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A B S T R A C T   

Understanding the spatiotemporal patterns of drought is crucial for planning, disaster pre
paredness, vulnerability assessment, impact evaluation, and policy formulation to mitigate 
drought-induced effects. The purpose of this study was to assess rainfall trends and spatiotem
poral patterns of meteorological drought using geospatial techniques in Menna watershed. The 
Climate Hazards Group InfraRed Precipitation with Stations (CHIRPS) rainfall, and station-based 
observed rainfall were the datasets used. The station-based rainfall was used to confirm the ac
curacy of CHIRPS rainfall data. The Mann-Kendall (MK) test and Sen’s slope estimator were 
utilized to assess trends and ascertain the extent of change. To characterize meteorological 
droughts, percent of normal (PN), standardized anomaly index (SAI), and standardized precipi
tation index (SPI) were computed during the crop growing seasons (2000–2022). The validation 
result confirmed a strong agreement between the observed and CHIRPS rainfall data (R2 = 0.88). 
Based on the MK test, an increasing trend has been observed in annual (3.7 mm/year) and belg 
(3.4 mm/year) rainfall, which was significant at p < 0.05. But the kiremt season was slightly 
decreasing (− 0.7 mm/year). The PN, SAI, and SPI values detected that 2002, 2004, 2009, 2011, 
2014, 2015, and 2019 were drought years in the area. Even only 1.4, 0.2, and 0.5% of the 
watershed were free from drought in 2009, 2014, and 2015, respectively, due to extremely high 
rainfall deficiency. Conversely, 2001, 2010, and 2016 were notable for having the highest 
amounts of rainfall compared to the other years. Generally, the region could be classified as an 
area highly susceptible to meteorological drought in northwestern Ethiopia. There was no even a 
single year free from drought in the entire study period. To that extent, about 86% of it had 
repeatedly encountered extreme rainfall deficit (7–23 times) during the study period. Thus, the 
population has always been repeatedly smashed down by the frequent droughts. To tackle 
existing challenges and mitigate upcoming risks, continual droughts monitoring and imple
mentation of efficient early warning systems are vital for the region.   

1. Introduction 

Drought is a highly complex natural hazard that has substantial environmental, social, and economic effects on a worldwide scale 
[1]. It is a recurring extreme climate event, which varies overtime and space in its onset, intensity, duration and areal coverage [2]. 
Currently, around 50% of the Earth’s land area is at risk of experiencing drought [3]. Hence, several drought events are recurring in 
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different parts of the world [4]. The IPCC recently confirmed that climate extremes such as droughts are projected to get worse in the 
future due to anticipated climate change, impacting the livelihoods and well-being of the world population [5]. Though difficult to 
quantify and most figures are deep underestimates, annual losses from direct costs that droughts are causing in USA reach $6.4 billion 
and the European Union some €9.0 billion. Such figures would be larger and killed a huge number of people each year in less capable 
nations [6]. 

Drought is a prevalent climate-related hazard throughout much of the African continent [3,7]. In the last 50 years, the continent has 
experienced an increased drought frequency, intensity, and areal coverage, often with disastrous outcomes, subjecting the population 
to food insecurity and other socio-economic and environmental adversities [8]. Particularly, East African countries are extremely 
vulnerable to the impacts of recurring droughts and associated challenges because of significant variability in rainfall patterns [9,10]. 
In 1984, a devastating drought occurred in the area, resulting in the deaths of approximately 450,000 individuals in only Ethiopia and 
Sudan. Similarly, in June 2011, severe drought conditions in Somalia and Southern Ethiopia affected over 10 million people, leading to 
the need for humanitarian assistance and prompting 380,000 refugees to seek shelter in neighboring nations [11]. During July 2011 
and mid-2012, the entire East African region experienced a severe drought. Such droughts, the most severe in six decades, have 
resulted in significant food shortages throughout Somalia, Djibouti, Ethiopia, and Kenya, putting the livelihoods of 9.5 million in
dividuals at risk [12]. The United Nations Office for the Coordination of Humanitarian Affairs (UNOCHA) recently reported that 
approximately 36.4 million individuals have been impacted by the longest and most severe drought of 2022 in the Horn of Africa. 
Among these, the largest share of affected population (24.1 million) were in Ethiopia, the remaining 7.8, and 4.5 million were in 
Somalia and Kenya, respectively [13]. 

Ethiopia, one among the East African nations, is at high risk of drought in almost all regions [14]. Drought continues to be the 
primary source of disasters and human suffering in Ethiopia, impacting various aspects of people’s lives [1,8]. Currently, Ethiopia 
experiences regular drought occurrences, with incidents happening every two to three years [15]. These crises were typically 
accompanied by famine, social complications, and political unrest [16]. 

Northwestern Ethiopia, where this study was conducted, often experiences recurrent droughts and is recognized as one of the food- 
insecure areas in the Amhara Region. In such impoverished areas, agriculture is conducted under the challenge of unpredictable 
rainfall patterns and is frequently impacted by recurring droughts, which are often succeeded by severe famines [17]. In line with this, 
the Water for Food Security, Women Empowerment, and Environment Protection Project (SWEEP) indicated that the East and West 
Belesa woredas are regions at risk of disasters, facing regular drought occurrences. During 2016, about 27% of the communities were 
under the support of Productive Safety Net Program (PSNP) due to the recurring droughts. Additionally, the community in Belesa 
(West 20.4% and East 34%) received assistance through emergency food aid, and 9% of them rely on water rations for eight months 
annually. The community in the Menna Watershed relies heavily on rain-fed agriculture for their livelihood. Unfortunately, the 
frequent droughts and resulting crop failures are a prevalent issue, as agriculture only offers a minimal amount of food to meet the 
needs of the quickly expanding population in the region. 

Drought-related organizational reports noted that Menna watershed is categorized among areas with stressed food insecurity 
situation due to the impact of multi-year droughts, where food access remains limited for millions of households (http://earlywarning. 
usgs.gov/fews/reports.php). The zonal agriculture office also reported that substantial amount of crop yield has been lost each year 
due to rainfall deficit and recurring drought events. Variations in rainfall patterns have impacted the spatial and temporal spread of 
runoff, soil moisture, and groundwater levels. As a result, droughts persist and their effects have become more severe. Accordingly, 
meteorological condition that later propagate into agricultural droughts could easily and extremely affect the agriculture sector in the 
area [8]. Anticipated future alterations in the timing and distribution of precipitation are likely to impact the types of crops grown and 
the overall agricultural output in the area [18]. Therefore, it is essential to study the spatial distribution and changes of rainfall over 
time, along with tracking the historical patterns of meteorological drought in the region. This kind of analysis is critical for effective 
water resource management, enhancing agricultural productivity, and addressing drought-related concerns. 

Several studies in existing literature focus on evaluating and observing drought conditions in the surrounding regions of the Menna 
watershed at a local scale in Ethiopia. According to Gebre et al. [19] employed NDVI, VCI, and SPEI to characterize droughts in North 
Wollo Zone. Similarly, Wassie et al. [18] applied Z-score index (SAI) and LST to characterize meteorological droughts in that area. In 
addition, Senamaw et al. [20] used SPI, NDVI and VCI in Waghmarea zone. Except few, many of them depend on station-based 
observed rainfall data to detect droughts. Analyzing drought using only this data is challenging because it lacks adequate spatial 
and temporal details, potentially leading to an incomplete understanding of historical drought trends and their associated impacts 
[21]. Other studies have also been carried out on the analysis of rainfall patterns and variations, encompassing various spatial and 
temporal scales [8,16,22,23]. Many of such studies did not see how the spatiotemporal variation of rainfall cussed the historical 
droughts in their study site. Therefore, this study tried to fill such gaps and address the issues by analyzing the trend and variability of 
rainfall and determining the onset, cessation and length of the rainy seasons with historic meteorological drought valuations using 
geospatial technologies at a watershed level. 

The primary aim of this research was, therefore, to assess the precipitation trends and spatiotemporal characteristics of meteo
rological drought in the Menna watershed through the application of geospatial methods. Analyzing drought characteristics on a local 
level has important implications for effective drought management, including the development of early warning systems for climate- 
induced hazards, early warning system and intervention planning, and climate change adaptation initiatives [24]. Liou and Mulualem 
[25] also noted that better analysis and improved understanding of climate extremes, such as droughts, facilitate the development and 
execution of effective policies to comprehend the effects of climate change, enhance the food security system, and fortify communities 
that are resilient to it. 
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2. Materials and methods 

2.1. Study area 

The study was carried-out in Menna Watershed, which is part of Tekeze river basin located between 12◦20′33″ N to 13◦15′57″ N and 
37◦33′52″ E to 38◦21′2″ E in Amhara National Regional state (ANRS). It covers about seven woredas of North Gondar Zone such as, 
Wogera, Janamora, Gondar zuria, Dabat, Debark, east and west Belesa. It covers an estimated area of 5242.6 km2 having diverse 
topographic features with elevations that ranges from 1239 to 4418 m.a.s.l (Fig. 1). 

The area contains four distinct agro-ecological zones: lowland (Kolla), midland (Woina-dega), highland (Dega), and cold (Wurch), 
which encompass 3.9%, 58%, 33.5%, and 4.6% of the total area, respectively [26,27]. Such different agro-ecologies are very important 
for agricultural practices allowing farmers to diversify crop types and raise their production [28]. The average annual precipitation and 
average annual temperature in the research area are 984.2 mm and 18.9 ◦C, respectively. Therefore, Menna watershed is located in the 
tropical climate type which receives main rainfall during kiremt season (June–September). In the area, the largest share of the 
landscape (63.5%) is covered by rangelands followed by crop lands (32%), whereas forests, water bodies and bare lands cover the 
smallest area covering 0.8, 0.1 and 0.02%, respectively. The projected population of the study area was estimated to reach 632,146 by 
2017, with the majority of people living in rural areas [29]. Currently the population is above this number. Rain-fed agricultural 
activities, such as growing crops and raising livestock, are the primary economic activities in the watershed. 

2.2. Data acquisition 

2.2.1. Gauged meteorological stations data 
Daily rainfall data was gathered from seven weather stations (Table 1) over an 11-year period spanning from 2009 to 2019, from 

the National Meteorology Agency (NMA). It was used to validate the satellite rainfall products. In this regard, Alemu and Bawoke [30] 

Fig. 1. Map of the study area.  
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carried-out satellite rainfall validation by using 11 years measured rainfall data (2000–2010) from eight independent weather stations 
in ANRS. 

2.2.2. CHIRPS precipitation data 
The main dataset used in this study was rainfall data from Climate Hazards Group Infrared Precipitation with Station data 

(CHIRPSv2). The Climate Hazards Group Infrared Precipitation (CHIRP) and CHIRPS are newly developed rainfall data sets created 
from satellite information, offering comparatively high resolution in time and space as well as near-global coverage [31]. It was 
produced by the US Geological Survey (USGS) in collaboration with the Climate Hazards Group at the University of California [32]. 
According to Funk et al. [33], the CHIRPS dataset encompasses over 35+ years (from 1981 to the present) of geostationary thermal 
infrared (TIR) satellite observations. It combines high-resolution satellite imagery at 5.5 km (0.05◦) resolution with data from on-site 
weather stations to cover a spatial range from 50◦S to 50◦N. This process produces gridded rainfall data over time, commonly used for 
analyzing rainfall patterns and monitoring drought conditions. This data can be accessed at no cost from the website ftp://ftp.chg.ucsb. 
edu/pub/org/chg/products/CHIRPS-2.0. 

Studies like Dinku et al. [31] have proved that CHIRPS has better performance in representing the rainfall over East Africa. They 
recommended to use CHIRPS than the other satellite products in Ethiopia since it showed high accuracy in many parts of the country 
[33]. Therefore, for the present study CHIRPSv2 monthly and daily rainfall products form the period 2000–2022 were used for the 
purpose of assessing meteorological drought and determining the trend and spatiotemporal patterns of rainfall. 

2.3. Data processing techniques 

2.3.1. Filling missing values of gauged stations data 
To collect the rainfall data recorded at weather stations from 2009 to 2019, stations were chosen based on their extensive historical 

data, minimal missing data, and how well they represented the watershed. The gauging stations are sparsely distributed across 
different agro-ecological zones in the region, with their placement determined by altitude (Fig. 1). For instance, Chenek is located in 
(Wurich/cool and moist), Debark and Dabat stations were located in (Dega/cool and humid) zones, and also Guhala in Belesa classified 
under Dega and Woina-Dega agro-ecological zones. Table 1 provides the historical background of the selected stations. 

Getting access to high-quality, reliable data is one of the first tasks in any hydrological or meteorological investigation [34]. 
Nevertheless, missing values in the data from some stations could hinder accurate statistical analysis, hydrological and environmental 
modeling, and monitoring of meteorological drought [35]. To prevent such issues, all of the data underwent strict data quality control 
by carefully checking for outliers and missing values. As a result, some of the input data obtained were totally or partly missing, which 
may be due to instrument failures, recording or reporting errors [36]. To obtain continuous data, missing records were completed using 
the mean method (replaced with the mean) and the Normal Ratio method (NR) when the percentage of missing values was below 10% 
[37]. Finally, XLSTAT version 2021 was used for applying the data filling techniques. 

2.3.2. Validation of CHIRPS rainfall estimates 
To assess and track droughts effectively, it is essential to have accurate data on rainfall at various spatial and temporal scales [38]. 

However, the distribution of gauging stations are sparse and uneven across Ethiopia [39]. Satellite and reanalysis precipitation 
products have emerged as a substitute source in recent years, offering near-global estimates of precipitation at a better spatial and 
temporal resolution [40]. Despite this, a majority of satellite rainfall products are liable to inaccuracies because of the nature of remote 
sensing data and the assumptions made in retrieval algorithms. Hence, validating and checking the data is the primary task for making 
the result accurate and better [41,42]. 

This study involved assessing the CHIRPS satellite’s daily rainfall data obtained from corresponding station locations during the 
same time period. The evaluation was done by comparing it with ground-based rainfall data recorded at seven separate weather 
stations over seasonal and annual timeframes. Therefore, the evaluation employed several pair-wise comparison statistical techniques 
including the Pearson correlation coefficient (r), mean error (ME), mean absolute error (MAE), root mean square error (RMSE), and 
percent bias (PBias). Likewise, Alemu and Bawoke [30], and Wassie et al. [18] utilized these methods to assess the CHIRPS satellite 
rainfall data against the respective ground-based observation data in different parts of Ethiopia. 

The Pearson correlation coefficient (r) is a widely-used approach for assessing linear correlation. It varies from − 1 to 1 and measures 

Table 1 
History of the observed gauging stations in Menna watershed.  

Station Name Record Length Class Latitude Longitude Elevation Woreda 

Ambagiorgis 1992–2021 3 12.77 37.62 2508 Wogera 
Cheneck 2007–2019 3 13.26 38.18 3739 Janamora 
Dabat 2009–2019 4 12.98 37.75 2527 Dabat 
Debark 1993–2022 1 13.15 37.89 2900 Debark 
Guhala 2013–2019 3 12.24 38.05 1752 Belesa 
Gondar 1952–2021 1 12.52 37.43 2064 Gondar 
Enfraz 1977–2021 3 12.26 37.63 1111 Enfraz 
Makisegnet 1970–2021 3 12.39 37.56 1935 Makisegnet 
Tikil Dingay 2002–2020 4 12.75 37.42 2020 Sanja  
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the strength and direction of the association between two variables. If the value of r falls between 0 and 1, it suggests a positive 
correlation.no correlation when 0, and negative correlation when r is between 0 and -1 [43]. Equation (1) is applied for computing the 
Pearson correlation coefficient. 

r=
∑

(O − Ō)(S − Ŝ)
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑

(O − Ō)
2

√ ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑

(S − Ŝ)
2

√ (1)  

Where, r = the correlation coefficient, O = observed rainfall, Ō = average observed rainfall, S = satellite rainfall, ̂S = average satellite 
rainfall. 

The Mean Error (ME) represents the mean of errors within a collection of measurements. When comparing CHIRPS rainfall and 
observed rainfall, a ME value that is positive signifies an overestimation of the CHIRPS rainfall, while a negative value suggests an 
underestimation. A ME value of zero reflects a perfect score or absence of error. Equation (2) is utilized for calculating ME. 

ME=

∑
(S − O)
n

(2)  

Where, ME = mean error, S = satellite rainfall, O = observed rainfall, and n = number of data points. 
The Mean Absolute Error (MAE) is a metric used to evaluate errors between corresponding observations (CHIRPS rainfall data and 

station-based rainfall) regarding a specific matter. It is the mean of the absolute errors between data points. MAE values range from 0 to 
positive infinity, with an approach to zero indicating minimal error between the two sets of measurements. The calculation of MAE can 
be carried out using the equation provided below (Eq. (3)): 

MAE=

∑
|S − O|
n

(3)  

Where, MAE = mean absolute error, S = satellite rainfall, O = observed rainfall, and n = number of data points. 
The Root Mean Square Error (RMSE) is utilized to assess the average magnitude of the estimated errors between CHIRPS satellite 

rainfall data and station rainfall (Eq. (4)). A decrease in RMSE values suggests stronger central tendencies and less extreme errors 
between the variables. A RMSE value of zero signifies a perfect score. 

RMSE=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1
(Si − Oi)2

n

√
√
√
√
√

(4)  

Where, RMSE = root mean square error, Oi = observed rainfall, Si = satellite rainfall, and n = number of data points. 
Conversely, the Bias indicates the degree of similarity between the mean rainfall measured by satellite and the mean of observed 

rainfall. A bias value near one implies a closer match between the average satellite rainfall estimation and the total observed rainfall. 
The bias ratio serves as an error indicator for the systematic error component, with a perfect score of 1. Deviations from this value, 
whether below or above 1, suggest underestimation or overestimation, respectively (Eq. (5)). 

PBias (%)=

∑
(Ŝ − Ō)
∑

Ō
∗ 100 (5)  

Where, PBias is the Percent of bias, Ŝ is mean of the satellite estimates, and Ō is mean of the observed rainfall. 

2.4. Data analysis 

2.4.1. Rainfall trend and variability analysis 

2.4.1.1. Mann-Kendall’s trend test. Analyzing rainfall patterns is crucial for countries such as Ethiopia, where food security and 
economic stability rely heavily on the timely precipitation availability [23]. Various techniques have been developed in recent years to 
analyze rainfall trends, such as the Mann-Kendall (MK) test, Sen’s slope estimator, Spearman’s rho test, cumulative sum, and linear 
regression [44,45]. Among these, the Mann-Kendall trend test is the most frequently utilized method [46] to identify statistically 
significant or insignificant trends in hydro-meteorological factors [47]. The MK test is a robust tool for identifying consistent upward or 
downward trends in climate parameters on a yearly or seasonal basis, and is less influenced by outliers [48,49]. 

In the present study, therefore, MK test was employed to examine the trend of rainfall pattern using monthly data series of 23 years 
(2000–2022). The test’s null hypothesis (H0) asserts that the data exhibit no trend and are both independent and identically 
distributed; while the alternative hypothesis (H1) suggests that there is a trend present in the series, either increasing or decreasing. It 
uses two types of statistics based on the number of data values: S-statistics is utilized when there are fewer than 10 data values, and Z- 
statistics is used for data values equal to or greater than 10. In addition, every data point is also compared with every other data point. 
The S statistic increases by 1 when a data value from a later period is higher than a data value from an earlier period, and decreases by 1 
when the earlier sampled data value is greater than the later one. The final value of S is obtained by averaging all such changes [50]. 
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Equation (6) provides the value of the test statistic S. 

S=
∑n− 1

i=1

∑n

j=i+1
sgn(xj − xi);with sgn(xj − xi)=

⎧
⎨

⎩

+1, if (xj − xi) > 0
0, if (xj − xi) = 0
− 1, if (xj − xi) < 0

⎫
⎬

⎭
(6) 

The application of trend test is done to a time series Xi that is ranked from i = 1,2 … n-1 and Xj, ranked from j = i+1,2 … n. Each 
data point Xi is selected as a reference point and then compared with the remaining data points Xj. The sign function sgn(xj− xi) is 
calculated, with Xi and Xj representing the annual values in years i and j (where j is greater than i), respectively. After considering all 
the variations, this statistic represents this statistic represents the number of positive differences less the number of negative 
differences. 

The a positive or negative value of S indicates an upward (increasing) or downward (decreasing) trends, respectively [50]. A 
positive or negative S value indicates an upward or downward trend, respectively. When the dataset includes 10 or more values, the 
S-statistics follow an approximately normal distribution. The test is carried out using a normal distribution with the mean and variance 
specified in equation (7). 

V(S)=
n(n − l)(2n + 5) −

∑n

i=1
ti(i − 1)(2i+ 5)

18
(7)  

Where, n is the number of observation and ti are the ties of the sample time series. The standard normal distribution (Z–statistics) is 
computed using equation (8): 

Z=

⎧
⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎩

5 − 1
̅̅̅̅̅̅̅̅̅̅̅̅̅
var(S)

√ , S < 0

0, S = 0
5 + 1
̅̅̅̅̅̅̅̅̅̅̅̅̅
var(S)

√ , S < 0

(8)  

In the MK test statistics, Z conforms to the standard normal distribution with a mean of zero and a variance of one. Therefore, a positive 
or negative Z value signifies an upward or downward trend, respectively. 

Once the presence of a trend has been determined, the strength of the trend was quantified using Sen’s slope test, which is viewed as 
a median for all data sets across different combinations. Finally, four different alpha (α) levels at 0.001, 0.01, 0.05, or 0.1 are used to 
check its significance. XLSTAT 2021 was used to identify trends, fix the magnitude and check its significance level. 

2.4.1.2. Coefficient of variation. The coefficient of variation (CV) was utilized to assess the variation in rainfall on an annual and 
seasonal basis. As discussed in Achite et al. [51], CV is a statistical measure expressed as a percentage that indicates the degree of 
variability of data points in a data set relative to the mean. A larger CV value indicates that the rainfall time-series data is more 
variable, and the climate will be less predictable. It was computed using equation (9). 

CV =
σ
x
∗ 100 (9)  

Where, σ is the standard deviation and x is the average rainfall. Typically, CV values were categorized as follows: low variability (CV <
20%), moderate variability (20% < CV < 30%), high variability (CV > 30%), and very high variability (CV > 40%) [52]. 

2.4.2. Determining the onset, cessation, and length of rainy seasons 
Alterations in the timing of seasonal cycles of rainfall and shifts in the start and end of precipitation play a crucial role in agri

cultural operations [53]. Hence, plant water availability is highly dependent on the timing (onset, cessation & length) of rainy seasons. 
It subtly conveys information about the climate suitability for crop production and the likelihood of success or failure during a given 
season [54]. To study the start, end, and duration of rainy seasons, the average daily rainfall (Ei) for each day of the year from January 
1st to December 31st, the average daily rainfall (Ē), and the cumulative daily rainfall anomaly on a specific day (C(d)) were computed 
using the Climate Data Tool (CDT) platform integrated the R software [55]. The equation below (Eq. (10)) is used for the analysis. 

C(d)=
∑d

i=1jan
E − Ē (10)  

2.4.3. Meteorological drought assessment 

2.4.3.1. Percent of normal (PN). According to Gibbs and Maher [56], the percent of normal can be calculated on various time scales 
such as daily, weekly, monthly, seasonal, and yearly, catering to the diverse requirements of users. It is very easy to calculate with basic 
mathematics, regularly generated by various climate software packages, and easy to understand by the media and the public. PN can be 
utilized to compare different time intervals in any specific area. It is determined by dividing the actual precipitation by the average 
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precipitation, and then multiplying the outcome by 100 for the period under consideration (Eq. (11)). 

PN (%)=
Ri
Ȓ

∗ 100 (11)  

Where, PN = percent of normal, Ri = actual rainfall, Ȓ = long-term mean rainfall. 
The percent of normal precipitation can be applied to detect and track different effects of droughts. It also categorizes droughts into 

five severity levels (Table 2). 

2.4.3.2. Standardized anomaly index (SAI). SAI, also referred to as the rainfall deficit index, indicates the number of standard de
viations by which a rainfall figure deviates from the historical average [21]. It is applicable for identifying drought events, especially in 
areas frequented by droughts. SAI can be computed over any specified time frame, but it solely relies on precipitation data, and the 
accuracy of calculations hinges on the quality of the data available [58]. The equation below (Eq. (12)) summarizes the competition 
procedures of SAI, and the classification for the drought severity levels is indicated in Table 3. 

SAI=
Ri − Ȓ

σ (12)  

Where, Ri = actual rainfall, Ȓ = long-term mean rainfall, and σ = the standard deviation. 
Several studies [17,18,20,59] have used SPI instead of SAI or interchangeably to characterized meteorological droughts in 

Northeastern highlands of Ethiopia. However, the present study applied SAI mainly to show the spatial distribution of meteorological 
drought in the area. Meanwhile, 176 grid points were extracted from CHIRPS data set, and then interpolate it by using ordinary Kriging 
interpolation techniques to get continuous features for the study area. 

2.4.3.3. Standardized precipitation index (SPI). SPI is a powerful recommended tool in detecting drought incidences and characterizing 
its effect [58]. SPI has a number of advantages as compared with other meteorological indices. Firstly, the evaluation of SAI is 
straightforward as it is solely dependent on precipitation data. Second, it can detect and characterize droughts on multiple time scales. 
Thirdly, the standardization SPI makes it well suited to compare droughts across different time periods and regions with varying 
climatic condition [56,58]. 

Different from SAI, SPI was calculated by applying a gamma distribution function to a frequency distribution of precipitation 
amounts during a defined timeframe at a particular location [60]. The SPI calculation for any given location relies on the historical 
precipitation data over a specific timeframe. In order to maintain a mean SPI of zero for the specified time and location (with half of the 
precipitation totals falling below the median and half above it), the long-term precipitation data is adjusted to a probability distri
bution and then transformed into a normal distribution [61]. In essence, the alpha (α) and beta (β) values of the gamma probability 
density function were calculated [60]. This allowed for the approximate conversion of the cumulative probability distribution function 
into a standard normal cumulative distribution with a mean of zero and a standard deviation of one. Meanwhile, the probability of 
observed precipitation is converted into an index [17]. 

The gamma conversion involved applying the t-transformation, and SPI was subsequently computed based on the values resulting 
from the gamma transformation: c0 = 2.5155517, c1 = 0.802853, c2 = 0.010328, d1 = 1.432788, d2 = 0.189269, and d3 = 0.001308 
[60]. Hence, the following equations (Eq. 13, 14, 15, 16) are applied subsequently. 

Commulative Gamma Transformation=G (x, α, β) = 1
αβГβ

∫ x

0
xβ− 1e− x/αdx (13)  

Gamma function=Гβ =

∫ x

0
xβ− 1e− xdx (14) 

The maximum likelihood is used to estimate α and β thus: 

Shape parameter (α)= 1
4U

[

1+

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1 +

(
4U

3

)√ ]

(15) 

Table 2 
Percent of normal precipitation drought category.  

PN VALUE (%) DROUGHT CATEGORY 

≥ 120 Humid 
80–120 Normal/no drought 
70–80 Light/mild drought 
55–70 Moderate drought 
40–55 Severe drought 
< 40 Extreme drought 

Source [57]. 
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Scale parameter(β) =
X
β

(16)  

Where : U = ln(X) − Xln; Xln =

∑
ln(X)
N ; X =

∑
X

N , and N = number of precipitation observations, X = annual precipitation amount 
The parameters obtained (α, β and U) are utilized to calculate the cumulative probability of a recorded precipitation event within 

the specified year in the dataset. These parameters are applied to the gamma probability density function to determine this cumulative 
probability. The cumulative probability distribution is then adjusted to match the standard normal cumulative distribution, ensuring 
that both have the same probability [62]. Hence, the t-transform and the SPI based on it are computed based on the expressions ar
ranged below (Eqs. (17)–(20)). 

t − transform (t)=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅

ln
[

1
Xg

]√

,where Xg ≤ 0.5 (17)  

or, t − transform (t)=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

ln
[

1
1 − Xg

]√

,where Xg ≤ 1.0 (18)  

SPI= −

[

t −
C0 + C1t + C2t2

1 + d1t + d2t2 + d3t3

]

,where Xg ≤ 0.5 (19)  

or, SPI= +

[

t −
C0 + C1t + C2t2

1 + d1t + d2t2 + d3t3

]

,where Xg ≤ 1.0 (20) 

Since a precipitation distribution could include values of zero and the gamma function is not defined at x = 0, the resulting cu
mulative probability is (Eq. (21)): 

H(x)= q+ (1 − q)G(x) (21)  

Where, q is the probability of a zero. Next, to obtain SPI, the cumulative probability H(x) is converted to the standard normal dis
tribution [63]. The entire process that was employed to determine the SPI is detailed in Ref. [60]. 

However, due to the complexity of following these steps to compute SPI manually, the SPI values at four time-scales (SPI-1, SPI-4, 
SPI-6 and SPI-12) were calculated using R software packages. Here, SPI-1 is for July (month of maximum rainfall), SPI-4 covers June, 
July, August and September, SPI-6 covers the period of April–September, and SPI-12 covers September–August. SPI-1 and SPI-4 
represent short-term drought conditions in the region, while the six-month SPI signifies medium-term drought and the twelve- 
month SPI signifies long-term drought in the area. The SPI-4 was used to assess droughts of the Kiremt seasons denote longer rain 
seasons, and SPI-12 was used to assess the annual drought for the periods 2000–2022. Consequently, higher than mean rainfall was 
indicated by positive SPI values, and lower than mean rainfall was represented by negative values. 

2.5. Classification of drought risk area 

The ultimate drought risk map was produced by utilizing 23 distinct meteorological drought frequency maps based on SAI across 
the entire study region. Each year’s binary image was transformed into a Boolean image to depict all levels of drought severity. Next, 
the images from each year were added together to calculate the frequency of drought at a pixel level. As Gonfa [64] has outlined and as 
recently applied by Wassie et al. [18], areas can be categorized as high, moderate, or low-risk zones based on the probability of drought 
occurrence in over 50%, 30–50%, or less than 30% of the years, respectively. Consequently, five drought risk levels were identified 
using this criterion to classify the frequency map: 0–1 for no drought risk; 2–6 low risk; 7–11 moderate risk; 12–16 high; and 17 and 
above for very high drought risk zones. Techniques similar to these were described in many studies [18–20,65] and utilized to generate 
maps indicating areas of meteorological drought risks across various regions of Ethiopia. 

The schematic diagram of all the methods showing all the data set used and the whole analysis techniques is represented on Fig. 2. 

Table 3 
Drought categories defined for SAI/SPI indices.  

SAI/SPI value Drought category 

≥ 2.0 Extremely wet 
1.5 to 1.99 Very wet 
1.0 to 1.49 Moderately wet 
0.99 to ¡0.99 Near normal or Mild drought 
¡1.0 to ¡1.49 Moderate drought 
¡1.5 to ¡1.99 Severe drought 
≤ ¡2.0 Extreme drought 

Source [58]. 
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3. Results 

3.1. Validation of CHIRPS rainfall data 

In this study, the validation of CHIRPS rainfall products from 2009 to 2019 was conducted by comparing them with measured 
rainfall data from seven different weather stations on both seasonal and annual timeframes. The CHIRPS rainfall estimates from each 
station points were extracted and compared with the corresponding ground observed values using statistical measures including the 
Pearson correlation coefficient (r), coefficient of determination (R2), mean error (ME), mean absolute error (MAE), root mean square 
error (RMSE), and percent of bias (PB). 

As shown in Table 4, a high correlation was observed between CHIRPS and measured rainfall at all the weather stations. At the 
annual level, the correlation coefficient ranged from 0.75 at Makisegnet to 0.88 at Gondar, which is relatively good. Comparatively, 
the lowest (0.69) and highest (0.97) correlation was registered on Makisegnet station during the bega season. So, the annual correlation 
is found to be lower than the correlation of each season. According to Dinku et al. [31], the weaker correlation between annual CHIRPS 
estimates at stations and actual data can be attributed to two main factors: (1) CHIRPS tends to overestimate smaller amounts of 
rainfall during warmer seasons due to sub-cloud evaporation, and (2) it underestimates larger amounts of rainfall during the rainy 
seasons because of significant cloud cover, which hinders satellite algorithms from accurately detecting precipitation. These dis
crepancies significantly impact the total annual rainfall measurements. In addition, the results indicated that the coefficient of 
determination (R2) value ranges from 0.57 to 0.78 in the annual and from 0.48 to 0.94 in the seasonal time scales indicating a good 
agreement between stations’ rainfall and CHIRPS satellite data. 

The Mean Error for both the annual and seasonal time scales was found to be equal. Seasonally, a full negative value of ME was 
registered in three stations, with the highest at Enfraz (− 195 mm) and the lowest at Gondar (− 1.9 mm) during summer season 
(Table 4). Extra precipitation was recorded at the other four stations, with the greatest amount at Tikil Dingay (76.3 mm) during the 
belg season. Based on the results, an overestimation of CHIRPS is indicated by the positive value, whereas a negative value specifies 
underestimation relative to the observed rainfall [39]. Moreover, the Mean Absolute Error was calculated to illustrate the variation in 
rainfall values between different stations. Hence, the MAE value of CHIRPS from observed measurements reached 207.9 mm for 
seasonal and 208.5 mm for annual time scales. The comparisons of RMSE at annual and seasonal time scales again showed differences 
in error values between stations. Seasonally, higher RMSE are shown from Enfraz (301.1 mm) and Ambagiorgis (259 mm) stations 

Fig. 2. Methodological framework.  
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during the kiremt season. Similarly, higher annual RMSE values are recorded in these stations. The mean RMSE for all stations was 86.6 
mm for seasonal analysis and 183.9 mm for annual. This suggests that Gondar station had both a higher central tendency and lower 
extreme errors, with seasonal RMSE values of 23.9 mm and annual RMSE values of 63.8 mm. 

Percent bias (PBias) was computed at seasonal and annual time series. Seasonally, it ranges from − 0.25 in Dabat during bega season 
to 0.718 at Tikil Dingay station during belg seasons. Similarly, in annual scale, the PBias ranges from (− 0.14) at Enfraz station to (0.12) 
in Tikil Dingay. Generally speaking, the bias values for most stations were below one (Table 4). This demonstrates that underesti
mation of rainfall (bias value < 100%) was detected in almost all stations. Likewise, the results of Alemu and Bawoke [30] in the 
Amhara region indicated that the CHIRPS products tended to overestimate low rainfall amounts and underestimate high values. 

A scatter plot was also prepared by aggregating every data points of CHIRPS and observed rainfall in all selected gauging stations. 
As depicted from Fig. 3(a–g), the scatter plot was produced for each selected stations. The CHIRPS data and observed rainfall data 
exhibited limited variation in most stations, with a concentration of data points close to the 45◦ line with coefficient of determination 
(R2) values between 0.8907 and 0.9303. Such higher R2 values confirmed an acceptable agreement between the two datasets. In the 
area, only Tikil Dingay (R2 = 0.8743), and Ambagiorgis (R2 = 0.7426) stations have relatively indicated the lowest values and more 
scattered distribution of the data points. As concluded by Dinku et al. [31], the minor differences observed in the (R2) values among the 
stations was because CHIRPS commonly showed variation in performances (overestimate or underestimate rainfall) with climate, 
topography and seasonal rainfall pattern differences. 

Another scatter plot was also produced for the entire study area by taking the average values of both the CHIRPS and observed 
rainfall of all the station points (Fig. 3-h). Likewise, the CHIRPS data and observed rainfall data show minimal dispersion, with a 
clustering of data points near the 45◦ line and an R2 value of 0.8846. However, there are a few data points that are more widely spread, 
possibly due to uncertainties in station locations, or systematic or random errors in ground-based rain measurements or satellite re
cords. Therefore, it is to mean that 88.5% of the time, a 1 mm increase in CHIRPS rainfall in each month was accompanied by a 0.8812 
mm rise of observed rainfall over the entire study area; a minimum difference. Furthermore, the high coefficient of determination (R2) 
value of 0.8846 indicates a strong statistical correlation, demonstrating the close agreement between the observed rainfall and CHIRPS 
rainfall data. This result aligns with previous studies conducted by Wassie et al. [18] in North Wollo, Geleta and Deressa [66], and 
Bayissa et al. [67] at the watershed level in Ethiopia, where R2 values of 0.82, 0.84, and 0.86 were reported, respectively. 

Generally, all the validation result revealed that CHIRPS rainfall datasets could potentially be effective in detecting and assessing 
drought conditions, specifically in less-accessible data source regions of Ethiopia in general and the study area in particular. 

3.2. Spatiotemporal distribution and trend analysis of CHIRPS rainfall 

Examining the spatiotemporal patterns of rainfall and identifying trends is crucial for maintaining agricultural production, man
aging droughts and floods, ensuring sustainable water resource management, and promoting healthy ecosystem functions [68]. As it is 

Table 4 
Statistical results for performance evaluation of CHIRPS rainfall.  

Stations Seasons ME MAE RMSE r R2 PBias 

Ambagiorgis Annual − 43 171.9 234.6 0.77 0.6 − 4.1 
Summer − 16.4 189.2 259.0 0.79 0.62 − 2.1 
Bega − 9.3 45.3 89.7 0.75 0.56 10.2 
Belg − 5.5 37.4 53.7 0.78 0.49 − 3.6 

Dabat Annual 23.7 138.6 201.8 0.76 0.58 2.6  
Summer 4.4 62.7 82 0.84 0.7 0.6 
Bega − 25.7 50.4 113.8 0.82 0.67 − 25.2 
Belg 31.8 46.8 53.5 0.78 0.6 30.2 

Enfraz Annual − 183.8 208.5 312.8 0.81 0.65 − 14.8 
Summer − 195.5 207.9 301.1 0.8 0.64 − 18.3 
Bega − 2.4 23.0 31.8 0.93 0.86 − 3.4 
Belg 16.3 42.0 55.7 0.77 0.6 16.4 

Gondar Annual 23.6 56.5 63.8 0.88 0.78 2.1 
Summer − 1.9 62.9 75.5 0.75 0.56 − 0.2 
Bega − 4.4 21.3 23.9 0.8 0.64 − 4.3 
Belg 30.0 37.4 43.3 0.9 0.81 19.7 

Makisegnet Annual − 141.5 141.5 155.6 0.75 0.57 − 13.3 
Summer − 114.1 114.1 132.2 0.69 0.48 − 13 
Bega − 15.1 20.6 26.4 0.76 0.58 − 21.3 
Belg − 12.3 20.8 23.4 0.97 0.94 − 10.6 

Debark Annual − 47.8 115.3 145.2 0.81 0.66 − 4.1 
Summer − 35.3 118.2 159.5 0.75 0.57 − 3.8 
Bega − 5.9 24.7 32.9 0.85 0.72 − 6.7 
Belg − 6.5 26.2 30.7 0.89 0.79 − 3.9 

Tikil Dingay Annual 131 153.3 173.5 0.87 0.75 12.3 
Summer 20.0 82.3 97.3 0.8 0.64 2.3 
Bega 34.1 40.0 50.3 0.74 0.55 49.8 
Belg 76.3 76.3 81.9 0.91 0.83 71.8  
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observed from Fig. 4(a–d), the whole part of the study area receives maximum amount of rainfall during the kiremt season. The highest 
annual rainfall levels (1340 mm/year) were recorded in the highland region, while the lowest (590 mm/year) were observed in the 
lowland section of the study area. The spatiotemporal distribution of such rainfall plays a great role in monitoring drought phenomena 
in the area. 

In the region, the kiremt, bega, and belg seasons have accounted for approximately 80.6%, 6.7%, and 12.7% of the total annual 
precipitation, respectively. Studies conducted by Wassie et al. [18] in North Wollo, Mekonen [17] in South Wollo, and Ayalew [22] in 
the Amhara Region reached a similar conclusion that the kiremt season receives the largest proportion of the total annual rainfall. 

Fig. 3. Scatter plots for CHIRPS and observed rainfall selected stations at a monthly time-scale (2000–2022). In the figure, Debark station is 
represented (a), Dabat (b), Gondar (c), Enfraz (d), Tikil Dngay (e), Ambagiorgis (f), and Makisegnet (g). The solid black line denotes a one-to-one 
link, while the red line depicts the linear regression fit. (For interpretation of the references to color in this figure legend, the reader is referred to the 
Web version of this article.) 
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Additional studies carried out in various regions of Ethiopia, such as [18–20,65], consistently showed that the kiremt season con
tributes the highest proportion (54–85%) of the total annual precipitation, with the belg season accounting for approximately 5–30%, 
and the bega season making up the smallest share (4–15%). 

In the entire study area, a 984.2 mm total annual rainfall has been recorded within the study period averagely in each year 
(Table 5). However, this amount was variable from year to year and across the different agro-ecologies. As it is observed from Fig. 5 (a, 
b), and Table 5 there was variation of rainfall across seasons in the time series. The maximum amount of monthly rainfall was recorded 
during the year 2001 (1127.1 mm), 2007 (1047.8 mm), and 2017 (1054 mm), whereas the minimum amount of rainfall was recorded 
in the year 2009 (777.1 mm) and 2015 (849.7 mm). Therefore, such minimum and maximum distribution of rainfall in the area reflects 
the wet and drought years. A study conducted by Senamaw et al. [20] in Waghmara zone (border of the study area) concluded that 
2009 and 2015 were the worst drought years, while 2001, 2007 and 2017 were characterized by wet years compared to the others. 

Yue and Wang [50] have highlighted the importance of trend analysis for effective water resources management, planning, and 
design purposes. By detecting trends in hydrological variables like discharge, runoff, and precipitation amounts, provides useful in
formation on the future changing tendency of such variables. As previously mentioned, the kiremt season predominates as the main 
rainy season in the study area, with approximately 74.3% of rainfall occurring solely in July and August (Table 5), indicating a 
concentrated distribution of precipitation in the region. 

The results presented in Table 5 indicate that the coefficient of variation (CV) for annual rainfall (8%) was lower compared to the 
CV for each season and months within the kiremt season. From all the seasons, kiremt has the lowest CV (10%). In contrast, belg (35%) 
and bega (33%) seasons showed the highest variation. This output is similar with Alemayehu et al. [69], who determined that kiremt 
rainfall exhibits lower variability compared to the bega and belg seasons. Similar findings were also reported by Harka et al. [23] in the 
Upper Wabi Shebelle River Basin in Ethiopia, demonstrating that the belg and bega seasons exhibit significantly higher rainfall 
variability. 

The Mann-Kendall test revealed fluctuations in the consistency of rainfall trends throughout the seasons and months of the year 
from 2000 to 2022. The Sen’s Slope estimator specified a decreasing magnitude during the August and July, which contributes to a 
trend of decreasing in kiremt rainfall. However, there was an increasing trend of rainfall in June and September (Fig. 5a). Generally, 
there exists a slight increase (3.4 mm/year) in total annual rainfall when averaged across all agro-ecologies of the area (Table 5, 
Fig. 5b). A similar output was obtained from the research conducted by Cheung et al. [70] showing a significant decline in July and 

Fig. 4. The spatial distribution of rainfall in annual (a), Kiremt (b), Bega (c) and Belg (d) seasons in Menna watershed (2000–2022).  
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August rainfall over the southwestern and central parts of Ethiopia. Alemayehu et al. [69] also reported a significantly increasing trend 
of annual rainfall in the Alwero watershed, in western Ethiopia. Similarly, Bewket and Conway [71] reported a statistically significant 
increasing trend in annual rainfall in Dessie and Lalibela towns for the period 1975–2003. Conversly, these results are in opposition to 
the conclusions drawn by Asaminew et al. [72], Ademe et al. [73], and Wagesho et al. [16], who documented decreasing trends in 
annual and seasonal rainfall amounts in their specific locations in Ethiopia. 

3.3. Determining the onset, cessation and length of rainy seasons 

The amount of water required by plants can strongly be influenced by the rainy season’s onset, cessation, length, and rainfall 
pattern. This, in turn, may potentially determine the sufficiency or deficiency of rainfall in a season [54]. Besides, the length of dry and 
wet spells can have a significant impact on the growth and productivity of crops [67]. As shown in Fig. 6, a delayed onset was recorded 
in 2001, 2004, and between 2015 and 2016, when the rainy season began on June 24, 25, and 27, respectively (Fig. 6a). On the 
contrary, the onset started early during 2008, 2011, 2014, 2017, and 2020 on the respective days of May 20, 16, 19, 16, and 20, 
respectively. In addition, the rainy season ended early at the beginning of September during the periods 2000–2001, 2003–2004, and 
2018. It, however, took a longer time to end during 2007 by extending up to September 14 (Fig. 6b). The length of the rainy seasons in 
the area was variable from year to year, ranging from 67 to 112 days. Shorter lengths of rainy seasons were registered in 2003, 2004, 
and 2016, which waited for 70, 68, and 67 days, respectively. However, over 110 long rainy days were recorded in 2008, 2011, 2014, 
and 2017 (Fig. 6c) (see Fig. 7). 

Generally, the observed delayed onsets and shorter duration of rainy seasons have had significant impacts on the vegetation and 
agricultural activities in the region. The prolonged dry periods resulting from delayed onsets have put immense stress on vegetation, 
leading to decreased crop yields and degradation of land. This, in turn, has exacerbated the occurrence of notable droughts in the area, 
affecting not only the agricultural sector but also the livelihoods of communities dependent on farming. Consistent with this, De la 
Poterie et al. [74] concluded that the delayed onset of the main rainy season, which normally falls within the four months (June to 
September), was a cause for the occurrence of droughts in various regions of Ethiopia. This underscores the importance of under
standing and adapting to these spatiotemporal droughts to mitigate their adverse effects on ecosystems and human populations in 
Ethiopia. Efforts towards sustainable water management, improved agricultural practices, and enhancing resilience to droughts are 
essential to address the challenges posed by these recurrent patterns of drought [1]. 

The pattern of the onset, cessation, and length of the rainy seasons commonly vary depending location and timeframe. The daily 
CHIRPS rainfall data from eight grid points was applied to show the spatial distribution of the length of the rainy season in the area 

Table 5 
Statistical value of monthly and seasonal rainfall.  

Variable Min. Max. Mean % CV% Std. D P value Zs MK Sen’s Slope 

Annual 777.1 1127.1 984.2 100 8 86.8 0.045a 2.01 0.304 3.74 
Kiremt 620.8 974.8 793.3 80.6 10 82.8 1.000 0.0 0.004 − 0.65 
Belg 62.0 253.0 125.0 12.7 35 44.7 0.013a 2.48 0.375 3.38 
Bega 38.0 124.1 65.9 6.7 33 22.2 0.073 1.79 0.273 1.09 
June 82.8 168.6 115.6 14.6 20 23.5 0.635 0.47 0.075 0.46 
July 175.1 431.2 299.5 37.8 19 58.1 0.492 − 0.68 0.107 − 0.27 
August 225.6 367.6 289.9 36.5 14 42.1 0.460 − 0.73 − 0.115 − 1.80 
September 45.5 143.6 88.4 11.1 23 21.2 0.369 0.89 0.138 0.97  

a Bold value indicates statistically significant at p < 0.05; -Ve value indicates a decreasing trend. 

Fig. 5. Monthly (a), annual and seasonal (b) rainfall distribution of Menna watershed (2000–2022).  
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(Fig. 7). Accordingly, the length of rainy seasons was found to vary across the different agro-ecological zones. The highland and upper 
highland parts of the study area have experienced longer length of rainy seasons (over 95 days) due to the early onset and late cessation 
of rainfall. Conversely, lowland and midland parts of the area have experienced with a shorter length of rainy season (below 90 days). 
As a result, the highland and upper highland regions of the area experienced early commencement and late cessation of rainfall, 
contrasting the situation in the midland and lowland areas. 

Fig. 8 illustrates the daily mean rainfall anomaly (blue), the accumulated daily mean rainfall anomaly (green), and the climato
logical daily mean rainfall for each day of the year (red) throughout the study period (2000–2022). The red dots on the Figure indicate 
the duration of the typical water season according to climatological data. Based on the findings, from the day of the year (365/6 days), 
the average day of onset was observed on the 162nd day (i.e., 6th months plus the 9th day). In other words, the onset is started on the 
9th of June. Similarly, from the days of the year, the average day of cessation (ending of water season) is on the 254th day (i.e., the 9th 
month plus the 9th day). In other words, the cessation is started on the 9 September. The two red dots in the Figure also marked the 

Fig. 6. The Onset (a), Cessation (b) and Length of rainy season (c) observed in Menna Watershed (2000–2022).  
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highest and lowest extent of the climatological water season of the area. 

3.4. Meteorological drought monitoring using PN, SAI and SPI 

To analyze the spatial and temporal distribution of meteorological drought in the study area, the percent of normal (PN), 

Fig. 7. Spatial distribution of the length of rainy seasons across agro-ecologies in Menna Watershed (2000–2022).  

Fig. 8. Average onset and cessation of rainfall in Menna Watershed for the period 2000 to 2022 
* CDM = climatological daily man; CuDM = climatological cumulative daily man; PPt = precipitation. 
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standardized anomaly index (SAI), and standardized precipitation index (SPI) were applied. The PN and SAI drought indices were 
computed in the annual (Fig. 9a), kiremt (Fig. 9b), bega (Fig. 9c), and belg (Fig. 9d) seasons, to observe their periodic effects. The results 
indicated that the PN in the annual time scale extends from the lowest 79% to the highest 114.5% in 2009 and 2001 showing mild 
drought and normal conditions, respectively. During the same years, the SAI value extends from − 2.4 to 1.6 showing extreme drought 
and very wet conditions. Such computed PN and SAI values indicated that in the years 2002, 2004, 2009, 2015, and 2019, there was a 
distinct lack of rainfall during the main cropping season (Fig. 9b) showing drought conditions in different severity levels. The indices 
also revealed that excess rainfall was registered during the bega season in 2001, 2007, and 2020 which usually has a bad consequences 
for crop harvesting in the area (Fig. 9c). However, during 2014 and 2017, there have been better rainfall conditions useful for belg 
harvesting in the watershed (Fig. 9d). The outputs obtained from several studies in different parts of Ethiopia [17–20,75] confirmed 
that 2002, 2004, 2009, 2015, and 2019 were considered as drought years. 

SPI is a statistical measure used to assess rainfall anomalies in a particular region over multiple time scales [60]. It quantifies the 
deviation of precipitation from the historical average, enabling the detection of dry periods and drought occurrences. By examining SPI 
values across multiple time scales, it is feasible to detect droughts occurring at different time scales, ranging from immediate to 
extended periods, and issue timely warnings to affected areas [56,58]. Hence, the temporal characteristics of droughts in the study area 
were also assessed by using the SPI values computed from the data obtained in the selected grid points (Fig. 10). Analysis of the 1, 4, 6, 
and 12-month SPI time series revealed the existence of droughts in different severity levels that falls between extremely wet and 
extreme dryness. 

The SPI-1 is a one-month SPI, which provides a relatively short-term view of rainfall conditions. It assesses deviations from the 
average rainfall within a single month. This can help identify any sudden and significant variations in precipitation, particularly in 
areas like Menna watershed, where rainfall patterns are volatile. Based on the computed values of SPI-1 time scale, the extreme wet 
condition was registered in 2000, while 2015 was extremely dry months with SPI values of 2.06 and − 2.47, respectively. On the other 
hand, the four-month SPI (SPI-4) encompasses a relatively longer time period, allowing for a more comprehensive analysis of rainfall 
patterns. It evaluates how precipitation deviates from the average rainfall over a four-month (June, July, August, and September) 
period. This can be useful in detecting trends or changes in rainfall for a kiremt season in the area for the period 2000–2022. 
Accordingly, based on the 4-monthly (kiremt season) SPI-4 value, the years 2004, 2009 and 2015 showed an extremely dry condition 
with the SPI scores of − 2.0, − 2.42 and − 2.47, respectively, indicating extreme meteorological drought incidences. On the other side, 
extreme wet conditions were recorded in 2001, 2018 and 2019 with the SPI values of 2.06, 2.17, and 2.27, respectively. 

The six-month SPI evaluates rainfall anomalies over a six-month period, providing a medium-term view of precipitation patterns. It 
assesses how much precipitation deviates from the average rainfall during this half-year period. This duration is effective in capturing 

Fig. 9. Standardized anomaly index and percent of normal in annual (a), kiremt (b), bega (c), and belg (d) seasons.  
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seasonal variations and can be useful in identifying longer-term trends or shifts in rainfall patterns. In the SPI-6, the most extreme wet 
seasons were recorded in 2001 and 2014 with SPI values of 2.11 and 2.08, respectively, while its extreme dryness were registered in 
2009 and 2015 with SPI values of − 2.41 and − 2.28, respectively. 

The annual SPI (SPI-12) considers precipitation anomalies for a full calendar year. It assesses the deviation from the average annual 
rainfall. This longer time scale provides a comprehensive overview of annual precipitation patterns, encompassing all seasons. It helps 
in understanding the overall hydro-climatic conditions for a specific year and is commonly used in monitoring droughts or long-term 
water availability [62]. Similarly, in the SPI-12 extreme wet and dry spells were registered in 2001 and 2009 with SPI values of 2.1 and 
− 2.4, respectively. This result basically confirmed that the years 2009 and 2015 were characterized by sever meteorological drought 
conditions. On the other hand, wetter conditions have been recorded under SPI-6 and SPI-12 during the periods 2000–2001, 
2006–2007, 2012–2013, and 2016–2022 (Fig. 10). From these, 2001, 2010, and 2016 were relatively the wettest years. 

Generally, six out of the 23 years (2002, 2004, 2009, 2014, 2015, and 2019) were characterized by a drought year. Similarly, 
Winkler et al. [76] based on SPI and VCI results found that the years 2002, 2004, 2009, 2010, and 2015 were extensively affected by 
drought events during the kiremt season in the area. The EM-DAT [75] disaster database also confirmed that those years are recorded as 
drought years in most parts of Ethiopia including the study area. 

As it is observed from Fig. 11, except for some eastern lowland parts which are regularly affected by drought, the extent and 
severity levels of meteorological drought showed variation in time and place across the watershed. As explained earlier, 2002, 2004, 
2009, 2014 and 2015 were categorized as the driest years with about 24, 27.8, 44.2, 44.6, and 56.7% of the area affected by extreme to 
severe drought conditions, respectively. In such drought years, only 2.7, 0.7, 1.4, 0.2, and 0.5% of the watershed was free from 
drought, respectively. Generally, the lowland and midland of the study area were highly affected by an extreme drought, whereas the 
highland and upper highland part of the watershed has been affected by mild to moderate drought. In contrast, in 2001, 2007, and 
2022 about 69.3, 48.3 and 43.2% of the area were characterized by non-drought conditions. Nevertheless, the research emphasizes 
that there has not been a single year without drought in the region during the study period, leading to the population being consistently 
affected by recurring droughts. 

In General, based on the result of SAI computed on rainfall of the area averaged over 23 years, more than 79% of it, mostly the 
lowland and midland parts, were affected by drought. From this, about 64.6% was characterized by mild drought severity level (SAI =
− 0.99 to 0.99) or unusually dry conditions (near normal), which slightly deviated from the regular rainfall distribution. However, such 
repeated lack of rainfall and drought attacks could pose a significant impact on vegetation growth. 

Fig. 10. Standardized precipitation index (SPI) values in Menna watershed across 2000 to 2022. The blue colors show non-drought years while the 
red colors show drought conditions of different severity levels. (For interpretation of the references to color in this figure legend, the reader is 
referred to the Web version of this article.) 
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Fig. 11. Spatial and temporal distribution of meteorological drought based on SAI.  

F.B. Enyew and S.B. Wassie                                                                                                                                                                                         



Heliyon 10 (2024) e27919

19

3.5. Drought frequency and classification of drought risk area 

The analysis of historical drought severity maps indicates a diverse pattern of drought frequency across different locations and time 
periods in the study area. Specifically, the lowland region experienced more frequent occurrences of severe droughts compared to 
other agro-ecological zones (Fig. 12). This resulted in heightened vulnerability to short return periods of meteorological droughts in 
nearly all parts of the area. 

The meteorological drought risk map (right bottom corner of Fig. 12) summarizes the drought conditions of the area from 2000 to 
2022. In terms of area coverage, about 3.7, 8.1, 8.7, and 69.3% of the watershed were well-thought-out as low, moderate, high and 
very high drought risk zones, respectively. Consequently, an extremely small portion of the area (0.2%) was considered as not risky for 
meteorological droughts. In general, considering the frequent drought occurrence, wide coverage, and severity as shown in Fig. 12, it is 
possible to conclude that the whole watershed is an extremely high drought-risky area that demands continuous follow-up. 

4. Conclusions and the way forward 

This study assessed the trends of rainfall and spatiotemporal patterns of meteorological drought using geospatial technologies in 
the Menna Watershed. The analysis of rainfall patterns over time involved studying the coefficient of variation (CV), conducting the 
Mann-Kendall (MK) test, and applying Sen’s slope estimator. In addition, the PN, SAI and SPI indices were applied to detect and 
characterize the spatiotemporal pattern of droughts in the area. CHIRPS rainfall estimate and station-based observed rainfall were the 
datasets used, where the observed rainfall was used to validate the performance of CHIRPS data set. 

The pattern of rainfall in the area was highly variable in belg (CV = 35%) and bega (CV = 33%), while kiremt showed the lowest 
(10%). However, the CV for the annual rainfall (8%) was lower compared to the CV for each season and each month of the kiremt 
season. A noticeable rise in rainfall was noted annually (3.7 mm/year) and during belg (3.4 mm/year) at a significance level of p <
0.05, whereas there was a slight decrease in rainfall during the kiremt season (− 0.7 mm/year). The onset, cessation and length of rainy 

Fig. 12. Frequency (year) of meteorological drought by severity levels: extreme (a), sever (b), moderate (c), and slight drought (d).  
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seasons were also variable from year to year and across agro-ecologies. In the highland and upper highland regions of the area, longer 
rainy seasons (95–111 days) were noted with rainfall beginning earlier and ending late. Conversely, the midland and lowland areas 
experienced shorter rainy seasons (67–90 days). Specifically, the longer rainy seasons were recorded during 2007–2008, whereas the 
shorter rainy seasons were registered during 2003–2004 and 2015–2016. Such variability in rainfall patterns posed significant effects 
on crop production making smallholder farmers highly vulnerable to the impacts. 

The PN, SAI and SPI values computed over the period 2000–2023 detected the wet and drought years. As a result, six out of the 23 
years (2002, 2004, 2009, 2014, 2015, and 2019) were the detected drought years. In 2009, 2014, and 2015, severe drought and 
extremely dry conditions were prevalent, where only 1.4, 0.2, and 0.5% of the watershed was free from drought, respectively. In 
contrast, wetter conditions have been recorded during the periods 2000–2001, 2006–2007, 2012–2013, and 2016–17. Out of these 
years, 2001, 2010, and 2016 were identified as the wettest compared to the rest. As a result, there was spatial diversity in both the 
occurrence and intensity of drought events. The lowland part of the watershed has been frequently affected by severe droughts, while 
the highland and upper highland areas faced mild drought conditions. It is important to note that there was no year without drought in 
the study area, leading to the population being consistently smashed by such recurrent droughts. 

The study concluded that the Menna watershed in northwestern Ethiopia is characterized by an exceptionally high risk of mete
orological drought. Accordingly, about 86% of the area repeatedly encounters extreme rainfall deficit (7–23 times) leading to a high 
risk of meteorological droughts. Such perceived spatiotemporal meteorological drought-risk incidents pose a likely threat to the rain- 
fed agriculture exerting an enormous effect on the livelihoods of smallholders. Therefore, the study could provide additional infor
mation to policymakers on early warning systems and regional and local drought monitoring strategies, enabling them to enhance 
current policies for adaptation, mitigation, and monitoring purposes aimed at lessening the effects of climate extremes and related 
droughts. Lastly, further study is recommended in the area by taking into account other drought indices which can help better capture 
and characterize meteorological droughts. 
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