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ABSTRACT

This study evaluates the high-resolution satellite estimated long-term precipitation data for monitor-
ing the drought condition over the Lake Victoria Basin (LVB) from 1984 to 2020. Standardized
Precipitation Indices (SPI) were used to capture the short, medium and long-term meteorological
drought conditions at multiple time scales (i.e. 3, 6, and 12). For these, the following two primaries CHIRPS; CRU: hurst
Quantitative Precipitation Estimation (QPEs) products were employed — 1) Climate Hazards group exponent; PERSIANN-CDR;
Infra-Red Precipitation with Station (CHIRPS), and 2) the Precipitation Estimation from Remotely SPI

Sensed Information using Artificial Neural Network -Climate Data Record (PERSIANN-CDR). This

dataset was compared based on the observation data obtained from the Climate Research Unit

(CRU) over the nine selected regions surrounding lake basins. The performance of these two QPEs

products was evaluated using seven statistical metrics. The findings of this study indicate that the

CHIRPS and PERSIANN-CDR datasets could capture the behavior of drought magnitude based on the

time scale of SPI-3, SPI-6, SPI-12. The results indicate that 2012 and 2017 are significant severe drought

years in the recent decade over LVB. However, the CHIRPS datasets provide good agreement

(Correlation Coefficient (CC) = 0.65) with observation, whereas PERSIANN-CDR present satisfactory

results (CC = 0.54). In addition, Hurst (H) exponent was used to predict the future drought trend and

found that the CHIRPS performed well to predict the degree of drought trend. Therefore, this study

considers the CHIRPS product for near-real-time drought monitoring and PERSIANN-CDR for historical

drought assessment. Moreover, the outcome from the H values is greater than 0.5, which indicates

the future drought trend would be decreased over LVB. These results are useful for developing the

strategies for drought hazards and water resource management in LVB.

ARTICLE HISTORY
Received 5 July 2021
Accepted 14 March 2022

KEYWORDS

1. Introduction

Drought is recognized as a costly natural disaster world-
wide that threatens water, food resources, agriculture, and
environmental health (Mohseni et al. 2021). Monitoring
and forecasting the drought events are used to assess the
impact of extreme weather events on the respective popu-
lation (Bouaziz, Medhioub, and Csaplovisc 2021). Under
climate change, drought conditions affect water level, nat-
ural ecosystem, agriculture production, and shortage in
the food supply from the last decade (Guo et al. 2016).
Various studies suggest that the wetter region would
receive more devastating drought conditions in the future
(Yaseen et al. 2021). Increased global air temperature and
evapotranspiration contribute to a warm climate, creating
severe drought (Musonda et al. 2020). In this present
situation, society finds a more sustainable and nature-
based solution to tackle drought conditions (Dikici 2020;
Huang and Wang 2020; Trinder and Liu 2020; Shao et al.
2021). Therefore, drought monitoring and forecasting are

essential for risk management and established innovative
strategies for drought mitigation (Dehghan et al. 2020).
Classification of drought is categorized into four types — 1)
Meteorological, 2) agricultural, 3) hydrological, and 4)
socio-economic drought, which is measured using differ-
ent approaches (Malik et al. 2021; Mohseni et al. 2021).
Meteorological drought is one of the primary
drought types due to adverse precipitation conditions
from the average and extended time (Pathak and
Dodamani 2020). Although, the frequency of the
meteorological drought does not depend on the aver-
age precipitation (Yaseen et al. 2021). Various types of
meteorological drought indices such as Standard
Precipitation Index (SPI) (Kubicz 2018; Pathak and
Dodamani 2020; Liu et al. 2021), Precipitation Normal
Index (PNI) (Salehnia et al. 2017; Abrha and Hagos
2019), Deciles Index (DI) (Salehnia et al. 2017; Dikici
2020; Yaseen et al. 2021), Rainfall Anomaly Index
(RAI) (Abrha and Hagos 2019), developed and used
to monitor drought condition at regional or global
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scale (Guo et al. 2016). However, various studies found
that the maximum drought occurs due to the decline
of precipitation in a region, and meteorological
drought indices are mainly used to describe this con-
dition (Kassaye et al. 2021). In addition, the
Standardized Precipitation Index (SPI) and the
Standardized Precipitation Evapotranspiration Index
(SPEI) are the most commonly used drought indices
(Kubicz 2018; Dikici 2020). Although, in 2009 World
Meteorological Organization (WMO) recommended
the SPI as an essential meteorological drought index
(WMO 2012). Hayes et al. (2011) found that the SPI is
a standard index to describe the regional drought
indices used worldwide. Therefore, this study used
the SPI index to track the meteorological drought
condition over the Lake Victoria Basin (LVB).

Precipitation is an important variable for estimat-
ing the meteorological drought indices (Zhong et al.
2019). It is challenging to get station-based meteoro-
logical data, and most of the time is unavailable.
Satellite remote sensing instruments and different pre-
cipitation retrieved algorithms provide Quantitative
Precipitation Estimation (QPEs) datasets and are
available for public use. The QPEs algorithm is devel-
oped with a combination of Passive Microwave
(PMW) and Infrared (IR) sensors such as Tropical
Measuring  Mission (TRMM)  Multi-satellite
Precipitation Analysis (TMPA) (Atiah et al. 2020;
Shobeiri, Sharafati, and Neshat 2021), Integrated
Multi-Satellite Retrievals for Global precipitation mea-
surement (IMERG) (Zhang et al. 2021), the Climate
Prediction Center morphing technique (CMORPH)
(Zhao and Ma 2019). However, the application of
these QPEs products for drought monitoring is
restricted due to their short observation period
(shorter than 20 years) (Zhong et al. 2019). In general,
drought index calculation usually requires at least
30 years of data records (McKee, Doesken, and Kleist
1993.; Zhao and Ma 2019). Although, WMO suggests
that the long term (more than 30 years) historical
precipitation record is reliable for SPI calculation
(Guo et al. 2016). For this reason, some long term
QPEs were developed, such as Precipitation
Estimation from Remotely Sensed Information using
Artificial Neural Network Climate Data Record
(PERSIANN-CDR) (Guo et al. 2016; Mohseni et al.
2021), Climate Hazards Group InfraRed Precipitation
with Station data (CHIRPS) (Bouaziz, Medhioub, and
Csaplovisc 2021). These products are suitable for
drought monitoring due to their long-term data
record (more than 30 years) (Lai et al. 2019; Zhong
et al. 2019).

Previous studies suggest that the QPEs of CHIRPS
and PERSIANN-CDR perform well for drought
monitoring on a global and regional scale (Gao et
al. 2018; Salmani-Dehaghi and Samani 2019; Zhao
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and Ma 2019; Chen et al. 2020). Furthermore, these
two QPEs products have been widely used during
various hydrological simulations (Arheimer 2021;
Shahid et al. 2021) and meteorological applications
such as drought forecasting (Danandeh Mehr et al.
2020; Dehghan et al. 2020; Pandey et al. 2020). Lai et
al. (2019) monitor hydrological drought conditions
using long-term QPEs (PERSIANN-CDR, CHIRPS)
products. The studies found that both QPEs products
are reliable and effective for drought calculation.
However, drought monitoring and forecasting using
PERSIANN-CDR showed good agreement of prob-
abilistic distribution with in-situ data (Shrestha et al.
2017). de Brito et al. (2021) used PERSIANN-CDR
and CHIRPS products for meteorological drought
monitoring, and a summary of this study showed
that the PERSIANN-CDR performed better than
CHIRPS. In addition, Santos et al. (2021) found
that the PERSIANN-CDR rainfall products have a
strong ability for capturing the SPI and Drought
Severity (DS) classification.

Climate change influenced the rainfall pattern in the
Great Lakes of Africa and affected 30 million people
(Awange et al. 2013). In the LVB, rainfall patterns are
defined by a bimodal cycle that is regulated by the north-
south migration of the Intertropical Convergence Zone
(ITCZ) (Kizza et al. 2009). Overall rainfall trends from
the past decades indicate the drier climate over LVB
caused the drought condition. Previous studies identify
some drought years based on the annual rainfall anom-
aly, such as 1992 highlighted (Awange 2021). However,
these two QPEs products (CHIRPS and PERSIANN-
CDR) have not yet been tested for drought monitoring
in the semiarid region of LVB (Awange 2021). Also, this
topic is interesting for watershed managers and policy-
makers of this region. Thus, the main objective of this
study is to evaluate the efficiency of CHIRPS and
PERSIANN-CDR product to estimate the drought
event and future drought trend in LVB.

The current study is devoted to evaluating and
comparing two widely used QPEs satellite products
at a regional scale to estimate and forecast the drought
event at LVB to assist the water resource managers in
improving the policy and management. The specific
objective of this study is 1) to evaluate two QPEs
products (CHIRPS and PERSIANN-CDR) for meteor-
ological drought monitoring at the regional scale, 2) to
evaluate the meteorological drought assessment using
the SPI index in an East African drought-prone region
(Lake Victoria Basin) for 37 years (1984-2020), and 3)
to predict the spatial pattern of drought events in
future using Hurst exponent. Although, this QPEs
product has not yet been used to investigate the
drought events and predict the degree of drought in
LVB, which is valuable and interesting for water
resource management of this region.
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2. Materials and methods
2.1. Lake Victoria Basin

Lake Victoria Basin is the world’s second-largest fresh-
water reservoir (Figure 1), which directly contributes
to 30 million people and indirectly supports 340 mil-
lion people along the Nile basin (Awange et al. 2013).
The surface area of Lake Victoria is roughly 68,800
km?, and the catchment area covers 194,000 km?. This
basin shared the surface area within the three coun-
tries of East Africa- Kenya, Uganda, and Tanzania
(Kizza et al. 2012). Also, it is one of the major agri-
cultural production areas and breadbasket in this
region (Anyah, Semazzi, and Xie 2006). Thus, the
Lake is essential for the East African region’s energy
supply, fisheries, domestic and industrial water supply.
In the LVB, 80% of the water balance is dominated by
evaporation, rainfall and the rest of the 20% of water
received inflow water from 17 tributaries (Odada et al.
2003). However, the basin also plays a significant role
in biodiversity conservation and tourism activities.
Although, Major vegetation types across the LVB
include cropland, woodland, grassland, savannas,
and climatic patterns (Mugo et al. 2020).

Wet or dry conditions characterize the climate
variability of LVB. This condition is based on the Sea
Surface Temperature (SST) of the equatorial Indian
ocean (Anyah, Semazzi, and Xie 2006). The basin
received 120-160 mm annual mean rainfall with
bimodal seasonal distribution (Phoon, Shamseldin,

30°0'0"E

31°00'E 32°0'0"E

33°00"E

and Vairavamoorthy 2004). The peak of this rainfall
occurs during March-May and November-December
with a unique diurnal system. Also, significant rainfall
is received from the humid Congo air mass over the
western and northwestern parts (Awange et al. 2013).
As a result, the average surface temperature of LVB
25.4°C is 3.5°C higher than the surrounding station air
temperature (Yin and Nicholson 1998). It is projected
to increase 3-4°C by the end of this century (Awange
et al. 2013).

2.2. Datasets

2.2.1 Observation-based Grided rainfall datasets

The distribution of rain-gauge stations in LVB is con-
tributed by East Africa’s five countries (Uganda, Kenya,
Tanzania, Rwanda, Burundi). Therefore, it is quite dif-
ficult to obtain rain-gauge datasets from all the meteor-
ological stations. Also, most stations have 70% missing
data, which could not be considered for long term
drought monitoring and evaluating the QPEs precipita-
tion datasets. This study obtained observation datasets
from the Climate Research Unit Gridded Time Series
(CRU TS) as reference data to evaluate meteorological
drought indices utility of the QPEs. This high-
resolution (0.5°) gridded product provides station-
based monthly datasets with no missing values (Harris
et al. 2020). The datasets include various climate vari-
ables such as precipitation, mean temperature,
Potential Evapotranspiration (PET), cloud cover,

. In-situ observation

Elevation
e High : 5023

Low : 566

34°0'0"E 35°0'0"E

Figure 1. Location of the Lake Victoria Basin (LVB), East Africa, and CRU observation with altitude.



maximum and minimum temperature, vapor pressure,
etc. (Mutti et al. 2020). The CRU TS data have been
produced from an extensive weather station network
using the Angular-Distance-Weighting (ADW) inter-
polation method. The precipitation observation using
ADW provides improved traceability in each grid and
maintain quality control due to the high density of
station gauge (van der Schrier et al. 2013). Many rain
gauge stations are used to generate Grided CRU TS
datasets and have undergone strict quality control and
homogeneity check (Harris et al. 2020). Although, most
of the previous studies used CRU-TS data as observa-
tion data to calculate SPI for drought monitoring. Zhao
and Ma (2019) utilize CRU TS data as reference data to
evaluate the four QPEs products for drought monitor-
ing at the global scale. Mutti et al. (2020) compared the
gridded CRU TS data to observation for water balance
monitoring and found a strong correlation (r = 0.87)
over the semi-arid region for long term precipitation
data. However, many studies used grided observation
data as reference datasets to evaluate the QPEs product
for drought monitoring (Ionita, Scholz, and Chelcea
2016; Guo et al. 2016; Zhong et al. 2019). Therefore,
with the high density of the gauge network and the high
precipitation quality, the CRU TS is reliable and suita-
ble for drought monitoring and reference to evaluate
the QPEs. This study retrieved CRU TS monthly data
from the Climate Research Unit (CRU) website
(https://sites.uea.ac.uk/cru/data) from 1984 to 2020.

2.2.2 CHIRPS

The Climate Hazard Group (CHG) at the United
States Geological Survey (USGS) and the University
of California laboratory developed the CHIRPS data-
sets (Gao et al. 2018). The datasets used satellite ima-
gery with observational data and Climate Hazards
Group Precipitation Climatology (CHPclim) (Zhong
et al. 2019; Shahid et al. 2021). This data provides
long-term precipitation with 0.05° spatial resolution
and covers most of the earth surface (50° N to 50° S).
The generation of CHIRPS product use three-
component, where the first component is based on
monthly rainfall data with 0.05° resolution, the second
component includes Climate Hazard’s group precipi-
tation which uses infrared precipitation, and the last
component is interpolated the observed data from
various sources (de Brito et al. 2021; Ghozat,
Sharafati, and Hosseini 2021). Therefore, this dataset
is suitable for long-term drought monitoring and fore-
casting. This study collected the latest version of
CHIRPS data from https://www.chc.ucsb.edu/data/
chirps website during 1984-2020 and used it for
QPEs evaluation. However, very few stations were
used to generate CHIRPS products over East Africa,
and those stations were not considered for avoiding
the biasing results.
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2.2.3 PERSIANN-CDR

The Center for Hydrometeorology and Remote
Sensing (CHRS) at the University of California devel-
oped the Precipitation Estimation from Remotely
Sensed Information Using Artificial Neural Networks
(PERSIANN) data and later integrated it with the
National Climate Data Center’s (NCDC) Climate
Data Record (CDR) as a new product PERSIANN-
CDR (Guo et al. 2016; Nguyen et al. 2019). These are
the first satellite precipitation estimation system that
used a machine learning technique known as Artificial
Neural Network (ANN). Monthly infrared images
from the grided satellite (GridSat-B1) combined with
monthly Global Precipitation Climatology Project
(GPCP) data (Nguyen et al. 2019). The PERSIANN-
CDR provides daily rainfall products with spatial reso-
lution 0.25° and Global coverage from 60° N to 60° S
(Atiah et al. 2020). This dataset is useful for long-term
climate change studies, hydrological modeling, and
drought prediction. Therefore, the study retrieved
PERSIANN-CDR data from the CHRS website
(https://chrsdata.eng.uci.edu/) during 1984-2020 for
evaluation QPEs.

2.3. Standardized precipitation index

SPI (McKee, Doesken, and Kleist 1993) is a widely
used statistical drought indicator based on the prob-
ability of precipitation anomaly (Zhong et al. 2019).
Only precipitation data was required for SPI, which is
the main reason for its applicability for various
meteorological drought-related applications (Tigkas,
Vangelis, and Tsakiris 2019). This method defines
the severity of dry and wet conditions based on pre-
cipitation records to a probabilistic distribution (i.e.
Gamma distribution, Pearson III) (de Brito et al.
2021), and standardization of these values adjust to a
normal distribution (Santos et al. 2021). Therefore, the
time series of cumulative precipitation applied multi-
ple times (i.e. 3, 6, 9, 12, 24, 48 months) and gamma
distribution function fitted to a given precipitation
frequency (Liu et al. 2021). Although, more details
regarding the estimation of SPI can be found in Gao
et al. (2018), Mohseni et al. (2021) and Liu et al.
(2021).

This study estimates the SPI at multiple scales (SPI-
3, SPI-6, and SPI-12) for monitoring the short, med-
ium, and long-term meteorological drought condi-
tions over LVB from 1984 to 2020. These
meteorological drought indices were performed
based on the QPEs precipitation and CRU observation
datasets from 1984 to 2020. Precipitation data were
adjusted for SPI using a probabilistic distribution
function for two parameters, § and a. However, 81
(9-time series x 3 datasets x 3-time scale) time series
with 444 (37 x 12) SPI values were evaluated in various
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Table 1. Drought severity categories based on SPI (Mckee et
al., 1993).

SI.No. Drought Categories SPI

1 Extremely wet >2.0

2 severe wet 15t0 1.9

3 Moderately wet 1to 1.49
4 Near Normal 0.99 to —0.99
5 Moderately dry -1to0 -1.49
6 severe dry -1.5t0 -1.9
7 Extremely dry <-2.00

categories. Also, dry and wet events were assessed
based on the various categories of SPI index values
shown in Table 1.

2.4. Evaluation method and statistical metrics

This study compared the meteorological drought pat-
tern at temporal and spatial scales (Figure 2).
Although, two methods are widely used to compare
the satellite and observation-based precipitation data.
Most researchers estimate the spatial rainfall using
interpolation approaches such as Inverse Distance

Weighted (IDW) and Kriging (Gao et al. 2018) from
the rain gauge and compare with satellite products
using pixel to pixel comparison. Some researchers
extracted precipitation data where the rain gauge
located in the study region, then compared it with
different products (Mutti et al. 2020). The second
approach used the arithmetic average of four to nine
pixels surrounding the rain gauge (Shrestha et al.
2017). de Brito et al. (2021) used 38 grid cells of
PERSIANN-CDR and CHIRPS precipitation data
associated with 38 rain gauge stations and performed
interpolation using the spatial pixel averaging method
with a grid resolution of 0.250. In this study, fine-
resolution satellite data (0.5° x 0.5°) represent the
areal average of precipitation within the pixel where
the rain gauge is located. In general, evaluating the
monthly rainfall time series from nine CRU observa-
tions was selected from the nine-rain gauge station.
These observational data were compared to the QPEs
products, and the precipitation data (CHIRPS and
PERSIANN-CDR) were extracted using the pixel aver-
aging method. Although, a bilinear interpolation

CRUTS QPEs
observation Data dataset
Aggregate
(0.25°)
CRU TS CHIRPS PERSIANN-
(0.25°) (0.25°) CDR (0.25°)
Comparison of
Continuous Validation Monthly time series
Metrics Metrics rainfall
Comparison of Annual
Average rainfall
D .
rought analysis I
and SPI .
seasonal rainfall
SPI3 SPI6 SPI12

Comparison at
temporal scale

Comparison at
Spatial scale

Hurst Exponent

Figure 2. Flowchart diagram of the proposed method.

Validation
Metrics



method was performed to resampled QPEs product
into a 0.25° spatial grid. This data was arranged on a
monthly series to calculate the SPI at multiple scales.

The spatial distribution of the three continuous
metrics (PBIAS, MKGE score, Theil’'U) was used to
evaluate the performance of CHIRPS and PERSIANN-
CDR precipitation products against CRU observa-
tional data (Table 2). These metrics were used to
compare the precipitation product with CRU observa-
tion on a pixel scale on different parts of the study
region. The Percentage of BIAS (PBIAS) estimates the
over/under-estimation of precipitation product, where
positive value considers overestimation and negative
value represent underestimation (Shrestha et al. 2017).
The performance of QPEs products was assessed using
Modified Kling-Gupta Efficiency (MKGE) score
(Kling, Fuchs, and Paulin 2012), which includes the
liner correlation (r), bias ratio () and variability ratio
(y), followed by the Zhu et al. (2021). Also, Theil’U is
used to predict the accuracy of forecasting values,
whereas close to 0 indicates perfect forecasting and
closes to 1, showing some error in the products
(Rahman et al. 2019, 2020).

In addition, four commonly used statistical valida-
tion metrics were selected to evaluate the performance
of satellite-based precipitation datasets from 1984 to
2020, shown in Figure 3. First, the Correlation
Coeflicient (CC) quantifies the strength of a linear
relationship between two variables. Second, the Mean
Bias Error (MBE) described the systematic error of the
estimated data. In addition, Mean Absolute Error
(MAE) was employed to present the magnitude of
error from drought indices. Finally, the Root Mean
Square Error (RMSE) compares the differences
between CRU observation and QPEs estimated
drought indices (Saeedi, Sharafati, and Tavakol
2021). The CC, MBE, MAE, and RMSE were also
selected to investigate the detection of drought events
in LVB quantitatively. Table 2 shows the statistical
metrics used to validate QPEs precipitation product
and CRU observation, where “P” is the QPEs

Table 2. Calculation of the statistical metrics to validate the
QPEs and CRU observation products.

Statistical
Metrics

PBIAS

Equation

PBIAS — %xmo

MKGE 2 2
2 P P)/u(P
Score  MKGE=1— \/(CC -1+ (% -1+ (:((o;%o)) - 1)
Theil's U " n
U= /13 (P =0/ 3P
= ) i=1
CC . "Z,:| (()l—o)(P,—"P) _
V2L (0-0)y/ 3T Brep)
n
MBE = 13°(P; — 0))
i=1
MAE MAE = 13°|P; — O}
RMSE  pise — \ﬂz(a —0)

MBE
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precipitation, “O” is CRU observed precipitation, p
and o Represent the mean value and the standard
variation, # is a no. of sample size.

2.5. Hurst exponent

The Hurst (H) exponent is first introduced by Hurst
(1951) to understand the long term memory behavior
of a variable in a time series at the Nile River, Egypt
(Noorisameleh, Gough, and Mirza 2021). This method
is very useful for understanding a time series charac-
teristics without making assumptions of statistical
restriction (Tatli 2015). There are numerous ways to
estimate the Hurst exponent used by various literature
(Feng et al. 2020; Millan, Macias, and Rabelo-Lima
2021; Shahid and Rahman 2021; Wei et al. 2021).
Among them, the rescaled-range (R/S) analysis is the
best-known method to calculate the H exponent and
was suggested by Mandelbrot and Wallis (1969). The
primary idea behind R/S analysis is to examine the
statistical characteristics of a changing time scale of a
given series (Huang et al. 2016). Therefore, we esti-
mate the R/S based H exponent for this study to
understand the future drought trend. Although,
more details about the step-by-step procedure for
calculating the R/S based H exponent can be found
in Oliver and Ballester (1996). In general, the esti-
mated H exponent value ranges from 0 to 1 based on
the SPI time series. When H = 0.5, it means that the
time series has no changes. Whereas 0.5 < H < 1 indi-
cates the time series has continuous properties, and
the future trend of SPI is consistent with the past
trend. In addition, 0 < H < 0.5 indicates the SPI time
series is anti-continuous, the future trend is opposite
to the past.

3. Results
3.1. Evaluation of precipitation datasets

The analysis of QPEs is considered rainfall data from
nine LVB regions obtained from CRU observation
with 37 years of long data record and utilized to
monitor the meteorological drought indices. It should
be noted that various studies attempted to investigate
the performance of the QPEs products over the differ-
ent climatic regions (Gao et al. 2018; Lai et al. 2019;
Chen et al. 2020; de Brito et al. 2021). But the accuracy
of QPEs products depends on the area properties and
its local climate (Mohseni et al. 2021).

The average annual rainfall over the LVB was
160 mm, with monthly values 250 mm for wet
season (MAM and OND) and 80 mm for dry
months (JJAS). Therefore, the June, July, August,
and September (JJAS) months are the lowest rain-
fall recorded dry months. This section presents the
monthly time series of QPEs and CRU observation
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Figure 3. (a) Time Series of Monthly mean precipitation(b) Annual mean difference(c) Seasonal variation between

QPEsprecipitation product and CRU observation

precipitation in Figure 3(a). Although, a similar
pattern was recognized between all the QPEs pro-
duct and In-situ datasets. The CHIRPS showed the
overestimated precipitation compared to CRU
observation for the wet season (MAM and OND),
whereas PERSIANN-CDR indicates underestima-
tion precipitation. Figure 3(b) shows the average
annual rainfall between QPEs and CRU

observation. This annual average rainfall showed
the same rainfall pattern between CHIRPS and
CRU observation (Figure 3(b)). However, in recent
years, the CHIRPS showed some overestimated
rainfall records (nearly 40 mm) than CRU observa-
tion data (2011, 2012, 2014, 2017, 2018, 2019, and
2020), whereas PERSIANN-CDR shows underesti-
mating rainfall. CHIRPS data shows overestimation
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in wet seasons and underestimate in the dry sea-
sons (Figure 4(c)). Also, PERSINN-CDR shows
underestimated rainfall during the two wet seasons
(MAM and OND) and one dry season (JJAS).

The statistical analysis between CRU observation
and QPEs precipitation was carried out for individual
grids over the LVB. The various statistical matrices
plot between In-situ and QPEs showed in Figure 4 and
Figure 5. The spatial performance of continuous
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metrics over nine regions in LVB was shown in
Figure 4 using the Kriging interpolation method. The
qualitative ratings of PBIAS indicate that most areas
have ‘very good performance for CHIRPS and
PERSIANN-CDR products (Table 3). In the eastern
part of the LVB, the performance rating is “good” for
CHIRPS. Also, the southwestern corner of the studied
region shows a “good” rating for PERSIANN-CDR
compared to the CRU observation (Figure 4(a, d)).
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Table 3. Range of adopted values of the PBIAS for a particular
qualitative rating (Shrestha et al., 2017).

Performance rating PBIAS (%)
Very good <+15
Good +15 - £30
Satisfactory +30 - £55
Unsatisfactory +55

The qualitative ratings for all the regions have varied
from “very good” to “good”, and there is no unsatis-
factory rating found within this region. The MKGE
score for QPEs products compared to the CRU obser-
vation. The smaller MKGE score was found in the
northeast part of the studied region for the
PERSIANN-CDR product, indicating poor perfor-
mance with the lowest value of (0.23) (Figure 4(e)).
The highest MKGE score was found for the CHIRPS
products, which varied from 0.63 to 0.83 and indicated
excellent performance (Figure 4(b)). The distribution
of Theil’U indicates that the CHIRPS and PERSIANN-
CDR product accurately detect the precipitation event
against CRU observation (Figure 4(c, f)). Although,
most of the regions represent better forecasting with
smaller values (closed to 0). However, the CHIRPS
product has better accuracy in detecting the precipita-
tion event compared to PERSIANN-CDR.

The correlation coeflicient correlation indicates that
the CHIRPS data performed better than PERSIANN-
CDR data at annual and monthly scales. Figure 5(a)
showed that the relationship between CRU observation
and CHIRPS estimated data (0.803) was higher than
CRU and PERSIANN-CDR estimated data (0.734).
CHIRPS estimated data shown (Figure 5(b)) the
lower MAE value (1697 mm) compared to
PERSIANN-CDR estimated data (20.67 mm) at annual
and monthly scale. The MBE for CHIRPS and
PERSIANN-CDR estimated data has an average value
of —3.65 and 2.08, respectively shown in Figure 5(c).

Moreover, the RMSE values (Figure 5(d)) were lower
for CHIRPS estimated data (23.69 mm) which consider
the monthly mean precipitation based on the CRU
measurement (300 mm). It should be noted that both
QPE’s satellite products’ overall performance can be
considered suitable for meteorological drought moni-
toring and other allied studies. However, the statistical
comparison shows the better CC and lowest error in
terms of MAE, RMSE, and MBE for CHIRPS data in
almost all the points, indicating that the CHIRPS data
performed better in comparison of PERSTANN-CDR.

3.2. Drought monitoring and SPI

3.2.1. Comparison of SPI based drought events at
the temporal scale

The SPI-3, SPI-6, and SPI-12 indices were calculated
based on the CRU observation, CHIRPS, and
PERSIANN-CDR datasets from 1984 to 2020. The

CHIRPS and PERSIANN-CDR estimated rainfall
data showed the various meteorological drought
events on multiple time scales. These time scales (i.g.
3, 6, 12) describe the short, medium, and long-term
drought anomalies that impact water resource avail-
ability (Ionita, Scholz, and Chelcea 2016). The tem-
poral evolution of the SPI-3, SPI-6, and SPI-12 indices
are depicted in Figure 6 using observed and QPEs
satellite products. This figure was generated using
mean monthly precipitation datasets. Although, SPI
showed satisfactory results in comparison between
CRU observation and QPEs datasets. In general, four
major drought periods were identified by evaluating
the SPI-6 and SPI-12 temporal values over the past
37 years. In SPI-12, the drought events started in 1984
and continued until 2017 at severe drought condi-
tions, but not more significant in the present.
However, CHIRPS estimated data gives more accuracy
in terms of magnitude and identifies the drought event
for all scales.

CHIRPS estimated SPI drought events that started
in 1984 were overestimated, and this dry event atte-
nuated in 1994. These results indicate that the SPI
values from CHIRPS estimated data were overesti-
mated compared to the CRU observation. Therefore,
the drought events estimated from CHIRPS data were
more humid (Gao et al. 2018). Although evaluating
the SPI-12, CHIRPS identifies the long-lasting and
severe drought event (Figure 6(h)), which started
approximately 1990 and imprecise during 1995 over
the entire period (1984-2020). Similarly, the
PERSIANN-CDR estimated SPI-12 showed the high-
est magnitude of extreme drought event in 1992
(Figure 6(i)), the long drought period estimated by
CHIRPS. However, evaluating the performance of
capturing the behavior of drought events, CHIRPS
showed greater precision than PERSIANN-CDR.

The significant drought event has SPI values less
than - 2 and thus was classified as an extreme drought
event with high magnitude. Evaluating the behavior of
SPI-6, the extreme drought event identified in 1984,
1992, and 1998 for both QPEs estimated data. Figure 6
explains the great magnitude of the drought event,
which started in March 1984 and extended until May
2017. Although, PERSIANN-CDR had the highest
magnitude (> - 3.0) of extreme drought events com-
pared to CHIRPS (Figure 6(f)). Also, it should be
noted that the CHIRPS estimated SPI-6 values have a
similar range with referenced CRU observation. Still,
most of the PERSIANN-CDR estimated SPI-6 show
the overestimated values at extreme dry events. In
general, both QPEs estimated SPI-12 described the
Similar drought event at a severe scale (>1.5 to — 2)
based on the CRU measurement, especially for the
1992 drought event. However, some of the overesti-
mated severe drought found in PERSTANN-CDR esti-
mated data referenced CRU estimated drought event.
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The output of these studies collaborated with other
drought studies, which found similar extreme and
severe drought events over the LVB (Awange et al.
2007; Awange 2021). It found that the 1990 to 1995
period is the longest extreme drought event in the
analyzed historical period (Awange et al. 2013).
Although the strong influence of El-Nino/IOD condi-
tions was recorded from 2006 to 2010 (Evans,
Mukhovi, and Nyandega 2020), the long severe
drought condition was identified from 2011 to 2015
(Figure 6 (a, b)). It should be noted that the extreme
drought event in 1984 affected 200,000 people over
LVB (Awange et al. 2007), which increased in the
recent drought period (2011-2015). In the present
situation, 40 million people living around the LVB
are affected by these events and decline the rate of
food production. However, no other significant stu-
dies indicate the extreme and severe meteorological
drought event after 2000. these studies also evaluate
the major drought event in the recent past, which is
inversely related to the food supply and agriculture
production.

Figure 7 shows the scatter plots of SPI (i.e. 3, 6, 12)
based on CRU observation, CHIRPS and PERSIANN-
CDR estimated precipitation data over the LVB. This
visual analysis indicates that most of the PERSIANN-
CDR estimated SPI values were overestimated than
the values based on CRU observation. On the other
hand, the CHIRPS estimated SPI value was less

overestimated and suitable for capturing the drought
behavior than the CRU observation. Although,
changes influenced the accuracy of estimated SPI
values between CRU observation and QPEs products
in the multiple time scale. In general, CC, MBE, MAE,
and RMSE provide a more accurate assessment of
long- and short-term drought. The results indicate
the strong correlation agreement between CHIRPS
and CRU estimated SPI values with the range of 06-
0.72 (Table 4).

In contrast, the PERSIANN-CDR estimated data
show low satisfactory results (CC values are less than
0.5) compared to the CRU values. Evaluating the
PERSIANN-CDR estimated SPI values show the higher
MBE, which exceeds — 0.007 compared to the CHIRPS.
Negative MBE values indicate the overestimated values
from satellite estimated. However, this error was negli-
gible for assessing the long-term drought monitoring.
Also, the same results were identified for MAE when
evaluating the SPI values in multiple time scales. The
RMSE values indicate the low significant error and do
not exceed 0.7 for both the QPEs product. The perfor-
mance of CHIRPS was better on all the time scale.
Therefore, CHIRPS estimated data is more suitable to
identify drought events at a multitemporal scale.

Figure 8 shows the temporal comparison of the dry
and wet events for SPI-3, SPI-6, and SPI-12 based on
the CRU observation, CHIRPS, and PERSIANN-CDR
over the LVB. When compared to all of the other
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Figure 7. Scatter plot of SPI-3, SPI-6, and SPI-12 based on average monthly precipitation retrieved from CRU observation, CHIRPS,

and PERSIANN-CDR estimated data.

events, the percentage of Near Normal conditions was
higher. Extreme wet and dry events were less frequent
compared to severe and moderate conditions. SPI-3
results show the overestimated frequency for near
normal to extremely dry conditions by PERSIANN-
CDR. In contrast, CHIRPS data shows a similar fre-
quency percentage for SPI-6 and SPI-12 in dry events.

Comparison between the results of SPI-6 and SPI-12,
both the satellite estimated data show the overesti-
mated value for the near-normal event.

In contrast, PERSIANN-CDR indicates more
overestimated values for SPI-12 and CHIRPS for
SPI-6. Although, the extreme wet event was practi-
cally a more significant variation in the SPI-3 than



Table 4. Statistical analysis between CRU observation and
QPEs estimated precipitation product based on the SPI indices.

Statistics CHIRPS PERSIANN-CDR

SPI-3 SPI-6  SPI-12  SPI-3 SPI-6 SPI-12
cC 0.62 0.67 0.72 0.47 0.49 0.57
MBE 0.001 -0.002 -0.001 -0.007 -0.006 —0.001
MAE 0.49 0.47 0.41 0.57 0.56 0.53
RMSE 0.602  0.58 0.52 0.76 0.77 0.657

those in SPI-6. Thus, the events show a similar fre-
quency in the analysis of short and medium-term
drought monitoring. In addition, extreme drought
event based on CHIRPS estimated data shows a simi-
lar frequency to CRU observation. In contrast,
PERSIANN-CDR indicates the overestimated results
for the three-time scale of SPI (3, 6 and 12). Based on
the CHIRPS estimated data, the frequency was simi-
lar for all the types of events based on the CRU
observation.

3.2.2 Spatial comparison of SPI

Figure 9 depicts the monthly spatial distribution of
short, medium, and long-term drought (SPI-3, SPI-6,
and SPI-12) events during 2011 and 2012 using CRU
observational, CHIRPS, and PERSIANN-CDR esti-
mated data. This period had the highest peak in recent
decades from 2010 to 2020, in which 2012 year is more
critical than 2011. For short-term drought monitor-
ing, SPI-3 shows the highest peak in February and
March under the extreme classification. SPI-12 also
recorded the low rainfall and severe drought condi-
tions in October, November, and December. The
results indicate a similar spatial distribution for
CHIRPS and PERSIANN-CDR estimated data for
long-term-drought (SPI-12) events. There is a slight
difference between the SPI-12 in February, May,
September, and December for CHIRPS, whereas
PERSIANN-CDR results are more similar to the
CRU observation. For SPI-6, CHIRPS and
PERSIANN-CDR presented similar results, which is
helpful for medium-range drought monitoring in
LVB. Although, PERSIANN-CDR shows the slightly
overestimated values for SPI-3 in January and
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November. However, CHIRPS estimated spatial dis-
tribution shows similar SPI-3, SPI-6, and SPI-12
results based on the CRU observation.

The spatial distribution of extreme drought events in
the LVB over multiple time scales from 1984 to 2020 is
depicted in Figure 10. The results indicate the high
variability among the different QPE products and time
scales. It should be noted that the number of the
extreme dry event had higher values for the long-term
(SPI-12) scale. The spatial distribution between CRU
and CHIRPS shows a similar pattern for SPI-6, whereas
some underestimated number of dry events were found
for SPI-12. But the PERSIANN-CDR estimated results
show the overestimated values PERSTANN-CDR data is
used. Although, most of the higher number of extreme
drought events identify in the Northwestern and south-
western parts of the LVB. For medium and long-term
drought monitoring, the number of extreme events
increased in the northwestern region.

3.3. Comparison of future drought trend based on
Hurst exponent

The R/S analysis was used to estimate the Hurst expo-
nent of SPI values at multiple timescales to predict the
drought trend over LVB during 1984-2020. The spatial
distribution of the H values of SPI-3, SPI-6 and SPI-12
series of the QPE products was shown in Figure 11. The
H value indicates the long memory dependency struc-
ture (LTP), ranging from 0 to 1 (Adarsh et al. 2019).
According to the H index, the predictability of drought
events varies from various scaling ranges of SPI (Millan,
Macias, and Rabelo-Lima 2021). For example, the
results of the H value from SPI-3 ranged from 0.5 to
0.7, and SPI-6 ranged from 0.55 to 0.77. Whereas for
timescale 12, the variation ranges between 0.6 to 0.8.
These results indicate that the H exponent degree gra-
dually increases with an increase in timescale (Adarsh et
al. 2019). Although, the spatial distribution between
CRU observation and CHIRPS shows a similar future
drought magnitude for SPI-3 and SPI-6, whereas
PERSIANN-CDR product estimated H value shows
some overestimated SPI-12.
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Figure 8. Frequency analysis of dry and wet event categories of SPI at multiple time scales using three different datasets (1984-

2020).
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Figure 9. Monthly Spatial distribution of SPI-3 (a), SPI-6 (b) and SPI-12 (c) for 2012 over LVB.

It should be noted that the high H exponent was
observed in the north-eastern part of the LVB for
both QPE products. The average lowest value of H
exponent from CRU observation, CHIRPS and
PERSIANN-CDR for SPI-3 (0.56) were recorded
in the western part of the LVB. This finding indi-
cates the future drought trend is consistent with the
current state in this region. However, the estimated
H value from CRU observation and QPE products

from all stations in the LVB is higher than 0.5,
which indicates the future evolution trend of
drought continued to decrease in the future.
These reflect that the drought event in LVB is
frequent and continuous changes from drier to
humid. Moreover, our results have significant
implications for strategies to reduce the possibility
of damages caused by drought events at different
sub-basin levels of LVB.
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4. Discussion

In East Africa, this is the first attempt to evaluate two
precipitation products to monitor and predict the trend
of drought hazards in the Lake Victoria Basin. In con-
trast, the community of this region is witnessed the
drought event frequently. This study assessed the per-
formance of two widely used QPEs products with long-
term data records, such as CHIRPS and PERSIANN-
CDR, which indicate an alternative option for station-
based observation to detect the drought events. The
CRU data has been taken as reference data for compar-
ison. These studies promote satellite precipitation pro-
ducts to monitor climatic events, natural hazards, and
other relevant studies. In general, these two QPE pro-
ducts performed well to detect the drought events in the
eastern and south-western parts of LVB. Although
CHIRPS present better performance for several regions
of LVB, also PERSIANN-CDR performed satisfactory
results to detect this drought hazard in the studied
region. Thus, both CHIRPS and PERSIANN-CDR can
monitor and predict the drought events on the local
scale and be used in the different semi-arid regions
(Bouaziz, Medhioub, and Csaplovisc 2021; de Brito et
al. 2021). In comparing CHIRPS data, PERSIANN-CDR
is relatively weak for relevant the drought events spatial
pattern due to coarse spatial resolution (0.25°) and cor-
rected by GPCP data (Zhong et al. 2019). Therefore,
awareness should be taken while studying the spatial
characteristics of drought events using PERSIANN-
CDR. At the same time, CHIRPS data have a high spatial
resolution (0.05°) and are corrected by the in-situ gauge
observation (Pandey et al. 2020). As per the results,

CHIRPS performance is superior to PERSIANN-CDR
for monitoring and predicting the drought events over
LVB and validated by other studies (Shrestha et al. 2017;
Gao et al. 2018; Lai et al. 2019).

Zhao and Ma (2019) compared four QPEs products
such as TRMM, CHIRPS, CMORPH-BLD and
PERSIANN- CDR for meteorological drought monitor-
ing in a global scale evaluation. This study found that the
CHIRPS performed well for Africa, whereas PERSTANN-
CDR has satisfactory performance for this region (except
Central Africa). In addition, Atiah et al. (2020) evaluated
various satellite precipitation products and observed that
the CHIRPS had better skill over Ghana, West Africa.
These all findings are similar to our findings and reveal
the importance of QPEs products. For example, PBIAS
and MKGE score distribution indicate excellent perfor-
mance for CHIRPS products over the LVB. In some
cases, PBIAS and MKGE scores are still low for some
western parts of the LVB, due to the poor accuracy of
QPEs products. Therefore, these regions are unsuitable
for evaluating the QPEs product for drought monitoring.
Further evaluation is important using a local gauge net-
work for correcting the QPEs products. However, sparse
gauge networks limit the evaluation of QPEs studies over
Africa.

This study used the Hurst exponent to estimate the
future drought trend over the LVB and compared it
with these two QPEs products. As per the results, both
QPEs products show good agreement to predict the
future drought trend. Since the H values from QPEs
and CRU observation are higher than 0.5, which indi-
cate, the future drought trend will be decreased.
However, CHIRPS performed well compared to
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Figure 11. Spatial distribution of the Hurst Exponent (H) considering SPI-3, SPI-6, and SPI-12 over the LVB (1984-2020).

PERSIANN-CDR for capturing the future drought  of the predicted drought trend in the future and cannot
trend over LVB. Therefore, it is suggested that the  predict future drought events in various categories
CHIRPS data can be used as an alternative option for ~ (Tong et al. 2018). This present study also recom-
rain-gauge observation to predict the future drought  mended that the H exponent be useful in developing
trend. Although, this analysis cannot forecast the length ~ water management policies over LVB (Tatli 2015).



5. Conclusion

Long-term satellite-based QPEs provide an optional
precipitation source for meteorological drought mon-
itoring. This study evaluates more than 37 years of
QPE:s precipitation datasets (CHIRPS and PERSIANN-
CDR) for monitoring the meteorological drought
indices over the Lake Victoria Basin. The spatial and
temporal patterns of drought conditions were identified
based on SPI-3, SPI-6, and SPI-12. The highest rainfall
pattern was found at greater than 200 mm per year
from 2018 to 2020. The year with below-average rainfall
anomaly over the LVB was 1984, 1990, 1992, 1993,
1995, 2003, 2004 and 2005, and 1990 to 1995, recorded
for the most extended period low rainfall. SPI-3, SPI-6,
and SPI-12 results show the major drought event in the
recent decade in the LVB. CHIRPS datasets found the
main drought events with some underestimated and
overestimation values which is negligible. PERSTANN-
CDR captures the drought event but is more overesti-
mated for SPI values. The results of PERSTANN-CDR
presented poorer but still acceptable with negative MBE
(-0.006) and RMSE of 0.7 for both calibration and
validation. This study also examined the future drought
trend over LVB using the H exponent and predicted
that the degree of drought trend would decrease in the
future. Also, the predicted results from CHIRPS are
closed to observation, and this product is recom-
mended as an alternative option for station-based
observation. The outcome of this study highlighted
capturing the drought event in the recent decade and
future drought trends and providing information for
policymakers to reduce the social and economic impact,
especially agriculture and water supply. However, the
production of CHIRPS data takes a long time for error
correction using in-situ observation; therefore, it is
unsuitable for “strict-real-time” applications. In addi-
tion, PERSIANN-CDR is only suitable for historical
drought assessment due to their long lag time.
Moreover, drought is a long-term climate phenomenon
compared to floods and needs a larger timescale. For
this reason, these two QPEs products are acceptable for
“near-real-time” drought assessment. Therefore, real-
time and near-real-time QPEs were needed to develop
with a higher timescale for drought monitoring using
short-term and long term QPEs.
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