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15 September 2026 This study analysed drought occurrence in Mbarara District using ground-based
observations and satellite-derived rainfall estimates from the Climate Hazards
Keywords: Infrared Precipitation with Stations (CHIRPS) data (for the period 1981-2024)
and the Climate Prediction Center Morphing Technique (CMORPH) datasets
(1998-2023). A comparison between satellite-derived and in-situ rainfall data
was performed using simple linear regression and error metrics, while seasonal
trends were assessed using the non-parametric Mann-Kendall and Theil-Sen
methods. Results show that CHIRPS strongly agrees with ground-based
SPI Drought  gbgervations (R2 ~ 0.93, RMSE = 32.6 mm, PBIAS = 6.5%), while CMORPH
analysis.  exhibited weaker agreement (R2 ~ 0.47, RMSE = 42.9 mm, PBIAS = —17.0%).
Drought characterisation using the Standardised Precipitation Index (SPI)
reveals distinct drought episodes experienced during 1984—1993, 1999-2004,
2009-2013, 2017, and 2022-2024. Analysis of seasonal rainfall variability
shows a non-significant decrease in rainfall during the September-October-
November (SON) season. This study provides one of the longest station-
satellite-validated drought analyses for southwestern Uganda using CHIRPS
data. The observed patterns and episodic drought events highlight a need to
strengthen adaptive strategies in agriculture and water resource management to

mitigate the socioeconomic impacts of drought in the region.
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INTRODUCTION

Global greenhouse gas (GHG) emissions from
human and natural sources continue to rise,
leading to a steady increase in global temperatures
referred to as global warming (Arrhenius, 1897;
Ripple et al., 2024; Jackson et al., 2024). These
emissions have been attributed mainly to man-
made activities (e.g., urbanisation, deforestation,
poor management of industrial and agricultural
waste, fossil fuel use) rather than natural (e.g.,
volcanic eruptions, wildfires) causes (Ripple et
al., 2023; Samal et al., 2024). According to the
IPCC Sixth Assessment Synthesis Report
(Masson-Delmotte et al., 2023), the global mean
surface temperature rose by about 1.1°C above
pre-industrial levels (1850-1900) during 2011-
2020. This warming, which is largely attributed to
accelerated  urbanisation  and  industrial
development globally (Lee et al., 2023; Forster,
2025), has led to numerous environmental
impacts such as severe heatwaves, prolonged
droughts, intense rainfall, landslides, and flash
floods (van der Wiel & Bintanja, 2021; Vautard et
al., 2023). These climate change disasters threaten
agricultural productivity and food security (van
Asten et al.,, 2011; Twongyirwe et al., 2019;
Bwambale & Mourad, 2022; Nansamba et al.,
2022), income (Bhaga et al., 2020), and human
health (Epstein et al., 2020; Wang et al., 2023;
Maslin et al., 2025; Ssentongo et al., 2025).

Various studies have been conducted to validate
rainfall data products estimated from satellite-
based precipitation measurements (e.g., Dinku et
al., 2007; Kimani et al., 2017; Dinku et al., 2018;
Aksu & Akgiil, 2020; Omay et al., 2025). Omay
et al. (2025) assessed the accuracy of satellite-
based rainfall products over East Africa and the
IGAD member states for the period 2001-2020.
Out of the nine gridded satellite-based rainfall

estimates that they considered, the Climate
Prediction Center (CPC) MORPHing technique
(CMORPH, Joyce et al., 2004; Xie et al., 2017)
emerged as the best in terms of performance,
while the Climate Hazards Infrared Precipitation
with Stations (CHIRPS v2, Funk et al., 2015,
hereafter referred to as CHIRPS) ranked the
second best. This is supported by other previous
works carried out over East Africa (e.g., Kimani
et al., 2017), where CMORPH demonstrated the
highest accuracy relative to in situ rain gauge data.
However, the accuracy of satellite-derived rainfall
data products varies across locations due to
factors such as topography, rainfall intensity, and
the availability of long-term high-quality ground-
based gauge data (Kaprom et al., 2025;
Akinsanola et al., 2026). Some reports suggest
that CHIRPS performs better over equatorial East
Africa (e.g., Ageet et al., 2022). A comparative
assessment between ground-based in situ rainfall
observations and satellite-derived precipitation
products was therefore performed in order to
evaluate their consistency and reliability for
rainfall and drought analysis in Mbarara.

Problem Statement

Drought is one of the major climate-related
hazards affecting agriculture, water availability,
and livelihoods in Uganda. In Mbarara and the
surrounding cattle corridor, variability in rainfall
together with increasing temperature extremes
may increase vulnerability to drought and water
stress. The vulnerability of agriculture to drought
is further demonstrated by van Asten et al. (2011),
who reported substantial reductions in Uganda’s
highland banana production during dry periods.
Owoyesigire et al. (2016) reported significant
increases in hot days and warm nights in Mbarara,
with potential implications for heat stress,
surface-water availability, and pasture conditions.
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Despite these concerns, drought conditions in
Mbarara have not been sufficiently characterised.
Previous studies have mainly examined rainfall
and temperature variability, agricultural impacts,
or drought at regional and national scales
(Kyatengerwa et al., 2020; Byakatonda et al.,
2021; Okirya & Du Plessis, 2024; Ssembajwe et
al., 2025). Consequently, there 1is limited
information on the frequency, duration, severity,
and persistence of drought in Mbarara across
different timescales. In addition, reliance on
individual meteorological stations can limit the
availability and spatial representation of long-
term rainfall observations, while annual rainfall
totals may not adequately capture seasonal and
short-term rainfall deficits that contribute to
drought.  Satellite-derived rainfall products
provide an opportunity to address some of these
limitations by offering continuous and spatially
extensive rainfall estimates. However, their
reliability varies by region (Okirya & Du Plessis,
2024; Omay et al., 2025) and therefore requires
assessment against ground-based observations
before they are used for local drought monitoring.
There is consequently a need to evaluate the
performance of satellite-derived rainfall products
and use reliable rainfall estimates to characterise
drought conditions in Mbarara.

This study therefore compares long-term drought
variability derived from ground-based gauge data
and satellite-derived rainfall data products for
Mbarara, providing evidence on their consistency
and suitability for drought assessment in
southwestern Uganda. The study utilized
Standardized Precipitation Index (SPI; McKee et
al., 1993) in the analysis and assessment of
drought using in situ and satellite data products.
SPI values were compared to determine whether
differences in ground-based and satellite rainfall
data lead to different estimates of long-term
drought characteristics in Mbarara. Unlike the
Standardised Precipitation Evapotranspiration
Index (SPEI), which incorporates both
precipitation and potential evapotranspiration
(Vicente-Serrano et al., 2010; Begueria et al.,
2014), SPI depends solely on precipitation.

However, both SPI and SPEI have proved reliable

for drought analysis (Gumus, 2023; Filipovi¢ et
al., 2025; Mungul et al., 2025; Mukama et al.,
2025). The primary aim of this study is twofold:
(i) to evaluate the feasibility of using satellite-
derived precipitation products for drought
monitoring and analysis, and (ii) to assess the
historical occurrence and characteristics of
droughts in Mbarara for the period 1981-2024.

DATA AND METHODS
Study Area and Data

Mbarara District and surrounding
(southwestern region) generally experience a
bimodal rainfall pattern, with two main rainy
seasons:  March-April-May (MAM)  and
September-October-November (SON).
December-January-February (DJF) and June-
July-August (JJA) are usually dry in most parts of
the country (Nicholson, 2017). The rain gauge

data used in this study are for the Mbarara Kakoba

arcas

meteorological station located at a latitude of 0°
37'00.05" S and longitude = 30° 39'00.04" E. The
elevation of this site is ~1412 m above sea level.
The study used gauge data from the Mbarara
Kakoba station. Monthly rainfall data covering
the period 1980-2024 were obtained from the
records of the Uganda National Meteorological
Authority (UNMA) and made available by a co-
author.

CHIRPS data which is publicly available at
https://data.chc.ucsb.edu/products/CHIRPS-2.0/

x 0.05° (~5km x5
km) global precipitation dataset developed by the

is a high-resolution 0.05°

Climate Hazards Group at the University of
California, Santa Barbara, with rainfall estimates
on daily, pentad (5-day), decad (10-day), monthly,
and annual timescales spanning long periods of
time, from 1981 to the near-present (Funk et al.,
2015). Monthly rainfall data for the period 1981
to 2024 were downloaded. The CMORPH data
products are also publicly available at
https://www.ncei.noaa.gov/data/, from which
CMORPH monthly rainfall data for the period
1998-2023 were obtained.
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Methods

The CMORPH and CHIRPS data were analysed
using various Python packages. These include 1)
Xarray (Hoyer & Hamman, 2017) for multi-
dimensional array handling of gridded data,
making it easy to manage time-series satellite
data, 2) netCDF4 (Whitaker et al., 2024) and
Pandas (McKinney et al., 2011) for NetCDF
format and data manipulation (data merging,
grouping, rolling computations, and time
indexing). Other packages used include
Geospatial Data Abstraction Library (Gdal &
Warmerdam, 2008) via Osgeo (Mclnerney et al.,
2015; Rouault et al., 2026). The Osgeo package
provides Python bindings for GDAL. These help
access raster metadata, crop to a specified region
or bounding box, as well as extract pixel values
for analysis.

For CHIRPS, global monthly rainfall datasets
were used. The monthly precipitation values for
Mbarara were assumed to be those corresponding
to the coordinates of the Mbarara-Kakoba
meteorological station, and the values were
extracted from the clipped NetCDF files using
Xarray by selecting the grid cell closest to the
station’s geographic coordinates (using the data
variable “precip”). For CMORPH, daily rainfall
data products were used. They were subsequently
combined by coordinates and resampled into total
monthly rainfall datasets. The variable “cmorph”
used to obtain the rainfall
corresponding to the grid nearest to the area of

was values
interest (coordinates corresponding to Mbarara
Kakoba station). The extracted rainfall values
were organised into clean, structured formats
(with time as the index) for easy analysis and
visualisation. A linear least-squares regression
was performed to compare satellite-derived
precipitation data (CHIRPS and CMORPH) with
in situ ground-based gauge measurements. The
degree of agreement was assessed using the
coefficient of determination (R?) and the RMSE
calculated using Eqn. (1):

RMSE = \/%2?:1(1% ~B)%,

Where P; is the actual observed ground-based
precipitation value, £ is the estimated or satellite-
derived value, and »n 1is the number of
observations. In addition, the percent bias
(PBIAS) was determined using Eqn. (2);

_ Ziza(Si-0)

PBIAS = == x100,
2i=1 0;

Where S; is the satellite-derived rainfall value
corresponding to the observed (gauge) value, O;
and »n is the number of observations.

The SPI corresponding to a time scale, ¢ in
months, can be calculated as a deviation from the
mean after normalising it by the standard
deviation over the entire period of study, 7, using
Eqn. (3) (e.g., McKee et al., 1993, 1995):

Where P is the precipitation for time scale ¢, P is
the mean precipitation over a long period 7, while
c is the standard deviation associated with the
long-period precipitation. The time series rainfall
records from the Mbarara-Kakoba meteorological
weather station and CHIRPS precipitation data
were treated separately. The time series rainfall
data were aggregated to the specified timescale
(e.g, 3 months) and subsequently fitted to a
gamma probability distribution function (Stagge
et al., 2015) using Eqn. (4)

a-1 _
flx) = mexp (?x) forx >0,

Where a and f are the shape and scale parameters,
respectively. A gamma probability distribution
function is widely recognised as the optimal
distribution for modelling precipitation data and
for computing SPI (McKee et al., 1993; Guttman,
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1999). The cumulative density function (CDF)
was thereafter computed using Eqn. (5):

— 1 X _a-1 -x
F(x) = S fo x exp(ﬁ)dx,

. (5)

Where I'(a) is the gamma function defined as:

r(a) = foox“_l exp(—x)dx.
0

The CDF was normalised so as to transform it into
standard normal variables known as SPI by
following the approximation technique developed
by Abramowitz and Stegun (1965). These steps
were carried out within the SciPy package
(Virtanen et al., 2020; Gommers et al., 2024). The
maximum likelihood estimate (MLE method)
approximates the scale and shape parameters as
follows:

1 4A X
1+ —-andf =—

“=1a 3 a

Where A represents the sample statistic for n
observations with an average value, x, expressed
as:
, Xin()
A=In(x)— —
Different time scales (1, 2, 3, 4, 6, 12, 24, and 48
months) were used to compute SPI, capturing
various classes of drought from short-term
meteorological and agricultural drought to long-
term water scarcity and hydrological drought. The
obtained SPI threshold values were used to

classify drought according to McKee et al. (1993).
Table 1 shows drought classification based on SPI
values and the corresponding event probabilities
as suggested by McKee et al. (1993). The
classification of periods as wet or dry was guided
by the obtained SPI values, which were compared
against the threshold values presented in Table 1.
Drought classification was performed
independently for CHIRPS and ground-based
data, after which the outcomes were compared to
assess consistency.

Table 1: SPI Values and Corresponding Event Probabilities

SPI value Category Probability (%)
2.00 or more Extremely wet 2.3
1.50 to 1.99 Severely wet 4.4
1.00 to 1.49 Moderately wet 9.2
0to0 0.99 Mildly wet 34.1
0to —0.99 Mild drought 34.1
—1.00 to —1.49 Moderate drought 9.2
—1.50 to —1.99 Severe drought 4.4
—2 or less Extreme drought 2.3

Source: (McKee et al., 1993)

Trend analysis was performed using the non-
parametric Mann-Kendall (MK) test (Mann,
1945; Kendall, 1948) and Theil-Sen's method
(Theil, 1950; Sen, 1968). Severe drought
conditions are mostly experienced during the JJA
season, while moderate droughts tend to occur
during the DJF period (Palmer et al., 2023). The
highest drought risks are those experienced during
the crop growing season, especially MAM, as
these droughts often result in crop failure and
pasture loss (Byakatonda et al., 2021; Ngoma et
al., 2021; Ojara et al.,, 2024a). The wettest
conditions and most beneficial to crop growing,

typically occur during the MAM season, which is
the longest rainy period, followed by moderately
wet conditions during SON (Nsubuga &
Rautenbach, 2018; Omay et al., 2023). Seasonal
trends were therefore determined for each of these
four periods: MAM, JJA, SON, and DJF, to assess
temporal variations of drought.

RESULTS AND DISCUSSION

Figure 1 shows the distribution of monthly rainfall
for ground-based data over a period of 45 years
(1980-2024) with emphasis on a few selected

years: 1999 (long and extreme drought
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conditions), and 2024 (mild drought). The two
main rainy seasons (MAM and SON), as well as
the dry spell (JJA and DIJF), are clearly
distinguishable from the displayed data. The
bottom panel of Fig. 1 presents a 2-D heatmap
illustrating the detailed biannual rainfall
distribution, with the colour scale representing
rainfall intensity. Historically, Mbarara receives
its peak rainfall during the MAM and SON
seasons (Nsubuga et al., 2014; Okirya & Du
Plessis, 2024), providing critical
necessary for agricultural activities and crop
growth. In contrast, DJF and JJA seasons are
generally dry across the region. Various online
sources (e.g., Tenywa, 2007; Arinaitwe, 2024)
reported dry and drought events across the period
of study: 1998-1999, 2005, 2008, 2010-2011,
2014-2019, 2020-2022, 2023, and 2024. These
are clearly visible in the heatmap presented in Fig.
1. It should be noted that the longest dry periods
observed between 1998 and 2002,
characterized by monthly rainfall totals of less
than 8 mm, as can be seen in the heatmap shown
in Fig. 1. Considering the amount of rainfall

moisture

WEre

recorded, the most prolonged dry period happened
in 1999, when rainfall for May, June, and July fell
below 3 mm per month (on average) as can be
seen in the top left-hand panel of Fig. 1. Such
early onset of dry spell which happened during
crop growing season is disastrous and indeed led
to severe reductions in crop yields, particularly in
maize, beans, and banana plantations (Anyamba
et al., 2002). The light-blue shaded region in the
top left-hand panel shows the 95% confidence
level around the average rainfall (shown in black)
over the study period. The top right-hand panel
presents a box-and-whisker plot of the same
rainfall distribution over the 45-year period. The
box represents the interquartile range (IQR),
encompassing the middle 50% of the data, with
the lower and upper bounds corresponding to the
25th and 75th percentiles, respectively. The
horizontal red line within the box indicates the
median, while the red filled circles represent
average rainfall for each month during the study
period. The whiskers extend to the data range
within 1.5 times the IQR. Data points beyond this
range are represented by black open circles.

Figure 1: Distribution of Annual Monthly Rainfall for Ground-Based Rain Gauge Data for the

Period 1980-2024
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1980
1982
1984
1986
1988
1990
1992
1994
1996
1998
2000
2002

Year

2004
2006
2008
2010
2012
2014
2016
2018
2020
2022
2024

JAN FEB MAR  APR MAY  JUN JuL

Month of the year

Left-hand panel: Annual monthly rainfall
distribution showing average rainfall (black
solid line) and the 95% confidence interval
(light blue shaded region). Right-hand panel:
A box-and-whisker plot showing the mean
rainfall  (red  filled circles),
(horizontal red solid lines), and interquartile

median

range over the study period. Bottom panel:
Bimodal rainfall distribution using a two-
dimensional heat map.

Comparison of in situ and Satellite-Derived
Rainfall Data

Based on simple regression analysis, CHIRPS

showed a strong linear relationship with ground-

based gauge measurements (R> ~ 0.93), while
CMORPH exhibited a weaker correlation (R? ~

Figure 2: Left-Hand Panel
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0.47) and greater scatter. While both showed high
0.81 for
CHIRPS and r = 0.73 for CMORPH data), percent
biases of 6.5% with CHIRPS and —17.0% for
CMORPH were observed relative to the gauge
CMORPH data were
excluded from further analysis. Figure 2 shows a
comparison of ground-based and CHIRPS
The left-hand panel
compares the distributions, with ground-based
in blue and CHIRPS
estimates in red. The right-hand panel illustrates
the strong correlation between the two datasets. In
the right-hand panel, the black dashed line
indicates the one-to-one relationship, and the red
solid line represents the linear least-squares fit.

correlation coefficient (Pearson r

data. Consequently,

monthly rainfall data.

observations shown

The two datasets exhibit excellent agreement.
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Distribution of ground-based rain gauge data
(blue) and CHIRPS data (red). Right-hand panel:
Relation between ground-based and CHIRPS
data. The black dashed line shows a one-to-one
relation, while the red solid line represents a linear
fit to the data.

SPI

Figure 3 shows drought conditions on a scale of 1
month (top panel) and 3 months (bottom panel) —
see also Fig. 4 for scales of 2, 4, 6, 12, 24, and 48
months. On a scale of one month, severe droughts
(SPI <—1.5) lasting for at least two months (and a
severity value greater than 5) exist for the years

1984, 1986, 1990, 1999, 2002, 2004, 2013, and
2023. These happened mainly between the
months of June and August. Figure 4 shows wet
and drought conditions using SPI computed using
in situ and CHIRPS data. There is good agreement
between the model and observed in situ data, with
a correlation coefficient greater than 0.6 for scales
of 2, 3, 4, and 6 months. The correlation becomes
weaker at larger scales (12, 24, and 48 months), as
shown in Figure 5, probably due to data paucity —
data smoothing may amplify short-term
variability and small systematic differences
between the two datasets.

Figure 3: Occurrence of Drought at a Scale of One (top panel) and Three Months (bottom panel)

Based on Ground Gauge Data
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with reported droughts in Mbarara district
and surrounding areas.
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Figure 4: Standardised Precipitation Indices Measured Using a Ground-Based Rain Gauge and

CHIRPS Data.
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The wet and dry periods are represented by the blue and red colours, respectively.

Figure 5: Comparison of SPI values from CHIRPS (blue dashed line) and ground-based rain

gauge (red solid line) data over different timescales
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The corresponding values for the coefficient of determination (R’) are annotated in the figure.

Trend Analysis

To assess variations in rainfall, the non-
parametric Mann-Kendall (MK) test (Mann,
1945; Kendall, 1948) and Theil-Sen’s method
(Theil, 1950; Sen, 1968) were used. The MK test
indicates whether a trend exists without assuming
any specific data distribution. This makes it
suitable for analysing trends in climate data. Sen’s
slope estimator was used to quantify how strong
the trend is. The seasonal analysis of drought
variability in Mbarara shows that the most severe
drought events predominantly occurred during the
JJA season, whereas moderate drought conditions
were more frequently observed during DJF. This
seasonal pattern is consistent with the

climatological characteristics of rainfall in

Mbarara and agrees with previous observations of
seasonal  drought variability in Uganda
(Nicholson, 2017; Ojara et al., 2024b). To capture
these intra-annual variations, trend analyses were
conducted separately for MAM, JJA, SON, and
DJF. As shown in Fig. 6, rainfall in Mbarara
exhibited an increasing trend during DJF (S =3.8
mm year ') and a decreasing trend during SON (S
— 3.7 mm year '). However, neither trend was

statistically significant (p > 0.05), indicating that
the observed seasonal changes do not provide
sufficient evidence of a systematic long-term
change in rainfall. These findings contrast with
those of Owoyesigire et al. (2016), who reported
a significant warming trend in Mbarara during
1961-2013, with potential implications for heat
stress and surface-water availability.
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Figure 6: Seasonal Variability of Rainfall
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The analysis indicates positive rainfall trends
during DJF, MAM, and JJA seasons. The
SON season exhibits a negative trend,
suggesting a decline in rainfall during this
period.

To assess severity, drought was further classified
into three severity categories based on SPI
thresholds: (i) —1.0 < SPI < —1.5 (moderate
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Year

19190 2020

drought), (ii) —1.5 < SPI < —2 (severe drought),
and (iii) SPI < —2 (extreme drought). The data
were then aggregated into consecutive five-year
periods, and for each period, the number of
months falling within each drought category (i.e.,
drought frequency) was determined. The findings
(presented in Fig. 7) indicate that at least one
episode of severe or extreme drought occurred in
every five-year period analysed.

Figure 7: Temporal Distribution of Drought Frequency across Five-Year Periods based on SPI
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Drought conditions were classified as
moderate (—1.0 < SPI < —1.5), severe (—1.5
< SPI < =2), and extreme (SPI < —2). Each
bar represents the number of months within
each drought category for the corresponding
five-year interval.

Limitations of the Study

The validation of satellite and gauge data was
limited to a point-to-pixel comparison using a
single meteorological station. This may not fully
represent regional rainfall variability. In addition,
the drought analysis relied mainly on SPI, which
considers only precipitation and excludes
temperature and effects.
Nonetheless, the strong agreement between
CHIRPS and station observations demonstrates
the wusefulness of satellite-derived rainfall

evapotranspiration

products for drought monitoring in data-scarce
regions, as they provide important baseline
information for climate risk assessment, drought
early warning, agricultural planning, and water
resource management.

CONCLUSION

While East Africa generally receives bimodal
rainfall (Dinku et al., 2007; Nicholson, 2017,
Ngoma et al., 2021), it also experiences very
strong spatial rainfall and climate variability
(Liebmann et al., 2014; Nicholson, 2015) due to
complex topography (Palmer et al., 2023). This
study assessed rainfall variability, satellite rainfall
performance, and historical drought occurrence in
Mbarara, southwestern Uganda, using ground-
based observations and satellite-derived rainfall
estimates. The validation analysis showed that
CHIRPS performed substantially better than
CMORPH in reproducing gauge observations,
with R* = 0.93 and 0.47, respectively. Drought
characterisation was therefore based on gauge and
CHIRPS data. Multi-timescale SPI
analysis identified recurrent moderate to severe
drought episodes, notably during 1984—-1993,
1999-2004, 2009-2013, 2017, and 2022-2024.
These events often coincided with the critical
seasons (MAM SON),
highlighting their potential socioeconomic
impacts on rain-fed farming and water supply

rainfall

agricultural and

systems. The observed wet and dry periods also
broadly correspond to ENSO-related variability
reported for East Africa, including conditions
associated with 1983, 1998-1999, 2006, 2010-
2011, and 2023-2024 (Nicholson & Kim, 1997;
Omondi et al., 2013; Forster, 2025). The findings
are consistent with earlier evidence of rainfall
variability in southwestern Uganda (Nsubuga et
al., 2014) and more recent drought assessments in
Uganda (Ojara et al., 2024b). However, the
superior performance of CHIRPS over CMORPH
in Mbarara differs from findings reported by
Kimani et al. (2017) and Omay et al. (2025). This
difference highlights the need for local validation
of satellite-derived rainfall products before their
application in drought monitoring, as the
performance of these products may vary across
regions and datasets. Nevertheless, the strong
agreement between CHIRPS and the ground-
based observations supports its use for drought
monitoring in Mbarara.
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