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Abstract: Although in situ rainfall data remains the most accurate, the gauge network density in East
Africa is sparse. It lacks continuity, thus making it inadequate to assess the spatial and long-term rainfall
trend and variability accurately. As such, rainfall remote sensing data are normally used instead of
ground station data. This study evaluates the capabilities and limitations of remote sensing data
compared with ground-based observations in Tanzania's Pangani Basin in assessing the seasonal and
annual rainfall trends and variability. Data from the Climate Hazards Group Infrared Precipitation with
Stations (CHIRPS) and twenty-three ground stations were analyzed, comprising a time series from 1990
to 2022. Trend analysis was conducted using the Mann-Kendall test, while the spatial distribution of
precipitation was determined using Sen's slope method. CHIRPS annual rainfall showed good
agreement with station rainfall data, with NSE, R?, slope, Pbias, MAE, and RMSE values of 0.84, 0.92,
0.92, 7.55%, 297.4, and 397.1, respectively. The coefficient of variation from station data indicated
extreme variability, exceeding 30% for annual rainfall, while CHIRPS data showed moderate
variability, ranging from 20% to 30%. Both station data and remote sensing data showed an increasing
trend for annual and seasonal rainfall at least 10 stations. However, stations like Maji Moshi, Kiungu
Primary School, Segera C. Tank, and Kibong’oto exhibited an increasing trend for vu/i rainfall with
CHIRPS data, while station data indicated a significant decreasing trend.The study highlights the
necessity for calibration and validation to avert misinterpretations in climate trend analyses, especially

at the basin level.
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1. Introduction

Climate change intensifies the hydrological cycle, leading to changes in rainfall patterns. In high
latitudes, precipitation is expected to increase, while it is projected to decrease across large parts of the
subtropics (IPCC 2021). As a key component of the hydrological cycle, precipitation significantly

influences water availability, stream flow patterns, groundwater reserves, and soil moisture, directly
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impacting ecosystems, agriculture, and food security (Lakshmi et al., 2018; Sharma & Mujumdar, 2019;
Tao et al., 2021). These changes result in more intense rainfall, flooding, and drought in many regions
(Cuthbert et al., 2019; Marengo et al., 2020; Yang et al., 2020). Extensive records from weather stations,
satellites and radar clearly show that precipitation patterns have shifted globally (IPCC, 2022). Three
major shifts documented are (a) some regions receiving more annual or seasonal precipitation and others
less (Deitch et al.,2017; Dore, 2005; Trenberth, 2011) (b) many regions have seen increased heavy
precipitation, and many have seen either increases or decreases in dry spells (Singh et all., 2014; Thoithi
et al., 2021) and (c) some regions have seen shifts towards heavier precipitation events separated by

more prolonged dry spells (Zolinz et al., 2010; Nicholson, 2017).

In East Africa, rain-fed agriculture is the dominant sector of the economy, supporting a substantial
segment of the population (Assefa et al., 2007; Ayanlade et al., 2018; Nechifor & Winning, 2018).
Nevertheless, it faces uncertainties due to extreme weather events directly impacting crop yields and
livelihoods (Ndebele-Murisa & Mubaya, 2015). Studies show that the impact of extreme events, such
as drought, on crop yields in the region is largely negative. Major grain crops, such as wheat, are

projected to decline by up to 72% of current yields by the end of the 21st century (Adhikari et al., 2015).

Additionally, the region heavily relies on hydropower for electricity generation, emphasizing the critical
role of rainfall (Falchetta et al., 2019; Palmer et al., 2023; Turner et al., 2010). Therefore, understanding
rainfall trends and variability is vital for informed decision-making and adaptive capacity-building in
response to changing weather patterns. By conducting spatial and temporal analyses, it becomes feasible
to recognize both increasing and decreasing patterns of precipitation variation. Consequently, this
allows for the identification of shifts in behavior and the pinpointing of areas that necessitate targeted
interventions. Such changes may have been associated with human pressure, such as land use change
or natural phenomena like El Ni'no and La Ni"na (Dorji et al., 2021; Kijazi & Reason, 2009; Liu et al.,
2021; Nguyen Van et al., 2023).

While global studies provide insights into rainfall variability, regional variations necessitate localized
data for more precise assessments. For instance, studies in India reveal significant regional disparities,
with Western India experiencing high variability and other regions demonstrating negative trends
(Praveen et al., 2020). Similarly, studies in Kolkata, a tropical region in India, reported increased rainfall
of 0.03mm/y using the Global Precipitation and Climate Centre (GPCC v. 7) remote sensing product,
while the Northeast of India exhibited a decreasing trend (De et al., 2023; Singh & Kumar, 2022).
Positive rainfall trends were observed in specific regions of Bangladesh (Rahman & Azim, 2023). The
study in Africa shows that increased rainfall positively impacts agriculture in northern African countries

(Alahacoon et al., 2018, 2022). Yet, localized studies, such as those in the Sebou River Basin (SRB),



Northern Morocco, revealed a significant decreasing trend in rainfall, particularly during winter and

spring (Kessabi et al., 2022).

In East Africa, studies reported tendencies towards drier conditions in the long rains from the mid-1980s
to 2010 (trends of -0.65 to -2.95 mm per season per year), with some recovery thereafter, while the
short rains have become wetter since the mid-1980s (1.44 to 2.36 mm per season per year) (Palmer et
al., 2023). However, local and regional studies in East Africa displayed differing results, such as non-
statistically significant variability in certain zones of Ethiopia and inconclusive trends in the Ziway
River Basin (Hordofa et al., 2022; Teshome et al., 2022). Additionally, investigations in the Sidama
region of Ethiopia presented mixed results, deviating from prior findings (Ware et al., 2023). Studies
conducted in the Pangani basin in Tanzania reported a decreasing trend in some stations, contrary to
regional East African studies. The variations between regional or global studies and local studies
highlight the need for further localized investigations to understand rainfall patterns effectively for

water planning and management.

Previous studies in the Pangani basin by Lalika et al. (2015) utilized only four stations to explore
seasonal and annual rainfall trends, while another study by Msovu et al. (2020) relied on 10 stations,
underscoring limitations associated with the present ground station data. While in situ rainfall data
remains the most accurate, the gauge network density in East Africa is sparse; it lacks continuity and is
thus inadequate to describe spatial and long-term rainfall trends accurately. In addition, the limited
length and inconsistency in the observational data (Msovu et al., 2020; Ongoma & Shilenje, 2016;
Schreck & Semazzi, 2004) are often characterized by missing information due to difficulties in data

collection.

Remote sensing technology is a promising solution, offering synoptic, continuous, and near-real-time
precipitation observations. Yet, remote sensing faces challenges despite its potential, including
measurement errors and uncertainties (Sheffield et al., 2018). Global studies have widely utilized
remote sensing rainfall products for rainfall trend analysis. For instance, (Alahacoon et al., 2022)
explored the Tropical Applications of Meteorology Using Satellite Data and Ground-Based
Observations (TAMSAT) rainfall dataset. However, the performance of this rainfall product was not
assessed using station rainfall data from African regions. Ware et al. (2023) utilized the TerraClimate
gridded dataset to investigate spatiotemporal variability and trends in rainfall. Their findings regarding
annual, Badhesa, and Hawado rainfall trends revealed statistically non-significant increasing trends
across most parts of the region, contradicting previous studies such as those by Alemayehu & Bewket,
(2017), Ali Mohammed et al. (2022) and Matewos & Tefera (2020). These earlier studies reported
significantly declining rainfall trends in the Rift Valley region. The study attributed this discrepancy to

the data source.



In a tropical watershed in Brantas, Indonesia, CHIRPS rainfall satellite data, rain gauge data, and
farmers' perceptions were utilized to assess long-term rainfall trends. Discrepancies between satellite
and field data were found, with the study attributing these differences to the varying capabilities of the
two scientific tools in sensing and measuring rainfall phenomena (Wiwoho et al., 2023). In many cases,
remote sensing data for trend analysis are employed without further validation in the study area (Cattani
etal., 2018; Chiaravalloti et al., 2022; Omondi & Lin, 2023). Furthermore, there is a lack of comparative

analysis of rainfall trends and variability using remote sensing and ground station data.

To fill this gap, the study aimed to (1) assess the spatiotemporal, seasonal, and annual rainfall trends
and variability in the Pangani Basin, and (2) compare the temporal and spatial trends and rainfall
variations in the Pangani basin using remote sensing and ground station rainfall data. By doing so, this
research seeks to contribute valuable insights into the effectiveness of remote sensing for precipitation
monitoring in East Africa. This work innovates by comparing rainfall trends and variation from both
remote sensing and ground stations. Trend analysis is key for strategic decision-making and strategic

allocation of resources to aid the Pangani Basin authority.

2. Materials and Methods

2.1 Study area description

The Pangani River Basin (PRB) is located between coordinates 36° 20' E, 02° 55' S and 39° 02' E, 05°
40" S as shown in Figure 1. It covers an area of about 43,650 km? mainly in Tanzania, with
approximately 5% in Kenya. In Tanzania, the Basin is spread over four administrative regions:
Kilimanjaro, Arusha, Manyara, and Tanga. Most of the Kenyan portion of the Basin falls within the
Taita—Taveta District. The Pangani River has two main tributaries, the Kikuletwa and the Ruvu, which
join at Nyumba ya Mungu, a reservoir of about 140 km?. The effluent of the reservoir is known as the
Pangani River, which flows for 432 km before emptying into the Indian Ocean. Rainfall within the
basin is bimodal, meaning the area receives long rains (masika) from March to June and short rains
(vuli) from October to December (PBWO/IUCN, 2006). Annual rainfall ranges from 300-800 mm in
the lower part of the catchment to 1200-2000 mm in the highlands of Mount Meru and Kilimanjaro
(Komakech et al., 2011; Msigwa, Komakech, Salvadore, Seyoum, Mul, & van Griensven, 2021).
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Figure 1: Geographical location of the study area

2.2 Data Sources

This study utilized data from twenty-three rainfall stations operated by the Pangani Basin Authority and
the Tanzania Meteorological Agency over a span of 32 years (1990-2022). Initially, we acquired rainfall
data from thirty-five rainfall stations. However, these stations had long-term missing data that was
impossible to fill. Among the twenty-three selected stations, there was at least less than 10% missing
data. The remote sensing dataset for the 32 years was obtained from the Climate Hazards Group Infrared

Precipitation with Stations (CHIRPS) data website (https://chc.ucsb.edu/data/chirps). The CHIRPS data

are provided at a spatial resolution of approximately 5 km and a temporal resolution of 5 days (Funk et
al., 2015). The CHIRPS 2.0 dataset was used, a bias-corrected and quality-controlled version of the
original CHIRPS dataset (Funk et al., 2015).

2.3 Validation of Remote sensing data

Validation analyzes were performed on monthly, seasonal, and annual scales. The CHIRPS data for
validation were collected by superimposing the location point of the rainfall station over the CHIRPS

image pixel. Various statistical measures such as Mean Absolute Error (MAE), Root Mean Square Error
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(RMSE), Percentage Bias, and the correlation coefficient r were used to validate the remote sensing

data.
2.4 Trends Analysis

Mann-Kendall test: In this study, we employed the Mann-Kendall test (Kendall, 1973; Mann, 1945), a
non-parametric statistical method based on a rank system, to identify trends in long-term rainfall data
series. The Mann-Kendall test is particularly suitable for detecting trends in hydro-climatic data series
due to its lower sensitivity to abrupt changes (Animashaun et al., 2020; Mulugeta et al., 2019; Seenu &
Jayakumar, 2021). This robust test is suitable for non-normally distributed data and detects monotonic

(increase or decrease) but not necessarily linear trends.

The test statistic for the Mann-Kendall test is calculated as:

S = XL Zikisq sign(x) — x;) (1)
Where:

S is the Mann-Kendall statistic.

n is the number of data points

x; and x; are data values at different time points.

sign(x; — x;) returns the sign of the difference between x; and x;:
sign(x; — x;) = +1if x5 > x;

sign(x; —x;) = —1if x5 <x;

sign(x; —x;) = 0ifx; = x;

Sen's slope estimator: In conjunction with the Mann-Kendall test, Sen's slope (Sen, 1968) estimator
was used to quantify the magnitude and direction of any significant trends identified. This slope
estimator is resistant to outliers and provides a robust estimate of the trend's rate of change (Ali et al.,

2019; Almazroui, 2020).
The formula to calculate Sen's slope (Q) is:

Q = Median(x(]—) - X(i)) (2)



where:

X(j) and Xjy are data values at different time points.

Q is Sen's slope estimator, representing the median of all possible slopes between data points.
2.5 Rainfall Variability

Coefficient of variation (CV): CV for each season and annually at each grid point was used to assess
rainfall variability relative to the mean. Higher CV values indicate greater variability (Alemu &

Bawoke, 2020).

The formula for the Coefficient of Variation (CV) is:

CV =

(Standard Deviation

" ) x 100% 3)

where:

Standard Deviation is the measure of dispersion or variability in the dataset. Mean is the average value

of the dataset.

A higher coefficient of variation (CV) indicates greater variability, while a lower value suggests less
variability. As stated by Hare (2003), the CV serves as a tool for categorizing the degree of variability
in rainfall events: less variability (CV < 20), moderate variability (20 <CV <30), and high variability
(CV>30) (Asfaw et al., 2018).

2.6 Spatial Interpolation and Mapping

Inverse Distance Weighted (IDW) interpolation: IDW interpolation was used to create spatially
continuous maps of rainfall trends (Mann-Kendall Tau) and CV values. IDW assigns higher weights to

nearby data points, resulting in smoother interpolations (Ncongwane et al., 2021).

The formula for IDW interpolation is:

M

n
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1

Z(u) =

“4)

=
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1

where:

Z(u) is the estimated value at the unknown location.



Z; is the known value at a sample point i.

d; is the distance between the unknown location and the sample point i.

p is the power parameter that determines the influence of distance on the weights.
Common values for p are 1 (inverse linear) or 2 (inverse square).

3. Results

3.1. Validation CHIRPS data

The CHIRPS annual rainfall data showed a good agreement with station data. The statistical analysis
for 23 stations is presented in Table 1, whereby the overall NSE, R?, slope, Pbias, MAE and RMSE was
0.84, 0.92, 0.92, 7.55 %, 297.4 and 397.1, respectively. Individual stations showed varying degrees of
accuracy and reliability of annual CHIRPS data. For instance, five out of the twenty-three stations
showed significantly lower R? values, below 0.6. Only six stations had an NSE higher than 0.5. Eight
stations showed negative Pbias, indicating overestimation of CHIRPS data, while fifteen stations

showed underestimation of CHIRPS data.

Table 1: Comparison of Annual Rainfall from Rainfall Stations and CHIRPS across multiple geographic

locations of the Pangani basin.

Rainfall-Met Station MAE RMSE R2 NSE Slope Pbias
Lancon Sisal 2349 301.2 0.93 0.46 1.09 -11.33
Maji Korogwe 234.1 298.3 0.97 0.41 1.06 -10.45
Segera C.Tank 310 391.4 0.95 -0.04  1.09 -21.59
Kalemawe 197.7 233.1 0.91 0.33  0.87 2.21
Buiko 187.8 2733 0.65 0.14 0.72 14.32
Naururu 143.3 165.3 0.46 -0.16 1.26 -31.45
Nyumba ya Mungu 156.1 200.4 0.67 -0.59  1.21 -30.03
Handeni town 175.4 270.5 0.92 -0.01  1.09 -14.85
Himo sisal estate 142.6 176.4 0.79 044  0.86 12.32
Maji Moshi 205.6 274.1 0.89 032 1.12 -15.59
Moshi Airport 154.8 207.1 0.99 049 1.03 -6.25
Malilo Primary school 479.3 720.5 0.78 0.09 0.79 6.98

Kibong'oto Hospital 648.9 760.2 -0.31 -0.53  0.53 41.18



Tengeru = Weather  station
(M.A.T.D)

Mlalo Primary Court
Huruma Town

Kibosho Mission
Kiungu P-School
Mowo primary School
Lushoto weather station
Suji Mission

Osaki Forest

Rombo Mission

Average

355.4

406.2
360.1
3394
546.8
363.5
168.5
152.8
631.3
246.2
2974

551.6

533.7
473.9
425.5
887.6
461.4
206.6
204.4
796.2
319.9
397.1

0.34

0.23
0.72
0.92
0.13
0.84
0.89
0.90
0.67
0.99
0.92

0.10

-0.03
0.32
0.54
-0.13
0.43
0.56
0.60
0.36
0.63
0.84

0.63

0.67
0.79
0.91
0.56
0.85
0.90
0.89
0.78
0.97
0.92

28.45

28.11
13.91
4.88
34.04
9.18
8.45
7.19
15.55
0.02
7.55

Figure 2 records the monthly scatter plots of all twenty-three stations used across the Pangani basin,
derived from the rain gauges studied and its relationship with the CHIRPS estimates. The CHIRPS data
show a good correlation with the rainfall stations having the lowest R? at 0.56 and the highest R* of

0.83. On average, the linear regression of all stations is at R* of 0.71.

Figure 3 depicts the average relationship between seasonal CHIRPS-estimated rainfall and observed
rainfall from rain gauges. The plots represent the average of all twenty-three stations in the study area.
The results indicate a strong relationship between seasonal CHIRPS estimates and rainfall station data,

with R? values of 0.94 and 0.98 for vuli and masika rains, respectively. However, the plot of vuli rains

displays some outliers when compared with the masika rains.
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Figure 2: Scatterplots of correlation between monthly CHIRPS estimated rainfall and rain gauges observed rainfall.
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Figure 3. Scatterplots of correlation between seasonal CHIRPS estimated rainfall and rain gauges

observed rainfall.
3.2 Spatial distribution of Annual and seasonal average rainfall (mm) across Pangani Basin

Annual rainfall in the Pangani Basin ranges from 300 mm to 2500 mm, as depicted in Figure 4. The
highest elevation in the mountainous areas receives the highest rainfall, exceeding 2000 mm. The lowest
rainfall, around 300 mm, occurs in the extremely dry areas of the Simanjiro region. The lower right side
of the catchment, near the Indian Ocean, receives a higher average rainfall of 1000-1500 mm despite

being at a lower elevation.
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Figure 4. Spatial distribution of Annual average rainfall (mm) across Pangani Basin from 1990 to 2022

Figure 5a represents the long rainy season, called Masika, with average rainfall accumulation from
March to June (MAMJ). Meanwhile, Figure 5b also represents the short rainy season, called Vuli, with
average rainfall accumulation from October to December (OND). In both seasons, the mountain regions
receive more than 1000 mm of rainfall during Masika and about 600 mm during Vuli. This is followed
by the lower right-hand corner of the catchment near the Indian Ocean, which receives about 300-400
mm of rainfall during Vuli and 600-750 mm during Masika. The left side of the catchment is mostly a
semi-arid, dry area with fewer water resources and less forest cover, receiving as little as 100-300 mm

of rainfall in both seasons.
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3.2. Spatial Coefficiency of Variations for Annual and Seasonal Rainfall

The spatial coefficient of variation for annual and seasonal rainfall over pangani basin for the CHIRPS
data and station rainfall data are shown in Figure 6. There is significant differences of spatial coefficient
of variation between the two datasets. The annual rainfall from station data exhibits extremely high
variability, with a coefficient of variability above 30% for the entire catchment. In contrast, CHIRPS
annual rainfall shows moderate variability, with values ranging from 20% to 30%, for the entire

catchment.

The Masika rainfall data from the station shows a few patches of moderate variability (20-30%), just
like the CHIRPS data. While more than half of the catchment shows extreme variability, unlike the
CHIRPS dataset. For vul/i rainfall, both CHIRPS and station data show high variability across the
catchment. The difference between these two datasets is that the values of extreme variability for the

station data are above 50%, while the CHIRPS values range from 30 to 45%.
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Figure 6: Spatial distribution of coefficient variation at different temporal scales; Annual Coefficient
of variation from rainfall station (a) and CHIRPS (d), Masika Coefficient of variation from the rainfall

station (b) and CHIRPS (e) and Vuli coefficient of variation from rainfall station (c) and CHIRPS (¥).



Table 2: Coefficient of variation interpretation

Coefficient of variation (%) CYV interpretation
<20 Less variable
20- 30 Moderate variable
>30 Highly variable

3.3. Pixel by Pixel Trends of Annual and Seasonal Rainfall

The comparison of MKz values from station rainfall data and CHIRPS data highlights compelling
differences in rainfall anomalies across various stations and seasons within the studied area as shown
in Figure 7. Notably, stations like Maji Moshi, Kiungu Primary School, Segera C. Tank, and Kibong’oto
exhibit contrasting vuli season values between the datasets. While remote sensing data indicate a
significantly increased trend of vu/i rainfall, the station data showed a decreased trend. Similarly, for
Masika rainfall, while remote sensing data suggests an increasing trend across all stations, the station
data reveal a significant decrease trend with three stations registering z values less than -1.5. Moreover,
Maji Moshi and Kibong’oto stations exhibit remarkably increased Masika rainfall in remote sensing

data, presenting z values exceeding 2, contrasting with station data.

Likewise, the annual rainfall trend between the two datasets shows variation across stations. Stations
like Moshi Airport, Malilo Primary School, and Kibong’oto exhibit a decrease trend with station data,
while remote sensing data shows a significant increase trend with z above 1.5. Segera C. Tank station

and Handeni station show a significant annual rainfall increase from both data.

Similarities are observed in at least ten stations, displaying an increase in vuli, masika, and annual
rainfall trends that align with the remote sensing data. For instance, the Malilo and Mowo Primary
School stations indicate a significant increase in both vu/i and masika rainfall from CHIRPS and station

data.



Station Vuli ST Vuli RS |Masika ST [Masika_ RS|Annual ST|Annual RS
Maji Moshi [f -0.34 232 E -0.15 232 [§ -057 1.64
Moshi Airport_ 0.05 1.86| [E -0.63 186 [ § -1.12 1.67
Malilo Primary School | 0.50 ' 1.80 2.35 1.80] -1.70 1.15
Mowo Primary School 2.22 . 1.80 2.61 180| [§ -057 1.15
Naururu  10.73 ' 1.18 0.00 1.18 1.70 0.89
Nyumba ya Mungu 0.08 1138 0.24 1.38 0.92 0.89
Himo Sisal 0.00 1135 1.15 1.35 -0.15 1.57
Suji Mission . 0.99 - 1]41 1/56 141] [ -097 1.02
Lushoto Weather Station . 1.25 1138 0.54 1.38 1.61 0.83
Buiko i 1.86 . 1.05 1.80 1.05 0.00 0.66
Maji Korogwe . 1.31 ' l0.89 -1.99 0.89 0.02 1.41
Kalemawe 1135 ' lo.89[ [_E -1.54 0.89 1.41 0.89
Huruma Town [ -073 . 0.99| [t -0.97 0.99 0.15 -0.02
Rombo Mission | 021 ' 1.02 -0.05 1.02 1.57 0.70
Kiungu Primary School [ -1.48 . 1la1] [E -0.83 1.41 0.11 0.44
Osaki Forest 151 . 10.83 1.93 0.83] -1.64] [§ -0.28
Lancon Sisal | 0.47 ' d.a8| [ -0.73 1.18 2.09 1.22
Kibong'oto Hospital [E -0.62 2.32 0.47 2.32( -1.64 1.74
Segera C. Tank [ -1.05 . l0.92|[_E -1.67 0.92 3,00 1.51
Mlalo Primary Court . 0.99 1.15] [E -0.83 1.15 1.17 1.02
Handeni Town 0.08 128 [_E -1.35 1.28 2.03 1.48
Kibosho Mission | 0.37 ' 10.86 2.68 0.86 1,90 -0.08
Tengeru Weather Station 1138 ' 10.92 0.89 092| [ -031 1.38

Figure 7: The comparison of MKz values derived from station rainfall data (ST) and remote sensing

data (RS) unveils intriguing discrepancies in rainfall anomalies across different stations and seasons.

3.4. Spatial Trend Analysis of Annual and Seasonal Rainfall

Figure 8 illustrates the spatial variation of annual and seasonal trends indicated by the Tau values at a
0.05 confidence interval derived from remote sensing and ground station rainfall data. The remote
sensing data reveals noteworthy trends in vuli, masika, and annual rainfall, displaying significant
increases in the highland areas of Mount Kilimanjaro and Meru, with Tau values exceeding 0.2. In
contrast, the ground station rainfall data indicates no significant increase in trends for these regions.
Notably, there are distinct differences in the lower-right corner of the basin near the river outlet at the
Indian Ocean. Here, the annual rainfall trend derived from remote sensing data exhibits an increasing

trend, while the ground station rainfall data demonstrates a significant decreasing trend.

When considering both datasets, the Pangani basin showcases no significant increase or decrease in
seasonal and annual rainfall. Despite notable variations in specific regions represented by stations and
trends observed between remote sensing and ground station data, the basin does not clearly indicate a

significant upward trend or downward trend in seasonal or annual rainfall.



Annual RS Tau

Figure 8: Spatial pattern of MK tau for the Pangani basin from Remote Sensing Analysis (RS) and
Ground Station Analysis (ST)

4. Discussion

4.1 Performance of CHIRPS data

Understanding the variability and patterns of rainfall is crucial for assessing regional hydrology and
water resource management (Chen et al., 2007; Conway et al., 2009). Nevertheless, ground data for
such analysis in East Africa is sparse and lacks continuity, making it inadequate for accurately assessing
spatial and long-term rainfall trends and variability. This study used CHIRPS remote sensing rainfall
data, compared with 23 ground stations in the Pangani Basin, to analyze annual and seasonal rainfall

variability and spatial trends.

The overall performance of CHIRPS data against ground station data for the Pangani Basin is acceptable
compared to a similar study in the Kikuletwa catchment, a sub-basin of the Pangani Basin (Msigwa et
al., 2021). The data show variations at specific stations, with some stations yielding good results while
others perform poorly. The R? values were high for most stations, except for five out of the twenty-
three. Nevertheless, the NSE values were low at most stations, except for four, suggesting that although
the model captures the overall variability and trends, it struggles with prediction accuracy, particularly
for extreme events or biases. CHIRPS dataset has been proven reliable in other parts of the world,

especially in tropical countries (Alemu & Bawoke, 2020; Banerjee et al., 2020; Chisanga et al., 2023;).

4.2 Spatial Coefficiency of Variations for Annual and Seasonal Rainfall

On average, the coefficient of variation reveals a consensus between the CHIRPS and ground station

datasets concerning the average annual and seasonal rainfall variations of the entire basin. Specifically,



both datasets indicate a moderate variation in annual rainfall within the Pangani basin. However,
discrepancies arise in the spatial variation between the two datasets. According to ground station data,
more than 80% of the basin shows annual rainfall is moderate variable except for the higher region of
Mt Kilimanjaro, which shows less variable. In contrast, remote sensing data depicts extremely highly
variable in the same area of Mt Kilimanjaro. Notably, while Cattani et al. (2018) reported similar
variation ranges for East Africa using remote sensing data (CHIRPS), no comparative study specific to
the Pangani basin utilizing station data was found in the existing literature to our knowledge. Except
for studies like Joseph et al. (2021), which reported a coefficient of variation greater than 28% in the
Tanga region, similar to our findings, other studies in Tanzania generally reveal that the country
experiences variable rainfall due to topographical differences, coastal influences, and the presence of

lakes (Borhara et al., 2020; Joseph et al., 2021; Massawe and Xiao, 2021)

4.3 Annual and seasonal rainfall trend across the Pangani basin.

The MK test results on annual and seasonal rainfall trends reveal divergent trends between the datasets.
While the remote sensing data indicates an increasing trend across all stations, the ground station data
reports decreasing seasonal and annual rainfall trends for more than five (5) stations. Moreover, spatial
pattern disparities exist in the trend observed for annual and seasonal rainfall between the two datasets.
The remote sensing CHIRPS dataset illustrates an increasing trend in vuli rainfall, aligning with broader
East African studies indicating a rising trend (Cattani et al., 2018; Palmer et al., 2023). However, these
studies in East Africa lack specificity regarding the increase in Tanzania's highlands or the country as a
whole, leading to potential ambiguities due to its heterogeneity. Notably, studies focusing on the
Pangani basin indicate decreasing vul/i rains in certain stations, such as Maji Moshi, aligning with the
current findings. Nevertheless, this study also identifies a significant increasing trend in vuli and annual
rainfall within higher elevation stations, notably Mount Meru and Mount Kilimanjaro. Similarities were
observed in at least ten stations out of twenty-three, indicating an increased seasonal and annual rainfall

trend from remote sensing and ground station data.

The masika rains also exhibit an increasing trend according to remote sensing data, whereas a significant
decrease trend is observed in other stations based on ground station data. Previous studies, such as
Cattani et al. (2018) in East Africa, have reported contradicting results with the remote sensing datasets
used in the region. The utilization of remote sensing data requires careful consideration or even
correction when employed for analysis in Eastern Africa due to diverse climate conditions,

encompassing mountainous, humid, semi-arid, and arid regions (Cattani et al., 2016; Dinku et al., 2011).

Climate models often rely on remote sensing datasets for predictions. Yet, these predictions might be
flawed, suggesting an increase in rainfall when, in reality, there might be a decrease in rainfall trends.

This emphasizes the necessity for validation and calibration when utilizing remote sensing data in



diverse climatic regions to avoid misinterpretations in climate trend analyses. Moreover, a sensitive

analysis of the climate model is necessary when dealing with basin-level prediction.

4.4 Influence of Elevation on Rainfall Trend and Anomalies.

Furthermore, the study area was divided into four regions (A, B, C, and D) based on elevation. A direct
relationship exists between elevation and rainfall amount received in the study area: the higher the
elevation, the greater the rainfall Figure 9. Region A had an elevation of < 500m, region B ranged from
500-1000m, region C from 1000-1500m, and region D comprised elevations above 1500m. Studies also
indicate that elevation influences annual rainfall (Soomro et al., 2019; Tanteliniaina et al., 2020). For
instance, a study conducted in Madagascar found that the maximum increase in rainfall was associated
with the highest temperature rise and elevation (Tanteliniaina et al., 2020). However, a study Pepin et
al., (2022) on precipitation trend analysis with elevation suggests that the trends in station precipitation
are inconsistent and are affected by higher uncertainties. These studies do not indicate systematic
changes with elevation. In comparison, this study's trend analysis shows that the increase or decrease
in trend is not dependent on elevation. In this study, the trend analysis shows that the increase or

decrease in trend is not elevation-dependent.

The rainfall anomaly in Figure 10 of the four regions from the station data indicates inter-annual
variability, with trends observed both below and above the long-term average rainfall. There are quite
a few differences in the anomalies between regions for each year, except for a few years when the
anomalies are consistently positive or negative. All regions showed consensus between 2000 and 2003,
exhibiting a negative anomaly indicating drought (Figure 10). Conversely, from 2017 to 2020, all
regions show wet years, indicating a positive anomaly. Agree with the report about floods in the region
in the year 2020 (https://reliefweb.int/disaster/fl-2011-000183-tza, accessed 30th December 2023)
(https://crisis24.garda.com/alerts/2020/04/tanzania-floods-kill-two-and-displace-2700-in-arusha-and-

kilimanjaro-regions-april-27, accessed 30™ December 2023). However, the regions are very

heterogeneous; for example, from 1993 to 1995, regions B, C, and D experienced drought, while only
region A, with elevations lower than 500m, had a wet year. Region A consists mostly of stations near
the Indian Ocean, so its rainfall pattern may be influenced by the Indian Ocean. For instance, the Strong
positive Indian Ocean Dipole (IOD) caused extreme rainfall and flooding in the year 1997 (MacLeod
et al., 2024) compared with the anomaly of region A, indicating an extremely wet year compared with

other regions Figure 10.

Compared with other studies, research in Bhutan and Singapore shows that different stations in the area
yielded contrary results of positive and negative anomalies due to the effects of El Nifio and La Nifia in

the region (Dorji et al., 2021). Studies on different basins also demonstrate variations in wet and dry


https://crisis24.garda.com/alerts/2020/04/tanzania-floods-kill-two-and-displace-2700-in-arusha-and-kilimanjaro-regions-april-27
https://crisis24.garda.com/alerts/2020/04/tanzania-floods-kill-two-and-displace-2700-in-arusha-and-kilimanjaro-regions-april-27

years, whether in the same tropical basins such as the Congo and Amazon, due to the effects of rainfall

patterns (Lakshmi et al., 2018).

The overall trend analysis for the four regions in Figure 11 shows that station data aligns with remote
sensing data for most regions, except for region A. In this region, station data indicate a decreasing
trend, whereas remote sensing data show an increasing trend. Borhara et al., 2020 reported overall

decrease trend of annually rainfall in Tanzania.
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Figure 9. Relationship of Annual rainfall and Elevation of the Pangani basin.
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5. Conclusions

The study evaluated the reliability of remote sensing CHIRPS rainfall data to assess the variability and
trends in annual and seasonal rainfall of Pangani basin. The spatial analysis of rainfall variations
displayed some discrepancies between the datasets. While both suggested moderate annual rainfall
variation in the Pangani basin, ground station data showcased higher variations in specific areas
compared to remote sensing data. Furthermore, the MK test highlighted divergent trends between the
datasets. Remote sensing data suggested an overall increasing trend in rainfall, contrasting with ground
station data showing decreasing trends in some stations. However, half of the stations show an increased

trend for both seasonal and annual rainfall in agreement with the remote sensing data.

The study emphasizes the need for caution when using remote sensing data in this region due to its
diverse climate conditions, which might impact the accuracy of rainfall trend analyses. Climate models
relying on remote sensing data might inaccurately predict increased rainfall when there might be a
decrease. Calibration and validation become imperative to avoid misinterpretations in climate trend
analyses, particularly at the basin level. These findings are most relevant for informing policy, research
and decision-making. It also provides insights for integrated adaptation actions in all the sectors within

the basin and the country.

Declaration of competing interest

The authors declare no competing interests or personal relationships that could have appeared to

influence the work reported in this paper.

Data availability

CHIRPS data for rainfall are available at https://chc.ucsb.edu/data/chirps

The station data for the study area could be available upon request.

Acknowledgement

This study is financially supported by a Carnegie Corporation of New York grant. The authors gratefully
to acknowledge support from the Future Africa Research Leader Fellowship (FAR-LeaF) Programme

at the University of Pretoria.

References

Adhikari, U., Nejadhashemi, A. P., & Woznicki, S. A. (2015). Climate change and eastern Africa: a

review of impact on major crops. Food and energy security, 4(2), 110-132.


https://chc.ucsb.edu/data/chirps

Alahacoon, N., Edirisinghe, M., Simwanda, M., Perera, E. N. C., Nyirenda, V. R., & Ranagalage, M.
(2022). Rainfall variability and trends over the african continent using tamsat data (1983-2020):
Towards  climate  change  resilience and  adaptation. Remote  Sensing,  14(1).

https://doi.org/10.3390/rs14010096

Alahacoon, N., Matheswaran, K., Pani, P., & Amarnath, G. (2018). A decadal historical satellite data
and rainfall trend analysis (2001-2016) for flood hazard mapping in Sri Lanka. Remote Sensing, 10(3),
16-23. https://doi.org/10.3390/rs10030448

Alemayehu, A., & Bewket, W. (2017). Local spatiotemporal variability and trends in rainfall and
temperature in the central highlands of Ethiopia. Geogr Ann Ser B, 99, 85-101. https://doi.org/https://
doi. org/ 10. 1080/ 04353 676.2017. 12894 60

Alemu, M. M., & Bawoke, G. T. (2020). Analysis of spatial variability and temporal trends of rainfall
in Amhara Region, Ethiopia. Journal of Water and Climate Change, 11(4), 1505-1520.
https://doi.org/10.2166/wcc.2019.084

Ali, R., Kuriqi, A., Abubaker, S., & Kisi, O. (2019). Long-term trends and seasonality detection of the
observed flow in Yangtze River using Mann-Kendall and Sen’s innovative trend method. Water

(Switzerland), 11(9), 1855. https://doi.org/10.3390/w11091855

Almazroui, M. (2020). Trend analyses methodologies in hydro-meteorological records. Earth Systems

and Environment, 4, 713—738. https://doi.org/https://doi.org/10.1007/s41748-020-00190-6

Animashaun, [. M., Oguntunde, P. G., Akinwumiju, A. S., & Olubanjo, O. O. (2020). Rainfall Analysis
over the Niger Central Hydrological Area, Nigeria: Variability, Trend, and Change point detection.
Scientific African, 8. https://doi.org/10.1016/j.sciaf.2020.e00419

Asfaw, A., Simane, B., Hassen, A., & Bantider, A. (2018). Variability and time series trend analysis of
rainfall and temperature in northcentral Ethiopia: A case study in Woleka sub-basin. Weather and

Climate Extremes, 19(June 2017), 29-41. https://doi.org/10.1016/j.wace.2017.12.002

Assefa, A., Ehrich, D., Taberlet, P., Nemomissa, S., & Brochmann, C. (2007). Pleistocene colonization

3

of afro-alpine sky islands ° by the arctic-alpine Arabis alpina. Heredity, 99, 133-142.

https://doi.org/10.1038/sj.hdy.6800974

Ayanlade, A., Radeny, M., Morton, J. F., & Muchaba, T. (2018). Rainfall variability and drought
characteristics in two agro-climatic zones: An assessment of climate change challenges in Africa.

Science of the Total Environment, 630, 728—737. https://doi.org/10.1016/j.scitotenv.2018.02.196



Banerjee, A., Chen, R., Meadows, M. E., Singh, R. B., Mal, S., & Sengupta, D. (2020). An analysis of
long-term rainfall trends and variability in the uttarakhand himalaya using google earth engine. Remote

Sensing, 12(4). https://doi.org/10.3390/rs12040709

Borhara, K., Pokharel, B., Bean, B., Deng, L., & Wang, S. Y. S. (2020). On Tanzania’s precipitation

climatology, variability, and future projection. Climate, 8(2), 34.

Cattani, E., Merino, A., & Levizzani, V. (2016). Evaluation of monthly satellite-derived precipitation
products over East Africa. Journal of Hydrometeorology, 17(10), 2555-2573.
https://doi.org/10.1175/JHM-D-15-0042.1

Cattani, E., Merino, A., Guijarro, J. A., & Levizzani, V. (2018). East Africa Rainfall trends and
variability 1983-2015 using three long-term satellite products. Remote Sensing, 10(6), 931.
https://doi.org/10.3390/rs10060931

Chen, H., Guo, S., Xu, C. yu, & Singh, V. P. (2007). Historical temporal trends of hydro-climatic
variables and runoff response to climate variability and their relevance in water resource management
in the Hanjiang basin. Journal of Hydrology, 344(3-4), 171-184.
https://doi.org/10.1016/j.jhydrol.2007.06.034

Chiaravalloti, F., Caloiero, T., & Coscarelli, R. (2022). The Long-Term ERAS5 Data Series for Trend
Analysis of Rainfall in Italy. Hydrology, 9(2), 18. https://doi.org/10.3390/hydrology9020018

Chisanga, C. B., Nkonde, E., Phiri, E., Mubanga, K. H., & Lwando, C. (2023). Trend analysis of rainfall
from 1981-2022 over Zambia. Heliyon, 9(11).

Conway, D., Pereschino, A., Ardoin-Bardin, S., Hamandawana, H., Dieulin, C., & Mah¢, G. (2009).
Rainfall and water resources variability in sub-Saharan Africa during the twentieth century. Journal of

Hydrometeorology, 10(1), 41-59. https://doi.org/10.1175/2008JHM1004.1

Cuthbert, M. O., Taylor, R. G., Favreau, G., Todd, M. C., Shamsudduha, M., Villholth, K. G.,
MacDonald, A. M., Scanlon, B. R., Kotchoni, D. O. V., Vouillamoz, J. M., Lawson, F. M. A., Adjomayi,
P. A., Kashaigili, J., Seddon, D., Sorensen, J. P. R., Ebrahim, G. Y., Owor, M., Nyenje, P. M., Nazoumou,
Y., ... Kukuric, N. (2019). Observed controls on resilience of groundwater to climate variability in sub-

Saharan Africa. Nature, 572(7768), 230-234. https://doi.org/10.1038/s41586-019-1441-7

De, A., Shreya, S., Sarkar, N., & Maitra, A. (2023). Time series trend analysis of rainfall and
temperature ~ over  Kolkata ~and  surrounding  region.  Atmosfera, 37, 71-84.

https://doi.org/10.20937/ATM.53059



Deitch, M. J., Sapundjieff, M. J., & Feirer, S. T. (2017). Characterizing precipitation variability and

trends in the world’s Mediterranean-climate areas. Water, 9(4), 259.

Dinku, T., Ceccato, P., & Connor, S. J. (2011). Challenges of satellite rainfall estimation over
mountainous and arid parts of east africa. International Journal of Remote Sensing, 32(21), 5965-5979.

https://doi.org/10.1080/01431161.2010.499381

Dore, M. H. (2005). Climate change and changes in global precipitation patterns: what do we
know?. Environment international, 31(8), 1167-1181.

Dorji, T., Ona, B. J. L., & Raghavan, S. V. (2021). Statistical Analyses on the Seasonal Rainfall Trend
and Annual Rainfall Variability in Bhutan. Scientific Online Letters on the Atmosphere, 17, 202-206.
https://doi.org/10.2151/SOLA.2021-035

Falchetta, G., Gernaat, D. E. H. J., Hunt, J., & Sterl, S. (2019). Hydropower dependency and climate
change in sub-Saharan Africa: A nexus framework and evidence-based review. Journal of Cleaner

Production, 231, 1399-1417. https://doi.org/10.1016/j.jclepro.2019.05.263

Funk, C., Peterson, P., Landsfeld, M., Pedreros, D., Verdin, J., Shukla, S., Husak, G., Rowland, J.,
Harrison, L., Hoell, A., Michaelsen, J., & Funk, Chris, Pete Peterson, Martin Landsfeld, Diego Pedreros,
James Verdin, Shraddhanand Shukla, Gregory Husak, James Rowland, Laura Harrison, A. H. & J. M.
(2015). The climate hazards infrared precipitation with stations - a new environmental record for

monitoring extremes. Scientific Data, 2, 1-21. https://doi.org/10.1038/sdata.2015.66

Hare, W. (2003). Assessment of Knowledge on Impacts of Climate Change — Contribution to the
Specification of Art. 2 of the UNFCCC. In Wissenschaftliche Beirat der Bundesregierung Globale
Umweltverédnderungen (Issue 1). http://www.wbgu.de/wbgu_sn2003_ex01.pdf

Hordofa, A. T., Leta, O. T., Alamirew, T., & Chukalla, A. D. (2022). Spatiotemporal Trend Analysis of
Temperature and Rainfall over Ziway Lake Basin, FEthiopia. Hydrology, 9(1).
https://doi.org/10.3390/hydrology9010002

Intergovernmental Panel on Climate Change (IPCC). (2021, August 9). IPCC Sixth Assessment Report:
Working Group I Press Release. https://www.ipcc.ch/2021/08/09/ar6-wg1-20210809-pr/

Intergovernmental Panel on Climate Change (IPCC). (2022). Climate Change 2022: Impacts,
Adaptation, and Vulnerability. Working Group II Contribution to the Sixth Assessment Report of the
Intergovernmental Panel on Climate Change (Chapter

4). https://'www.ipcc.ch/report/ar6/wg2/chapter/chapter-4/



Joseph, J. E., Rao, K. P, Swai, E., Ngwira, A. R., Rétter, R. P., & Whitbread, A. M. (2021). Analysis of
rainfall variability and trends for better climate risk management in the major agro-ecological zones in

Tanzania. CGIAR Research Program on Climate Change, Agriculture and Food Security Working Paper.

Kendall, M. G. (1973). Time Series. Charles Griffin and Co. Ltd.: London. Ltd.

Kessabi, R., Hanchane, M., Krakauer, N. Y., Aboubi, 1., El Kassioui, J., & El Khazzan, B. (2022).
Annual, Seasonal, and Monthly Rainfall Trend Analysis through Non-Parametric Tests in the Sebou
River Basin (SRB), Northern Morocco. Climate, 10(11). https://doi.org/10.3390/cli10110170

Kijazi, A. L., & Reason, C. J. C. (2009). Analysis of the 2006 floods over northern Tanzania.
International Journal of Climatology, 29(7), 955-970. https://doi.org/10.1002/joc.1846

Komakech, H. C., Mul, M. L., Zaag, P. Van Der, & Rwehumbiza, F. B. R. (2011). Water allocation and
management in an emerging spate irrigation system in Makanya catchment , Tanzania. Agricultural

Water Management, 98(11), 1719—-1726. https://doi.org/10.1016/j.agwat.2010.07.017

Lakshmi, V., Fayne, J., & Bolten, J. (2018). A comparative study of available water in the major river
basins of the world. Journal of Hydrology, 567(March), 510-532.
https://doi.org/10.1016/j.jhydrol.2018.10.038

Lalika, M. C. S., Meire, P., Ngaga, Y. M., & Chang’a, L. (2015). Understanding watershed dynamics
and impacts of climate change and variability in the Pangani River Basin, Tanzania. Ecohydrology and

Hydrobiology, 15(1), 26-38. https://doi.org/10.1016/j.ecohyd.2014.11.002

Liu, Q., Chiu, L. S., Hao, X., & Yang, C. (2021). Spatiotemporal trends and variations of the rainfall
amount, intensity, and frequency in trmm multi-satellite precipitation analysis (Tmpa) data. Remote

Sensing, 13(22). https://doi.org/10.3390/rs13224629

MacLeod, D., Kolstad, E. W., Michaelides, K., & Singer, M. B. (2024). Sensitivity of Rainfall Extremes
to Unprecedented Indian Ocean Dipole Events. Geophysical Research Letters, 51(5), 1-10.
https://doi.org/10.1029/2023GL105258

Mann, H. B. (1945). Nonparametric Tests Against Trend. Econometrica, 13(3), 245.
https://doi.org/10.2307/1907187

Marengo, J. A., Ambrizzi, T., Alves, L. M., Barreto, N. J., & Reboita, S. (2020). M., & Ramos, A. M.
Changing Trends in Rainfall Extremes in the Metropolitan Area of S{\=a}o Paulo: Causes and Impacts,

2,3.



Massawe, W. C., & Xiao, Z. (2021). Analysis of rainfall variability over Tanzania in late austral
summer. Atmospheric and Oceanic Science Letters, 14(4), 100049.

Matewos, T., & Tefera, T. (2020). Local level rainfall and temperature variability in drought-prone
districts of rural Sidama, central rift valley region of Ethiopia. Physical Geography, 41(1), 36-53.
https://doi.org/10.1080/02723646.2019.1625850

Mohammed, Ali, J., Gashaw, T., Worku Tefera, G., Dile, Y. T., Worqlul, A. W., & Addisu, S. (2022).
Changes in observed rainfall and temperature extremes in the Upper Blue Nile Basin of Ethiopia.

Weather and Climate Extremes, 37, 10046. https://doi.org/10.1016/j.wace.2022.100468

Msigwa, A., Komakech, H. C., Salvadore, E., Seyoum, S., Mul, M. L., & Griensven, A. Van. (2021).
Comparison of blue and green water fluxes for different land use classes in a semi-arid cultivated
catchment using remote sensing. Journal of Hydrology: Regional Studies, 36, 100860.
https://doi.org/10.1016/j.ejrh.2021.100860

Msigwa, A., Komakech, H. C., Salvadore, E., Seyoum, S., Mul, M. L., & van Griensven, A. (2021).
Comparison of blue and green water fluxes for different land use classes in a semi-arid cultivated
catchment using remote sensing. Journal of Hydrology: Regional Studies, 36, 100860.
https://doi.org/10.1016/J.EJRH.2021.100860

Msovu, U. E., Mulungu, D. M. M., Nobert, J. K., Valimba, P., & Mahoo, H. (2020). Spatial and
Temporal Variation of Rainfall and Streamflow in the Kikuletwa Catchment of Upper Pangani Basin,

Tanzania.  Tanzania  Journal of  Engineering and  Technology, 39(1), 72-91.

https://doi.org/10.52339/tjet.v39i1.520

Mulugeta, S., Fedler, C., & Ayana, M. (2019). Analysis of long-term trends of annual and seasonal
rainfall in the Awash River Basin, FEthiopia. Water (Switzerland), 11(7), 1498.
https://doi.org/10.3390/w11071498

Ncongwane, K. P., Botai, J. O., Sivakumar, V., Botai, C. M., & Adeola, A. M. (2021). Characteristics
and long-term trends of heat stress for South Africa. Sustainability (Switzerland), 13(23), 13249.
https://doi.org/10.3390/su132313249

Ndebele-Murisa, M., & Mubaya, C. (2015). Climate change: Impact on agriculture, livelihood options
and adaptation strategies for smallholder farmers in Zimbabwe. Beyond the Crises: Zimbabwe’s

Prospects for Transformation, 155, 198.



Nechifor, V., & Winning, M. (2018). Global economic and food security impacts of demand-driven
water scarcity-alternative water management options for a thirsty world. Water (Switzerland), 10(10).

https://doi.org/10.3390/w10101442

Nguyen Van, T., Nguyen Dang, M., Doan Quang, V., Bui Minh, T., Mai Van, K., Duong Van, K., Tran
Thanh, T., Trinh Hoang, D., Tran Thi, T., Nguyen Huu, Q., Luong Xuan, T., & Tran Duy, H. (2023).
Orographic Effect and the Opposite Trend of Rainfall in Central Vietnam. Advances in Meteorology,
2023. https://doi.org/10.1155/2023/7256634

Nicholson, S. E. (2017). Climate and climatic variability of rainfall over eastern Africa. Reviews of

Geophysics, 55(3), 590-635.

Omondi, O. A., & Lin, Z. (2023). Trend and spatial-temporal variation of drought characteristics over
equatorial East Africa during the last 120 years. Frontiers in Earth Science, 10(10649), 40.
https://doi.org/10.3389/feart.2022.1064940

Ongoma, V., & Shilenje, Z. W. (2016). The effectiveness of agrometeorological information in the
realization of Kenya’s vision 2030; Lessons learnt from China. Italian Journal of Agrometeorology,

21(1), 67-72.

Palmer, P. 1., Wainwright, C. M., Dong, B., Maidment, R. 1., Wheeler, K. G., & Gedney, N. (2023).
Drivers and impacts of Eastern African rainfall variability. Nature Reviews Earth & Environment, 4(4),

254-270. https://doi.org/https://doi.org/10.1038/s43017-023-00397-x

PBWO/IUCN. (2006). The Hydrology of the Pangani River Basin. Report 1: Pangani River Basin Flow
Assessment Initiative: Vol. Hydrology (Issue September 2007).

Pepin, N. C., Arnone, E., Gobiet, A., Haslinger, K., Kotlarski, S., Notarnicola, C., Palazzi, E., Seibert,
P., Serafin, S., Schoner, W., Terzago, S., Thornton, J. M., Vuille, M., & Adler, C. (2022). Climate
Changes and Their Elevational Patterns in the Mountains of the World. Reviews of Geophysics, 60(1),
1-40. https://doi.org/10.1029/2020RG000730

Praveen, B., Talukdar, S., Shahfahad, M., S., M., & J., S. (2020). Analyzing trend and forecasting of
rainfall changes in India using non-parametrical and machine learning approaches. Scientific Reports,

10(10342). https://doi.org/https://doi.org/10.1038/s41598-020-67228-7

Rahman, M. N., & Azim, S. A. (2023). Spatiotemporal evaluation of rainfall trend during 1979-2019 in
seven climatic zones of Bangladesh. Geology, Ecology, and Landscapes, 7(4), 340-355.
https://doi.org/10.1080/24749508.2021.2022425



Schreck, C. J., & Semazzi, F. H. M. (2004). Variability of the recent climate of eastern Africa.
International Journal of Climatology, 24(6), 681-701. https://doi.org/10.1002/joc.1019

Seenu, P. Z., & Jayakumar, K. V. (2021). Comparative study of innovative trend analysis technique with
Mann-Kendall tests for extreme rainfall. Arabian Journal of Geosciences, 14(7), 1-15.

https://doi.org/10.1007/s12517-021-06906-w

Sen, P. K. (1968). Estimates of the Regression Coefficient Based on Kendall’s Tau. Journal of the
American Statistical Association, 63(324), 1379-1389.
https://doi.org/10.1080/01621459.1968.10480934

Sharma, S., & Mujumdar, P. P. (2019). On the relationship of daily rainfall extremes and local mean
temperature. Journal of Hydrology, 572, 179—191. https://doi.org/10.1016/j.jhydrol.2019.02.048

Sheftield, J., Wood, E. F., Pan, M., Beck, H., Coccia, G., Serrat-Capdevila, A., & Verbist, K. (2018).
Satellite Remote Sensing for Water Resources Management: Potential for Supporting Sustainable
Development in Data-Poor Regions. Water Resources Research, 54(12), 9724-9758.
https://doi.org/10.1029/2017WR022437

Singh, D., Tsiang, M., Rajaratnam, B., & Diffenbaugh, N. S. (2014). Observed changes in extreme wet
and dry spells during the South Asian summer monsoon season. Nature Climate Change, 4(6), 456-461.

Singh, P., & Kumar, N. (2022). Analysis of trend and temporal variability in rainfall over Northeast
India. Mausam, 73(2), 307-314. https://doi.org/10.54302/mausam.v73i2.5479

Soomro, A. G., Babar, M. M., Ashraf, A., & Memon, A. (2019). The Relationship between Precipitation
and Elevation of the Watershed in the Khirthar National Range. Mehran University Research Journal
of Engineering and Technology, 38(4), 1067-1076. https://doi.org/10.22581/muet1982.1904.18

Tanteliniaina, M. F. R., Chen, J., Adyel, T. M., & Zhai, J. (2020). Elevation dependence of the impact
of global warming on rainfall variations in a tropical island. Water (Switzerland), 12(12), 10-13.

https://doi.org/10.3390/w12123582

Tao, Z., Li, M., Si, B., & Pratt, D. (2021). Rainfall intensity affects runoff responses in a semi-arid
catchment. Hydrological Processes, 35(4), 4. https://doi.org/10.1002/hyp.14100

Teshome, H., Tesfaye, K., Dechassa, N., Tana, T., & Huber, M. (2022). Analysis of Past and Projected
Trends of Rainfall and Temperature Parameters in Eastern and Western Hararghe Zones, Ethiopia.

Atmosphere, 13(1). https://doi.org/10.3390/atmos 13010067



Thoithi, W., Blamey, R. C., & Reason, C. J. (2021). Dry spells, w