
American Journal of Remote Sensing 

2025, Vol. 13, No. 2, pp. 100–109 

https://doi.org/10.11648/j.ajrs.20251302.14  

 

 

 

Received: 22 October 2025; Accepted: 4 November 2025; Published: 11 December 2025 

 

Copyright: © The Author(s), 2025. Published by Science Publishing Group. This is an Open Access article, distributed 

under the terms of the Creative Commons Attribution 4.0 License (http://creativecommons.org/licenses/by/4.0/), which 

permits unrestricted use, distribution and reproduction in any medium, provided the original work is properly cited. 
 

 

Research Article 

Meteorological Drought Analysis by Using CHRIPSv2 

Satellite Remote Sensing and Station Data over North 

Shewa Zone, Oromia, Ethiopia 

Tsige Berhanu Fana* , Mesay Tolossa Wakete  

Ethiopia Meteorological Institute (EMI), Addis Ababa, Ethiopia 

 

Abstract 

The North Shewa zone of Ethiopia is highly vulnerable to drought. The majority of the population of the zone is involved in 

agricultural activities for their livelihood. Agriculture is predominantly dependent on the timing, amount, duration, and 

distribution of natural rainfall. This makes the zone susceptible to the impacts of climatic extreme events such as drought. Yet, no 

drought assessment studies have been conducted on the spatial and temporal analysis of recent droughts over the zone. In view of 

that, this study examined the spatial and temporal characteristics of drought in the period 1990 to 2020 over the North Shewa 

zone of Oromia regional state, Ethiopia, using the Standardized Precipitation Index (SPI) drought index. The drought events at 

each of the stations had varying magnitudes and occurrences. During Kiremt (JJAS), seasonal drought was more frequent than 

Belg (FMAM). The years 2006, 1998, 2013, and 2016 are the top driest seasons in Belg (ordered from high to low spatial 

coverage); and 1992, 2009, 1990, 2012, and 2015 are the years when there was the highest spatially spread drought in the Kiremt 

(June-September) season. The comparison between the performance of Raw, Adjusted, and Merged datasets in terms of with 

relation to CORR, BR2, BIAS, and RMSE. The results show that merged data is stronger than row and adjusted data in 

reproducing the observed station data. 
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1. Introduction 

Drought is inarguably one of the most challenging and 

complex natural disasters from a management perspective 

[1-3]. It has been a part of the climate, and it has affected 

many countries in the world this including Ethiopia and the 

Horn of Africa, and many other Sub-Saharan countries [4]. 

Among the developed countries, Australia, Brazil, and Cali-

fornia State in the USA have a history of drought. It is now 

fully recognized that drought is a global climatic phenomenon, 

although the factors that cause it are not yet fully and con-

vincingly explained [5]. Drought is described by many as an 

insidious natural hazard that has a slow onset and develops 

over months or even years to reach a full-blown impact [6]. In 

its final stage of occurrence, it often covers a large geographic 

area or region [7]. 

Drought occurs when the seasonal precipitation drops be-

low normal or long-term average [8]. Drought in Ethiopia 
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occurs during different seasons that occur in different regions 

in the country, and it exists when seasonal rainfall drops be-

low normal by almost 30% to 50%. Some argue that it is 

difficult to give a universal definition for drought because 

drought is a complex phenomenon [9]. However, several 

authors have given their version of the definition of drought or 

discussed it. Its definitions in their articles [10-12]. The sim-

plest definition of drought from a hydrological point of view 

is given as “a deficit of water compared with normal condi-

tions [13]. As it is indicated in the impact of drought is gov-

erned by its intensity, duration, frequency, and spatial extent 

of the precipitation deficit. Intensity refers to the amount of 

precipitation or water storage deficit at a particular place and 

specific time, which is classified as mild, moderate, severe, 

and extreme [14, 15]. Frequency is the average time between 

successive drought events, and duration refers to the extent of 

time that a given drought event stays [16]. The spatial cov-

erage refers to the areal extent of a specific area affected by a 

given drought incidence. Usually, severe and extreme drought 

episodes cover wider areas, while mild and moderate drought 

episodes tend to affect localized areas [17]. 

This study focuses on the spatial and temporal Analysis of 

meteorological drought in the North Shewa zone, Oromia, 

Ethiopia, using better satellite rainfall products. For this 

purpose, CHIRPS satellite rainfall products were first evalu-

ated with respect to ground-observed station data to identify 

and recommend the best satellite-derived rainfall product for 

drought monitoring in this study area. The main objective of 

this study is to assess the spatiotemporal occurrence of Me-

teorological Drought from 1990-2020 over the North Shewa 

Zone, Oromia, Ethiopia, and compare the row satellite data 

with the bias correction and merged counterpart. This study 

analyzes the spatial and temporal drought characteristics over 

the North Shewa Zone. 

2. Methodology 

2.1. Study Area 

The study was conducted in the North Shewa Zone of 

Oromia regional state in Ethiopia. North Shewa Zone is lo-

cated in the south by Addis Ababa, on the southwest by West 

Shewa, on the north by the Amhara Region, and on the 

southeast by East Shewa. The town includes Dara, Fiche, 

Guaracha, Aleltu, Chanco, Derba, Filkilik, Fital, Muka Turi, 

Sheno, Sululta, and Gohatsion. Coordinates of the zone are 

located between 37.92°N and 39.51°, 8.92°E and 10.41°W. 

The topography is ragged terrain with some mountains. The 

altitude ranges between 1300 and 2500 meters above sea level. 

It is divided into three agro-ecologies, namely, 15% Highland, 

40% Midland, and 45% Lowland [18]. There are two rainy 

seasons comprising four months each, namely Belg (February 

- May) and Maher (June - September) [19]. The average an-

nual rainfall ranges from 1400 to 1600 mm, while the mean 

annual temperature varies between 15 and 19°C [20]. 

 
Figure 1. Location of the study area (North Shewa Oromia). 

2.2. Data Types and Sources 

Both observation and satellite data were used in this study. 

Daily observed rainfall data was collected from Ethiopian 

Meteorological Institute for 11 stations for the period 

1990-2020. The satellite data was obtained from CHIRPS 

data from Climate Hazards Center Infrared precipitation with 

Station website. The observed data was obtained for 11 station 

over the study area, and the spatial satellite data of resolution 
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0.05° was obtained for the study area [21]. 

2.3. Methods 

In this study different tools were applied for data analysis 

including excel for entry, quality checking and filtering 

missing data; Climate data tool (CDT) for data quality 

checking, bias correction, comparison of station and satellite 

data, SPI analysis and visualization. CDT is a free and 

open-source R package. It was developed as part of the En-

hancing National Climate Services (ENACTS) initiative by 

the International Research Institute for Climate and Society 

(IRI), part of the Earth Institute at Columbia University. 

2.3.1. Bias Correction 

Bias correction is used to correct the large systematic errors, 

which are pertinent in simulations of models and/or satellite 

data. In this study, the downloaded CHIRPS products of 

monthly precipitation was used. There are several bias cor-

rection methods for precipitation and temperature. Statistical 

downscaling, histogram equalization, rank matching, and 

quantile mapping (QM) are just a few of the bias correction 

approaches that have been developed [22, 23]. In this study, 

the Quantile Mapping (QM) technique was used to correct the 

biases of CHIRPS data. 

From the QM techniques, the Empirical Quantile Mapping 

(EQM) was selected in this study. EQM maps the Cumulative 

Distribution Functions (CDFs) between the satellite and ob-

served data, which are empirically constructed, based on data 

from a historical period. 

2.3.2. Merging the Station and Satellite Data 

The station and bias-adjusted satellite data were merged by 

using the R package CDT. The merging method used was 

simple bias adjustment, and the resolution was similar to the 

grid of the satellite data. 

2.3.3. Visualization 

The climate data tools (CDT) were also used to visualize 

the outputs of the analysis. Spatial map, temporal time series 

graph, the cumulative distribution function, and a map of 

performance rank are used to visualize the results of the study. 

2.3.4. The Standardized Precipitation Index (SPI) 

The SPI calculation for any location is based on the 

long-term precipitation record for a desired period. This 

long-term record is fitted to a probability distribution, which 

is then transformed into a normal distribution so that the mean 

SPI for the location and desired period is zero [24]. Positive 

SPI values indicate greater than median precipitation, and 

negative values indicate less than median precipitation. Be-

cause the SPI is normalized, wetter and drier climates can be 

represented in the same way; thus, wet periods can also be 

monitored using the SPI, using the classification system 

shown in the SPI value table below Table 1 (Table 1) to define 

drought intensities resulting from the SPI [24]. They also 

defined the criteria for a drought event for any of the time-

scales. A drought event occurs any time the SPI is continu-

ously negative and reaches an intensity of -1.0 or less. The 

event ends when the SPI becomes positive. Each drought 

event, therefore, has a duration defined by its beginning and 

end, and an intensity for each month that the event continues. 

The positive sum of the SPI for all the months within a 

drought event can be termed the drought’s “magnitude”. 

Table 1. SPI values indices. 

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 

-1.0 to -1.49 Moderately dry 

-1.5 to -1.99 Severely dry 

-2 and less Extremely dry 

Probability Distribution Function to Calculate SPI 

To define the precipitation deficit, SPI is determined by 

fitting the accumulated precipitation with an effective proba-

bility density function. The two-parameter gamma distribu-

tion is used as a probability function to match the accumu-

lated precipitation for each month, analyzed the effects of 

fitting in different probability density functions on the SPI 

value [25, 26]. They found that there is no significant effect 

on the value, but the Gamma distribution is the fittest one. 

The gamma probability distribution provides better repre-

sentation of the precipitation data [27]. Based on the above 

recommendations, the SPI computation was based on the 

Gamma distribution function. 

SPIs was calculated using the procedure defined by [28], 

with monthly precipitation data. Precipitation will be aver-

aged over the time scale of interest (4-month in this study), 

separately for each month up to and including this month. 

The set of three/twelve-monthly values of cumulative precip-

itation is then fitted with a gamma distribution. Which is 

defined as, according to [29]. 

𝑔(𝑥) =  
1

𝛽𝛼𝛤(𝛼)
𝑥𝛼−1𝑒−𝑥 𝛽⁄

 for x > 0  

Where, α is a shape parameter (α>0), β is a scale parame-

ter (β>0), x is the precipitation amount (x>0), and 

𝛤(𝛼) =  ∫ 𝑦𝛼−1𝑒−𝑦𝑑𝑦
∞

0
  

Where, 𝛤(𝛼) is the gamma function. 
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The different SPI indicators allow for estimating different 

possible impacts of a meteorological drought since SPI can 

be estimated over different precipitation accumulation peri-

ods (typically varying from 1 to 48 months) [30]. In this 

study, 4-month SPI was used. 

The 4-month SPI compares precipitation totals for a given 

4-month period to precipitation totals for the same 4-month 

period for all of the years in the historical record. A 4-month 

SPI represents short- and medium-term moisture conditions, 

as well as seasonal precipitation estimates [16, 29, 31]. The 

4-month SPI will be used to detect and characterize seasonal 

drought events. 

2.3.5. Drought Characteristics 

When the SPI falls below a threshold value, which is -1, a 

drought event is assumed to have occurred [16]. The mean 

value of a drought index below the threshold level is used to 

determine the severity of a drought occurrence. 

3. Result and Discussion 

3.1. Comparison of the Raw, Adjusted, and 

Merged Satellite Data 

Rainfall distribution over the study area for the study period 

sample is presented in the figures below. Sample of precipi-

tation for the month July in the years 1990, 2000, 2010, and 

2020 are presented below. The figures show that the adjusted 

chirps get more precipitation than row and merged chirps 

except 2010. During 1990 merged chirps get precipitation us 

equals to Adjusted chirps these show that within ten-year gap 

of climate Adjusted chirp get good precipitation over the 

study area. 

 
Figure 2. Precipitation comparisons between Row Chirps, Adjusted, and Merged in the periods between 1990-2000-2010-2020. 

On July 2015, the Chirps and the merged data shows uniform precipitation distribution, intensity and amount. However, Adjusted data shows as 

compere with chirps and merged estimate under normal condition. 
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3.2. Validation 

In this section from the result of statistical correlation 

(CORR), coefficient of bias (BR2) Bias (BIAS), and Root 

Mean Square Error (RMSE) comparing with row, adjusted 

and merged data shows the merged dataset reproduces the 

observed station data better than the raw and bias adjusted 

satellite data. 

 
Figure 3. Cumulative Distribution map of raw, adjusted, and merged data sets vs the observed stations data. 

Figure 3 above depicts the comparison between cumulative 

distribution of rainfall data between the station and satellite 

estimates in terms of raw, adjusted, and merged data. The 

figure indicates that the bias-adjusted data is closer to the 

station data, next to the merged data. 

 
Figure 4. Performance rank of raw, adjusted and merged datasets in reproducing the observed precipitation data. 

The Figure 4 above indicate that the comparison between 

performance of Raw, Adjusted, and Merged datasets in terms 

of with relate to CORR, BR2, BIAS, and RMSE. The result 

show that merged data is stronger than row and adjusted data 

in reproducing the observed station data. 
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3.3. Temporal Drought Characteristics 

During the study period (1990-2020), the results of SPEI-4 

for 11 stations in the study area shown range of 41-62 drought 

events which is the number of months with SPI value of less 

than or equal to -1. Thus, the station where maximum drought 

events occurred is the meteorology station named Fiche with 

62 months of SPI value less than the threshold (-1), whereas 

the meteorology station Chancho is the station with least 

drought events over the period with 41 drought events. In 

terms of the drought classes, the meteorology station Fiche is 

the station where maximum extreme drought (SPI<=-2) 

events occurred with 16 months, while only one extreme 

drought event occurred at Filkilik. The highest number of 

severe drought (-1.5<=SPI<-2) incidences occurred in single 

station was 23 months at Gebre Guracha, while the least is 8 at 

Derba and Sululta meteorology stations. 15 and 36 months are 

the highest and least moderate drought events occurred in a 

single station at Fital and Filkilik stations respectively. 

The figures below depict the temporal time series map of 

SPI for 4-month timescale for all stations. 

 
Figure 5. The temporal time series of SPI for 4-month timescale for all stations. 

The period 1990 to 1993 was drought period over Sululta 

station. In this period, extreme drought events were also ob-

served. In the years 1997 and 2020, two extreme drought 

events were evident. 

3.4. Extreme Drought Events in the Rainy 

Seasons 

3.4.1. Belg 

The Belg (February to May) season in this study defined to 

include 4 months from February to May. The results of 

4-month SPI value of the month May was used to describe the 

characteristics of drought the Belg season, because it is the 

cumulative of the previous four months, which are defined to 

be Belg Based on the results, six extreme droughts have been 

seen in the years 1997, 1999, 2006, 2013, and 2018. The 

extreme drought was occurred at Fital in the years 1997 and 

2006; Fiche in 1999 and 2013, Muka Turi in 1999, and Sululta 

in 2018. 

Fiche and Fital are the stations which experience the 

highest (2) extreme drought events. 

3.4.2. Kiremt 

The SPI-4 values of the month September were used to 

characterize seasonal drought in Kiremt, since it is the cu-

mulative four months from June-September. Extreme drought 

events in Kiremt were recorded in ten of the years with at least 

one station a year. The years with extreme drought events in 

the Kiremt were 1990, 1991, 1996, 1997, 2000, 2012, 2013, 

2015, 2017, and 2018. Fital, Gebre Guracha, Sululta, and 

Muka Turi experience two extreme droughts in the Kiremt; 

while Chancho and Filkilik have not seen any extreme 
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drought event in the Kiremt season. 

3.5. Spatial Drought in the Rainy Seasons 

The spatial characteristics of drought was quantified by 

identifying number of stations with significant drought events 

for each month over the study period. Then months with 

highest number of stations with significant drought are pre-

sented in the following figures. 

 
Figure 6. Drought events in Belg with highest spatial coverage; Belg of 1998 had 6 stations with significant drought (SPI value <=-1) out of 11 

and Belg of 2006 had 7 stations with significant drought. 

 
Figure 7. Drought events in Belg with higher spatial coverage; Belg of 2013 and 2016 similarly had 5 stations with significant drought events 

(SPI value of<=-1). 
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The figures below depict the drought events with higher 

spatial coverage in the Kiremt rainy season over the study area. 

As can be seen from the figures, the Kiremt season in the 

years 1992 and 2000 had the highest spatially spread drought 

with 5 stations under significant drought (SPI<=-1) out of 11 

stations over the study area. Following the years 1992 and 

2000, the years 1990, 2012, 2015, and 2018 had 3 stations 

under significant drought events which were the second 

highest. 

 
Figure 8. Drought events with higher spatial coverage in the Kiremt rainy season. 

4. Conclusion and Recommendation 

The analysis of drought patterns is vital to address the 

various risks of droughts. This study takes a particular look at 

the droughts over North Shewa to help address the core 

challenges of droughts. The observed station precipitation 

data are used to analyze the temporal drought, while the sta-

tion and bias-corrected satellite merged data were used to 

analyze the spatial drought. The standardized precipitation 

index was used to characterize the drought classes and pat-

terns. The data preprocessing results revealed that bias cor-

rection improves the agreement of satellite data with sta-

tion-observed data. Moreover, the merged (station and bi-

as-corrected CHIRPS) data reproduces precipitation data 

nearly similar to the ground-observed data. 

Drought patterns over North Shewa were found to be 

complex with time and space. Both dry and wet periods are 

observed based on the SPEI-4 result over the stations. The 

pattern of shift between dry and wet periods is found to be not 

uniform for some stations and nearly uniform for others. 

Moreover, the drought incidences at each of the stations had 

diverse magnitudes and durations. Fiche and Chancho are 

found to be the stations with the highest and least drought 

events over the period 1990-2020, respectively. We also find 

that the occurrence of different drought classes (extreme, 

severe, and moderate) varies complexly across stations and 

periods. 

The analysis of drought events in the rainy seasons revealed 

that the years 2006, 1998, 2013, and 2016 are the top driest 

seasons in Belg, ordered from the top driest, and 1992, 2009, 

1990, 2012, and 2015 are the years when there was the highest 

spatially spread drought in the Kiremt season over the study 

area. Extreme drought events occur more frequently in the 
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Kiremt season than in the Belg. There has been an extreme 

drought in the Kiremt season in 10 of the years out of 31 in the 

study area, while in the Belg season, there have been extreme 

drought events in only 5 of the years. More research is needed 

to fill gaps in understanding different types of drought in the 

region. Future research can look into different spatial scales 

and compare the performance of different drought indices in 

the region. It will also be useful to do case studies with pat-

terns of drought emergence. 

One of the limitations of the study is the availability and 

adequacy of the data set archives used. Therefore, improve-

ment of meteorological monitoring over the region will 

greatly improve drought monitoring in support of key deci-

sions. Using the merged satellite and station data can solve the 

problem of data availability if it is done in a proper way by 

correcting the biases of the satellite data and choosing ap-

propriate methods to do so. Validating the products of satellite 

data is important and hence recommended before using them 

in a drought analysis. It has been seen that the raw, adjusted, 

and merged satellite data perform differently in reproducing 

the observed climate data. 
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IRI Institute for Climate Society 

NetCDF Network Common Data Form 

QM Quantile Mapping 
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