the impacts of ocean circulations and
perturbations on annual and seasonal rainfall. From our SPI result (Figs. 2 and 3), 2003 was
a rather wet year consistent with the findings of Bekoe and Logah (2013). However, the SRI
and the corresponding MSDI both indicated severe drought conditions in 2003 and 2004 in all
time scales. This can be attributed to the impact of the previous drought years (2001/2002),
indicating the filtering effect of the catchment storage conditions. Also, this kind of out-of-
phase relationship or rather still inconsistent behaviour, which was also reported by Hao and
AghaKouchak (2013) for a different study, can also result from abnormally high precipitation
lasting for a short period of time, while several other months within the same year remain dry
(e.g., the 2007 period in the basin shows the same behaviour due to an ENSO event).

By and large, the MSDI derived from the combination of SPI and SRI demonstrates sub-
stantially a level of consistency and reliability in that the true representation of the hydrological
drought situation is highlighted as the low water level of Lake Volta in 2003 (see, Fig. 2) actu-
ally resulted in limited hydro-power generation. It seems that profound and extreme drought
conditions over the basin do have a rather strong signature that makes these hydrological
quantities (e.g., rainfall, river discharge, and soil moisture) respond to its onset, persistence
and termination. For example, despite the rather weak correlation of 0.11 at 95% confidence
level between SPI and SRI, the acknowledged extreme hydrological drought years of 1983-1985,
1998, and early 2007 are all captured by the two indices. Further, it can be argued that due

to increased irrigation schemes in the basin (e.g., Andreini et al., 2002) leading to increased
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use of surface waters in Burkina Faso, the inflow into the lower Volta basin in Ghana (i.e.,
the Lake Volta) where the river discharge at Akosombo station is observed will be largely re-
duced. Consequently, this may limit the potential of river discharge in assessing a hydrological

drought condition in the basin. However, as observed in Fig. 2, an estimated lead time of 1-2
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Figure 3: Time series of standardised drought indicators (SPI, SSI, and MSDI) for the Volta basin based on
GPCC-based precipitation and CPC soil moisture data covering the period 1979-2013. MSDI is derived through
the combination of GPCC-based precipitation and CPC soil moisture. These standardised drought indicators
are based on empirical probability. The green solid line is drought threshold based on McKee et al. (1993)

description.

years can be applied to accumulation periods of 6, 12, and 24 month SPI in order to forecast
a hydrological drought condition over the basin. For instance, the hydrological drought condi-
tion of 2011/2012 from the SPI 6 and 12 month accumulation period (Fig. 2) will be evident
in the discharge rate in 2013/2014 period. This was confirmed in the satellite altimetry data
(not shown) where Lake Volta, which is formed by the Akosombo Dam in Ghana is already
showing a relatively strong negative anomaly in water levels similar to the 2003 and 2007
period observed in this study (see, Fig. 2).

On the other hand, SPI and SSI showed a significant correlation of 0.63 (i.e., at 12 month

16



scale) at 95% confidence level indicating consistency in observed wet and dry periods (Fig. 3).
At longer time scales, the SPI/SSI-derived MSDI has shown that the drought conditions
of 2001/2002 persisted till 2003, in addition to indicating well known hydrological drought
years of 1983/1984, 1997/1998, 2002/2003, 2006,/2007 mentioned previously (Fig. 3). Also,
SPI and SSI have shown some consistent behaviour that indicates a linear relationship with
almost no time lag over the basin. In some studies (Kumar et al., 2015), the effectiveness of
SPI as a meteorological drought index in translating precipitation deficits to a hydrological
drought condition has been questioned probably due to its non-linear relationship with other
hydrological variables, e.g., groundwater and river discharge, which is also observed in the
current study. However, at longer time scales, Li and Rodell (2015) recently showed that
changes in groundwater are tightly coupled to precipitation variability, which could be in the
short term (i.e., SPI 6 month cumulation) or long term (i.e., SPI 12 and 24 month cumulation).
Apparently, this relationship between rainfall and groundwater and other catchment stores
(e.g, aquifer, sub-surface and runoff) can be influenced by the depth to the water table and
precipitation rates as the land surface part of the hydrological cycle acts as a low-pass filter
to the meteorological forcings (e.g., Loon, 2015; Li and Rodell, 2015).

Further, Bonsor and MacDonald (2011) and MacDonald et al. (2012) demonstrated the
importance of rainfall and geomorphology /weathering parameters as input for developing and
estimating groundwater maps showing depth over Africa. Much of the Volta basin, especially
the seasonally wet areas (e.g., Ghana and Togo) as shown in the developed groundwater map
of Africa (MacDonald et al., 2012) are regions with the shallowest groundwater-levels (i.e.,
< 7 mgbl) compared to the Central Sahel (i.e., the region North of the basin) where depth
to groundwater ranges from 50-250 mbgl. Given the relationship between rainfall and other
hydrological quantities such as recharge, runoff, groundwater and discharge, the propagation
of a meteorological drought (SPI) in the Volta basin to a hydrological drought condition is
inferred, consistent with Bloomfield and Marchant (2013) who observed a good correlation and
a site-specific relationship between standardised groundwater level index and SPI in a similar
study in the UK.

In view of this, we align with the fact that observed precipitation and soil moisture deficits
at 12 and 24 month accumulations over the Volta basin are typical of hydrological droughts
as indicated in recent studies (Li and Rodell, 2015; Joetzjer et al., 2013; Lloyd-Hughes, 2012;
Santos et al., 2010; Nalbantis and Tsakiris, 2009; Hayes, 2007). While it is true that prolonged

precipitation deficit fundamentally reduces alimentation of a given hydrologic system, Loon
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Figure 4: Relationship of TWS anomalies and soil moisture over the Volta basin covering the period 2002-
2014. (a) Regression fit on GRACE-derived TWS changes and soil moisture change. (b) Temporal variations
of averaged TWS changes and soil moisture over the Volta basin. (c¢) Time series of deseasonalized averaged

TWS changes and soil moisture (i.e after removing the annual and semi annual components.

(2015) remarked that the depletion of soil moisture storage leads to decreased recharge and de-
cline in groundwater levels. Interestingly, the correlation between the two MSDI’s computed
using rainfall/river discharge and rainfall/soil moisture show a good correlation of 0.70 at
95% confidence level, indicating consistency in drought and wet periods captured (see, Figs. 2
and 3). The multi-index approach (i.e., the MSDI), which assesses drought based on mul-
tiple variables links individual drought indicators (i.e., SPI, SRI, and SSI) into a composite
model (Farahmand and AghaKouchak, 2015), thereby providing a more robust assessment of
droughts. Due to its improved skill and the capability to feature drought onset and persis-
tence, the use of MSDI (in longer aggregation time scales such as 12 and 24 month) to analyse

hydrological drought over the Volta basin is recommended.
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Figure 5: ICA-derived spatio-temporal hydrological drought patterns over the Volta basin using 12-month
gridded SPI values. SPI values are computed using GPCC-based precipitation for the period 1950-2013. The
variability of the ICA modes (i.e., the spatial and temporal drought patterns) for the decomposed SPI values
within the basin are 10.7%, 6.7%, 6.6%, and 6.3% for IC1, IC2, IC3, and 1C4, respectively. Actual SPI values
for drought classification and categorisation are jointly derived from the localised spatial drought pattern (right)
and their corresponding temporal evolutions (left). The blue solid line shows the drought threshold based on

McKee et al. (1993) description.

4.2. Spatio-temporal Variability of Hydrological Drought Ouver the Volta Basin

The spatio-temporal variability of hydrological drought was investigated using long term
GPCC-based precipitation and CPC soil moisture data. While the use of SPI at longer time
scales as hydrological drought proxies have been reported (e.g., Li and Rodell, 2015; Loon,
2015; Bloomfield and Marchant, 2013; Santos et al., 2010), the use of SSI in similar context is
largely undocumented. To this end, we examined the potential of soil moisture as a surrogate
for TWS over the Volta basin, in order to effectively quantify drought events significant to
hydrological applications. This has been achieved through a least squares fit. The regression
fit between rainfall and soil moisture over the basin showed adjusted R? of 0.7 indicating that
most parts of the basin are consistent with observed trends and variability in TWS (see, Fig. 4a

and b). Besides the significant correlation of 0.84 at 95% confidence level observed between
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the two variables (i.e., TWS and soil moisture), the period between 2002 and 2007 as indicated
in Fig. 4b appears to have temporal variations with similar strong peaks (i.e., maximum and

minimum). However, after removing the annual and semi-annual signals from the time series
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Figure 6: ICA-derived spatio-temporal hydrological drought patterns over the Volta basin using 24-month
gridded SPI values. SPI values are computed using GPCC-based precipitation for the period 1950-2013. The
variability of the ICA modes (i.e., the spatial and temporal drought patterns) for the decomposed SPI values
within the basin are 10.9%, 9.0%, 6.6%, and 6.5% for IC1, IC2, IC3, and IC4, respectively. Actual SPI values
for drought classification and categorisation are jointly derived from the localised spatial drought pattern (right)
and their corresponding temporal evolutions (left). The blue solid line shows the drought threshold based on
McKee et al. (1993) description.

of the two variables using the MLRA (see Section 3.2.1), the correlation between the residual
TWS and soil moisture (this include the trends and other signals) show a significant correlation
value of 0.61 at 95% confidence level (Fig. 4c). However, the observed regression fit (Fig. 4a)
makes it reasonable to employ soil moisture for a quantitative hydrological drought assessment
over the Volta basin, especially with the limited availability of GRACE observations. The
observed temporal variability between averaged TWS and soil moisture (Fig. 4b) leads us to
the assumption that there were probably no significant subsurface storage changes in GRACE-

derived TWS over the basin during 2002-2007 as this period was largely characterised by
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hydrological droughts (see, MSDI of Fig. 2 at all monthly cumulations) and pronounced low
lake level changes, in addition to the lack of significant positive trend in rainfall in the last
decade (e.g., Ndehedehe et al., 2016). Hence, we speculate that strong deficits of soil moisture
are somewhat analogous to TWS deficits over the Volta basin.

Results of the spatio-temporal drought analysis using GPCC-based precipitation for SPI
12 month indicate that the period during 1950-1968 was generally wet over the entire basin

(Fig. 5) and is consistent with previous studies (Nicholson et al., 2000). Unlike the hydrological
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Figure 7: ICA-derived spatio-temporal hydrological drought patterns over the Volta basin using 12-month
gridded SSI values. SSI values are computed using CPC-based soil moisture for the period 1950-2013. The
variability of the ICA modes (i.e., the spatial and temporal drought patterns) for the decomposed SSI values
within the basin are 11.6%, 9.7%, 8.7%, and 6.9% for IC1, IC2, IC3, and 1C4, respectively. Actual SSI values for
drought classification and categorisation are jointly derived from the localised spatial drought pattern (right)
and their corresponding temporal evolutions (left). The green solid line shows the drought threshold based on

McKee et al. (1993) description.

drought analysis discussed in Section 4.1 above, here, the temporal variations of drought events
and their corresponding spatial patterns are indicated. For instance, while the period between
2010 and 2013 show relatively moderate wet conditions (IC1, Fig. 5) in the north-western part
of the basin (i.e., in Burkina Faso), the region in the lower Volta basin around the Lake Volta
area in Ghana indicated an extreme dry condition during the same period though with a slight

recovery in 2011 (IC2, Fig. 5). In fact, between late 2011 and 2013, the Lake area shows an
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extreme dry condition, consistent with a recent decline of about 2.2540.10 m/yr in Lake Volta

water levels between 2011 and 2015 (not shown). The results of statistical decomposition of
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Figure 8: ICA-derived spatio-temporal hydrological drought patterns over the Volta basin using 24-month
gridded SSI values. SSI values are computed using CPC-based soil moisture for the period 1950-2013. The
variability of the ICA modes (i.e., the spatial and temporal drought patterns) for the decomposed SSI values
within the basin are 8.6%, 8.2%, 7.3%, and 5.6% for IC1, IC2, IC3, and IC4, respectively. Actual SSI values for
drought classification and categorisation are jointly derived from the localised spatial drought pattern (right)
and it corresponding temporal evolutions (left). The green solid line shows the drought threshold based on

McKee et al. (1993) description.

SPI drought signals at 12 and 24 months cumulations are generally consistent except that
drought frequency reduces at the SPI 24 month cumulation (Fig. 6) compared to the SPI
drought signals at 12 months cumulations where drought frequencies are high (Fig. 5). More
importantly, while the Lake Volta area still indicates an extreme drought condition even at
the 24 month scale in the 2012/2013 period (IC4, Fig. 6), except for Ghana, observed drought
episodes over the entire period (1950-2013) appear to be predominant in Burkina Faso (e.g.,
IC1 and IC3-1C4 Fig. 5). The spatial patterns of the observed drought signals are less patchy
and more meaningful (i.e., Figs. 5 and 6) as they are well localised while their corresponding
temporal evolutions are consistent with previous drought records of the basin (see, e.g., Masih
et al., 2014; Bekoe and Logah, 2013; Owusu and Waylen, 2013; Kasei et al., 2010).

Similar to the SPI, SSI was constructed at 12 and 24 month scales and decomposed statis-
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tically using the ICA technique. The spatio-temporal patterns of hydrological drought for the
SSI are rather consistent with those of SPI (i.e., Figs. 5 and 6) except for IC3 that indicates
extreme drought conditions in 2000-2003 and 2006-2007 at the south-eastern part of the basin,
i.e., in Ghana, Togo, and Benin republic (Figs. 7 and 8). For the lower Volta basin and the
Lake area, which happen to be a center of high socio-economic activities, the strong fluctuating
drought signals between 2008 and 2013 (Figs. 7 and 8) had serious hydrological implications
for the basin, culminating in relatively strong decline of the Lake Volta water level. In fact,
the southern part of the basin shows the apparent distinction between the wet periods of the
1950’s and 1970’s with those of recent times especially 2008-2013 (see IC2 and IC3 Figs. 7 and
8) probably due to a decline in the decadal mean precipitation. Further discussion on this

(i.e., decadal precipitation patterns) is provided in Section 4.2.2.
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Figure 9: Influence of global climate teleconnection indices (i.e., 1950 to 2014) on temporal evolutions of

hydrological droughts (i.e., 12 and 24 months SPI). The temporal drought pattern of ICA mode 2 and ICA

mode 4 shown in Fig. 5 and Fig. 6, respectively are correlated with PDO (top), NAO (middle), and AO (bottom).

4.2.1. SPI and Influence of Teleconnections

Further, we attempt to explore the relationship between the ICA-derived SPI temporal
evolutions with relevant global climate teleconnection indices that have been associated with
rainfall variability in the region. This will help to examine the capability of ICA to highlight
the impacts of teleconnections (see Section 3.1.6) on the observed drought signal (SPI). To
this end, we correlated temporal evolutions of SPI for 12 and 24 months (i.e., IC1-IC4 of
Figs. 5 and 6) with Pacific Decadal Oscillation (PDO), North Atlantic Oscillation (NAO),
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Table 1: Correlations between ICA-decomposed SPI-12 month temporal drought evolutions and global climate
indices. The correlation coefficient with asterisk is insignificant at the 95% significant level using the Student

T-test.

S/N ICs PDO NAO AO
1 ICI -039 -0.28 -0.18
2 IC2 -0.03* -0.21 -0.27
3 IC3 -0.18 -0.18 -0.18
4 IC4 -025 -0.24 -0.25

Table 2: Correlations between ICA-decomposed SPI-24 month temporal drought evolutions and remote climate

indices. Correlation coefficients are all significant at the 95% significant level using the Student T-test.

S/N ICs PDO NAO AO
1 IC1 -0.38 -0.28 -0.18
2 IC2 -0.21 -0.21 -0.27
3 103 -0.18 -0.18 -0.18
4 IC4 -025 -0.24 -0.25

and Arctic Oscillation (AO). In order to decrease the effects of strong inter-annual variability
on the computed correlations (e.g., Awange et al., 2014), the temporal evolutions of SPI 12
and 24 months and the indices were smoothed using a 12-month moving average filter. The
summary of the correlation results (see, Tables 1 and 2) performed at 95% confidence level
over the entire period of the SPI data show that at 12 and 24 months SPI scale, PDO has a
statistically significant negative correlation of -0.39 and -0.38, respectively while NAO has a
statistically significant negative correlations of -0.28 and -0.28, respectively with IC1 of Figs. 5
and 6. For the Lake area where we analyse further the results of 12 and 24 months SPI
correlations with the three indices (see, Fig. 9), the PDO, NAO and AO all have statistically
significant negative correlations of -0.25, -0.24, and -0.25 (see, Table 2) with IC4 of Fig. 6,
respectively. Generally the extreme wet periods as indicated by SPI 12 and 24 months (Fig. 9)
coincide with the negative phase of the three indices while the observed dry periods (i.e.,
IC2 and IC4 of Figs. 5 and 6), coincide with the positive phase of all the indices as well.
The coupled relationship of ENSO and Indian Ocean Dipole (IOD) were identified as major
cause of the 1983/1984 drought that spread across the continent (e.g., Bader and Latif, 2011;
Giannini et al., 2003) while over the Sahel, ENSO, NAO, Atlantic Multi Decadal Oscillation

(AMO), and IOD were reported as having strong relationship with precipitation at different
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time scales (Okonkwo, 2014). Further, Brown et al. (2010) showed the results of the response
of African land surface phenology to large scale climate oscillations, indicating that over West
Africa, cumulative NDVTI correlated with PDO in September-November period. However, in
the current study, PDO, NAO, and AO are coupled ocean-atmosphere phenomena that are
speculated as contributing to observed low frequency wet/dry periods in Burkina Faso (i.e.,
IC1 of Figs. 5 and 6) and the lower Volta region in Ghana (i.e., IC2 and IC4 of Figs. 5 and 6).
Diatta and Fink (2014) reported a negative correlation of -0.38 and -0.30 (both significant at
95% and 99% confidence level) between PDO and rainfall indices of the Central Sahel (region
including most parts of Burkina Faso) and West Sahel, respectively, somewhat consistent with
our SPI drought temporal evolutions.

The physical causes of the PDO are not yet known and may be largely perceived as an
irregular oscillation with unpredictable phase duration (Molion and Lucio, 2013). However, we
highlight the PDO because it is a phenomenon that is not only characterised by low frequency
variability but can also be employed for prospective future climate outlook. According to
Molion and Lucio (2013) the PDO has been described as a long live ENSO episode with a
cycle of 50 to 60 years, with each phase of the cycle lasting 25 to 30 years. In Fig. 9 (i.e.,
from the PDO time series), the period between 1950 and 1975 is characterised with the cold
phase (CP) while 1977-1998 is characterised with a warm phase (WP). During the CP, it is
observed that the PDO is associated with wet conditions while in contrast to the CP, extreme
dry periods are observed during the WP of the PDO. It is noteworthy that the CP of PDO
running since 1999 till date has recorded at least two La-Nina periods leading to flood and
extreme wet conditions in 2007 and 2010 in the basin. This period has seen the TWS and the
Lake Volta water level rise in late 2007 up to 7m in 2010 due to increased rainfall, leading
to the spilling of the reservoir for the first time after so many years in November 2010 (see,
e.g., Ndehedehe et al., 2016; Owusu and Waylen, 2013). The PDO has also been reported as
a mechanism associated with rainfall variability in the Sahel. For instance, Molion and Lucio
(2013) reported a decline in rainfall during the WP of PDO in the Sahel. Given that each
phase of the PDO cycle lasts for about 25-30 years, it can be inferred that the current phase
of the PDO may bring significant wetter conditions to the Sahel (i.e., in Burkina Faso) and
the southern part of the basin at large in the near future. Molion and Lucio (2013) maintains
this same position and have suggested a further clarification by establishing the sea surface
temperature (SST) patterns of the Pacific Ocean as the duration of each phase of the PDO

may not be predictable owing to its dependence on large magnitude seismic events, which
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could be scarce and random. On the whole, the influence of PDO, NAO, and AO, on the
observed drought temporal evolutions as indicated in their correlations (see, Tables 1 and 2)
further emphasizes the role of multiple dominant physical mechanisms in the climate extremes

and variability of rainfall in the region (Druyan, 2011).

1950-1960 1960-1970 1970-1880 1980-1990 1900-2000 20002010

Trend

Annual Amplitude

Semi-Annual Amplitude

Mean

Figure 10: Decadal rainfall (mm) patterns over the Volta basin (1950-2010). Row 1: Trends in precipitation.
Row 2: Mean annual amplitude of precipitation. Row 3: Mean semi-annual amplitude of precipitation. Row 4:

Decadal mean precipitation

4.2.2. Decadal Spatial Rainfall Patterns During 1950-2010

The decadal rainfall patterns as analysed using the MLRA confirm that the periods between
1950-1960 and 1960-1970 were relatively wetter in the Volta basin as the mean annual am-
plitude and mean monthly rainfall respectively were relatively stronger than in other decades
(Fig. 10). On a decadal-scale variability, our results are consistent with those of Nicholson
et al. (2000) who showed that rainfall in the 1950’s and 1960’s were quite high as the mean
regionally averaged rainfall were relatively high. The observed increase in precipitation trends
spreading mostly in the southern basin during 1980-1990 period appears to be the strongest
increase since 1950 (Row 1, Fig. 10). While the annual rainfall patterns in the 1980’s were
relatively weak due to the extreme drought of the 1983/1984 (see, e.g., Figs. 2-3 and 5-6),
strong annual rainfall patterns similar to those of the 1950’s is observed in northern Togo and

Benin between 1990-2000 and 2000-2010 periods (Row 2, Fig. 10). This seems to be a recovery
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Figure 11: The independent components (bottom) of GRACE-derived TWS (i.e., after removing the annual
signals over the Volta basin) corresponding to spatial patterns (top), which are scaled using the standard
deviation of the computed independent components of the GRACE data. These independent components are

unitless since they have been standardised using their standard deviations.

in the annual rainfall patterns of those countries (Row 2, Fig. 10). The semi annual rainfall
patterns seem rather weak in the last decades compared to the 1950’s (Row 3, Fig. 10) while
the mean rainfall shows a general decline at the southern basin as rainfall reduces from about

150 mm in the 19501960 period to 110 mm during 2000-2010 period (Row 3 and 4, Fig. 10).

4.8. Terrestrial Water Storage Changes

We also analysed the GRACE-derived TWS using ICA and MLRA approaches in order to
relate observed drought patterns to water availability and the basin’s hydrological behaviour.
The annual amplitude of GRACE-derived TWS was removed using MLRA through parame-
terisation of the harmonic components. The residuals, which contain semi-annual signal and
trends were thereafter statistically decomposed into temporal and spatial patterns using the
ICA method. The annual amplitude of TWS coincides with the annual amplitudes of rainfall
(not shown). The first independent component (IC) of TWS shows the variability around the
Lake area and the converging points of the three rivers (i.e., the Black Volta, White Volta
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and Oti Rivers, cf. Fig. 1) that forms the Volta river system in Ghana (IC1, Fig. 11). The
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Figure 12: Time series of averaged precipitation, Evapotranspiration, and Net precipitation over the Volta
basin. Top: GPCC-based precipitation and Modis derived Evapotranspiration over the entire basin. Bottom:
Averaged GRACE-derived TWS changes and the corresponding precipitation minus evapotranspiration (net

precipitation), a measure of water availability in basin.

other signals shown are those of Burkina Faso (IC2, Fig. 11), south east Ghana (IC3, Fig. 11),
and northern Ivory Coast (IC4, Fig. 11). While the period between 2007 and 2010 indicate
an increasing trend, the period between 2012 and 2014 show a decline in all sub-regions (i.e.,
IC1-1C4, Fig. 11). This observed pattern is stronger in IC1 of Fig. 11 due to the stronger
loadings of its spatial patterns, possibly triggered by the presence of Lake Volta and the hy-
drology of the Volta river catchment in Ghana. Concerning the observed TWS signals in IC1
of Fig. 11, about 67% of the surface water resources in Ghana come from outside through the
Volta river system, with Oti River contributing about 32% (11.2 km?) while the Black Volta
and White Volta contribute 24% (8.3 km?) and 11% (3.9 km?), respectively (Andreini et al.,
2002). These surface water contributions from outside of Ghana, which are major triggers of
observed hydrological signals in IC1 of Fig. 11, drain more than two-thirds of Ghana, with
Lake Volta being formed by the Akosombo dam through the impoundment of these surface
waters as they flow downstream. Analysis of recent satellite altimetry data (not shown) over
Lake Volta showed an increase of 2.31 4+ 0.24 m/yr corresponding to a water volume change
of 19.635 km? during the period of 2007/08-2010/12 over the Lake while the period 2011/01-
2015/09 showed a decline of 2.25+0.10 m/yr coinciding with the period of observed decline in
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TWS change between 2012 and 2014 in Fig. 11. The 2007 La-Nina and the extreme wet condi-
tion of 2010 can be seen in the increasing trend in the observed TWS residual over the basin.
The computed SPI, SRI, and MSDI in all aggregation scales over the basin (see, Fig. 2) also
indicated similar increase between 2007 and 2010. This essentially demonstrates the utility of
multiple standardised indicators to understand more vividly the sensitivity of lakes, reservoirs,
and catchment systems to hydro-climatological and environmental changes. This apparently
will largely support the management systems of water resources and the assessment of any
anthropogenic influence (if any). The current study did not analyse human footprints on the
basin’s TWS. However, conflicting positions regarding the scientific evidence of anthropogenic
influence on the inflows to the lake (see, e.g., Friesen et al., 2005; Andreini et al., 2002) is a

critical subject for future considerations.

4.4. Water Availability and Net Precipitation Over the Volta Basin

The numerous water infrastructures, multiple sources of inflow into the Lake and the impact
of water impoundments by the Akosombo dam in the Volta basin (e.g., Ahmed et al., 2014;
Andreini et al., 2002) are just a few among the factors complicating the hydrology of the basin.
The hydrology of the Volta basin is largely controlled by hydrological cycle components such

as precipitation, runoff, and recharge and can be represented by the water balance equation

=2 = P(t) — E(t) — R(t), (10)

where P, E, R, and dS are precipitation, evapotranspiration, runoff, change in storage (i.e.,
TWS), and t the time, respectively. The yearly water availability i.e., the net precipitation

can be given as

P—E=-"" 1R (11)

Net precipitation is important as it can help describe water deficit in a given hydrological
system. The observed trends in dS, P, FE and the difference between P and F (i.e., P — FE)
were compared in order to understand the recent hydrological behaviour of the Volta basin.
Rainfall indicated an insignificant decline of 1.25 £+ 1.74 mm/yr during the 2002-2013 period
while evapotranspiration showed a significant increase of 1.03 + 0.59 mm /yr during the 2002-
2014 period. TWS and P — E over the basin indicated a significant increase of 16.24 + 2.28

mm/yr and a decrease of 2.53 4+ 1.22 mm/yr at 95% confidence level respectively. Averaged
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rainfall over the entire basin shows a correlation of 0.84 at the same 95% confidence level with
evapotranspiration, indicating consistent behaviour especially in its variability (Fig. 12, top).
The impact of the 2007 ENSO event and other years (e.g., 2003-2004, 2008, and 2010) with
relatively strong annual amplitudes are obvious (Fig. 12, top). However, between 2011 and
2013, annual peak rainfall, which usually occurs in August barely reached 170 mm compared
to the more than 200 mm recorded in the years between 2007 and 2010 (Fig. 12, top). The
observed less pronounced annual peak rainfall between 2011 and 2013 coincides with the ob-
served less pronounced annual net precipitation over the basin (Fig. 12, top and bottom). The
year 2010 was quite wet over the Volta basin, leading to strong amplitudes of TWS change
(Fig. 12, bottom) consistent with observed trends and amplitudes of water storage and the
Lake Volta water level in previous studies (e.g., Ndehedehe et al., 2016; Ahmed et al., 2014).
However, the amplitudes of observed TWS during 2011-2013 period (Fig. 12, bottom) may not
necessarily be due to increased rainfall as that period suggests a hydrological drought period
in the Lake Volta area (see, IC1 and IC4 of Figs. 5 and 6, respectively). Over the entire
basin, at 6, and 12 months aggregation scales and with respect to the mean of 1980, SPI and
MSDI indicate a severe drought condition in 2011 that terminated in 2012 with a resurgence
in 2013 (Figs. 2 and 3). While we attribute such changes in TWS during the period (2011-
2013 in Fig. 12, bottom) to variations in lake level and river discharge, which has a non-linear
relationship to rainfall as indicated earlier, apparently, from the statistical decomposition of
TWS over the basin, the Lake Volta area, and the Oti river catchment area show a decline
in observed residual TWS within the same period (IC1, Fig. 11). Consequently, the notion
that the Volta basin may be predispose to drier conditions that could impact negatively on
ecosystem services is affirmed, especially with lack of a significant positive trend in rainfall in

the last decade.

5. Conclusions

In this study, we have examined the potentials of multiple drought indicators (SPI, SRI,
SSI, and MSDI) and Gravity Recovery and Climate Experiment (GRACE) derived terrestrial
water storage (TWS) to assess hydrological drought characteristics over the Volta basin. For
the first time over the Volta basin, independent component analysis was employed to determine
the space-time occurrence of hydrological drought in the basin. The influence of low frequency
large scale oscillations on observed temporal evolutions of droughts over the basin was also

investigated through correlation analysis. The results show that:
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(i) At all monthly cumulations, SPI time series computed over the basin show a relatively
weak correlation with SRI with extreme wet periods exhibiting some lagged or non-linear rela-
tionships, reflecting a relatively slow response of discharge to extreme wet condition, especially
after a previous extreme dry period. Also, the observed regression fit and relationship between
soil moisture and TWS in Fig. 4a makes it reasonable to employ soil moisture at longer time
scales (e.g., 12 months) for a quantitative hydrological drought assessment over the Volta
basin, complementing the limited availability of GRACE observations.

(ii) The correlation between the two sets of MSDIs derived from combining precipita-
tion/river discharge and precipitation/soil moisture indicates a significant value of 0.70 and
show an improved skill in hydrological drought monitoring over the Volta basin. The SPI
and SSI show a contrasting behaviour to SPI/SRI, indicating a correlation of 0.63 (i.e., at 12
month cumulation) and rather consistent in the observed dry and wet years.

(iii) The ICA-derived spatio-temporal hydrological drought patterns for the SPI and SSI
are rather consistent and show Burkina Faso and the Lake Volta area as frequent drought zones.
The spatial patterns of the observed drought signals are less patchy, and more meaningful as
they are well localised while their corresponding temporal evolutions are generally consistent
with previous drought records of the basin.

(iv) The statistically significant negative correlations of Pacific Decadal Oscillations (-0.39
and -0.25) with temporal evolutions of drought at Burkina Faso and Ghana suggest the possible
influence of low frequency large scale oscillations in the observed wet and dry regimes over the
basin. Besides the influence of Pacific Decadal Oscillation, the observed significant negative
correlations of North Atlantic Oscillation , and Arctic Oscillation with the temporal evolutions
of drought signals further regurgitates the role of multiple dominant physical mechanisms in
the climate extremes and variability of rainfall in the region.

(v) The statistical decomposition of TWS (i.e., after removing the annual signal) indicate
a decline in the Lake area and the Oti river catchment between 2012 and 2014, consistent with
observed less pronounced annual peak rainfall and fluctuating drought conditions during the
2011-2013 period.

Finally, net precipitation show a significant decline while a more recent hydrological drought
condition at the Lake Volta area is observed during the 2011-2013 period. The notion that the
Volta basin may be predisposed to drier conditions that could impact negatively on ecosys-
tem services is affirmed, especially with the lack of a significant positive trend in rainfall in

the last decade. The current study did not analyse human footprints on the basin’s TWS.
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However, conflicting positions regarding the scientific evidence of anthropogenic influence on
the inflows to Lake Volta should be relevant and topical issues for future considerations. This
study has confirmed that drought varies spatially and temporally in its frequency, duration,
and severity. Hence, our space-time approach and the use of multiple climate variables in
drought assessment over the Volta basin contributes to a broad framework for hydrological
drought monitoring that will complement existing methodologies while looking forward to in-
crease in the records of GRACE observations. The results and analyses from this study are
based mostly on satellite measurements and model-based data. Hence, the results should be
interpreted with caution as we look forward to new studies that will rely on large scale in-situ

data over the region.
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