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that the performance of CHIRPS was very encouraging and significantly better than the other 

satellite rainfall products, TAMSAT and ARC2 over the upper Blue Nile Basin (UBNB). 

Similarly, Wedajo et al. (2021) in their quantitative statistical index showed that the product of 

CHIRPS performs best in estimating and detecting rainfall events at monthly and annual 

timescales in Dhidhessa River Basin. Another study by Koukoula et al. (2020) also showed 

CHIRPS exhibited the best performance in wet and dry basins and in obtaining the highest 

correlation when compared with TRMM in their study of evaluating the global water resources 

reanalysis product in the UBN. Furthermore, Taye et al. (2020) confirmed that the performance 

of CHIRPSv2 for monthly rainfall estimates was better than MSWEPv2 with respect to ME 

and RMSE error metrics over the UBN basin. However, in another study by Belay et al. (2019) 

who evaluated the application of multisource satellite rainfall products of CHRIPS in wester 

margins of Ethiopian highlands, indicated that CHRIPS have shown a slight overestima tion 

and underestimation of rainfall occurrence for the lowland and highland areas, respectively. 

Similarly, a study by Rachdane et al. (2022) did not select CHRIPS as the best estimator rather 

the GPM-F showed the most satisfactory result for all time scales and for spatial scales, than 

the CHRIPS and Climate Data Records with Cloud Classification System (CCSCDR) products 

at the daily scale. On the other hand, (Hordofa et al., 2021) who compared GPM-IMERG and 

CHIRPS, indicated that both estimators had a good agreement with the observed rainfall data 

at monthly and seasonal time scales, but the CHIRPS products slightly outperformed the GPM-

IMERG products. 

 

Another study by Sahlu et al. (2016) who evaluated the performance of high resolution mult i-

satellite and reanalysis rainfall products over East Africa indicated that IMERG products have 

a better bias ratio and correlation coefficient and showed a slight improvement in detecting 

rainfall events on hourly and daily time scales compared to CMORPH. Similarly, a study by 

Retalis et al. (2020) indicated a better performance of IMERG product than 3B43V7 with 

higher correlation, lower Bias, and RBias values, and its better ability to adjust precipitation in 

comparison to GSMaP. While Ashenafi and Hailu (2014) revealed that CMORPH has a 

potential to be used in water resource management and hydrologic prediction for the ungagged 

catchments in the UBN even if it had the highest bias which is associated with the highest 

relative errors. Similarly, CMORPH was selected by Koukoula et al. (2020) because of its 

NRMSE and JULES values and best performed  in the entire UBN basin. Furthermore, 

CMORPH was selected due to its best accuracy during wet season rainfall estimation. In terms 
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of bias, POD and CSI metrics among TMPA, PERSIANN, ECMWF, ERA Interim reanalys is 

and MSWEP satellite based rainfall products (Lakew et al., 2020; Sahlu et al., 2017). However, 

Hirpa et al. (2010) indicated that the performance of CMORPH and PERSIANN depends on 

elevations; PERSIANN gives smaller precipitation estimates at higher elevations. Furthermore, 

these authors noted that PERSIANN provides considerably lower rainfall in comparison with 

CMORPH. It has been also confirmed by Sahlu et al. (2017) that CMORPH products capture 

most of the rainy events better than TMPA and PERSIANN products. Furthermore, Derin et 

al. (2016), and Hirpa et al. (2010) justifies that Infrared (IR-Based) rainfall retrieval algorism 

like CHIRPS have major limitations in complex topographic regions while Microwave (MW-

based) rainfall retrieval algorism like CMORPH are more physically based and free of cold 

surface of snow effects. In addition, Huffman et al. (2020) also suggested that combining 

microwave and Infrared climate estimates can be a helpful approach that resulted in a high 

resolution satellite precipitation algorithm. 

 

Building on this foundation, the second study characterizes the spatiotemporal variability and 

trends of rainfall in the Central Highlands Abbay Basin using the IMERG-06 dataset. Climate 

change and variability are real, rapidly advancing and widespread threats that the earth is facing 

(Adeoti et al., 2016). For example,  Masson-Delmotte et al. (2022) stated that the global surface 

temperatures have increased by approximately 1.1°C since the pre-industrial era and 1.5°C 

above pre industrial era. Global sea surface levels have risen by about 15 cm during the 20th 

century, and the rate of rise has increased in recent decades (IPCC, 2019b). There have been 

shifts in rainfall patterns, climate change has altered annual and seasonal features of rainfa ll 

along with its spatial distribution (Banerjee et al., 2020). 

 

In Africa, Precipitation variability is expected to increase, while it is likely to decrease over 

most regions of sub-Saharan Africa (Nicholson, 2017). According to Banerjee et al. (2024),  

average land surface temperature increased by 0.01°C/year along with decreasing rainfall 1.89 

mm/year. However, this system in sub-Saharan Africa is a risky proposition due to its low and 

irregular rainfall and exposure to long periods of drought (Tadesse et al., 2014b). In most parts 

of Ethiopia air temperature is expected to rise by approximately 1.8°C by 2050, with increases 

ranging between 1.6°C to 3.7°C by 2080 relative to pre-industrial levels (Lange et al., 2020) 

and annual rainfall will increase in central highlands (Dadi et al., 2024) whereas rainfall will 

decrease in south in Negele area. Although annual rainfall over Ethiopia will increase in the 
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middle of the 21st century (Gobie et al., 2024), it will decrease during the main season of June, 

July and August (Afrasso et al., 2025).  

 

In Ethiopia, temperature and rainfall records from meteorological observatory stations show a 

significant warming trend and changes in rainfall patterns over the past few decades. For 

example, temperature data analysis from 1991-2020, show that Amhara region experienced 

warming temperatures and variable rainfall trends, particularly during the main rainy season 

(kiremt) (Asaye et al., 2025a). A study by Zewdu et al. (2019) found a consistent increase in 

temperature. The maximum temperature during the kiremt season varies between 0.4 and 

0.6°C/decade, and the belg season temperature show more rapid increase greater than 

0.6°C/decade (Addisu et al., 2015). Whereas annual and seasonal rainfall in Amhara mostly 

showed an increasing trend, particularly during the main rain season (1981-2020) (Mekoya et 

al., 2024). Particularly, the western part of the region showing a significant increasing trend, 

while other parts showed non-significant or slightly decreasing trend (Mesfin et al., 2021). 

Rainfall variability is high, with inter-annual fluctuations both positive and negative anomalies 

(Ayalew et al., 2012b). Further future projections suggest rainfall may increase in the near to 

mid-term (2021-2060) but could decrease in the long term (2081-2100) under various climate 

scenarios (Mekoya et al., 2024). 

 

Future climate projections is an indispensable component in understanding the potential 

impacts of climate change and planning effective adaptation strategies (IPCC, 2022). Climate 

models are the primary tools for projecting future climate scenarios by simulating the 

interactions among the atmosphere, oceans, land surface and ice (Flato et al., 2014). However, 

uncertainties in climate models arise from incomplete scientific understanding of the climate 

system, limitations in computing power, and the chaotic nature of the climate system itself 

(IPCC, 2023). To address these uncertainties, the Coupled Model Inter-comparison Project 

(CMIP) was established to provide a framework for comparing climate models and 

understanding their strengths and weaknesses (Meehl et al., 2000). CMIP has gone through 

several phases,  with the latest being CMIP6 (Eyring et al., 2016).  

 

CMIP6 includes a new set of climate models and scenarios, with improved representations of 

physical processes and higher resolutions compared to previous CMIP phases. The scenarios 

used in CMIP6 are based on Shared Socioeconomic Pathways (SSPs), which describe different 

trajectories of future society, including assumptions about population growth, economic 
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warming and change in temperature and precipitation patterns under both moderate (SSP2-4.5) 

and high emission (SSP5-8.5) scenarios (Almazroui et al., 2020; Waberi et al., 2024). 

Temperature increases are projected to be significant, with mean maximum temperatures rising 

by 2-3oC by mid-century and potentially exceeding 3oC by the late 21st century under SSP5-

8.5, (Ayugi et al., 2021a; Enyew et al., 2024). Such warming will exacerbate heat stress on 

crops and water resources, increasing evapotranspiration and potentially offsetting gains from 

increased rainfall (Snyder et al., 2013). 

 

Rainfall projection remain more uncertain but tend to show increases in total annual and 

seasonal rainfall, particularly during belg and kiremt seasons (Shongwe et al., 2011). Some 

models project annual rainfall increases exceeding 30% by mid-century and more than 

doubling by the end of the century under SSP5-8.5 (Ayugi et al., 2022). This increase could 

enhance water availability but also raises concerns about flooding and soil erosion. Bias 

correction techniques, such as those implemented with the CMhyd model, are essential to 

adjust raw model outputs to local conditions and improve their utility for impact assessments 

and planning (Gudmundsson et al., 2012; Mukheef et al., 2024). Validation against observed 

datasets like blended/ENACTS ensure that projections are credible and relevant for regional 

decision making (Dinku et al., 2022). 

 

Among the CMIP6 models, EC-Earth3-Veg and MRI-ESM2-0 have identified as particula r ly 

skilful for rainfall and temperature projections in Ethiopia (Alaminie et al., 2021; Lebeza et 

al., 2024; Salehie et al., 2023). These models capture key climate features and have been 

recommended for use in regional climate impact studies. The projected warming and rainfa ll 

changes suggest a future climate characterized by increased variability and extremes, posing 

new challenges for agriculture and water management in the Abbay Basin (Wubneh et al., 

2024). These projections highlight the urgency of integrating climate change scenarios into 

adaptation strategies to build resilience among vulnerable communities. Furthermore, recent 

studies have emphasized the importance of downscaling CMIP6 to capture the complex 

topography and microclimates of Abbay Basin for more accurate local climate impact 

assessment. For instance, (Rettie et al., 2023) applied statistical downscaling techniques to 

CMIP6 outputs under SPP2-4.5 and SSP5-8.5, revealing the localized temperature increases 

could exceed global averages by up to 0.5 °C due to elevation dependent warming effects. 

Additionally, their analysis showed that projected rainfall variability is likely to identify, with 

more frequent extreme rainfall events during the kiremt season, increasing flood risks. Such 
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refined projections are critical for informing adaptive water resource management and 

agricultural planning, understanding the need for integrating high resolution climate models 

with socioeconomic vulnerability assessment in the study area. 

 

2.4. Livelihood Vulnerability and Dynamics of Adaptive Capacity of Smallholder 

Farmers: Insight from the LVI and LVI-IPCC approach 

 

2.4.1. Assessing smallholder farmers vulnerability  

 

Understanding the livelihood vulnerability of smallholder farmers to climate change requires a 

multidimensional approach that captures exposure, sensitivity, and adaptive capacity. The 

Livelihood Vulnerability Index (LVI) and its IPCC based framework provide comprehens ive 

tools to quantify these dimensions by aggregating socioeconomic, environmental, and 

institutional indicators (Cinner et al., 2013). In Ethiopia, studies applying these frameworks 

have revealed significant spatial variations in vulnerability across agro-ecological zones. 

Highland zones, despite better infrastructure and social capital, often exhibit higher exposure 

to climate shocks such as drought and floods, resulting in elevated vulnerability scores (Amare 

& Simane, 2017; Deressa et al., 2009). Conversely, midland zones may have lower current 

vulnerability but face increasing risks due to limited adaptive and projected climate impacts 

(Belay & Lebeza, 2024). 

 

Socioeconomic factors such as income, education, access to resources and social networks are 

critical determinants of adaptive capacity and vulnerability (Alemayehu & Bewket, 2017a). 

For example, household with diversified income sources and better access to climate 

information tend to adopt more effective adaptation strategies, including crop diversificat ion, 

soil conservation and livelihood diversification (Mebratu & Prem, 2020). However, adaptation 

is not uniform within AEZs as local institutional support, cultural practices, and resource 

availability vary widely. This heterogeneity challenges the efficacy of adaptation planning 

based solely on agro-ecological classification and emphasises the need for context specific 

interventions tailored to the unique vulnerability and capacities of each community (Mekuria 

et al., 2022). 
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households often face greater challenges in accessing resources and information, which limi ts 

their adaptive options (Mebratu & Prem, 2020). Institutional interventions that strengthen local 

governance, improve access to credit and markets, and enhance participatory decision making 

have been shown to foster more inclusive and sustainable adaptation outcomes (Eriksen et al., 

2021). Thus, integrating the LVI and LVI-IPCC framework with detailed assessments of 

adaptation practices provides a comprehensive understanding of how vulnerability and 

adaptive capacity interact, informing tailored strategies that address the unique needs of 

smallholder farmers in different ecological and economic contexts.  

 

 
Figure 2.1 Conceptual framework for  the analysis of climate change effects on smallholder 
farmers adapted from (Deressa et al., 2008).  
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3.1.3. Soil resources 
 

The soil resources in the central highlands of the Abbay Basin are dominated by four major 

soil types that cover over 80% of the area: Nitisols, Leptosols, Luvisols, and Vertisols. These 

soils vary significantly in characteristics and productivity limitations. Nitisols, covering about 

39% of the basin, are prone to acidity; Leptosols, making up roughly 24%, are limited by 

shallow depth; Luvisols and Vertisols have other constraints such as permeability and drainage 

issues. Vertisols are clay-rich with slow internal drainage, leading to waterlogging, which 

historically delayed planting, though improved surface drainage methods like broad bed and 

furrow technology enable earlier sowing and increased yields (Awulachew et al., 2009). 

 

3.1.4. Agro-ecological zones  
 

Based on altitude, west Gojjam has four climatic zones known as Wurch, Dega, Weyna Dega 

and Kolla. Wurch (upper highlands) has a type of alpine climate. The annual average 

temperature is less than 11°C. Annual rainfall is between 900 and 2,200 mm/yr, the zone exists 

at altitudes more than 3200 meter above mean sea level (amsl). Dega (highlands) is also known 

as the alpine vegetated climate. The annual rainfall is between 900 and 1,200 mm/yr. This zone 

is a coldish less than temperate zone with altitudes ranging between 2,300 and 3200 m. Weyna 

Dega (midlands) or the temperate zone ranges between 1500 m and 2300 m in elevation. 

Annual rainfall lies in between 800 and 1,200 mm/yr. Temperature ranges between 16 and 

20°C, and Kolla (lowlands) looks like the hot zone. It is much drier and warmer than the Weyna 

Dega zone. This zone received annual rainfall of less than 800 mm/y. This zone elevated 

between 500 and 1,500 m amsl (Weldegerima et al., 2023).  

 

3.1.5. Slope characteristics of the study area 
 

The slope characteristics of West Gojjam Zone in the central highlands of the Abbay Basin are 

varied and range typically from gentle to steep slopes. The terrain includes slopes with 

gradients generally from 0% (flat areas) up to above 30%, with significant portions classified 

in the moderate (5-15%) and steep (above 15%) relief categories. Steeper slopes are 

predominant in the mountainous and hilly parts, which increases the risk of soil erosion and 

runoff. This variation in slope significantly affects soil properties, erosion risk, and land use 

patterns in the region. For instance, upper slopes tend to have higher total porosity and less clay 

accumulation, while lower slopes accumulate finer soil particles and organic matter transported 
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downslope, influencing fertility and crop suitability (Birhanu et al., 2019). These slope-related 

dynamics highlight the need for soil and water conservation measures, especially on steep 

slopes, to maintain agricultural productivity and environmental sustainability of the study area 

(Bayle, 2024). 

 

3.1.6. Climate resources 
 

The climate of the central highlands of the Abbay Basin, including West Gojjam Zone, is 

characterized by a unimodal rainfall pattern with the main rainy season (kiremt) occurring from 

June to September. The mean annual rainfall ranges from about 1300 to 1700 mm, with 

significant spatial and temporal variability. The rainy season typically starts between late May 

and early June and ends around mid to late September. The mean length of the growing season 

is approximately 120 days, which is critical for rain-fed agriculture in the region. Temperature 

varies with altitude, with mean annual temperatures ranging between 16.9°C and 26.0°C. The 

hottest months occur before the kiremt season, particularly in May, while the coldest season 

presents minimum temperatures around 11°C. Rainfall and temperature variability 

significantly influence agricultural productivity and water resource management in the area 

(Asaye et al., 2025). 

 

3.1.7. Water resources  
 

Central highlands of the Abbay Basin has important water resources that support agriculture, 

livestock, domestic use, and ecosystems. The zone benefits from the Abbay River and its 

tributaries, which provide substantial runoff, especially during the rainy season from June to 

September (Awulachew et al., 2007). The major rivers such as Gilgel Abay contribute about 

60% of the inflow into Lake Tana, an essential water body in the region for irrigation and 

fisheries (Alemayehu, 2010). 

 

Water availability is influenced by seasonal rainfall patterns and topography, with runoff and 

flow peaking in the rainy season. The area also faces challenges such as flooding in floodpla ins 

and soil erosion in upstream catchments like Gumara and Koga, which contribute to 

sedimentation and water quality issues. Efforts to improve water access have included 

construction of wells and springs, which have increased access to clean water from 39% to 

over 50% for local inhabitants in recent years (Tibebe et al., 2022). 
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3.1.8. Socio economic conditions 
 

The socio-economic conditions in West Gojjam Zone, located in the central highlands of the 

Abbay Basin, are marked by a high prevalence of multidimensional poverty. A recent study 

found that about 94% of rural households in the zone experience multidimensional poverty, 

with severe deprivations in living standards (40.14%), health (30.76%), and education 

(29.05%). Many households lack access to adequate nutrition, electricity, improved sanitation, 

and clean drinking water. The majority rely on traditional fuels for cooking and often travel 

long distances to obtain clean water. Nutritional deficiencies and low educational attainment 

pose significant challenges, with many children not attending school at the appropriate age 

(Tegegne & Shita, 2025). 

 

Key factors influencing poverty reduction include land ownership, off-farm income, and access 

to credit, agricultural extension services, and road infrastructure. Older household heads are 

more vulnerable to poverty due to limited labour capacity, highlighting the need for targeted 

social protection and support (Dercon et al., 2009; Kakwani & Subbarao, 2005). 

 

3.2. Research Paradigm and Approach of the Study 
 

According to Benbasat et al. (1987), no single research methodology is intrinsically better than 

any other methodology. On the other hand, a combination of research methods improves the 

quality of the research (Kaplan & Duchon, 1988). Hence, this study adopted pragmatic research 

paradigm, which emerged as an integration of positivist and constructivist paradigms, allows 

for methodological flexibility by combining quantitative and qualitative approaches (Tanko, 

2022). By utilizing the pragmatic paradigm, researchers have the flexibility to choose the 

research design and methods that are most suitable for addressing their specific research 

problems (Abbott, 2004). Therefore, this study adopts a mixed methods approach, integrat ing 

both quantitative and qualitative techniques to provide a comprehensive analysis.  

 

Integrating positivist and constructivist paradigms is reasonable because it allows a more 

comprehensive understanding of complex research problems by combining the strengths of 

both approaches. The positivist paradigm emphasizes objective measurement and statistica l 

analysis, providing rigor, generalizability, and reliability through quantitative data, such as 

climatic data from different sources and data gathered through questionnaire. This is essential 
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for identifying patterns, like climatic patterns, the socio economic conditions, the perception 

of smallholder farmers about climate change and the possible adaptation strategies they 

implemented to reduce the adverse effect of climate change the studied population and 

establishing causal relationships, such as those between climate change or variability and the 

livelihoods of smallholder farmers. 

 

On the other hand, the constructivist paradigm focuses on subjective experiences, meanings, 

and contexts, typically explored through qualitative methods. It helps capture the depth, 

complexity, and nuances of human behaviour and social phenomena that quantitative data 

alone cannot fully explain. This is mainly used as a triangulation method for the data collected 

from the questionnaire. Qualitative data was collected through key informant interviews from 

elderly farmers and agricultural experts. 

 

By integrating both paradigms, researchers can address different dimensions of the study 

problem, gaining both breadth and depth. This methodological flexibility enhances the valid ity 

and applicability of findings, allowing the research to be both empirically robust and 

contextually relevant. This approach is particularly valuable when investigating multifaceted 

issues that require understanding measurable trends as well as participant perspectives. 

 

Climate change and variability are pressing environmental issues that significantly impact the 

social, economic, and demographic aspects of communities. Reliable climate data, includ ing 

past, present, and future records, is essential for analysing these changes and interpreting their 

effects. This information is crucial for developing effective adaptation strategies that can help 

smallholder farmers benefit from ongoing climate change or minimize its negative impacts on 

their livelihoods. In many areas, meteorological data on rainfall and temperature are incomplete 

or missing, making it important to identify alternative climate data sources. Additiona lly. 

Projecting and characterizing current and future climate conditions is vital for planning and 

designing site-specific adaptation strategies. These strategies help to reduce the vulnerability 

of people whose livelihoods primarily depend on rain-fed agriculture. To address this complex 

issue effectively, a pragmatic philosophical approach is highly suitable, as it allows for 

examining the problem from multiple perspectives and integrating diverse sources of 

information.  
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web sites. These projections allowed for an examination of potential future climate scenarios, 

enabling a comprehensive assessment of vulnerability and adaptation needs. The detail 

information about this issue is described in each paper (chapter four, chapter five, chapter six, 

and chapter seven). 
 

3.4. Methods of Data Analysis  
 

 

A range of data analysis techniques and specialized software tools were employed to 

thoroughly examine the collected data. These methods enabled the extraction of meaningful 

patterns, trends and insights relevant to the research objectives. The data analysed using 

descriptive and inferential statistics for quantitative data and thematic analysis for qualitat ive 

data. Additionally, advanced visualization software was utilized to create clear and informative 

graphical representation of the results, such as charts, maps and diagrams, which helped to 

effectively communicate the findings and enhance the overall understanding of the study 

outcomes. 
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CHAPTER FOUR 

 

PERFORMANCE EVALUATION OF MULTIPLE SATELLITE 
RAINFALL DATA SETS IN CENTRAL HIGHLANDS OF ABBAY 

BASIN, ETHIOPIA 
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ABSTRACT 

This study evaluates four satellite-based precipitation datasets with gauged rainfall 

observations at a daily and wet season time scales. Satellite Precipitation Estimators from 

Climate Hazards Group Infrared Precipitation Stations (CHIRPSv2), the Climate prediction 

centre (CPC) morphing technique (CMORPH), the Integrated Multi-satellite Retrieval for 

GPM (IMERG-06) and Precipitation Estimation from Remotely Sensed Information using 

Artificial Neural Networks Cloud Classification System (PERSSIANN-CCS) were used. 

Categorical and continuous statistical techniques were applied to evaluate the detection and 

estimation ability of SPEs. Among the SPEs, CMORPH was superior, 0.90 and followed by 

IMERG-06, 0.82 in the Probability of detection (POD), Critical success index (CSI), 0.74 and 

0.70 and Accuracy, 0.75 and 0.72 at wet season, respectively. The result of bias ratio showed 

underestimations for all SPEs at wet season and daily time scale. The comparison of SPEs in 

terms of RMSE indicated that IMERG-06 was better, 75.9 followed by CMORPH, 86.0. In 

terms of Relative bias (RBias), IMERG-06 was the second next to CHIRPSv2. On the other 

hand, IMERG-06 had better RMSE at JJAS and daily time scale. Overall, the findings of this 

evaluation study showed the capacity of IMERG-06 product could be reliable rainfall data 

sources for climate and hydrological analysis of central highlands of Abbay Basin.  

 

Keywords: Abbay Basin, CHIRPSv2, CMORPH, IMERG-06, PERSIANN-CCS, SPE 
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4.1.Introduction 

 

Examining the spatiotemporal dynamics of meteorological variables in the context of changing 

climate, particularly in countries where rain-fed agriculture is predominant, is vital to assess 

climate- induced variability and suggest viable adaptation strategies (Asfaw et al., 2018). 

Temporally and spatially direct, consistent and long-term ground-based observed rainfall data 

are generally accurate near the sensor location and important (Behrangi et al., 2011; Nguyen 

et al., 2018). However, the observed rainfall data are usually lacking of such quality and are 

subjected to missing data in almost all sub-Saharan Africa in general and Ethiopia in particular 

(Githungo et al., 2016; Kaspar et al., 2022; Kidd et al., 2012; Maggioni et al., 2016; Sisay et 

al., 2017). It may also be infeasible to install and maintain dense gauge-based stations in remote 

areas like mountains, deserts, forests and large water bodies (Dinku et al., 2018a; Tapiador et 

al., 2012). That the availability of meteorological data gaps, especially in Southern and Eastern 

Africa, has hindered detailed assessments of the climate variability and change impact , 

challenging water resource management and hydrology applications (Bui et al., 2019; WMO, 

2020).  

 

Consequently, the application of remote sensing measurement techniques are preferred as it 

cover larger areas and provide rainfall data at high spatial and temporal scales with increasingly 

high resolution in areas where gauge-based rainfall measurements are impractical, sparse or 

non-existent (Moges et al., 2022; Sahlaoui & Mordane, 2019). Although most SPEs had a good 

correlation with gauge-based observation since gauge information is integrated with the 

correction algorithm (Yilmaz et al., 2005), often lack direct evaluation at specific sites of 

interest or is plagued with uncertainties resulting from errors in measurement, sampling, 

retrieval algorithm, and bias correction processes (Hordofa et al., 2021; Wedajo et al., 2021). 

Further, local topography and climatic conditions can also affect the accuracy of SPE 

estimation (Bitew & Gebremichael, 2011). It means the performance of satellite-based dataset 

product capabilities varies in different climatic areas; there could be scale mismatches between 

area-averaged SPE data and point-like gauge-based measurements, which is the most critical 

drawback of SPE products, that it should be carefully evaluated and site-specific validat ion 

should be done before using satellite rainfall products for different applications (Belay et al., 

2019). 
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et al. (2020) because of its NCRMSE and JULES values and best performance in the entire 

UBN basin. Furthermore, CMORPH was selected due to its best accuracy during wet season 

rainfall estimation. In terms of bias, POD, and CSI error metrics among TMPA, PERSIANN, 

ECMWF, ERA Interim reanalysis and MSWEP satellite-based rainfall products (Lakew et al., 

2020; Sahlu et al., 2017).  However, Hirpa et al. (2010) indicated that the performance of 

CMORPH and PERSIANN depends on elevation; PERSIANN gives smaller precipitat ion 

estimates at higher elevations. Furthermore, these authors noted that PERSIANN provides 

considerably lower rainfall in comparison with CMORPH. It has also been confirmed by Sahlu 

et al. (2017) that  CMORPH products capture most of the rainy events better than TMPA and 

PERSIANN products. Furthermore, Derin et al. (2016), and Hirpa et al. (2010) justified that 

Infrared (IR-based) rainfall retrieval algorithms like CHIRPS have major limitations in 

complex topographic regions while  Microwave (MW-based) rainfall retrieval algorithms like 

CMORPH are more physically based and free of cold surface of snow effects. In addition, 

Huffman et al. (2020) also suggested that combining microwave and Infrared climate estimates 

can be a helpful approach that resulted in a high-resolution satellite precipitation algorithm. 

 

Though the SPEs should be carefully evaluated and calibrated before using the products for 

any application, they can be a promising alternative precipitation data sources for climatic 

applications and assessment of flood susceptibility (Ruidas et al., 2022), especially for areas 

where ground-based observations are limited. However, existing satellite-based rainfa ll 

estimations are subjected to systematic biases. Previous studies indicated that estimating and 

detecting the performance of SPEs depend on spatial and temporal conditions (Belay et al., 

2019; Lakew et al., 2020). Further, SPEs possess uncertainties resulting from errors in 

measurement, sampling, retrieval algorithm, and bias correction processes (Dinku et al., 2010; 

Gebremichael et al., 2014; Tong et al., 2014). Local topography and climatic conditions can 

also affect the accuracy of SPE estimation (Bitew & Gebremichael, 2011). To the best of our 

knowledge, the rainfall detection and estimation capability of SPEs (CHIRPs, CMORPH, 

IMERG-06, and PERSIANN-CCS) were not evaluated and compared for the Central 

Highlands of Abbay Basin, Ethiopia. Hence, this research was aimed to give a new insights 

towards using SPEs, as the best alternative sources of rainfall data, in areas where gauge-based 

stations are limited/absent like our study area, which as far as we know, will be the first 

approach to compare the detection and estimation performance of SPEs and select the best one 

for further research work. Therefore, the key objective of this study was to examine the rainfa ll 

detection and estimation performance of the SPEs: CHIRPSv2, CMORPH, IMERG-06, and 
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up to 2025 mm per year. The mean annual maximum and minimum temperatures in the basin 

vary between 13°C to 33°C and -0.5°C to 18°C, respectively. Temperature is higher in the 

western parts with a maximum of 26°C to 33°C and a minimum of 12°C to18°C. Potential 

Evapotranspiration (PET) in the area is generally between 1070 mm and 2010 mm per year. 

PET is higher (> 1700 mm per year) in relatively lowland areas and along the rivers where high 

temperature is observed. The highlands of the basin show lower PET, less than 1400 mm per 

year (Awulachew et al., 2009). 

 

 

 

 

 

Figure 4.1. Location and altitude map of central highlands of Abbay Basin, West Gojjam 
Zone, Ethiopia 

 

The land use and cover types in the study domain are forest, scrublands, grasslands, cultivated 

land, rural settlement and farmland, urban settlements, plantation, water body, and croplands 

(Getahun & Shefine, 2015). The dominant land use in the study domain is dominated by 

agricultural and agro-pastoral farming systems. Small parts of the sub-basin were used as 

pastoral land. Agro-Ecological Zone of the study basin is characterized by tepid to cool 

moist/sub-humid mid-highlands, and cold to very cold moist sub-afro-alpine to afro-alpine in 

parts of the highlands and in the eastern, southeastern and southern parts of the basin being hot 

to warm moist/sub-humid lowlands (Awulachew et al., 2009). The dominant soils in the basin 

are Alisols and Cambisols with the occurrence of Leptosols, Vertisols, Luvisols, Nitosols, and 
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Acrisols. The geology of the sub-basin is mainly dominated by basalt, with the southeastern 

lowlands dominated by sandstone. There are also Coluvium and Alluvium deposits. The total 

population of the basin is 7,778,726 people (Yilma & Awulachew, 2009). 

 

4.2.2. Data sources 

 

Observed data 

Daily rainfall data from 1991 to 2020 were obtained from 18 meteorological stations of the  

Ethiopian Meteorological Institute (EMI)). However, after a quality control process and 

considering that the rainfall station with missing data, less than 10 or 15% (WMO, 2017) is 

considered for this study, accordingly 15 stations were selected out of 18 (Figure 4.1). Missing 

data of the study stations ranged from 1.2% to 12.8%. (Table 4.1).  The Gauged rainfall data is 

used as a reference to evaluate the measuring accuracy of SPEs. Most stations have better 

continuous data with little missing data for the study period. To determine a common period 

for all the gauge-based stations, some missing data were calculated. The arithmetic average 

method, a simulation of daily data from existing using the Markov chain simulation model 

(INSTAT + v3.36 software) which is a stochastic model describing a sequence of possible 

events in which the probability of each event depends only on the state attained in the previous 

event was employed (Stern et al., 2006).   
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Table 4.1. Geographical coordinates and mean rainfall of the selected station used for this study 
Stations Latitude 

(N) 
Longitude   

( E ) 
Altitude 
(mm) 

Year of data 
observation 

Missing 
data in 

(%) 

Annual 
rainfall 
(mm) 

JJAS 
rainfall 
(mm) 

Adet 11.27 37.49 2183 1991-2020 5.7 1330 959 

Ayehu 10.64 36.85 1771 1991-2020 1.2 1264 844 

Bahir Dar 11.60 37.31 1798 1991-2020 5.8 1467 1217 

Dembecha 10.55 37.48 2117 1991-2020 10.7 1401 1015 

Feresbet 10.85 37.61 3004 1991-2020 9.5 1753 1248 

G/Mariam 10.86 36.89 2341 1991-2020 8.8 1646 1237 

Gundil 10.86 37.10 2574 1991-2020 9.7 1658 1160 

Kembaba 1141 37.40 1987 1991-2020 9.3 1369 1103 

Meshenti 1147 37.29 1970 1991-2020 6.7 1372 1092 

Quarit 11.00 37.43 2151 1991-2020 11.1 1359 993 

Sekela 10.99 37.21 2712 1991-2020 6.4 1758 1298 

Shindi 10.64 36.95 2045 1991-2020 8.9 1387 969 

Tis bay 11.49 37.58 1647 1991-2020 8.5 1338 1101 

Wetetabay 11.37 37.04 1919 1991-2020 4.1 1633 1388 

Zegie 11.69 37.31 1800 1991-2020 7.18 1723 1475 

 

Satellite precipitation estimators (SPEs) data set 

The satellite products used in the analysis are commonly used in operational and research 

activities focusing on water resource planning, design, planning agricultural activities, and 

decision-making in the central highlands of Abbay River basin. This study evaluated four SPEs 

on a daily time scale (Table 4.2). The satellite precipitation data estimators were Climate 

Hazards center Infra-Red Precipitation with Station data (CHIRPSv2), the Climate prediction 

center (CPC) morphing technique (CMORPH), the Integrated Multi-satellite Retrieval for 

GPM (IMERG-06), and the Precipitation Estimation from Remotely Sensed Information using 

Artificial Neural Networks (PERSIANN-CCS). SPEs data were carefully inspected for quality 

and completeness. Further, data homogeneity test was done by using RAINBOW-a software 

package for hydro-metrological frequency analysis and testing the homogeneity of climate data 

sets (Raes et al., 2006). 

 



https://data.chc.ucsb.edu/products/CHIRPS-2.0/africa_daily
https://climatedataguide.ucar.edu/climate-data,%20accessed%202/4/2022
https://climatedataguide.ucar.edu/climate-data,%20accessed%202/4/2022
https://www.ncei.noaa.gov/products/climate-data-records/precipitation-cmorph
https://gpm.nasa.gov/data/imerg%20accessed%202/4/2022
https://gpm.nasa.gov/data/imerg%20accessed%202/4/2022
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CDR. The products are accessible through several web-based interfaces: CHRS iRain 

(http://irain.eng.uci.edu), Data Portal 30 (http://chrsdata.eng.uci.edu), and RainSphere 

(http://rainsphere.eng.uci.edu). These web-based interfaces provide different visualizat ion, 

analysis, and download capabilities (Nguyen et al., 2019).  

 

PERSIANN-Cloud Classification System is a real-time global high-resolution (0.04o x 0.04o) 

satellite precipitation product developed by the centre for Hydrometeorology and Remote 

Sensing (CHRS) at the University of California, Irvine (UCI). PERSIANN-CCS enables the 

categorization of cloud patch features based on cloud height, areal extent, and variability of 

texture estimated from satellite imagery. At the heart of PERSIANN-CCS is the variable 

threshold cloud segmentation algorithm. In contrast to the traditional constant threshold 

approach, the variable threshold enables the identification and separation of individual patches 

of clouds. The individual patches can then be classified based on texture, geometric properties, 

dynamic evolution, and cloud top height. These classifications help in assigning rainfall values 

to pixels in each cloud based on a specific curve describing the relationship between rain rate 

and brightness temperature (Hong et al., 2007). Currently, SPEs of CHIRPSv2, CMORPH, 

IMERG-06, and PERSIANN-CCS were evaluated against gauge- based data obtained from the 

global data sets and national meteorology agency. 

 

Table 4.2. Summary of the satellite rainfall products used in this study 
Data set Time 

domain 

Spatial 

resolution 

Temporal 

resolution 

Spatial 

domain 

Input  

CHIRPSv2 1981-2020 0.05o Daily  50oS-50oN IR 

CMORPH 1998-2020 0.07o Half-hourly 60oS-60oN MW 

IMERG-06 2000-2020 0.1o Daily 60oS-60oN IR + MW 

PERSIANN-CCS 2003-2021 0.04o Daily  60oS-60oN IR IMAGERY 
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Where, a is the number of rainfall events correctly detected, b is the number of rainfall events 

falsely detected by the satellite, c is the number of rainfall events missed, and d events with no 

rainfall are correctly detected. 

 

4.3.2. Continuous validation statistics  

 

Various statistical analysis techniques were employed to evaluate the rainfall estimation 

performance of SPEs with observed data. Such as, bias ratio, Relative/probability Bias, Mean 

Absolute Error (MAE), Root Mean Square Error (RMSE), and Correlation Coefficient (CC) 

indices were applied. 

 

The bias ratio is an error metric measuring the systematic error component of the data set. Bias 

indicates how well the mean of the satellite rainfall corresponds to the mean of observed rainfa ll 

and can be either less than or greater than 1. Values less than and greater than 1indicates 

underestimation and overestimation by satellite, respectively, where a perfect score is 1. 

Relative Bias (RBias) describes the systematic bias of satellite based precipitation and the 

magnitude of the bias expressed in the percentile. The mean absolute error (MAE) is used to 

represent the average magnitude of the error. The root means square error (RMSE), which gives 

greater weight to the larger errors relative to MAE, is used to measure the average error 

magnitude. It indicates the absolute fit of the SPE to the observations and provides an average 

SPEs prediction error. The range of RMSE is between 0 to infinity, where closer the score is 

to 0 the better performing the SPE is. The correlation coefficient (CC) is used to assess the 

agreement between satellite and rain gauge observations. The range of CC is in between -1 and 

+1. A correlation value of 1 indicates a perfect positive fit and the reverse is true for -1 value. 

If there is no linear correlation or weak linear correlation, CC is close to zero. The above error 

metrics are calculated as follows (equations 5-9): 
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Where Si is the satellite estimate; Gi is the rain gauge rainfall; S  and G  are the mean of satellite 

and gauge rainfall, respectively. 

 

4.4. Results and Discussions 

 

4.4.1. Annual and wet season rainfall pattern  

 

The spatial patterns of average annual and wet season rainfall of the study area were evaluated 

visually. The gauged based average annual and wet season rainfalls were used as a reference to 

compare with CHIRPSv2, CMORPH, IMERG-06, and PERSIANN-CCS datasets (Figure 4.2). The 

long-term (1991 to 2020) areal average annual rainfall obtained from the gauge-based stations is 

1497 mm, whereas from CHIRPSv2 was 1436 mm. However, the average annual rainfall 

estimation from CMORPH (1998-2020), IMERG-06 (2001-2020), and PERSIANN-CCS (2003-

2020) approximates 1258 mm, 1370 mm and 1123 mm rainfall, respectively (Figure 4.2). As 

indicated by Ibrahim et al. (2022), in his study on Performance evaluation of satellite-based rainfall 

estimates for hydrological modelling over Bilate river basin in Ethiopia, the average wet season 

rainfall of SPEs of the present study was compared with the gauged data. The results showed that 
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Figure 4.2. Spatial distribution of average annual Gauge, CHIRPSv2, CMORPH, IMERG-06 and PERSIANN-CCS (upper panel) and JJAS Gauge, 
CHIRPSv2, CMORPH, IMERG-06 and PERSIANN-CCS (bottom panel) rainfall data (1998-2020)
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4.4.2. Seasonal rainfall pattern 
 

Monthly rainfall analysis was done using time coverage common for all satellite datasets 

(2003-2020).  The seasonal analysis results showed that all products perform better in October, 

November, December, and January (ONDJ), where little rain had been recorded in all stations. 

However, CHIRPSv2 performs better during months February, March, April, and May 

(FMAM) and annual rainfall estimation than the other examined data sources (Figure 4.3). A 

similar result was reported by Wedajo et al. (2021) who evaluated multiple satellite rainfa ll 

products for Dhidhessa River (DRB), Ethiopia, and found CHIRPSv2 had best matched with 

the observed data. Contrary to this, the study by Ji et al. (2022) indicated that CMORPH and 

GPM (IMERG-06) fit well with the annual observation, in evaluating multiple satellite 

precipitation products and their potential utilities in the Yarlung Zangbo River basin. On the 

other hand, the main rainfall season (JJAS) evaluation of the present study result indicated 

IMERG-06 was better and superior to the others while PERSIANN-CCS was found to 

underestimate and overestimate the rainfall during JJAS and FMAM seasons, respectively 

(Figure 4.3). A similar result was reported by Rachdane et al. (2022) who compared a high-  

resolution satellite precipitation products in sub-Saharan Morocco, and found GPM-F 

(IMERG-06) showed the most satisfactory result for all time scales and for both spatial scales, 

followed by CHIRPS products at monthly and annual scales. Further, the study by Kumar et 

al. (2022) also confirmed that CHIRPS was competent in terms of matching the precipitat ion 

magnitude to ground observations in data-sparse Himalayan terrain. 
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Figure 4.3.Seasonal rainfall of ONDJ, FMAM, and JJAS from 2003 to 2020 for Gauge, 
CHIRPSv2, CMORPH, IMERG-06, and PERSSIAN-CCS 

 

4.4.3. Rainfall detection capability 

 

For the daily time scale, the value of POD was 0.77 for CMORPH and 0.73 for IMERG-06. 

Whereas the values of FAR were 0.33 for CMORPH and 0.31 for IMERG-06 (Table 4.4). 

During the wet season, CMORPH had a POD of 0.90 and 0.20 FAR, and IMERG-06 had a 

value of 0.82 POD and 0.18 FAR (Table 4.4). The result indicates that CMORPH outperformed 

all the SPEs in detecting rainy events while IMERG-06 was found slightly better than 

CMORPH in avoiding detecting false rainfall events. Previous studies by Ashenafi and Hailu 

(2014), Sahlu et al. (2016), Sahlu et al. (2017), and  Kumar et al. (2022) confirmed that 

CMORPH was superior in rainfall event detection. CHIRPSv2 and PERSIANN-CCS exhibit a 

good performance in avoiding detecting false rainfall events. In addition, a research by Chen 

et al. (2020) also confirmed that CMORPH performs better than those designed to achieve the 

most temporally homogeneous record, PERSIANN-CDR and CHIRPS, who evaluates eight 

satellite-based precipitation datasets in streamflow simulations on a monsoon-climate 

watershed in China. 

 

The results of CSI (Table 4.4) illustrated that CMORPH, IMERG-06, PERSIANN-CCS, and 

CHIRPSv2 have 0.74, 0.70, 0.67 and 0.57, respectively. This indicated that the estimation of 

CMORPH product has well corresponded to the gauge-based observation of rainfall at the wet 
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season time scale. Next to CMORPH, IMERG-06 had better capability than the remaining 

SPEs to estimate rainfall against gauge-based observation at JJAS. In a relative term, the poor 

estimation agreement has been shown by PERSIANN-CCS. The statistics of accuracy in the 

wet season time scale for CMORPH; was 0.75 followed by IMERG-06 recorded 0.72. While 

PERSIANN-CCS showed better performance than CMORPH to measure the fraction of correct 

estimates or accuracy at the daily time scale. 

 

The POD and FAR of rainfall products are the result of several factors, including the calibrated 

relationship between sensor reflectivity and estimated rain rate, and the sampling error 

depending on the timing of satellite overpasses (Serrat-Capdevila et al., 2016). CMORPH 

outperformed in POD, CSI, and Accuracy, while CHIRPSv2 performed the lowest detection, 

especially at the wet season. Furthermore, CMORPH has a relatively high FAR, whereas 

PERSIANN-CCS has a great capacity to avoid such kind of errors among the four SPEs next 

to CHRIPSv2 for the daily and wet season of the study area. The rainfall detection capability 

of the four SPEs in the study area is better for the wet season compared to the daily time scale 

(Table 4.4). 

 

Table 4.4. Comparison of daily rainfall (>1mm) for satellite datasets using categorical metrics  
SREs  POD FAR CSI Accuracy 

  Daily    JJAS Daily JJAS Daily JJAS Daily JJAS 

CHRIPSv2 0.55 0.61 0.24 0.11 0.47 0.57 0.77 0.65 

CMORPH 0.77 0.90 0.33 0.20 0.56 0.74 0.76 0.75 

IMERG-06 0.73 0.82 0.31 0.18 0.54 0.70 0.77 0.72 

PERSIANN_CCS 0.67 0.78 0.28 0.18 0.53 0.67 0.78 0.70 

 

A number of studies (Dandridge et al., 2019; de Brito et al., 2022; Gebremicael et al., 2019; 

Gummadi et al., 2022; Hordofa et al., 2021; Malede et al., 2022; Taye et al., 2020) indicated 

the superior performance of CHIRPS on monthly and wet season estimation than CMORPH, 

CPC, and GSMaP; ARC2, REFV2, TAMSATv3; IMERG, IMERG-L, IMERG-F, and 

PERSIANN-CDR in terms of low bias, MAE and RMSE. In addition, the study of Bayissa et 

al. (2017) reported an excellent score of bias and mean error (close to one) for CHIRPS at 

decadal, monthly, and seasonal time scales in their study at the UBN basin. Further, Wedajo et 
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Table 4.5. Statistical measures of daily and JJAS rainfall amount in the central highlands of 
Abbay Basin 

SPEs  CC Bias RBias MAE RMSE 

  Daily    JJAS Daily JJAS Daily JJAS Daily JJAS Daily JJAS 

CHRIPSv2 0.88 0.58 0.89 0.87 10 -12 12.5 0.29 64.1 99.0 

CMORPH 0.86 0.58 0.82 0.83 17 -17 16.9 0.31 57.2 86.0 

IMERG-06 0.85 0.53 0.90 0.86 9 -13 7.7 1.75 50.3 75.9 

PERSIANN-CCS 0.78 0.44 0.70 0.69 26 -31 19.7 5.97 57.2 89.7 

 

The result from RBias showed that the spread of error of satellite products in percent at daily 

time scale is in the range from 9 to 26, while for the JJAS the values found in the range from -

31 to -12 with CHIRPSv2 and IMERG-06 yielded a better estimation at JJAS (12% and 13%) 

and at daily time scale (10% and 9%), respectively. In general, this index showed that all SPEs 

underestimated the observed rainfall at both time scales over the study area. In relative terms, 

IMERG-06 and CHIRPSv2 have better estimation performance than the others in both time 

scales (Table 4.5). 

 

RMSE indicates the random error component of SPEs. As well illustrated in Table 4.5, RMSE 

values of CHIRPSv2, PERSIANN-CCS, CMORPH, and IMERG-06 are 99.0, 89.7, 86.0, and 

75.9 for JJAS, respectively. In terms of RMSE, all SPEs had a lower error on a daily time scale 

than wet season (JJAS). The results showed the presence of a lower level magnitude of 

estimation error between SPEs and rain gauge, and the greater central tendency for IMERG-06 

for both time scales. In addition, IMERG-06 provides better values of RMSE for both daily 

(50.3 mm) and wet season (75.9 mm) rainfall and MAE (7.7 mm) for daily time scale followed 

by CHIRPSv2 (12.5 mm). On the other hand CHIRPSv2 scored the highest error magnitude of 

rainfall estimation for daily and wet season rainfall. Overall, IMERG-06 was found to be 

superior to the rest SPEs with respect to the important performance assessment of error 

parameters in estimating the rainfall of the study area. A similar study by Wang and Wu (2022) 

compared multi-satellite precipitation data from global precipitation measurement mission and 

tropical rainfall measurement mission datasets: seasonal and diurnal cycles, and found that the 

IMERG-06 product provides a high resolution in estimating the precipitation. Another study 

by Jiang et al. (2021) also reported that GPM IMERG Final can be seen as a substitute for 

measured data when elevation is below 4000m. Besides the studies by Moazami and Najafi 
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(2021), Rachdane et al. (2022), Hordofa et al. (2021) and Retalis et al. (2022) confirmed that 

IMEG-06 had the potential to complement ground-based observation. In support of this, the 

study by Gebremichael et al. (2014) reported that CMORPH suffers from a large positive bias 

at the lowland plain site of  UBN. Another study by Hirpa et al. (2010) also indicated that 

PERSIANN consistently underestimates extreme wet events in comparison with 3B42RT and 

CMORPH over very complex terrain in Ethiopia. 

 

4.5. Conclusions 

 

This study evaluates four high-resolution SPEs (CHIRPSv2, CMORPH, IMERG-06, and 

PERSIANN-CCS) to identify the best product in terms of detection and estimation 

performance of rainfall for the period from 1991 to 2020 in the central highlands of Abbay 

Basin. Where categorical and continuous, statistical indices were applied for assessment.  

 

The results of the study showed that all SPEs considered in the study can capture the daily and 

wet season rainfall of the study area, even though statistical errors or overestimation and 

underestimation were observed. Especially, satellite data sets that used IR frequency 

(CHIRPSv2) in the categorical indices such as POD, CSI, accuracy but they scored better FAR 

values. The reverse is true for SPEs that used Microwave (CMORPH). Whereas the datasets 

used, the integration of IR and MW (IMERG-06) perform the optimum result in both statistica l 

indices, i.e., categorical and continuous analysis techniques. However, PERSIANN-CCS 

which used IR satellite imagery showed poor performance in all aspects. 

 

Even though CMORPH is superior in rainy event detection to the others, it has high bias error 

and False Alarm Rate (FAR). On the contrary, CHIRPSv2 has better total rainfall estimation, 

relatively low bias ratio, and FAR but it has high error metrics; RBias, RMSE, and low rainy 

day detection compared with the other three SPEs. 

 

Each dataset has both weaknesses and strengths. Some of them underestimate and others 

overestimate rainfall. This indicates that accurate estimation of SPEs remains a challenge. Such 

inaccuracy may be rooted in the inadequate number of gauges provided by the Global 

Precipitation Climatology Centre and used for bias correction in satellite products or the non-

uniform beam filling problem for remote sensing instruments (Sharifi et al., 2016). Overall, 

while the IMERG-06 rainfall dataset showed better performance over CHIRPSv2, CMORPH, 
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and PERSIANN-CCS datasets, all datasets can be used when gauge-based rainfall data are not 

available. 

 

This study was initiated to indicate the possibility of having alternative data sources in areas 

where meteorological stations are not established and/or sparsely distributed and filling missing 

data. From the result of this study, the best-performed SPE product has been selected and could 

be used as a reliable rainfall data source for researchers, practitioners, developmental planners, 

stakeholders, decision-makers, and other interested groups for climate analysis; drought 

assessment and monitoring; hydrological analysis, and water resource management, flood 

forecasting and other related activities in the West Gojjam Zone, central highlands of Abbay 

Basin of Ethiopia. 

 

Future studies should focus on containing more stations in the area having different 

topography, vegetation cover and climatic conditions of the area to see the detection and 

estimation performance of SPEs in various altitudinal areas and to generalize the conclusions 

drawn from the study. 
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CHAPTER FIVE 

 

CHARACTERIZING THE VARIABILITY AND TREND OF RAINFALL 
IN CENTRAL HIGHLANDS OF ABBAY BASIN, ETHIOPIA: USING 

IMERG-06 DATASET 
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ABSTRACT 

This study examines the spatiotemporal variability and trends of rainfall in the west Gojjam 

zone, central highlands of Abbay Basin from 2001 to 2020 using the Integrated Multi-satellite 

Retrievals for GPM (IMERG-06) dataset. Various rainfall parameters including onset and 

cessation dates, length of the rainy season, dry spells were characterised, coefficient of 

variation (CV %), and Standardized Rainfall Anomalies (SRA) were utilized to evaluate rainfall 

variability and seasonality. Trend analysis was carried out using the Mann-Kendall test and 

Sen's slope estimator. The results highlight a consistent pattern of late onset and early 

cessation of rainfall across all study stations during the research period. The CV values for 

annual (10.7%), kiremt (summer) (11.7%), and belg (spring) (10.6%) season rainfall indicate 

moderate variability, while bega (winter) (22.6%) rainfall shows higher variability. SRA 

findings reveal episodic fluctuations between wet and dry years. The trend analysis 

demonstrates a statistically significant increasing trend in annual (9.14 mm/year) and belg 

season (6.94 mm/year) rainfall. However, bega and kiremt seasons exhibit statistically non-

significant increasing and decreasing trends, respectively, at p < 0.05. The temporal variability 

in rainfall onset, cessation dates, and duration significantly impacts agricultural processes 

such as tillage and planting operations, affecting crop production. While the study area holds 

potential for agricultural activities, climate variability induced risks may reduce production. 

Therefore, the study findings are valuable for agricultural developers, planners, and water 

resource managers. Including additional weather elements is crucial to enhance the precision 

and reliability of these findings for practical applications. 

 

Keywords: Dry-spell, IMERG-06, Mann-Kendall, Seasonal, Variability, West Gojjam,  
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