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ABSTRACT 

Drought is one of the most devastating natural disasters in the world, affecting millions of people 
in various ways. Effective monitoring and assessment are therefore essential. This study aimed to 

develop an Earth observation-derived combined agricultural drought index (CADI) for 

agricultural drought monitoring in the Amhara Region. The development of CADI for the entire 
study period, that is, from 2000 to 2021, was constructed using a substantial machine learning 

(ML) algorithm, i.e., Random Forest (RF), by using SPI data calculated from selected fifty-one 
stations of the study area for each summer month. SPI values of each month were used to train the 

RF model and test the model; thus, 70% of the value of SPI was utilized for training the RF 

algorithms, and 30% of the value of SPI was utilized for testing. For the entire study period (2000 
to 2021), remote sensing-based input parameters, which are Land Surface Temperature (LST), 

Temperature Condition Index (TCI), Evapotranspiration (ET), Normalized Difference Vegetation 
Index (NDVI), Vegetation Condition Index (VCI), Enhanced Vegetation Index (EVI), Precipitation 

Condition Index (PCI), and Soil Moisture Condition Index (SMCI), in addition to these, three 

topographic variables (Elevation, Slope, and Aspect) were utilized to develop CADI on a monthly 
scale for the entire study period (2000 to 2021). Crop yield and the Emergency Events Database 

(EM-DAT) drought periods were utilized to assess the effectiveness of the Combined Agricultural 
Drought Index. The result of CADI indicated that temporal and spatial variations of agricultural 

drought records have been observed in the study period with different severity levels. Hence, 

during the 22 years, 14, 16, 12, & 13 in June, July, August, and September were affected by 
droughts of different severity levels, respectively. Particularly, the CADI-derived maps depict that 

2002, 2009, and 2015 were the years most affected by drought in terms of area coverage and 
severity levels (severe-to-extreme drought cases) in the Amhara region, Ethiopia. During these 

years, drought has affected about 77.14%, 83.04%, and 86.93% of the study area in 2002, 2009, 

and 2015, respectively, and 2007 was the wettest year during the entire study period as well as 
seasonally. The correlation coefficient results between the combined agricultural drought index 

and crop yield were very good, ranging from r = 0.51 to 0.95, indicating the index's utility for 
agricultural drought monitoring. From these, the highest correlation was observed in the East 

Gojam Zone and the lowest in the Wag Himra Zone. Overall, the combined agricultural drought 

index performed well in capturing the spatiotemporal patterns of the historic agricultural drought 
occurrences. CADI also performed well in distinguishing between drought and non-drought years, 

with higher sensitivity and spatial resolution than traditional drought indices. Thus, to mitigate 
the negative effects of drought in the region, the model can be used to develop an early warning 

system and agricultural drought monitoring. The CADI-based spatial analysis confirms its utility 

as a reliable tool for detecting and managing agricultural drought, aiding policymakers and 
stakeholders in developing region-specific drought preparedness and mitigation strategies. As a 

conclusion, this study confirms that CADI is a robust and adaptable index that enhances early 
warning capabilities and supports informed decision-making for agricultural drought risk 

management. 

Keywords: Agricultural Drought, Combined Agricultural Drought Index, Earth Observation, 

Amhara Region, Ethiopia. 
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CHAPTER ONE 

1. INTRODUCTION 

1.1.  Background of the Study 

One of the most devastating challenges of our day is climate change (Malhi et al., 2020), which has 

a significant impact on global ecosystems, economics, and civilizations (Kikstra et al., 2022). 

Global food security, livelihoods, the economy, the availability of water, and human health are all 

seriously threatened by these changes (Sikhwari, 2019). Climate change, driven by human activities 

such as greenhouse gas emissions, has led to significant alterations in global weather patterns, 

including shifts in precipitation, increased temperatures, and changes in hydrological cycles (Nema, 

2012). These changes have profound implications for drought occurrence, severity, and duration, 

posing substantial risks to ecosystems, agriculture, water resources, and human well-being. Drought 

is a natural event characterized by prolonged periods of abnormally low precipitation and water 

scarcity (Slette et al., 2019). However, the influence of climate change has the potential to 

exacerbate the impacts of drought, making it a more frequent and severe occurrence in many regions 

of the world (Huijgevoort et al., 2013).  

Drought is a prevalent natural disaster in various parts of the world (Mutsotso et al., 2018). It affects 

an integral component of ecosystems and is a common climatic phenomenon. The far-reaching and 

cumulative impacts of drought, covering extensive geographical areas, render it more potent than 

many other natural disasters (Haile et al., 2020). Particularly in developing and food-insecure 

settings, drought can inflict significant devastation across large regions over prolonged periods 

(Anderson et al., 2021). The effects of drought on vegetation conditions have serious repercussions 

for agriculture, ecosystems, food security, human health, water resources, and the economy 

(Wilhite, 2000). Furthermore, drought is an extremely destructive force, leading to pain, population 

displacement, food shortages, human and animal fatalities, diminished agricultural productivity, the 

drying of rivers and lakes, deteriorating water quality, wildfires, and permanent vegetation failure 

(Mekonnen & Gokcekus, 2020). Therefore, the multifaceted impact of drought underscores its far-

reaching consequences on both the environment and human well-being (Congress et al., 2011). 
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Drought can be categorized into meteorological, hydrological, agricultural, and socioeconomic 

categories based on the length of time and the influence of the water cycle component (Tijdeman 

et al., 2022). The study's main topic, agricultural drought, is especially caused by a lack of moisture 

for the growth of vegetation. This inadequacy is attributed to deficits in precipitation, soil water, 

and evapotranspiration (ET) on the land surface and within the root zone (Zeleke et al., 2017). 

Moreover, agricultural drought happens when the soil's moisture content is insufficient to support 

optimal crop growth (Narasimhan & Srinivasan, 2005). Thus, agricultural drought hinders crop 

growth, which lowers yields (Dietz et al., 2021). Furthermore, lack of precipitation and decreased 

levels of soil moisture have had a detrimental impact on crop production and the regular public food 

supply in the majority of agricultural regions that depend on little rainfall, such as Ethiopia (Merga 

& Ahmed, 2019). Agriculture is significantly impacted by both hydrological and meteorological 

droughts because low rainfall, depleted soil moisture, and declining groundwater all lower 

agricultural yields (Wilhite, 2000). Thus, the emphasis on agricultural drought underscores the 

significance of understanding and monitoring the specific conditions that affect vegetation growth, 

which has direct implications for food security, ecosystems, and the broader agricultural sector 

(Belal et al., 2014). 

Globally, drought have become more severe and now rank second among the top eight natural 

disasters. Drought frequency and severity are increasing due to human-caused global climate 

change (Zhang et al., 2023). Furthermore, it is predicted that by 2030, the frequency of drought 

events will increase by about 30% if the current trend continues (Wen et al., 2023). Drought has a 

destructive impact on the society, environment, and economy (Schreiner et al., 2018). Thus, drought 

was made worse by climate unpredictability, population expansion, changes in land use, wars, and 

political instability (Raleigh & Urdal, 2007).  

In Africa, numerous countries consistently face the impact of severe and prolonged drought, 

resulting in substantial socioeconomic and environmental consequences (Kogan et al., 2019). The 

pronounced non-productive losses and the unpredictable nature of rainfall exert a significant impact 

on the rain-fed agricultural system of sub-Saharan Africa, including Ethiopia, where drought is a 

recurrent occurrence (Wolka et al., 2023). This has repercussions for various sectors, with 

agriculture being the most affected (Temam et al., 2019). 
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 In Ethiopia, the recurrence of drought is a persistent phenomenon with far-reaching impacts across 

various sectors, notably agriculture. Agricultural drought is the primary hazard to human life 

(Tadesse, 2018). Ethiopia's economy, primarily reliant on agriculture, has faced challenges due to 

the country's vulnerability to drought (Alarifi et al., 2016). Additionally, Bewket and Conway 

(2007) stated that historically, drought in Ethiopia has been the primary cause of famines and food 

shortages in the country. For instance, the major drought occurrences during the years 1964-1966, 

1972-1974, 1982-1984, 1987–1988, 1990, 1999, 2000, 2002, 2003, 2006, 2009, 2011, 2015, 2016, 

2018, 2019, 2020, 2021, and 2022 (Degefu & Bewket, 2015; Deressa et al., 2010; Hirko et al., 

2021). Thus, the most severe events in the last 30 years were the drought in 2015, which 

significantly impacted a substantial portion of the nation and worsened food insecurity (Chere & 

Debalke, 2024). This highlights the profound impact of drought on both the agricultural sector and 

the overall socioeconomic conditions in Ethiopia.  

Even though a significant majority, more than 85% of the population in Ethiopia, relies on income 

generated from agricultural activities (Bayissa et al., 2019), the agricultural practices in the country 

are largely traditional and heavily dependent on annual precipitation (Gebregziabher et al., 2006). 

Consequently, the agricultural sector is highly susceptible to the adverse effects of insufficient and 

poorly timed rainfall, leading to decreased crop yields, concerns regarding food security, and 

substantial economic losses (Kassaye et al., 2021). Moreover, in Ethiopia and other eastern African 

nations, dry spells have become a repetitive marvel that can happen without caution, without border 

restrictions, and without financial or political contrasts. In this way, insufficient precipitation has 

shown up in large-scale nourishment security emergencies in the past, influencing the entire country 

(Wassie et al., 2022). In addition, in the years 2002–2003, Ethiopia experienced widespread food 

shortages; the impact was severe, leading to the loss of 1.4 million animals. In 2008-2009, also, 

nearly 15 million people were affected across various regions. In addition, repercussions continued 

in 2015–16, affecting around 5 million people in Northern, Southern, and Eastern Ethiopia (Liou 

& Mulualem, 2019; Mera, 2018). Moreover, reports by Kassaye et al. (2021) estimate that a 

staggering 10.2 million people were affected by these events. 

The Amhara region, which is an important part of Ethiopia, is grappling with a severe and persistent 

climatic disaster attributed to ongoing drought conditions (Weldlul, 2016). The impact of this 

climatic event has been catastrophic, specifically causing destitution or extreme poverty for the 
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population in North and South Wollo (Mekonen et al., 2020). Thus, during the drought of 2002 and 

2009, a substantial proportion of the population in the weredas (administrative divisions) of 

Legambo, Desie Zurie, and Jamma in South Wollo, along with Bati in the Oromiya Zone, faced 

severe conditions; approximately 75% of the affected population in these areas required food 

assistance (Goyet et al., 2012). Thus, the gravity of the impact of drought on these communities 

emphasizes the urgent need for significant intervention measures (Mohamed, 2017). Addressing 

these challenges requires concerted efforts and targeted strategies to alleviate the suffering of the 

impacted communities. In light of the recurrent drought in Amhara's drought-prone areas, effective 

drought management has become a crucial priority. Specifically, an effective strategy to minimize 

the impacts of drought involves the application of a drought monitoring system (Mera, 2018). Such 

a system plays a key role in early identification and warning of impending dry spells (Dalezios et 

al., 2020). Moreover, appropriate drought monitoring and early warning systems are essential for 

reducing the overall impact of drought (Abdulkadir et al., 2016).  

1.2.  Statement of the Problem  

Ethiopia's drought-affected areas are growing as a result of climate change, climate variability, and 

other human-caused variables (Siname et al., 2016). A prolonged drought that devastated Ethiopia's 

northern, southern, southeastern, and eastern regions resulted in an enormous food crisis (Mekonen 

et al., 2020). Ethiopia's primary food production, particularly in the Amhara Region, is nearly 

entirely dependent on rain-fed agriculture, and the region experiences recurrent droughts (Wassie 

et al., 2022). The primary causes of drought are insufficient management of water and a deficiency 

of precipitation relative to the demand for water (Rockström, 2003). Ethiopia's predominant 

economic activity, agriculture, has been significantly impacted by the recurrent drought that the 

country experiences (Mera, 2018). However, this sector is expected to play a pivotal role in driving 

the overall development of the nation, as well as specifically contributing to the economy of the 

Amhara region, Ethiopia (Shumuye, 2015). Despite the Amhara region's reputation for being a 

significant producer of food, its agricultural activities heavily rely on seasonal rainfall, which 

exhibits considerable variability (Demeku et al., 2015). Consequently, the impact of drought is 

severe, exacerbated by high rainfall variability both in space and time (Chere & Debalke, 2024).   

Recurrent periods of drought have profound effects on the environment, society, and the economy 

(Schreiner et al., 2018). For example, during the drought of 2002 and 2009, a substantial proportion 
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of the population in the weredas (administrative divisions) of Legambo, Desie Zurie, and Jamma in 

South Wollo, along with Bati in the Oromiya Zone, faced severe drought conditions (Goyet et al., 

2012). As an illustration, the 2014 Ethiopia Mini Demographic and Health Survey (EMDHS) 

revealed that approximately 14.8% of rural households in Amhara faced persistent food shortages, 

prompting their inclusion in the Productive Safety Net Program (PSNP) in 2014. Therefore, to 

monitor agricultural drought, it is imperative to maintain regular and internally consistent records 

of data related to various biophysical variables (Kogan et al., 2019).   

Agricultural drought, which occurs when there is a prolonged deficiency in precipitation that leads 

to a shortage of water for crops, has been a recurring challenge in the Amhara region. The impact 

of agricultural drought is far-reaching, affecting crop yields, livestock productivity, and the overall 

socioeconomic well-being of the communities in the region (Bogale & Erena, 2022). In recent 

years, there has been a growing body of research focused on understanding the dynamics of 

agricultural drought in the Amhara region. Major studies have highlighted the need for sustainable 

water management practices, improved irrigation infrastructure, and climate-resilient farming 

techniques to mitigate the impact of agricultural drought on local farmers. To address the complex 

challenges posed by agricultural drought in the region, it is essential to consider the interdisciplinary 

nature of the problem and explore holistic solutions that integrate scientific research, traditional 

knowledge, and community-based adaptation strategies.  

In the Amhara Region, numerous research projects have been carried out to track agricultural 

drought utilizing GIS and remote sensing techniques. For instance, Wassie et al. (2022) determine 

and characterize agricultural droughts in North Wollo, Ethiopia, utilizing a number of MODIS-

based metrics. Gebre et al. (2017) utilized GIS and RS methods to evaluate the state of the 

agricultural drought in the northern Wollo zone. Senamaw et al. (2021) utilized geospatial 

approaches to map the agricultural and climatic drought's temporal and spatial variations in 

Ethiopia's Waghimra Zone. Kebede (2019) evaluates the Waghimra Zone's agricultural drought 

situation using GIS and remote sensing methods. Demisse and Suryabhagavan (2016), in the east 

Amhara region, evaluate vegetation indices for agricultural drought monitoring. Together, the 

research deepens our understanding of the intensity of agricultural drought in the region.  
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However, until recently, there were very few comprehensive drought studies carried out in the 

Amhara Region that combined different environmental parameters that influence agricultural 

drought intensities. Prior studies have focused on applying a specific type of drought index 

separately for monitoring agricultural drought in the region, such as NDVI, SPI, VCI, LST, VHI, 

TCI, and SPEI, neglecting to apply them in a combined way. The overall drought condition cannot 

be assessed in a better way by drought indices separately rather by considering several agro-

climatological settings in a combined way (Immerzeel et al., 2020). Therefore, for enhanced 

drought monitoring capabilities that can more effectively inform agricultural practices, the 

integration of many relevant environmental factors is required (Ji & Peters, 2003). Hence, in order 

to improve drought monitoring capacities and give further informed insights for agrarian practices, 

it is necessary that a number of applicable environmental indicators need to be integrated (Kulkarni 

et al., 2020). Thus, most studies demonstrated that the applicability and performance of the CADI 

in drought characterization and monitoring at the local scale compared to the being drought 

indicators (Bayissa et al., 2019; Cai et al., 2023 ; Karimi et al., 2022; Kulkarni et al., 2020; Lee et 

al., 2021). However, there aren't many studies like these in Ethiopia overall, and the Amhara region 

in particular. Therefore, the study aims to address the existing limitations in operational drought 

monitoring methods in the Amhara region. Specifically, it was sought to develop a Combined 

Agricultural Drought Index (CADI) for monitoring agricultural drought in the Amhara region.  

1.3.  Objectives of the Study 

1.3.1. General Objective 

The general objective of the study was to develop an Earth observation-derived combined drought 

index for agricultural drought monitoring in the Amhara Region, Ethiopia. 

1.3.2. Specific Objectives 

The following were the specific objectives of the study:  

 To develop an Earth observation-based Combined Agricultural Drought Index (CADI) for 

the Amhara region. 

 To examine the spatial and temporal agricultural drought status based on CADI in the 

Amhara region. 

 To evaluate the performance of CADI in detecting the historic agricultural drought events 

in the study area. 
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1.4. Research Questions 

1. How to develop an Earth Observation-based Combined Agricultural Drought Index (CADI) 

for the Amhara region? 

2. What methods can be used to examine the spatial and temporal agricultural drought status 

based on CADI in the Amhara region? 

3. How to evaluate the performance of CADI to detect the historic agricultural drought events in 

the study area? 

1.5.  Significance of the Study 

The study is anticipated to furnish both quantitative and qualitative information crucial for 

monitoring agricultural drought, facilitating a prioritized response based on the severity and 

duration of hazard in the study area. This information is not only valuable for decision- and 

policymakers but also essential for formulating pre- and post-drought risk management plans. The 

identification of the most drought-vulnerable areas has a significant role in safeguarding the 

communities. This information is pertinent not only for the regional state government but also for 

the federal government of Ethiopia. The study will provide baseline information on the most 

vulnerable areas, enabling systematic surveillance and monitoring of drought and its effects. Given 

that agriculture is the primary economic activity in the Amhara Region, dependent on annual 

rainfall and subject to variability, the sectors have been significantly affected by drought. This 

impact extends to water scarcity, livestock mortality, economic fluctuations, and other related 

problems. Hence, the identification of the most drought-vulnerable areas is poised to play a crucial 

role in local community adaptation and mitigation strategies against the stated challenges. In 

general, the study was anticipated to offer an effective technique for monitoring agricultural 

drought, namely CADI, which will improve agricultural drought monitoring systems.  

1.6. Scope of the Study 

The geographic scope of the investigation was limited to the Amhara region. Temporally, by 

considering the summer season, which is the main rainy season of the study area (June to 

September), the study covers the years 2000 to 2021. The content scope of the study was to develop 

an Earth observation-derived combined drought index for agricultural drought monitoring in the 

Amhara Region, Ethiopia. CADI was developed using the Random Forest Model by using specified 

code on the GEE Platform. CADI was developed using eight independent variables, i.e., PCI, LST, 
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TCI, NDVI, VCI, EVI, ET, and SMCI, and SPI for training and validation of the RF model. In 

addition, three topographic variables (elevation, aspect, and slope) were considered for CADI 

development.  

1.7. Limitations of the Study 

In conducting this study, numerous challenges were encountered. The primary challenge was the 

security problem in the Amhara Region; this security issue has an adverse impact, limiting the 

extent of fieldwork and data collection that could be conducted. To address these challenges, 

communication with the Amhara Region Agricultural Office and Disaster Risk Management of the 

Region was established to get data about the overall agricultural drought conditions in the region. 

The other limitation is that the availability of missing values for station data in the study area, even 

though the researcher demands to use all station rainfall data for this study that are found in the 

study area, the existence of more missing values of the rainfall data hinders it, so that the researcher 

utilizes only 51 station rainfall data that have less percent of missing values for this study. In 

addition, the absence of internet connectivity to do this study had an immense impact; the need for 

high-speed internet access to download large datasets further complicated the timely acquisition of 

the data. Despite these challenges, every effort was made to ensure that the study was as 

comprehensive and reliable as possible within the available resources. Furthermore, a trip to Addis 

Abeba for nearly two months and another trip to Dire Dawa resolved this issue. 

1.8. Organization of the Paper  

This thesis has five major components. The first chapter was about the background of the study, the 

statement of the problem, the objectives of the study, research questions, the scope of the study, 

and the significance of the study. The second chapter of the study was about reviewing related 

literature. Chapter three was about the research methodology and materials as well as a description 

of the study area. The result and discussion are carried out in the fourth chapter. The last chapter, 

Chapter Five, states the conclusions and recommendations parts of the study. 
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CHAPTER TWO 

2. RELATED LITERATURE REVIEW 

2.1. Definition and Concepts of Drought 

 Even though it is incorrectly believed to be an erratic and unusual occurrence, drought is a typical, 

recurring aspect of the climate (Slette et al., 2019). Contrary to aridity, which is only present in 

areas with little rainfall and is a recurring aspect of the climate, it is distinct from aridity (Wilhite, 

2000). Additionally, according to Sivakumar (2010), it has to do with when and how well the rains 

fall. When precipitation falls below average over a length of time, drought is a harmful natural 

phenomenon that is characterized by making human activities and natural processes insufficient 

(Viste et al., 2013). Moreover, drought is a perilous natural phenomenon that develops when 

precipitation is less than normal for a length of time, resulting in a lack of resources for both human 

practices and natural activities (Sivakumar, 2010). Furthermore, it is a recurring extreme climate 

event characterized by under-normal precipitation over a period of months to years (Dalezios et al., 

2020). Thus, it leads to serious economic and environmental issues, especially in agricultural 

production operations, which have an impact on the supply and demand balance for food (Boken, 

2009).  

Furthermore, Wilhite and Glantz (1985) stated that there are two types of definitions of drought: 

conceptual and operational. Conceptual definitions are defining the boundaries of the concept of 

drought and thus are holistic in their description of the phenomenon (Beltman, 2019). There is 

insufficient precipitation to meet the demands of human activities, resulting in economic, social, 

and environmental impacts (Mera, 2018). Additionally, drought frequency, severity, and duration 

for a specific historical time can be examined using operational definitions (Trenberth et al., 2014). 

The probabilities of droughts with different levels of intensity, duration, and regional features are 

computed using these definitions (Wilhite & Vanyarkho, 2000). Even though the term drought, has 

many different meanings, the best way to define drought is, it is an extended period of abnormally 

dry weather brought on by a serious hydrological imbalance that affects both human activity and 

environmental functions (Narasimhan, 2004).  



10 | P a g e  

 

2.2. Types of Drought 

Even though, in the context of the proposed study, the primary emphasis of the study is agricultural 

drought, it's critical to comprehend the types of drought in order to evaluate and monitor them. 

Moreover, comprehensive understanding of various drought types is paramount due to the 

interconnected nature of agricultural drought with other forms (Beltman, 2019). The classification 

of drought extends beyond its type, encompassing considerations of intensity, duration, spatial 

extent, and perceived impact (Zargar et al., 2011). This definition is dynamic, continuously 

evolving to incorporate impacts and intricate interactions with the environment and society 

(Mukherjee et al., 2018). Classifying drought is complex, taking into account the length of time and 

the influence of the water cycle component. Thus, drought falls into four primary categories: 

meteorological, hydrological, agricultural, and socioeconomic (Tijdeman et al., 2022). Aligning 

with the framework proposed by Wilhite and Glantz (1985), a comprehensive understanding of 

these distinct drought types is imperative for a holistic examination of their impacts on agriculture 

and their broader implications for the environment and society. 

2.2.1. Meteorological Drought 

Meteorological drought alludes to a delayed period of below-average precipitation or an amplified 

nonappearance of precipitation in a specific locale (Sivakumar, 2010). It is ordinarily characterized 

by a shortage within the sum of precipitation compared to the long-term normal for that locale (Patel 

et al., 2007). Moreover, meteorological drought, as articulated by Viste et al. (2013), arises due to 

insufficient precipitation, focusing on the physical aspects of drought rather than its consequential 

impacts. The region-specific occurrence is characterized by the extent of dryness concerning a 

defined normal or average quantity and the duration of the dry period (Sivakumar, 2010). 

2.2.2. Agricultural Drought 

Agriculture, being the largest consumer of water, is particularly susceptible to drought, with 

moisture shortage often posing a significant obstacle to crop productivity (Rosegrant et al., 2009). 

The primary rainy season in Ethiopia, known as Kiremt, holds paramount importance for 

agricultural activities, contributing to approximately 95% of crop production (Belal et al., 2014). 

Consequently, agricultural drought during this crucial period significantly impacts the country's 

food production (Mera, 2018). When there is not enough moisture in the soil to support the best 

possible crop development, agricultural drought occurs (Zeleke, 2017). Additionally, agricultural 
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drought is defined by erratic rainfall distribution over time, with crop production and the regular 

supply of food being negatively impacted in areas like Ethiopia that rely largely on little rainfall 

due to the lack of moisture (Chere & Debalke, 2024). This condition impedes crop development, 

leading to reduced yields. Both meteorological and hydrological drought exert a substantial 

influence on agricultural drought by causing low rainfall, soil water deficits, and diminishing 

groundwater levels, all contributing to decreased agricultural yields (Wilhite, 2000).  

2.2.3. Hydrological Drought 

Hydrological drought is distinguished by a shortage of surface or subsurface water, primarily 

arising from inadequate precipitation (Van Loon, 2015). This form of drought occurs when 

groundwater recharge diminishes or when there is a substantial deficit in surface runoff compared 

to normal conditions (Tallaksen & van Lanen, 2023). While the lack of precipitation is the 

fundamental cause of all droughts, hydrological drought places emphasis on how this scarcity of 

precipitation affects specific elements within the hydrological system, such as soil moisture, stream 

flow, groundwater levels, and reservoir capacities (Bayissa et al., 2019). Hydrologists are 

particularly concerned with understanding how the deficiency of precipitation unfolds through the 

hydrological system, making hydrological drought a specialized focus within the broader context 

of drought studies (Avanzi et al., 2024). Significantly, hydrological droughts typically occur after 

or out of sync with agricultural and meteorological droughts, indicating a delay in the effects on the 

hydrological system relative to the times when drought conditions first appeared (Van Loon, 2015). 

2.2.4. Socio-economic Drought 

According to Cerveny et al. (2017), socio-economic drought is intricately connected with the 

availability and demand of water, considering water as an economic good. These droughts occur 

when water resource systems fall short of meeting the demands for water (Sivakumar, 2010). In 

contrast to other forms of drought, socio-economic drought brings together elements of 

hydrological, agricultural, and meteorological dryness with the dynamics of supply and demand for 

particular economic goods or services (Schuldt et al., 2020). This can include critical resources like 

water, cattle fodder, or hydroelectric power. The distinctive feature of socio-economic drought lies 

in its integration of meteorological, agricultural, and hydrological factors with the economic 

implications of failing to meet specific demands for essential goods and services (Haile et al., 2020). 
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2.3. Causes of Drought 

Distinct geographic elements, local oceanic circulations, and coastal influences are only a few 

examples of the many distinct factors that contribute to drought (Lyon, 2014). El Niño Southern 

Oscillation (ENSO), unusual patterns of sea surface temperature in regions other than the equatorial 

eastern Pacific, soil moisture desiccation, and nonlinear behavior of the climate system are all 

highlighted as potential causes of drought in eastern Africa (Masih et al., 2014). According to Dai 

(2011), there is also evidence that the climate is changing and that drought is becoming more 

frequent or more severe. Additionally, Lyon (2014) determined that anthropogenic factors and 

multi-decadal oscillations in the global sea surface temperature were the primary causes of drought. 

2.3.1. Anthropogenic Factors  

Under the circumstances of a growing population, anthropogenic environmental consequences have 

altered drought patterns (Masih et al., 2014). Land use change, land degradation, deforestation, 

fires, and mining are a few examples of these consequences (Gebremeskel et al., 2019). 

Additionally, drought is impacted by human activities such as the extension of grazing and farming 

lands, overuse of water resources, new settlements, and urbanization (Rosenzweig et al., 2014). 

2.3.2.  Natural Climate Variability 

The considerable seasonal and interannual variability of the climatic system is one of the primary 

causes of drought. Drought in East Africa is intimately correlated with the complexity and 

variability of the El Niño-Southern Oscillation (ENSO) and land-atmosphere feedbacks 

(Matsumura et al., 2014). According to Tierney et al. (2013), the climate of East Africa is influenced 

by climate dynamics in the Indian Ocean and the Intertropical Convergence Zone (ITCZ), which 

are aggravated by the region's complicated topography. El Niño, a component of the Southern 

Oscillation, is an unusual warming of the ocean's surface water in the eastern tropical Pacific. 

Between the eastern and western tropical Pacific, there is an oscillating pattern of retreating surface 

air pressure known as the Southern Oscillation. 

2.4. Historical Background of Drought in Ethiopia 

Drought has been a part of the climate, and it has affected many countries in the world and this 

included Ethiopia (Dai, 2011). Thus, the country, has experienced the devastating impact of 

drought, in the country; the population has endured repeated periods of drought and significant 

fluctuations in climate conditions (Meze-Hausken, 2000). Moreover, Ethiopia has suffered from a 
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succession of severe droughts over the past 35 years, predominantly attributed to the failure of its 

primary rainy season known as "kiremt" (Hirko et al., 2021). This has had a profound impact on 

the country, considering that the majority of the population relies on rain-fed agriculture and related 

economic activities as their main source of livelihood (Bayissa et al., 2019).  

According to  O’Connor et al. (2017) in Ethiopia, drought is a phenomenon that happens in different 

parts of the country throughout different seasons when seasonal rainfall falls by roughly 30% to 

50% below normal. It has shown a spatiotemporal distribution over the last fifty years and certain 

regions in the country are affected by drought regularly; the eastern and southeastern and rift valley 

regions (Feyisa, 2017). Devastating droughts have been reported in three consecutive years, and the 

frequency of droughts has recently been found to be decreasing 2015–2017 (Mera, 2018) . 

Ethiopia has seen an increase in the frequency of droughts over time, especially in the second half 

of the 20th century (Viste et al., 2013). These findings highlight the recurring nature of drought 

events in the region and the growing challenges posed by their increased occurrence in recent 

decades. Since the mid-1970s, the severity and magnitude of drought have increased due to factors 

like climate change, deforestation, land degradation, and population growth. 

In the year 1999-2000, a significant portion of Ethiopia's population, which consisted of 

approximately 10.5 million individuals, experienced adverse effects. Moving forward to 2002-

2003, the number of affected people increased to over 15 million, and sadly, 1.4 million livestock 

perished. Similarly, in 2004-2005, more than 13 million people in Ethiopia were impacted by 

adverse conditions. In 2006, the Borena region alone witnessed the effects on about 7.4 million 

individuals, leading to the death of 247,000 livestock. In 2008, Borena reported the death of 

approximately 26,000 livestock. During the period of 2008-2009, all regions of Ethiopia 

experienced the consequences, affecting around 5 million people. Moreover, moving forward to 

2011, the southern, southeastern, and eastern parts of Ethiopia were affected, with an estimated 4.5 

million individuals experiencing the consequences. In addition, in 2015-2016, the northern, 

southern, and eastern regions of Ethiopia faced the impact, affecting approximately 10.2 million 

people (Degefu & Bewket, 2015; Deressa et al., 2010; Hirko et al., 2021).  

These changes have been primarily managed by communities, highlighting the need for better 

preparedness and mitigation strategies (van Aalst et al., 2008). Climate change, deforestation, and 

land degradation in Ethiopia have increased vulnerability to droughts, affecting food security and 
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livelihoods (Zegeye, 2018). The Ethiopian government and international organizations are 

implementing measures to enhance preparedness, response, and resilience, including early warning 

systems, community-based adaptation strategies, water resource management initiatives, and 

sustainable agricultural practices (van Ginkel & Biradar, 2021). 

2.5. Historical Background of Drought in Amhara Region 

Dry spells have been a repeating issue within the region for a long time, with extreme and 

destructive impacts on crops, animals, and the lives of the individuals. The recurrence and intensity 

of dry season occasions within the region have expanded over time, with critical dry spells recorded 

in 1984, 1985, and 2015 (Amsalu et al., 2019). In addition, nearly half of the woredas of the North 

Wollo Zone have been especially influenced, confronting serious and inveterate nourishment frailty 

as a result (Goyet et al., 2012). These dry seasons have led to nourishment deficiencies, lack of 

healthy sustenance, and financial hardship for the communities within the region (Mohamed, 2017). 

On the other hand, much of the western portion of the region has great soils and satisfactory 

precipitation and regularly produces rural surpluses (Asaye et al., 2025). 

In this way, in reaction to the repeating dry seasons, the Ethiopian government, in collaboration 

with universal accomplices, has started different mediations to address the effect of the dry season 

within the locale (Tsige, 2019). These incorporate the arrangement of crisis nourishment help, the 

improvement of water sources through water system ventures, and the advancement of drought-

resistant edit assortments. Moreover, universal organizations have bolstered activities pointed at 

building the strength of communities through vocation expansion and capacity-building programs. 

Be that as it may, continued collaboration, long-term arrangements, and ventures in sustainable 

advancement are fundamental to guaranteeing the long-term versatility of the Amhara region in the 

face of repetitive dry season occasions (Marthews et al., 2015). 

2.6. Role of Remote Sensing and GIS in Drought Studies 

Before, during, or after a disaster, the present situation can be monitored using satellite or remote 

sensing techniques (Wilhite, 1993). While the GIS approaches offer an appropriate framework for 

integrating and analyzing the several types of data sources required for catastrophe monitoring, they 

can be utilized to provide baseline data against which future changes can be evaluated (Tsatsaris et 

al., 2021). Recent years have seen a rise in major areas of concern related to the ever-increasing 
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population and the overuse of natural resources, soil erosion, dwindling water supplies, and 

projected future climate change scenarios.  

Recently, remote sensing and Geographic Information Systems (GIS) play a crucial role in 

agricultural drought studies by providing valuable information on drought monitoring, assessment, 

and mitigation strategies (Belal et al., 2014). In addition, remote sensing enables the monitoring of 

various drought-related indicators, such as vegetation health, soil moisture, and evapotranspiration 

(Aghakouchak et al., 2015). Moreover, GIS platforms help in integrating and analyzing the remote 

sensing data, facilitating the creation of drought monitoring systems (Anderson et al., 1997). In 

support of this, GIS platforms facilitate the integration of various datasets, including remote sensing 

data, topographic information, and socio-economic data (Gerland et al., 1996). By overlaying these 

datasets, researchers can assess the potential impact of drought on agricultural productivity, crop 

yield, and water availability. Such assessments support early warning systems and help in 

developing strategies for drought mitigation and adaptation (Wardlow et al., 2007).  

Overall, by analyzing satellite imagery and GIS data layers, researchers can quantify vegetation 

indices, land surface temperature, precipitation patterns, and other relevant parameters. These 

assessments provide valuable insights into the spatial and temporal dynamics of drought, helping 

policymakers and farmers make informed decisions (Thenkabail et al., 2002). In addition, remote 

sensing and GIS can be used to develop drought risk maps, which identify areas prone to drought 

events based on historical climate data and satellite imagery (Anderson et al., 1997). Thus, these 

maps help in prioritizing resource allocation, implementing drought management strategies, and 

reducing vulnerability in agricultural systems (Peng et al., 2019). 

2.7. Empirical Studies on Developing Combined Agricultural Drought Index 

(CADI) to Monitor Agricultural Drought 

Several studies have been conducted around the globe to create and deploy integrated agricultural 

drought indices for the purpose of monitoring agricultural drought. For example, Agricultural 

Drought Assessment Using the Combined Drought Index: A Study in Northwest China by Cai et 

al. (2023) The study creates a Scaled Drought Condition Index (SDCI), also known as the 

Combined Drought Index, for agricultural drought assessment based on multi-source remote 

sensing data in a major grain-producing region of Northwest China. It integrates multiple indicators 
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based on the combination of the PCI, VCI, and TCI using four different weight determination 

methods: Criteria relevance employing the Analytic Hierarchy Process (AHP), fuzzy 

comprehensive evaluation (FCE), entropy approach, and intercriteria correlation (CRITIC). Finally, 

a weighted sum approach is used. The result demonstrated the effectiveness of the SDCI in 

capturing agricultural drought dynamics and provided insights for drought disaster prevention and 

mitigation strategies.  

Another study by Lee et al. (2021) entitled " Development of Integrated Crop Drought Index by 

Combining Rainfall, Land Surface Temperature, Evapotranspiration, Soil Moisture, and Vegetation 

Index for Agricultural Drought Monitoring" in the State of Illinois, a crucial region of the U.S. Corn 

Belt, the quantification and analysis of the failure were undertaken on a county size during the June 

to August months of 2004 to 2019. The rainfall factors (PCI), hydrological elements (PET and SM), 

and vegetating factors (improved vegetation index, or EVI) were combined to create the study's 

Drought Index (ICDI). According to the author, the ICDI accurately represents agricultural drought 

in terms of land surface dryness/wetness and its relationship to crop productivity. 

In addition, a study by Karimi et al. (2022) entitled on, meteorological and agrarian failure 

monitoring in Southwest of Iran using a remote seeing- grounded combined failure indicator, they 

develop Combined Drought Index (CDI). The star element Analysis (PCA) system was employed, 

to develop CDI, therefore, combination of meteorological and agrarian information was used to 

develop a Combined Drought Indicator (CDI), i.e. Vegetation Condition Index (VCI), Temperature 

Condition Index (TCI), the Soil Water Index (SWI) and the precipitation condition indicator (PCI). 

The study demonstrated, that CDI indicator has a strong capacity for drought monitoring.  

Also, a study by Kulkarni et al. (2020)  between 2001 and 2018, monthly assessments of land 

surface temperature (LST), soil moisture (SM), and normalized difference vegetation index (NDVI) 

were conducted in Marathwada, India, to create an integrated Combined Drought Indicator 

Approach for Agricultural Drought Monitoring. The input parameters were standardized 

precipitation index (SPI-3). To integrate the input parameters for generating the CDI_M, two 

quantitative methods, PCA and expert judgment weighting of each parameter were tested. The 

study's findings indicated that the CDI_M is a useful tool for tracking India's agrarian failure and 

offers better data to support agricultural drought monitoring strategies. 
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In Ethiopia, few studies were taken to develop an integrated drought index, thus, one of the studies 

done for the end of developing a combined   indicator is the study by Bayissa et al. (2019) Ethiopia 

as a case study for developing a composite drought indicator based on remote sensing to track 

agricultural drought. Standardized Precipitation Index (SPI), Land Surface Temperature (LST) 

anomaly, Standardized Normalized Difference Vegetation Index (stdNDVI), and Soil Moisture 

(SM) anomalies from 2001 to 2015. CDI-E were generated utilizing a quantitative methodology, 

namely the principal component analysis method (PCA), which assigns weights to each input 

parameter. The study's findings report, that the CDI- E efficiently maps the indigenous and temporal 

patterns of former failure and non-drought times effectively.   

Likewise, Kebede et al. (2020) created two drought indices by taking into account indicators both 

with and without the contribution of climate signals, that is, both indicators that incorporate SST 

into the meteorological variables (MVDIstS) and those that do not (MVDIst0). To validate the 

quality and performance of the developed indicators the authors were enforced statistical technique 

i.e. RMSE, MAE and bias with the existing indicator of SPI across different time scales. The study 

revealed that the performance of the recently developed indicators for drought characterizing is best 

solution compared to SPI.   

Most of the reviewed papers report the significance of integrating multiple indicators and data 

sources to develop a comprehensive Combined Drought Index (CDI) (Kulkarni et al., 2020 ; Lee et 

al., 2021; Cai et al., 2023; Karimi et al., 2022 ; Bayissa et al., 2019). They showcase different 

methodologies and approaches for CDI development and demonstrate the connection of these 

indicators in monitoring and assessing agricultural drought conditions. Also, the study 

demonstrated the connection and performance of the CDI in drought characterization and 

monitoring at the local scale compared to the existing indicators. However, there aren't many studies 

like these in Ethiopia overall, and the Amhara region in particular. Thus, this study was focusing 

on developing an Earth observation-derived combined drought index for agricultural drought 

monitoring in Amhara Region, Ethiopia. 
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2.8. Earth observation satellites derived drought indices for monitoring agricultural 

drought 

The advancement of satellite remote sensing technologies over the past few decades has made a 

number of satellite-based drought indices available, including the precipitation index, vegetation 

index, and SM products index. In the last decades, numerous satellite-based drought indices, such 

as precipitation index, vegetation index, and SM products index, have become available through 

the development of satellite remote sensing technology (Martínez-Fernández et al., 2016). Thus, 

these drought indices are tools used to monitor and assess agricultural drought conditions using 

satellite remote sensing data (Crocetti et al., 2020). Moreover, Earth observation-based indices are 

valuable tools for monitoring and assessing drought conditions, offering valuable insights for 

agricultural management and decision-making (Running et al., 2019). These indices provide 

valuable information about the vegetation health and water availability, allowing for early detection 

and monitoring of drought impacts on agriculture. 

Moreover, Earth observation indices provide a deeper understanding of the complex interactions 

between climate, soil, and vegetation, which are crucial for assessing drought impacts on agriculture 

(Liu et al., 2016). Thus, the ability to monitor various environmental parameters, such as vegetation 

health and moisture levels, allows for better prediction and management of drought-related risks in 

agricultural areas (Liu et al., 2016). Furthermore, the use of satellite remote sensing enables real-

time and large-scale monitoring, offering a comprehensive and detailed assessment of drought 

conditions over a wide geographical area (Senay et al., 2014). This information can support farmers 

and agricultural stakeholders in making informed decisions regarding crop selection, irrigation 

strategies, and land management practices to mitigate the impacts of drought  (Gautam & Pagay, 

2020). 

2.8.1. Normalized Difference Vegetation Index (NDVI) 

The NDVI, which takes into consideration all green vegetation, is derived from the combination of 

near-infrared (NIR) and red band wavelengths (Stamford et al., 2023). Due to the tight connection 

between vegetative vigor and moisture state, the use of NDVI-based indicators for tracking and 

recognizing drought is justified (de Paul Obade et al., 2023; Gelata et al., 2023; Usman et al., 2015). 

NDVI has been used for a variety of applications, including monitoring vegetation cover and health, 

assessing the impacts of climate variability and change, and informing natural resource 
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management strategies (Kogan & Guo, 2016). NDVI gives information on the spatial and temporal 

patterns of vegetation cover, as well as changes in vegetation cover over time. 

Monitoring the effects of drought on ecosystems and human systems is made possible by the 

NDVI's sensitivity to changes in vegetation cover and health (Gelata et al., 2023). Reduced soil 

moisture and water availability during drought circumstances can result in less vegetation cover, 

which can be identified using NDVI. The effects of climate variability and change on vegetation 

cover and production have also been evaluated using NDVI. For example, studies have shown that 

NDVI can be used to detect changes in vegetation cover and productivity associated with changes 

in temperature and precipitation patterns (Stamford et al., 2023). 

2.8.2. Vegetation Condition Index (VCI) 

Vegetation Condition Index (VCI) is a measure of environmental stress that describes the 

vegetation's moisture content (Kogan, 2001). In addition, Vegetation Condition Index (VCI) is a 

valuable indicator for evaluating the health and condition of vegetation based on satellite imagery 

and remote sensing data, providing insights into changes in vegetation cover, growth, and stress 

levels over time (Pei et al., 2018). Moreover, VCI is an indicator used to assess the health and 

condition of vegetation, particularly in agricultural and ecological contexts (Dutta et al., 2015). 

Additionally, because VCI distinguishes between climate signals and long-term biological signals, 

it provides a more accurate measure of moisture shortage than NDVI (Dikici & Aksel, 2021).  

The VCI is typically calculated using a combination of vegetation indices, such as the Normalized 

Difference Vegetation Index (NDVI), and statistical methods. The NDVI is calculated based on the 

contrast between near-infrared (NIR) and red-light reflectance, which provides an estimate of the 

vegetation's greenness and density. A VCI value nearer 100 denotes healthier and more abundant 

vegetation, whereas lower values signify vegetation stress or degeneration. The VCI value ranges 

from 0 to 100 (Tran et al., 2017). In support of this, very low and very high VCI values, respectively, 

show unfavorable and favorable situations (Kane et al., 2016).  

2.8.3. Temperature Condition Index (TCI) 

These days, due to global warming, temperature plays a critical role in monitoring drought, the 

NDVI-based VCI index alone is insufficient to adequately characterize droughts in agriculture 

(Rahman, 2016). Drought and the rise in land surface temperature are highly correlated, and the 

temperature increase is the first sign that crops are experiencing moisture stress and drought. The 
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TCI uses temperature-related drought situations as a thermal stress indicator (Adou et al., 2024). 

As a result of, TCI is a crucial metric in the material science of land surface processes at both 

regional and global levels, utilizing TCI is essential for drought monitoring (Parviz, 2016). 

Furthermore, the TCI is able to identify vegetative stress brought on by temperature (Chere et al., 

2022). TCI gives opportunity to capture dry spell due to warm impact and recognize identify change 

s in vegetation wellbeing due to high temperature accompanied by moisture deficiency (Kogan & 

Guo, 2016).  Moreover, Temperature Condition Index plays a crucial role in understanding and 

predicting various environmental phenomena (Dash et al., 2002). Thus, it provides valuable insights 

into the temperature of land surfaces, including both vegetation and bare soil (Kogan, 1997).  

2.8.4. Precipitation Condition Index (PCI) 

An important component of environmental and meteorological research, the Precipitation 

Condition Index provides important information about the distribution and variability of rainfall 

over various geographic areas (Schuldt et al., 2020). The PCI is designed to quantify the dispersion 

of precipitation over a defined area within a specific time frame (Carle et al., 2016). Numerous 

applications, such as agricultural planning, water resource management, and forecasting possible 

flood and drought conditions, depend on an understanding of the PCI (Shawul & Chakma, 2020).  

Moreover, rainfall concentration, the likelihood of drought or floods, and the erosivity of rainfall 

are all highly important indicators that were determined on an annual and monthly basis for each 

climatic station.  

2.8.5. Soil Moisture  

Soil moisture is a crucial factor in predicting both water storage levels and agricultural drought 

(Shao et al., 2018). It regulates water availability during transpiration, providing a direct indication 

of the agricultural drought state (Wei et al., 2021). Even though only a small percentage of 

precipitation is kept in the soil when evapotranspiration (ET), surface runoff, and deep percolation 

are taken into account, the soil's moisture reserve is crucial for the upkeep of crops, pastures, and 

forests (Narasimhan, 2004). Overall, Soil moisture is an important parameter in drought monitoring 

because; it controls the availability of water during transpiration, which directly reflects the state of 

drought (Brocca et al., 2011; Ford & Quiring, 2019; Shahzaman et al., 2021; Winker et al., 2009).  

Therefore, incorporating of these and related soil moisture indices, for drought detection, a more 

comprehensive characterization of drought conditions can be achieved (Khampeera et al., 2018). 
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CHAPTER THREE 

3.  MATERIALS AND METHODS 

3.1.  Description of the Study Area 

3.1.1. Location  

The Amhara Regional State is situated in northwestern and central Ethiopia, located between 

latitudes 8°36'0"N and 13°48'0"N and longitudes 35°12'0"E and 40°24'0"E. It shares borders with 

various regions, including the Republic of Sudan to the west, Tigray to the north, Afar to the east, 

Oromia to the south, and Benishangul-Gumuz to the southwest. The region has a total area of 

155,275.224 km². 

The region is blessed with numerous water resources, including rivers, lakes, and reservoirs. One 

of the primary water sources in the Amhara Region is Lake Tana, the largest lake in Ethiopia, which 

is located in its northwest. The Blue Nile River originates there, and it serves as a major water 

reserve for the region (Lilienthal et al., 2023). On its islands, the lake is home to a number of 

monasteries and is renowned for its beautiful splendor. The Blue Nile, also known as the Abbay 

River, originates from Lake Tana and passes through the Amhara Region. It is one of the Nile 

River's principal tributaries and is essential for supplying water for hydroelectric power production 

and agriculture. The Ribb River is another important water resource in the Amhara Region; it runs 

through the central and northeastern parts of the region, contributing to agriculture and providing 

water for domestic use (Bezabih, 2021).  

Despite being endowed with abundant water resources, such as Lake Tana, the Blue Nile (Abbay) 

River, and the Ribb River, the Amhara Region continues to face recurrent agricultural drought. This 

apparent contradiction highlights the gap between water availability and effective water utilization. 

Factors such as limited irrigation infrastructure, uneven distribution of water sources, topographic 

challenges, soil degradation, and inefficient water management practices hinder the full use of 

available water for agriculture. Additionally, much of the rain-fed farming in the region remains 

highly vulnerable to seasonal rainfall variability. Thus, addressing agricultural drought in Amhara 

requires not only recognizing its rich hydrological potential but also investing in sustainable water 

management, irrigation development, and land restoration to bridge the gap between water 

abundance and agricultural resilience. 
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Figure 1: Map of the Study Area   (Source: Author,2025) 

3.1.2. Climate  

The region exhibits diverse climate types due to its varied topography. The region encompasses 

both highland areas and lowland plains, resulting in a significant variation in climatic conditions. 

The study area is endowed with five agro-ecological zones based on Gorfu and Ahmed (2012) 

altitudinal classification; these are Kolla, which is between 500 and 1500 m above sea level; Woina 

Dega, which is between 1500 and 2300 m; Dega, which is between 2300 and 3200 m; Wurch, which 

is between 3200 and 3700 m above sea level; and Kur, which is over 3700 m. Having such different 

agroecology is very important for agricultural practices. Based on figure 2, the Kolla agro-

ecological zone covers about 27.62% (43166.00 km²) of the study area, Woina Dega regions cover 

45.11% (70591.31 km²), the Dega agro-ecological zone covers 24.12% (36841.63 km²), and Wurch 

and Kur cover 2.70% (4333.25 km²) and 0.45% (630.70 km²) of the area, respectively. 
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Figure 2: Agro-ecological Zones of Amhara Region Based on Altitudinal Classification and 

Location of Selected Stations    (Source: Author,2025) 

Thus, the highland areas of the Amhara region, including the Simien Mountains and parts of the 

region’s highland areas, encompass a highland climate. This climate type is characterized by cool 

to mild temperatures and relatively high precipitation.  

Precipitation is significant throughout the year, with a distinct wet season from June to September. 

Rainfall varies from 1,000 to 2,500 mm on average per year. In addition, the average annual 

temperature is between 20 and 30 °C, and the average annual precipitation is between 300 and 800 

mm. Moreover, some parts of the southern lowlands in the Amhara region have a subtropical steppe 

climate.  
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Figure 3: Rainfall and Temperature Distributions of the Amhara Region from 2000 to 2021 

                Source: -National Meteorological Agency (NMA)) 

3.1.3. Slope 

Slope gradient analysis constitutes a fundamental parameter in agricultural practices, as it directly 

influences soil erosion and farming activities (Zhao et al., 2015). This study utilized Digital 

Elevation Model (DEM) analysis to classify the study area's topography into six distinct slope 

categories, each representing different degrees of vulnerability to soil erosion and results for 

agricultural production (Latocha & Migon, 2006). The analysis identified that flat to very gentle 

slopes (0-2) and gentle slopes (2-5) represent very low and low susceptibility to soil erosion, 

respectively, offering minimal land degradation challenges and maximum soil fertility. These 

areas demonstrate high suitability for crop production due to their favorable characteristics for the 

existence of developed soil type. Sloping (5-10) represents a medium level of susceptibility for 

soil erosion. A strongly sloping slope (10-15) represents high susceptibility, and moderately steep 

(15-30) and steep slopes (>30) represent very high and extremely high susceptibility areas for soil 

erosion. 
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Figure 4: Slope Map of the Study Area    (Source: Author,2025) 

After dividing the digital elevation model (DEM) into six classes based on Nut et al. (2021), 23.22% 

of the total area has a slope of 5-10, whereas 22.02% and 21.42% of the entire area are characterized 

as flat to very gentle (0-2) and gentle slope (2-5). 15.72% (10-15), 16.58% (15-30), and 1.04% 

(>30) of the remaining land slopes were classified as strongly sloping, moderately steep, and steep 

slope, respectively. 

3.1.4. Soils 

The region is mostly home to Vertisols, Nitisols, Luvisols, and Cambisols. Vertisols (30%): 

Vertisols are soils that are high in clay content and have a high capacity to hold moisture. Their 

distinctive feature is their capacity to inflate when moist and create deep fractures when dry. These 

are very productive soils that can be farmed, particularly for crops like oilseeds, pulses, and cereals. 

Nitisols: 25% Deep, well-drained soils, nitisols are rich in organic matter and clay. They are very 
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fruitful and have an excellent capacity to hold water. Thus, nitisols in the region are regarded as 

among the most productive soils for agriculture. They can be used to cultivate teff, sorghum, maize, 

and other crops. Luvisols (20%): Luvisols are medium-textured, well-drained soils that have a 

moderate fertility content.  

The proportions of clay, silt, and sand for this type of soil are well-balanced. Hillsides and plateaus 

are just two of the environments where luvisols can be found. Numerous crops, including grains, 

legumes, vegetables, and fruits, can be grown in these soils. Cambisols (15%): Weak soil horizon 

development is a characteristic of cambisols, which are immature, shallow soils. Their textures 

vary, from sandy to clayey, and they are made of weathered parent materials. Low-rainfall regions 

are home to cambisols, which are ideal for cultivating crops resistant to drought, such as wheat, 

barley, and millet. The aforementioned soil types are the most common, while there can be other 

minor soil types in the area. Local variables such as drainage, fertility management techniques, and 

land use patterns can also have an impact on the properties of the soil and its appropriateness for 

particular crops. 

Generally, the soils of the Amhara Region exhibit considerable spatial variability, which 

significantly influences the region’s vulnerability to agricultural drought. Fertile and deep soils such 

as Nitisols and Vertisols generally have better moisture retention capacities, offering some 

resilience against short-term dry spells. However, the widespread presence of shallow and erosion-

prone soils like Leptosols and Cambisols, particularly in highland and degraded areas, limits water-

holding capacity and increases sensitivity to drought. These soil-related constraints highlight the 

importance of soil conservation, moisture management, and region-specific drought mitigation 

strategies to sustain agricultural productivity under increasingly variable climatic conditions. 
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Figure 5: Soil type map of the study area, extract from Ethio-Soil shapefile 

3.1.5. Major economic activity 

Agriculture continues to be the predominant economic sector in the area, serving as the primary 

source of sustenance, raw materials for local industries, and income from exports. The region, 

characterized by its expansive landmass and diverse agro-ecology, possesses significant potential 

for producing a wide range of agricultural products intended for both domestic consumption and 

exportation. Additionally, the abundant water resources derived from Lake Tana and the region's 

rivers offer substantial opportunities for the development of irrigation systems. The extensive 

utilization of land to meet the increasing demands for food and feed, driven by the growing human 

and livestock population, has resulted in environmental degradation. Practices like overgrazing, 

deforestation, and suboptimal agricultural methods, including cultivating slopes unsuitable for 

agriculture, have significantly contributed to substantial soil erosion, particularly in the highland 

areas of the region. 



28 | P a g e  

 

3.1.6. Land Use/Cover Type 

Understanding land use is crucial to comprehending how human activity interacts with the 

environment. The land use types within the study area were classified into nine major classes using 

the MODIS Land Cover type product (MCD12Q1). The MODISMCD12Q1 land cover product was 

chosen due to its long-term time series availability of the land cover data; it is available from 2001 

to present. Land cover data sets that map the world's land cover at a 500-meter spatial resolution on 

an annual time period are available through the MODIS Land Cover type product (MCD12Q1). 

 

Figure 6: Land Cover Map of Amhara Region (Source: MODIS Land Cover Type Product 

(MCD12Q1), 2021)       

The land cover map of the Amhara Region was extracted from the MODIS Land Cover Type 

Product MCD12Q1 for the recent year (2021). To show the land cover of the study area during this 

specified year, all land cover data from the year 2001 to 2021 was downloaded via the GEE 
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platform. For this study, croplands (excluding other land uses) were taken into consideration as 

agricultural land and used to mask the developed agricultural drought index (CADI) for the study 

area for the entire study year (2000-2021). For CADI during 2000, agricultural land from 2001 was 

utilized because land cover data was available starting from 2001. Based on this LC map, cropland 

occupies 57.50% (89459.075 km²), evergreen broadleaf forest area covers 0.01% (15.5581 km²), 

evergreen needleleaf forests occupy 0.02% (31.1162 km²), grasslands cover 36.68% (57063.4428 

km²), woody forests cover 0.03% (46.6713 km²), mixed forests cover 0.02% (31.1142 km²), woody 

savanna covers 3.58% (5553.885 km²), savanna covers 0.22% (342.2562 km²), and water bodies 

make up 1.94% (3018.0774 km²). 

3.2. Research Design   

Descriptive research design was utilized to examine agricultural drought conditions in the Amhara 

region. It was employing a developed drought index (CADI) to generate reports on the severity of 

agricultural drought in different parts of the region. Additionally, the research incorporated a 

correlational research design to establish connections between developed drought indices and crop 

yield. This analysis aims to evaluate the effectiveness of the newly developed Combined 

Agricultural Drought Index (CADI).  

3.3. Research Approach 

Mixed research methods were used in the study to guarantee a thorough investigation of agricultural 

drought evaluation. The emphasis is on a quantitative approach, supplemented by the integration of 

a qualitative approach. This mixed research approach allows for the researcher to comprehensively 

explore various aspects related to agricultural drought monitoring. 

3.4. Data Type and Sources 

To carry out the study, various data sets were used. Primary and secondary data sources were 

therefore being used. Primary information was collected through an interview with key informants 

and from meteorological station data. Secondary data was collected from different existing sources 

such as published and unpublished literature like published and unpublished institutional reports, 

books, and other online data. Additionally, necessary secondary data were collected from different 

local and national government departments. In addition, RS and ancillary data on the study area 

were collected from different open-source websites and purchased from data providers. 
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          Table 1: Data Types and Sources 

Data Type Data Set Source Variable(s) Spatial 

Resolution 

Temporal 

Resolution 

Remote 

Sensing 

MOD13Q1 NASA Earth data 

(MODIS) 

NDVI, EVI 250 m 16 days 

Remote 

Sensing 

MOD11A2 NASA Earth data 

(MODIS) 

Land Surface 

Temperature 

(LST) 

1 km 8 days 

Remote 

Sensing 

MOD16A2GF NASA Earth data 

(MODIS) 

ET, PET 500 m 8 days 

Remote 

Sensing 

MCD12Q1 NASA Earth data 

(MODIS) 

Land Cover 500 m Annual 

Satellite 

Rainfall 

CHIRPS v2.0 Climate Hazards 

Group (CHG) 

Precipitation 

(PCI) 

5 km Monthly 

Reanalysis + 

Satellite 

FLDAS 

NOAH01 

NASA/USGS 

(MERRA-

2$CHIRPS) 

Soil Moisture 

(SM) 

10 km Monthly 

Agricultural 

Data 

Crop Yield Central Statistical 

Agency (CSA), 

Ethiopia 

Crop Yield --- Annual 

Ground 

Observation 

Station 

Rainfall 

National 

Meteorology 

Agency (NMA), 

Ethiopia 

Rainfall Point-based Monthly 

 

The details of these data sources and data types are explained in the following section.  

3.4.1. Metrological Station Data 

Meteorological station rainfall data were collected from fifty-one (51) meteorological stations for 

the period 2000-2021 from the NMA of Ethiopia to derive SPI for training and validation of the RF 

model by using the GEE platform. These stations and years were selected based on long-term data 

records and low percentages of missing data.  
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Table 2: List of Stations with their Location in Different Zones of the Study Area 

No Station Latitude Longitude Location (Zone) 

1 Addisszemene 12.116517 37.77313 South Gonder 

2 Adet 11.2745 37.49312 West Gojam 

3 Ageregenet 11.8005 38.2987 South Gonder 

4 Akesta 10.867253 39.176667 South Wollo 

5 Alem Ketema 10.064444 38.986667 North Shewa 

6 Aliyu Amba 9.55 39.783333 North Shewa 

7 Amba Mariam 11.203035 39.224444 South Wollo 

8 Artuma 10.5861 40.014444 North Wollo 

9 Ashere 13.2238 37.1488 North Gonder 

10 Aykel 12.48 37.03 North Gonder 

11 Bahir Dar  11.6027 37.322 West Gojam 

12 Bati 11.196389 40.01539 Oromia 

13 Bokeksa 11.443687 39.880661 South Wollo 

14 Dangila 11.4337 36.846 West Gojam 

15 Debark 13.14213 37.8979 North Gonder 

16 Debre tabor 11.8666 37.9954 South Gonder 

17 Debre Berhan 9.670278 39.513056 North Shewa 

18 Debre Markos 10.3257 37.7392 East Gojam  

19 Debre Sina 9.847778 39.756944 North Shewa 

20 Degan 11.14453 39.89728 South Wollo 

21 Degollo 10.42427 39.2529 South Wollo 

22 Dejen 10.17115 38.150667 East Gojam 

23 Dengay Ber 11.568 36.599 Awi/Agew 

24 Enjabara 10.9954 36.9193 Awi/Agew 

25 Ginager 9.316667 39.566667 North Shewa 

26 Gondar Airport 12.52115 37.4319 North Gonder 

27 Gorgora 12.243 37.292 North Gonder  
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28 Guguftu 10.912584 39.502035 South Wollo 

29 Harbu 10.923375 39.786991 South Wollo 

30 Kidamaja 10.9989 36.679 Awi/Agew 

31 Kobbo (IAR) 12.133333 39.633333 North Wollo 

32 Lalibela 12.038995 39.039839 North Wollo 

33 Majete 10.496944 39.880278 North Shewa 

34 Maksegnit 12.3884 37.5551 North Gonder 

35 Mehal Meda  10.3146 39.66025 North Shewa 

36 Mekane Selam 10.74311 38.756691 South Wollo 

37 Mekaneyesus 11.6076 38.05422 South Gonder 

38 Merto Lemariam 10.878 38.268 East Gojam 

39 Metema 12.7746 36.4139 North Gonder 

40 Motta 11.074 37.89 East Gojam 

41 Nefas Mewcha 11.81 38.36 North Wollo 

42 Sekota 12.625615 39.031013 Wag Himra 

43 Senbete 10.316667 39.966667 North Shewa 

44 Shahura 11.9286 36.8737 North Gonder 

45 Sirinka 11.750998 39.614281 North Wollo 

46 Tsitsika 12.783778 38.799889 Wag Himra 

47 Wanzaye 11.7862 37.67503 South Gonder 

48 Wegel Tena 11.590343 39.221215 North Wollo 

49 Wereilu 10.579488 39.436719 South Wollo 

50 Yetnora 10.2449 38.1083 East Gojam 

51 Zege 11.68878 37.312433 South Gonder 

 

3.4.2. Crop Yield Data  

The accuracy of the satellite-derived resultant combined agricultural drought index (CADI) 

necessitates validation through ground truth data. Crop production served as the study's main source 

of validation. For validation, crop yield data were obtained from the Central Statistics Agency 

(CSA) of Ethiopia for the period 2000 to 2021 at the zonal level, focusing on major cereal crops 
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(maize, wheat, and teff). This comprehensive approach aims to increase the reliability of the 

developed agricultural drought index used for agricultural drought monitoring by conducting cross-

validation. Crop yield data for ten crop-growing zones of the study area were collected for the 

period 2000-2021. The crop yield data for the years 2004, 2005, 2006, 2007, 2008, 2010, 2011, 

2012, 2013, 2014, 2015, 2016, 2019, and 2020 were collected and used for validation. However, 

data for eight years (2000, 2001, 2002, 2003, 2009, 2017, 2018 and 2021) were missing and 

therefore discarded.  

3.4.3. Satellite Data   

3.4.3.1. Climate Hazards Group Infrared Precipitation with Stations (CHIRPS) data 

The researcher utilized the Climate Hazards Group Infrared Precipitation with Station data 

(CHIRPS) to assess drought conditions. The data set was created by the US Geological Survey 

(USGS) and the Climate Hazards Group at the University of California, Santa Barbara, and covers 

the years 1981-present. The selection of CHIRPS data is based on the recommendations of previous 

studies conducted by Bayissa et al. (2019) and Dinku et al. (2018). CHIRPS data have demonstrated 

their effectiveness in various research projects conducted in Ethiopia, a country known for its 

complex topography. One of the notable advantages of CHIRPS data is its longer record length, 

which allows for the analysis of historical precipitation patterns. Additionally, its high spatial and 

temporal resolution makes it a valuable resource for understanding precipitation patterns, 

monitoring drought conditions, and assessing climate variability and change (Bayissa et al., 2019).   

3.4.3.2. Moderate Resolution Imaging Spectroradiometer (MODIS) Data 

MODIS (Moderate Resolution Imaging Spectroradiometer) is a multispectral medium- and high-

resolution sensor consisting of Terra and Aqua satellites with a wide range of applications in the 

field of earth and environmental science (Maselli et al., 2020). MODIS is a useful tool for studying 

Earth's biological, meteorological, and hydrological aspects since it can detect electromagnetic 

energy in a wide spectrum range (Wang et al., 2023).  

The MODIS products include the vegetation index (normalized difference vegetation index, NDVI) 

product MOD13Q1, the land surface temperature product (MOD11A2), and the evapotranspiration 

product (ET/PET, MOD16A2GF). NDVI and LST were downloaded via Google Earth Engine 

(GEE). MOD13Q1 is a vegetation index product with 16-day temporal and 250-meter spatial 

resolution. A surface temperature product with a spatial resolution of 1 km and a temporal 
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resolution of 8 days is MOD11A2. Furthermore, the Enhanced Vegetation Index (EVI) is regarded 

as a modified version of the Normalized Difference Vegetation Index (NDVI) with higher 

sensitivity to biomass, atmospheric background, and soil condition. EVI is particularly useful in 

global vegetation studies and improves the detection of vegetation changes and extraction of canopy 

biophysical parameters (Jiang et al., 2008).  

In this research, the researcher utilizes 16-day and 250m spatial resolution MODIS EVI data 

specifically for the summer months of each year within the study period. Moreover, 

evapotranspiration (ET), an important component of the water and energy cycle, reflects mass and 

energy exchange between ecosystems and the atmosphere (Velpuri et al., 2013). A unique feature 

of ET for drought monitoring is that it describes both water or moisture availability and the rate at 

which it is consumed (Wang et al., 2023). In addition, evapotranspiration (ET) is closely related to 

drought conditions because it reflects energy and water exchanges among vegetation, soil, and the 

atmosphere and considers the characteristics of soil moisture (Maselli et al., 2020). 

Evapotranspiration (ET) holds a close relationship with drought conditions as it mirrors the 

exchange of energy and water among vegetation, soil, and the atmosphere. This process also takes 

into account the characteristics of soil moisture, as highlighted by Wang et al. (2023). Given its 

connection to the intricate dynamics of water movement and energy exchange, ET serves as a 

valuable indicator for assessing drought.  

Deficits in ET are a direct measure of crop stress and can be integrated into agricultural drought 

monitoring systems (Marshall et al., 2012). ET, providing a more comprehensive understanding of 

crop water stress and drought conditions (Narasimhan & Srinivasan, 2005). By considering factors 

such as vegetation type and phonology, antecedent soil moisture conditions, and soil properties, 

these ET provide a more accurate representation of crop water stress and contribute to improved 

decision-making in water resource management and agricultural planning. Thus, evapotranspiration 

(ET) provides valuable insights into water demand, crop water stress, irrigation scheduling, drought 

impacts, drought forecasting, and regional comparisons, making it a valuable tool for agricultural 

drought monitoring and management (Allen et al., 2011).  
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3.4.3.3. Soil Moisture (FLDAS NOAH) 

Soil moisture is a crucial factor in predicting both water storage levels and agricultural drought. It 

is crucial to the general growth of vegetation, particularly in the root zone. Additionally, soil 

moisture regulates water availability during transpiration, providing a direct indication of the 

agricultural drought state. To account for the readily available water at the plant root zone level, the 

NOAH soil moisture (SM) model (NASA/FLDAS/NOAH01/C/GL/M/V001') data was used in this 

investigation. Soil moisture in the midst of four soil layers, 0–10, 10–40, 40–100, and 100–200 cm, 

is simulated by the land surface model NOAH (Xu et al., 2019). The soil moisture at a depth of 10 

to 40 cm was considered in this study. Monthly time series data of soil moisture were gathered from 

the Early Warning Systems Network and the Land Data Assimilation System (FLDAS) for the 

designated study period. Then the soil moisture condition index (SMCI) was derived from these 

data. Previous studies have verified that soil moisture is an effective indicator for monitoring 

agricultural drought since it affects plant growth and productivity (AghaKouchak et al., 2015; 

Maselli et al., 2020). 

3.4.3.4 Topographic Factors Affecting Agricultural Activities 

Topographic factors significantly influence the viability and nature of agricultural activities. 

Therefore, understanding these factors is essential for effective agricultural planning, helping 

farmers optimize crop selection, irrigation, and soil conservation for improved productivity and 

sustainability. For this study, three major topographic factors (aspect, elevation, and slope) that 

directly or indirectly affect agricultural activities were considered.  

Drought's spatial distribution is correlated with many topographical features. By altering the 

geographical distribution of solar radiation intake, aspect can have an indirect impact on regional 

evapotranspiration and plant transpiration (Huryna & Pokorný, 2016). Plant transpiration is 

influenced by the slope direction through the distribution of nutrients, water content, temperature, 

and lightness (Singh, 2018). Evapotranspiration, precipitation, light intensity, and soil organic 

matter of a soil are spatially dependent on elevation differences. Land use type and elevation had 

an impact on the SOM content; soil organic matter (SOM) concentration clearly increased with 

elevation (Li et al., 2015). 
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3.5.   Data Collection Instruments 

The data collection instruments to be utilized encompass a range of methods and tools to gather and 

record information for this study. These instruments include interview items for in-depth 

investigation of issues related to agricultural drought conditions in the study area. Furthermore, the 

integration of satellite imagery, GIS tools, and remote sensing techniques enables the assessment 

of agricultural drought dynamics. The secondary data collection involves sourcing information 

from diverse sources such as books, thesis’s, dissertations, articles, office reports, and websites, 

supplementing the primary data collection with comprehensive and varied sources of information. 

Interview   

The research instrument employed to gather information on the occurrence, challenges, and 

problems associated with agricultural drought in various parts of the study area involved key 

informant interviews. Thus, key informant interviews for the study were used to supplement the 

information gathered from the earth observation-derived drought index. For this purpose, the data 

were collected from experts of the Amhara region agricultural office and from Amhara region 

disaster risk management offices. Specifically, the data were collected from the expert of agriculture 

from the agricultural office of the region and disaster risk management office experts. Thus, six 

interviews of key informants were carried out until data saturation was reached. The interview was 

done face-to-face with the agricultural and disaster risk management experts of the Amhara region. 

The data were collected by a semi-structured format of interview questions, allowing for flexibility 

and in-depth exploration of relevant topics for them. The interviews were recorded to ensure 

accurate representation of the information provided by the key informants. Following the 

interviews, careful transcription was conducted. This careful transcription process aims to 

substantiate the data gathered through interview and secondary data collection techniques, 

enhancing the overall reliability and comprehensiveness of the research findings. Furthermore, 

secondary data were collected from searching information from diverse sources such as books, 

thesis’s, dissertations, articles, office reports, and websites. 

3.6 Software Packages 

The software that has been mainly used for data preprocessing, data preparation, data analysis, and 

final output preparation was ArcGIS 10.8.2, R-Studio, Google Earth Engine (GEE), and Microsoft 

Excel 2016. Overall, the software used for this study is summarized in table 3 below. 
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       Table 3: Software used with its purpose 

No Software Type  Purpose 

1 ArcGIS 10.8 Map layout preparation, spatial data processing for drought analysis  

2 R. Software v.4.4 For the purpose of calculating the SPI (standard precipitation index) 

3 Google Earth Engine Accessing large-scale satellite data and analysis data for agricultural 

drought monitoring, process for CADI development within the study 

area boundary. 

4 Microsoft Excel 2016 Data organization, preprocessing, Graphical analysis, basic statistical 

analysis for rainfall data for different drought indices and CADI, crop 

yield, and correlation analysis  

 

3.7  Data Processing and Analysis Techniques 

Following important data processing and analysis techniques is crucial in order to achieve the 

objectives of the study. The input parameters to develop CADI, i.e., CHIRPS, Land Surface 

Temperature (LST), Soil Moisture (SM), Evapotranspiration (ET), Enhanced Vegetation Index 

(EVI), and Normalized Difference Vegetation Index (NDVI), have different spatial resolutions. 

Therefore, to ensure data consistency and harmonization, the initial step involved resampling all 

datasets to a spatial resolution of 250 meters using bilinear resampling method on a monthly time 

scale with the coordinate reference system of the WGS84 (World Geodetic System 1984), and then 

they were processed into monthly composites. By aligning the spatial properties of the input 

parameters, the resampling procedure aimed to promote consistency for integrated analysis and 

interpretation in later phases of the study. 

Normalized Difference Vegetation Index (NDVI) 

NDVI is the most popular index for tracking vegetation; it accounts for all the green vegetation and 

is based on the combination of red band and near-infrared (NIR) band wavelengths (Sanjerehei, 

2017). The NDVI data were processed using the Google Earth Engine platform following a 

specified code. For this study, the researcher utilizes 16-day MODIS NDVI data specifically for the 

summer months of each year within the study period. Initially, the data was processed using the 

Google Earth Engine platform, which provides access to a vast array of satellite imagery and 

geospatial data, focusing only on the area of interest defined by the study area boundary. To obtain 

the final result, the scaled NDVI data were rescaled to get the actual NDVI data sets, thus 
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multiplying the mean NDVI values with a scale factor of 0.0001 using GEE. This rescaling process 

ensures that the values are adjusted to their actual NDVI representation, taking into account the 

provided scale factor. To get the actual NDVI value, the scaled NDVI value was calculated by its 

scale factor.  

Thus,  Actual NDVI = Scaled NDVI ∗ Scale Factor                                                                    (1)                                                                   

The researcher transforms the data from its scaled representation to the true NDVI values, which 

accurately reflect vegetation density and health within the study area, by multiplying the scaled 

NDVI values by the scale factor of 0.0001. The next projection transformation was performed using 

a specified code because the original projection, i.e., geographical projection, should be converted 

into UTM zone 37, as the study area is found in this zone and it is essential for better spatial analysis 

of the study area.  

Vegetation Condition Index (VCI) 

 MODIS NDVI data, i.e., MOD13Q1, a vegetation index product with 16-day temporal and 250-

meter spatial resolution, was utilized to derive VCI for JJAS months of the specified study period. 

The minimum and maximum values of NDVI data were processed using the Google Earth Engine 

platform following a specified code. That means the researcher processed the scaled NDVI values 

using GEE, focusing only on the area of interest defined by the study boundary. Then, the VCI was 

computed from NDVI values by the study area boundary. Next to this, projection transformation 

was performed using a specified code on GEE because the original projection, i.e., the geographical 

projection, should be converted into UTM zone 37, as the study area is found in this zone, and it is 

essential for better spatial analysis of the study area. After these steps, VCI for JJAS months of the 

entire study period was computed based on the following formula: 

VCI =  (NDVI i –  NDVImin) / (NDVImax −  NDVImin) ∗ 100                                             (2) 

Thus, for each pixel for the years 2000–2021, NDVImax and NDVImin represent the maximum 

and minimum NDVI, respectively, whereas NDVIi is the smoothed monthly NDVI. The estimated 

VCI values are in the range of 0 and 100. The value of the computed VCI falls within the range of 

0 and 100. Very low and very high VCI levels indicate good and unfavorable circumstances, 

respectively (Kane et al., 2016). 
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    Land surface temperature (LST) 

Land surface temperature plays a crucial role in understanding and predicting various 

environmental phenomena (Dash et al., 2012). It provides valuable insights into the temperature of 

land surfaces, including both vegetation and bare soil. One of the most important factors in the 

material science of land surface processes at both regional and global sizes is land surface 

temperature, which makes it an excellent indication of the energy adjustments at the earth's surface 

(Parviz, 2016). In the climate system, land surface temperature (LST) is crucial because it affects a 

number of factors, including runoff, vegetation growth, snow cover, and human livelihoods. 

Understanding the dynamics of LST serves as an indicator for climate variability and change, as 

noted by Reiners et al. (2023). Consequently, incorporating temperature data derived from LST is 

crucial for a more comprehensive characterization of agricultural drought. According to Alemu and 

Zimale (2025), LST is particularly effective for assessing and monitoring agricultural drought.  

The preference for these data is attributed to their superior spatial and temporal variations, as well 

as an up-to-date algorithm that includes factors like time of acquisition, satellite view zenith, 

azimuth angle, and quality flags, facilitating easy interpretation of the products compared to the 

AVHRR sensor (Coppin et al., 2004). Additionally, they state that Terra LST data offers more 

detailed information than Aqua (night) because significant changes in LST can be observed during 

the daytime. This choice enhances the study's capacity to capture and analyze the nuances of 

agricultural drought conditions more accurately. Then, the LST data were rescaled and converted 

into degrees Celsius, and projection transformations were performed.  

Thus,  𝑳𝑺𝑻 = (£ ∗ 𝟎. 𝟎𝟐) − 𝟐𝟕𝟑. 𝟏𝟓                                                                                        (3) 

Where LST = land surface temperature in degrees Celsius, £ = row data sets, and 273.15 K is in 

kelvin, which is equivalent to one degree Celsius, and 0.02 is the scale factor to get the correct LST 

data value in kelvin.  

Temperature Condition Index (TCI) 

The land surface temperature product, which is MOD11A2 is a surface temperature product that 

has a temporal resolution of 8 days and a spatial resolution of 1 km was utilized to derive TCI for 

JJAS months of the specified study period. The LST data were processed using GEE platform 

following a specified code. The minimum and maximum value of LST also computed, then TCI 
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were computed by the study area boundary next projection transformation was performed using 

code because the original projection i.e. Geographical projection should be converted into UTM 

zone 37, as the study area is found in this zone and it is essential for better spatial analysis of the 

study area.   

Then TCI was calculated using the next equation: 

TCI =  (LST Max – LST i)/(LST Max − LST Min) ∗ 100                                                             (4) 

Where LST i is the smoothed monthly LST; LST max and LST min represent maximum and 

minimum LST, respectively, calculated by multiyear smoothed monthly LST series for each pixel 

during the period 2000–2021.  

Evapotranspiration (ET) 

Evapotranspiration (ET), an important component of the water and energy cycle reflecting mass 

and energy exchange between ecosystems and the atmosphere, was used for this study. A unique 

feature of ET for drought monitoring is that it describes both water or moisture availability and the 

rate at which it is consumed (Wang et al., 2023). In addition, evapotranspiration (ET) is closely 

related to drought conditions because it reflects energy and water exchanges among vegetation, 

soil, and the atmosphere and considers the characteristics of soil (Senay, 2018). The MOD16A2GF 

files, which contain ET and PET datasets, were used for this study. 

Then, ET were calculated as; = Actual ET = Scaled ET ∗  Scale Factor                                            (5)                 

By multiplying the scaled ET values by the scale factor of 0.1, the researcher was converting the 

data from its scaled representation to the actual ET values, which accurately reflect vegetation 

health and density within the study area. 

Enhanced Vegetation Index (EVI) 

An advanced vegetation index that is more sensitive to changes in canopy structure, such as leaf 

area index (LAI), canopy type, plant physiognomy, and canopy architecture, is the Enhanced 

Vegetation Index (EVI). It is regarded as a modified version of the Normalized Difference 

Vegetation Index (NDVI) with higher sensitivity to biomass, atmospheric background, and soil 

condition. In this research, the researcher utilizes 16-day and 250m spatial resolution MODIS EVI 

data specifically for the summer months of each year within the study period. The researcher 

converts the scaled EVI into actual EVI values, focusing only on the area of interest defined by the 

study boundary. Once the actual EVI values have been processed, the next step is to re-project the 
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data using the GEE platform. The purpose of re-projecting the data is to convert it from its original 

geographical projection to the UTM projection zone 37. Finally, to obtain the final result to prepare 

the EVI data as an input to develop CADI, the EVI data were rescaled by multiplying the mean EVI 

values with a scale factor of 0.0001 using the GEE platform. This rescaling process ensures that the 

values are adjusted to their actual EVI representation. 

The following was the formula used to calculate the actual EVI values: 

          Scaled EVI ∗  Scale Factor = Actual EVI                                                                          (6) 

In the study, the scaled EVI values were transformed from their scaled representation to the actual 

EVI values, which accurately reflect the density and health of the vegetation within the study region, 

by multiplying them by the scale factor of 0.0001. 

Soil Moisture (SM) 

Soil moisture is a crucial factor in predicting both water storage levels and agricultural drought. 

Additionally, soil moisture regulates water availability during transpiration, providing a direct 

indication of the agricultural drought conditions.  In this study, the researcher utilizes the NOAH 

soil moisture model to assess water availability at the plant root zone level. Monthly time series 

data of soil moisture were gathered from the Early Warning Systems Network and the Land Data 

Assimilation System for the designated study period. Then soil moisture condition index (SMCI) 

was derived from these data. Previous studies have verified that soil moisture is an effective 

indicator for monitoring agricultural drought since it affects plant growth and (AghaKouchak et al., 

2015). The readily available water at the plant root zone level was taken into consideration in this 

study using the NOAH soil moisture (SM) model. NOAH is a land surface model that simulates 

soil moisture for the middle of four soil layers: 0–10, 10–40, 40–100, and 100–200 cm (He et al., 

2023).  

The soil moisture at a depth of 10–40 cm was considered in this study, because soil at a depth of 

10-40cm reflects the moisture availability within the root zone of many crops, which directly 

impacts plant water uptake and growth (Li et al., 2023). In addition, soil moisture with a depth of 

10-40cm allows for the identification of areas where drought stress is likely to impact crop yield, 

enabling timely interventions like irrigation or drought resistant crop selection.  The Early Warning 

Systems Network (FEWS NET) Land Data Assimilation System (FLDAS) provided monthly time 
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series data for the years 2000–2021 with a geographical resolution of approximately 10 km. Thus, 

SMCI were processed and downloaded using GEE platform.  

 Thus, SMCI was calculated as 

SMCI = (SMi − SM min)/(SM max − SM min) ∗ 100                                                               (7) 

Where; SM min and SM max are the minimum and maximum values of SM at each grid in i month; 

SM i, represents the soil moisture in i month during the period 2000–2021.    

 Precipitation Condition Index (PCI) 

The researcher was calculating the maximum and minimum values of CHIRPS data to derive PCI 

data using GGE platform. Then, once the maximum and minimum values have been calculated, the 

next step is to re-project the data using GEE platform.  The purpose of re-projecting the data is to 

convert it from its original geographical projection to the UTM projection zone 37.  Finaly, for this 

study, by using the maximum and minimum values of CHIRPS-2 monthly rainfall data, PCI was 

calculated on the study area boundary for each month for the entire study period (2000-2021). Thus, 

the following equation was the formula to calculate PCI: 

CHIRPS i – CHIRPS min

 CHIRPS max – CHIRPS min
∗ 100 = 𝑃𝐶𝐼                                                                           (8) 

Where; CHIRPS min and CHIRPS max are the minimum and maximum values of CHIRPS at each 

grid in i month; CHIRPS i, represents the precipitation in i month during the period 2000–2021.  

Table 4: Formulas for Standardized Input Parameters 

Drought Indices Formula 

VCI  (NDVI i – NDVI Min) / (NDVI Max – NDVI Min) * 100 

TCI (LST Max –LST i) / (LST Max-LST Min) *100 

PCI (CHIRPS i – CHIRPS min) / (CHIRPS max – CHIRPS min) *100 

SMCI (SM i-SM min) / (SM max-SM min) *100 

EVI Scaled EVI * Scale Factor (0.0001) 

NDVI Scaled NDVI * Scale Factor (0.0001) 

LST LST = (£*0.02) -273.15 

ET Scaled ET * Scale Factor (0.1) 
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Crop Yield Data  

According to Kulkarni et al. (2020) drought variability and its spatiotemporal distribution are 

therefore largely to blame for variations in crop productivity and general agricultural conditions. 

As a result, the developed agricultural drought index (CADI), needs to be validated using field data, 

such as crop yield. Crop Yield data provides crucial information about agricultural productivity and 

the success of farming practices. Hence, drought variability and its spatio-temporal distribution are 

highly responsible for the fluctuations in crop productivity and overall agricultural conditions, the 

developed agricultural drought index i.e. CADI requires validation with ground data such as with 

crop yield.  However, agricultural yields and productivity are affected by different factors, including 

scientific and technical breakthroughs and weather and climatic conditions; therefore, detrending 

the crop yield datasets was performed to avoid the contribution of other factors. This work 

employed a straightforward linear regression model to detrend crop yield by eliminating the rising 

linear trend of agricultural yields (Lu et al., 2017). Therefore, the collected 14 years crop yield data 

at zonal level was detrend using the following Equation; 

𝒀𝒅𝒕 = 𝐘𝐚𝐭 − (𝐘(𝐭) = 𝜶 + 𝜷𝑿(𝒕))                                                                                            (9) 

Where Ydt is detrained yield at time t; Yat is actual yield at time t; Y(t) is predicted yield at time t, 

𝛼 is the estimated value of the crop yield at time t, 𝛽 is the average change in crop yield per year, 

and X(t) is the year that the yield is estimated. 

Meteorological Station Data 

Station data has faced missing problems, which will be related to extreme conditions, failures of 

instruments and observer inaccuracies (Yozgatligil et al., 2013). Therefore, to get continuous data, 

such missing values must be filled by using different filling techniques before being used in any 

study. Based on data availability and temporal coverage, daily rainfall data from fifty-one stations, 

found in different zones of Amhara region, Ethiopia, as displayed on table 2 gathered over 22 years 

were examined for this study. The missed value of station rainfall data was filled using the Normal 

Ratio (NR) method. Then after filling the missed recorded values of station rainfall data, station 

rainfall for this study were utilized for deriving station-based SPI to train and testing of the RF 

model to construct CADI using GEE.  
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Calculating Station-based SPI 

SPI-1 to SPI-3: A measure of immediate effects such decreased soil moisture, snowpack, and flow 

in smaller creeks can be obtained by computing SPI for shorter accumulation periods (1 to 3 

months). When SPI is computed for medium accumulation periods (3 to 12 months), it can be used 

as an indicator for reduced stream flow and reservoir storage (Uddameri et al., 2019). For this study 

SPI is calculated for 1 month i.e. for each Kirmet season months (JJAS) using R. Software v.4.4, 

then in the construction processes of CADI, these SPI values of each month were used to train the 

RF model and test the model. In this way, 70% of the SPI value was used to train the RF algorithms, 

and the remaining 30% was used for testing purposes. 

3.8.  Processes for construction of Combined Agricultural Drought Index (CADI)  

CADI was developed using random forest algorithm (RF), the reason for using the RF model is that 

the effectiveness of the model for different drought monitoring related studies. For instance, the 

superior performance of RF was confirmed in studies by Rahmati et al. (2020) simulated drought 

situations and forecasted their severity in Australia's southeast Queensland region using five 

machine learning models, the outcomes demonstrated that the RF model performed better than the 

other models. In addition, RF model was highly accurate in predicting the period, duration and 

severity of agricultural droughts Wang et al. (2022). Moreover, one of the first effective algorithms 

for drought forecasting and assessment was RF (Nagre et al., 2024). Furthermore, several studies 

have been confirmed the effectiveness of combined drought indicator for drought monitoring 

(Kulkarni et al., 2020 ; Lee et al., 2021; Cai et al., 2023;Karimi et al., 2022 ; Bayissa et al., 2019). 

The development of CADI was constructed by integrating different variables these are ET/PET, 

LST, TCI, NDVI, VCI, PCI, SMCI, EVI, and considering three topographic variables i.e. Aspect, 

slope and Elevation these factors have an impact on agricultural activities directly or indirectly that 

is by affecting the spatial distribution of solar radiation input, aspect can have an indirect impact on 

plant transpiration and regional evapotranspiration. Through the distribution of lightness, soil 

temperature, water content, and nutrients, the slope direction influences plant transpiration. 

Evapotranspiration, precipitation and light intensity spatially depending on elevation differences. 

Therefore, these variables (Aspect, slope and Elevation) were also utilized in the process of CADI 

construction.  
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In addition, the monthly station-based value of SPI was utilized to train and test the RF model; the 

SPI data from 2000 to 2021 for all summer season months were divided into two parts, thus 70% 

were for training the model and the remaining 30% were for testing. CADI based on RF was built 

using the training data, and the model's accuracy was confirmed using the test data. Based on the 

typical drought episodes and the SPI value, drought was identified. 

Table 5: Drought categories and classes 

Drought Category CADI Values 

Extreme Drought   ≤ -2 

Severe Drought -1.50 to -1.99 

Moderate Drought -1.0 to -1.49 

Slight Drought 0.0 to -0.99 

No Drought >0 

Source: Mckee et al., (1993) 

3.9. Validation of the Agricultural Drought Monitoring Performance of CADI Using 

Crop Yield Data and EM-DAT 

The performance of CADI was done considering EM-DAT drought records and crop yield data. 

Considering that extended droughts are reported, the EM-DAT drought periods are used as a guide. 

In addition, the performance of CADI was evaluated using crop yield data; hence, drought 

variability and its spatio-temporal distribution are highly responsible for the fluctuations in crop 

productivity and overall agricultural conditions Kulkarni et al. (2020). Detrending the crop yield 

records was done to exclude the influence of other factors, such include weather and climatic 

circumstances, scientific and technology advancements, and other factors that affect agricultural 

yields and productivity.  

A straightforward linear regression model that eliminates the crop yields' increasing linear trend 

(Lu et al., 2017) was used in this study. Finally, the capabilities of CADI for agricultural drought 

monitoring in the Amhara Region, Ethiopia, were evaluated through Pearson correlation methods. 

Pearson correlation was utilized to establish a relationship between the CADI time series and the 

mean of annual production of cereal crops. Both positive and negative results can be obtained via 

Pearson correlation. According to Evans (1996), there are three types of relationships between 

CADI and detrended crop yield data: strong (r ≥ 0.60), moderate (r = 0.40–0.59), and weak (r = -

0.40 to 0.40). 
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Figure 7: Methodological framework 
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CHAPTER FOUR 

4. RESULTS AND DISCUSSIONS 

This chapter deals with presenting the results and discussions of the Developed Combined Drought 

Index for agricultural drought monitoring in the Amhara Region, Ethiopia. The analysis of the 

obtained results incorporates the evaluation and validation of the developed index, which is the 

CADI series, in relation to crop yield. This evaluation aims to assess the accuracy and predictive 

potential of the CADI for monitoring agricultural drought.  

4.1. Develop an Earth Observation-based Combined Agricultural Drought Index 

(CADI) to monitor agricultural drought. 

The development of CADI, spanning from 2000 to 2021, was developed using a significant machine 

learning (ML) algorithm, i.e., Random Forest Algorithms (RF), by using SPI data calculated from 

selected fifty-one stations of the study area for each summer month, i.e., June, July, August, and 

September (JJAS). The SPI data were utilized for training and testing of the RF model. During the 

RF model's prediction stages, 70% of the SPI values for each month were used for training, and for 

validation, 30% of the SPI readings from each selected station were utilized. Then, by combining 

eight input variables representing different environmental variables (precipitation condition index, 

normalized difference vegetation index, vegetation condition index, enhanced vegetation index, 

land surface temperature, temperature condition index, evapotranspiration/potential 

evapotranspiration, and soil moisture), in addition, three topographical factors (elevation, slope, 

and aspect) were taken into account while creating CADI using RF models using a specific code in 

the Google Earth Engine (GEE) platform; the example is in the appendix portion (part two). 

In the training phase of the RF model, the results for training range from 0.70 to 0.89 in June, 0.74% 

to 0.90% in July, 0.75% to 0.89% in August, and 0.78% to 0.90% in September; thus, as shown in 

Table 6, during the training phase of the model, all SPI values during all months (JJAS) of the study 

period give an acceptable result in terms of training. The RF had the highest values, ranging from 

0.72 to 0.90 in all months. The values for testing are ranging from 0.63 to 0.86, 0.67 to 0.87, 0.71 

to 0.86, and 0.66 to 0.88 in June, July, August, and September, respectively.  
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             Table 6: R2 Values for Training and Validation of Random Forest Model 

 

In the training phase, as shown in figure 8 below, for the summer season months of the study period, 

the RF demonstrated good performance, that is, R2 ranging from 0.826, 0.806, and 0.856, 

respectively, in June 2002, 2009, and 2015. In July the values of R2 were 0.847, 0.838, and 0.829 

in 2002, 2009, and 2015, respectively; in August the values of R2 were 0.835, 0.891, and 0.883; 

and in September the values of R2 were 0.906, 0.849, and 0.889 in the years 2002, 2009, and 2015, 

respectively.  

Year June  

Training 

 

Validation 

July 

Training 

 

Validation 

August 

Training 

 

Validation 

September 

Training 

 

Validation 

2000 0.82 0.73 0.85 0.83 0.80 0.78 0.88 0.86 

2001 0.86 0.79 0.80 0.79 0.85 0.83 0.78 0.76 

2002 0.82 0.77 0.84 0.80 0.83 0.80 0.90 0.88 

2003 0.84 0.82 0.85 0.80 0.87 0.85 0.82 0.71 

2004 0.80 0.71 0.82 0.74 0.83 0.81 0.87 0.76 

2005 0.8 0.86 0.83 0.81 0.82 0.79 0.81 0.79 

2006 0.82 0.81 0.82 0.69 0.85 0.75 0.82 0.81 

2007 0.78 0.75 0.85 0.80 0.88 0.85 0.86 0.81 

2008 0.83 0.75 0.80 0.74 0.83 0.80 0.83 0.81 

2009 0.85 0.83 0.83 0.79 0.89 0.82 0.84 0.79 

2010 0.80 0.74 0.80 0.78 0.75 0.71 0.85 0.82 

2011 0.87 0.76 0.82 0.80 0.80 0.71 0.83 0.82 

2012 0.77 0.75 0.74 0.67 0.75 0.74 0.85 0.78 

2013 0.80 0.76 0.84 0.80 0.85 0.82 0.82 0.79 

2014 0.81 0.75 0.80 0.79 0.79 0.75 0.88 0.85 

2015 0.80 0.76 0.82 0.81 0.88 0.86 0.88 0.82 

2016 0.70 0.66 0.83 0.74 0.84 0.73 0.80 0.66 

2017 0.81 0.74 0.84 0.81 0.85 0.82 0.85 0.84 

2018 0.89 0.82 0.90 0.87 0.80 0.77 0.83 0.79 

2019 0.72 0.64 0.86 0.79 0.8 0.75 0.79 0.74 

2020 0.73 0.63 0.78 0.73 0.84 0.83 0.85 0.79 

2021 0.87 0.85 0.83 0.77 0.82 0.74 0.86 0.84 
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Figure 8: Sample scatter plot of observed and predicted values for selected stations using random 

forest algorithms for training 

In the testing phase of the RF model, as shown in figure 9 below, for the summer season months of 

the study period, the RF demonstrated good performance, that is, R2 ranging from 0.778, 0.834, and 

0.769 in June 2002, 2009, and 2015, respectively. In July the values of R2 were 0.804, 0.798, and 

0.811 in 2002, 2009, and 2015, respectively; in August the values of R2 were 0.807, 0.829, and 

0.865; and in September the values of R2 were 0.881, 0.799, and 0.823 in the years 2002, 2009, and 

2015, respectively. 
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Figure 9: Sample scatter plot of observed and predicted values for selected stations using random 

forest algorithms for validation 

The result of developed CADI precisely identified the historical drought years. From June to 

September of the summer season months, there was moderate to extreme drought in most eastern 

parts of the study area during 2000, 2002, 2004, 2008, 2009, 2012, 2013, 2014, 2015, 2016, 2018, 

2019, 2020, and 2021 in June. In July 2000, 2002, 2004, 2005, 2006, 2008, 2009, 2012, 2013, 2014, 

2015, 2016, 2017, 2019, 2020, and 2021, in August during 2000, 2002, 2006, 2008, 2009, 2012, 

2013, 2014, 2015, 2016, 2017, 2019, 2020, and 2021 and during 2000, 2002, 2004, 2005, 2006, 

2009, 2010, 2012, 2014, 2015, 2016, 2017, and 2020   in September,  except the western portion of 

the study area specifically Awi/Agew zone, all parts particularly portions of northern Amhara, 

northeastern and southeastern parts of the study area were affected by moderate to extreme drought 

levels, but the spatial extent that is affected by moderate to extreme drought during 2002, 2009 and 

2015 was larger than the remaining years, during these specified drought years, most eastern parts 

of the study area (North wollo, South wollo, Wag Himra, South Gonder, North Shewa and Oromia 

Zones of Amhara region) and parts of North Gonder as well as some parts of East Gojam Zone, 

were identified as drought-prone zones of the study area.  

The results of this study are basically consistent with the historical drought occurrences over the 

years, i.e., the result of CADI indicating that the years 2002, 2009, and 2015 were primary drought 
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occurrence years in the study area. The result of this study proves the result of previous studies that 

were conducted in different parts of the study area specifically and in Ethiopia in general. For 

instance, Gebre et al. (2017) studies on using GIS and remote sensing to describe agricultural 

drought conditions in Ethiopia's Amhara Regional State's North Wollo Zone discovered that while 

2005 and 2015 were categorized as years of drought, the years 2009 and 2013 were classified as 

light drought years.  In addition, Wassie et al. (2022), in their studies on trends and spatiotemporal 

patterns of meteorological drought incidence in North Wollo, northeastern highlands of Ethiopia, 

found that the years 2009 and 2015 were characterized by severe and extreme drought conditions.   

Similarly, the studies by Mekonen et al. (2020) concluded that the driest years on record for the 

kirmet season were the rainy months of July 1987 and September 2009, when the most severe 

droughts were seen. Furthermore, another study by Enyew et al. (2025) shows that the Menna 

watershed in northwest Ethiopia was severely affected by droughts in 2002, 2009, and 2015, 

according to the spatiotemporal distribution of agricultural drought. In addition, repercussions 

continued in 2015–16, affecting around 5 million people in Northern, Southern, and Eastern 

Ethiopia (Liou & Mulualem, 2019; Mera, 2018). Moreover, reports by Kassaye et al. (2021) 

estimate that a staggering 10.2 million people were affected by these events. Furthermore, Tela et 

al. (2024) found that the years 2000, 2002, 2004-2005, 2009-2011, 2013-2015, 2017, and 2021-

2023 were affected by different severity levels of drought and resulted in associated socioeconomic 

impacts. Furthermore, the results of this study also align with the findings of Kogan (2019), who 

has reported that Ethiopia was affected by drought in 2009 and 2015. He added that one of the 

regions with large grain crop areas, called Amhara, had droughts of severe-to-exceptional and 

extreme-to-exceptional (extremely severe) intensity that covered 50–75% and up to 25% of the 

grain crop area, respectively. 

In addition, the result of this study was aligned with the results of several studies that found drought 

events in these specified drought years; for instance, a study by Gebrehiwot et al. (2011) noted that 

during the 2004 and 2009 monsoon seasons, the Tigray region saw the worst drought conditions, 

with 20.1% and 17.4% of the territory experiencing drought conditions, respectively, with VCI 

values below 35%. 

 Moreover, the study's findings are consistent with the results of interviews conducted with the 

agricultural offices in the Amhara region, which revealed that more than 50 woredas in their kola 
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agroecological zones were agricultural drought-affected areas. These include parts of the East 

Gojam Zone as well as the majority of the eastern parts of the region, including North and South 

Wollo, Oromia, Wag Himra, South and North Gonder, and North Shewa. 

Generally, the results of CADI based on the RF model in this study are basically in accordance with 

actual drought conditions and normal years, indicating the model has a strong monitoring capability 

in the study area. The result of this study showed that the RF model predicted agricultural drought 

well for each summer season’s months. This result is aligned with the result of a study on A Random 

Forest Model for Drought Monitoring and Validation for Grassland Drought Based on Multi-Source 

Remote Sensing Data by Wang et al. (2022), which discovered that the model's monitoring results, 

which represent the growth and spatial evolution of drought conditions, were consistent with the 

real drought circumstances. In addition, the superior performance of RF was confirmed by Rahmati 

et al. (2020), who simulated drought situations and forecasted their severity in Australia's southeast 

Queensland region using five machine learning models; the outcomes demonstrated that the RF 

model performed better than the other models. This study also confirmed that the RF model was 

highly accurate in predicting the period, duration, and severity of agricultural droughts in this area.  

Additionally, RF was among the earliest algorithms used for drought forecasting and evaluation 

(Nagre et al., 2024). Thus, the current study can provide a new application method for 

comprehensive monitoring of agricultural drought in the Amhara region of Ethiopia. In addition, 

good performance of RF-based CADI proves the study by another scholar Li et al. (2023), according 

to the findings of Remote Sensing Monitoring of Drought in Southwest China using random forest 

and extreme gradient boosting methods, the developed model can enhance the degree of dynamic 

drought monitoring and prediction for areas with complicated topography and terrain, as well as 

climatic formative factors and sparsely distributed weather stations. The RF-based agricultural 

drought monitoring index developed in this study can be used to assess the temporal and spatial 

evaluation of agricultural drought conditions in the Amhara region, Ethiopia. 

4.2. Examine the spatial and temporal agricultural drought status based on CADI in 

the Amhara region. 

The assessment of agricultural drought in the Amhara region, Ethiopia, spanning from the years 

2000 to 2021, employed the Combined Agricultural Drought Index (CADI). The evaluation relied 

on the time series data of CADI to provide a comprehensive understanding of the prevalence and 
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intensity of different levels of agricultural drought throughout the specified timeframe. By using 

CADI, the study aims to deliver a nuanced depiction of the agricultural drought scenario in the 

region, allowing for a detailed examination of its temporal variations and severity levels.  

The spatial and temporal CADI-based investigation in the study area from 2000 to 2021 revealed a 

wide range of drought conditions. Thus, the study uses the developed new index, i.e., CADI, to 

examine the spatial and temporal agricultural drought situations in the study area. That means the 

spatial and temporal patterns of agricultural drought events in the Amhara Region were analyzed 

using this index. Based on the CADI results that were observed during the months of the summer 

season for each year of the study period, the drought status for each year can be determined by 

examining the drought status within different drought classes. 

4.2.1. Temporal Status of Agricultural Drought Using CADI 

Based on the trend of CADI displayed in figure 10, during the study periods in 2000, 2002, 2004, 

2008, 2009, 2012, 2013, 2014, 2015, 2016, 2018, 2019, 2020, and 2021, in June, there was a 

moderate to severe drought. On the other hand, the years 2001, 2003, 2005, 2006, 2007, 2010, 2011, 

and 2017 show near-normal CADI values across the majority of the study areas during this month. 

In July the years 2000, 2002, 2004, 2005, 2006, 2008, 2009, 2012, 2013, 2014, 2015, 2016, 2017, 

2019, 2020, and 2021. Conversely, the years 2001, 2003, 2007, 2010, 2011, and 2018 were recorded 

as near-normal years during this month. In August, the years 2000, 2002, 2006, 2008, 2009, 2010, 

2012, 2013, 2014, 2015, 2019, and 2021 were recorded as drought years, and the years 2001, 2003, 

2004, 2005, 2007, 2011, 2016, 2017, 2018, and 2020 were identified as near-normal years in this 

month. In September during 2000, 2002, 2004, 2005, 2006, 2009, 2010, 2012, 2014, 2015, 2016, 

2017, and 2020, which were identified as relatively drought years, there was relatively little drought 

in the following years: 2001, 2003, 2007, 2008, 2011, 2013, 2017, 2018, 2019, and 2021. From 

these drought years, the years 2002, 2009, and 2015 consistently exhibit the lowest CADI values in 

all months of the entire study period.   

The result of this study confirms the result of previous studies; for instance, a study by Chere and 

Debalke (2024) on modeling agricultural drought based on the earth observation-derived 

standardized precipitation evapotranspiration index and vegetation health index in the northeastern 

highlands of Ethiopia found that in the South Wollo administrative zone, there were agricultural 

droughts in 2002, 2004, 2009, 2010, 2014, and 2015 of various intensities. 
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Figure 10: Trends of CADI for the entire study area over summer months from 2000 to 2021 

In addition, Mohammed et al. (2022), in their studies on climate change repercussions on 

meteorological drought frequency and intensity in South Wollo, Ethiopia, found that the most 

severe and unique widespread drought episodes occurred in 2003, 2005, 2009, 2010, and 2012; 

these years had significant drought at all time scales in the study area. Furthermore, Wassie et al. 

(2022) found that the years 2002, 2004, 2009, 2011, 2014, 2015, and 2019 were under a rainfall 

deficiency with extreme drought events; the two years 2009 and 2015 were the driest years. 

Moreover, Shalishe et al. (2022), in studies on Meteorological Drought Monitoring Based on 

Satellite CHIRPS Product over Gamo Zone, Southern Ethiopia, show that the known historic 
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drought years 2014, 2015, 2010, 2009, and 2008 were indicated very well; in addition, they report 

that severe and extreme droughts were observed in 2008 and 2009. 

Generally, based on the result of the CADI time series trend displayed in figure 10 above during all 

summer months, the highest CADI values are consistently recorded in 2007 in all months. The high 

values of CADI in 2007 indicate that the study area was relatively drought-free during this year. 

Conversely, the low values of CADI observed in 2009 and 2015 imply that there was an occurrence 

of extreme drought conditions relatively during these years during all months of the study period 

in the Amhara region. The result is similar with a study on “Mapping the spatial and temporal 

variation of agricultural and meteorological drought using geospatial techniques, Ethiopia, by 

Senamaw et al. (2021), which states that the years 2009 and 2015 were drought years, while the 

years 2001 and 2007 were drought-free.  

Based on the figure below, which illustrates the trend for the mean CADI during the summer season 

for each year of the study period, the drought status for each year can be determined. It was observed 

that the years 2009, 2002, and 2015 experienced moderate to extreme drought conditions. 

Conversely, the years 2001, 2003, and 2007 were categorized as relatively normal conditions 

without drought based on CADI.  

The result of this study confirms the results of different studies; for instance, Liou and Mulualem 

(2019) and Senamaw et al. (2021) in their study on spatiotemporal assessment of drought in 

Ethiopia and the impact of recent intense droughts and Mapping the spatial and temporal variation 

of agricultural and meteorological drought using geospatial techniques, Ethiopia, respectively, 

discovered that there were notable nationwide droughts in 2009 and 2015, indicating that wet years 

were in 2001 and 2007, while drought years were in 2009 and 2015. Furthermore, this study's 

outcome is consistent with the findings of Gebrehiwot et al. (2016), Viste et al. (2013), and Chere 

et al. (2022), who identified Ethiopia's central and northern highlands, particularly the Amhara and 

Tigray regions, as the most vulnerable agriculturally producing areas.  

The findings of this study also support the result of Gebre et al. (2017), who have reported that 

millions in the North Wollo zone have been affected due to the failure of crops, and hunger and 

malnutrition have risen sharply. 
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Figure 11: Trends of CADI for the entire study area over the mean of summer months from 2000 

to 2021 

4.2.2. Spatial Variations of Agricultural Drought Status Using CADI in June 

As can be seen in figure 12 below, the eastern, central, northeastern, and southeastern parts of the 

study area were affected by moderate to extreme drought conditions during this month. During 

2000, 2002, 2004, 2008, 2009, 2012, 2013, 2014, 2015, 2016, 2018, 2019, 2020, and 2021, 

excluding the western portion of the study area, the entire region experienced moderate to extreme 

drought conditions. However, compared to the other years, the regions hit by severe to extreme 

drought in 2002, 2009, and 2015 were larger. There were relatively near-normal CADI values 

across the majority of the areas during 2001, 2003, 2005, 2006, 2007, 2010, 2011, and 2017.  

Based on the results mentioned on the map below, the years 2002, 2009, and 2015 were identified 

as the most severely drought-affected parts of the study area in June. In 2002, approximately 

20.00% of the area experienced extreme drought conditions, 14.98% were classified as severe 

drought, 28.38% were considered moderate drought, 18.58% were slight drought, and the 

remaining 18.05% were drought-free. Similarly, in 2009, about 32.42% of the area was categorized 

as extreme drought, with 25.29% experiencing severe drought, 18.76% moderate drought, 15.49% 

slight drought, and 8.04% of the area drought-free. In 2015, the area under drought reached 

34300.88, 33187.50, 12351.81, and 6629.13 for extreme, severe, moderate, and slight drought 
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conditions, respectively, accounting for 38.50, 37.25, 13.86, and 7.44 percent of the area, 

respectively, while the drought-free area was 2629.13, representing 2.95 % of the total area only in 

this month. This suggests a severe drought situation during that particular year. On the other hand, 

there were relatively near-normal CADI values across the majority of the areas during 2001, 2003, 

2005, 2006, 2007, 2010, 2011, and 2017. In 2007, for example, the area under drought in CADI 

was 3542.56, 7146.38, and 21434.50 areas for extreme, severe, and moderate drought areas, 

respectively, accounting for 3.92, 7.92, and 23.75 percent of the total area experiencing extreme, 

severe, and moderate drought conditions, respectively, while the mild drought and drought-free 

areas were 34203.69 and 23934.06, respectively, representing 37.89% and 26.52% of the total area, 

respectively, in this month. The level of drought condition at the zonal level in June, low CADI 

value (< 0), was observed in the Wag Himra Zone, North Wollo, Oromia, South Gonder, and most 

of the eastern, central, southeast, and northeastern parts of the Amhara area. In 2000, 2002, 2004, 

2008, 2009, 2012, 2013, 2014, 2015, 2016, 2018, 2019, 2020, and 2021, almost all eastern parts of 

the study area and parts of east Gojam experienced moderate to extreme drought conditions, as can 

be shown on map 12 below.  

Generally, a high prevalence of agricultural drought occurred in June 2002, 2009, and 2015, which 

is the start of the crop-growing season and the most critical period for crops to grow in the study 

area. The occurrence of drought in this month highly influences crop production, as it is the start of 

crop growth. On the other hand, in June during the years 2001, 2003, 2005, 2006, 2007, 2010, 2011, 

and 2017, most parts of the study area experienced drought-free conditions. The majority of the 

area was almost completely drought-free in 2007. But even in this typical year, there were still 

places that experienced moderate to severe drought conditions. Thus, the result was aligned with 

that of Sohnesen (2020), who claimed that Ethiopia's northern regions experienced drought in 2009 

and 2015; 2009 had a notable decrease in precipitation in North Ethiopia. In addition, the results 

from interviews confirmed that there were delayed rains in the month of June, which impacted crop 

production. Thus, farmers fail to plant on time, crops fail to establish properly, and as a result the 

entire agricultural cycle is disrupted.  
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Figure 12: Spatial pattern of agricultural drought in the Amhara Region using CADI in June 
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The table provided below displays the areal coverages and percentages of drought based on CADI 

for each year from 2000 to 2021 in June. From the table, we can observe the variations in the extent 

of drought over the years. The fluctuations in these percentages indicate the dynamic nature of 

drought patterns. In 2007, for example, the area under drought based on CADI was 3542.56, 

7146.38, and 21434.50 areas for extreme, severe, and moderate drought areas, respectively, 

accounting for 3.92, 7.92, and 23.75 percent of the total area experiencing extreme, severe, and 

moderate drought conditions, respectively, while the mild drought and drought-free areas were 

34203.69 and 23934.06, respectively, representing 37.89% and 26.52% of the total area, 

respectively, in this month. This indicates that a significant portion of the region experienced 

drought conditions even during that wet year.  

Table 7: Drought-Affected Areas Based on CADI Severity Level in June 

Year Extreme Drought Severe Drought Moderate Drought Slight   

Drought 

 No Drought 

 Area 

(km2) 

% Area (km2) % Area (km2) % Area (km2) % Area 

(km2) 

% 

2000 15702.50 17.30 25284.75 27.86 21872.13 24.10 15226.00 16.78 12657.88 13.95 

2001 5081.44 5.62 12833.19 14.18 24478.81 27.05 30735.94 33.96 17363.88 19.19 

2002 18788.88 20.00 14078.00 14.98 26670.00 28.38 17459.56 18.58 16964.00 18.05 

2003 11629.56 11.92 24878.25 25.50 27237.81 27.92 17933.13 18.38 15889.19 16.29 

2004 25530.94 27.24 20649.69 22.03 19737.75 21.06 18046.31 19.26 9753.81 10.41 

2005 9040.13 10.03 20252.06 22.46 24985.50 27.71 21259.50 23.58 14626.75 16.22 

2006 5307.25 7.16 19214.38 25.92 15272.31 20.60 15245.69 20.56 19097.75 25.76 

2007 3542.56 3.92 7146.38 7.92 21434.50 23.75 34203.69 37.89 23934.06 26.52 

2008 6292.94 6.70 27503.44 29.28 29320.19 31.22 17721.44 18.87 13079.50 13.93 

2009 30920.31 32.42 24117.25 25.29 17890.69 18.76 14767.63 15.49 7670.06 8.04 

2010 12184.38 13.16 20531.31 22.17 15427.81 16.66 21618.81 23.35 22827.88 24.65 

2011 5591.25 6.23 14637.44 16.31 22256.81 24.80 27232.19 30.35 20021.13 22.31 

2012 9055.75 10.17 23013.06 25.85 27449.88 30.83 20664.50 23.21 8850.69 9.94 

2013 13253.00 15.08 28373.81 32.28 23717.19 26.98 16205.06 18.44 6342.81 7.22 

2014 8299.81 9.44 15534.63 17.67 24494.19 27.87 23449.13 26.68 16119.88 18.34 

2015 34300.88 38.50 33187.50 37.25 12351.81 13.86 6629.13 7.44 2629.13 2.95 

2016 3169.06 3.50 21745.63 24.01 32389.94 35.76 21792.69 24.06 11475.63 12.67 

2017 12025.81 13.12 22141.69 24.15 24818.19 27.07 19311.88 21.07 13375.06 14.59 

2018 20297.38 21.70 28448.00 30.42 21488.69 22.97 9530.88 10.19 13767.00 14.72 

2019 8602.50 9.36 22641.00 24.63 23160.44 25.20 22848.56 24.86 14671.56 15.96 

2020 18547.31 20.91 22576.81 25.45 19984.38 22.53 19081.81 21.51 8519.63 9.60 

2021 15783.69 17.48 23156.31 25.64 23110.75 25.59 19364.00 21.44 8887.00 9.84 
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The percentages of area under drought and drought-free areas fluctuate from year to year. For 

instance, in 2015, the area under drought reached 34300.88, 33187.50, 12351.81, and 6629.13 for 

extreme, severe, moderate, and slight drought conditions, respectively, accounting for 38.50, 37.25, 

13.86, and 7.44 percent of the area, respectively, while the drought-free area was 2629.13, 

representing 2.95 % of the total area only in this month. This suggests a severe drought situation 

during that particular year.  

4.2.3. Spatial Variations of Agricultural Drought Status Using CADI in July 

As it has been shown in figure 13, based on CADI, moderate to extreme drought conditions 

occurred. During this month, the northeastern, central, eastern, and southeastern parts of the study 

area were affected by moderate to extreme drought conditions. During 2000, 2002, 2004, 2005, 

2006, 2008, 2009, 2012, 2013, 2014, 2015, 2016, 2017, 2019, 2020, and 2021, almost the entire 

region experienced moderate to extreme drought conditions. However, compared to the other years, 

the regions hit by severe to extreme drought in 2009, 2015, and 2021 were larger. There were 

relatively near-normal CADI values across the majority of the areas during 2001, 2003, 2007, 2010, 

2011, and 2018. Based on the results mentioned on the map below, in the years 2000, 2002, 2004, 

2005, 2006, 2008, 2009, 2012, 2013, 2014, 2015, 2016, 2017, 2019, 2020, and 2021, most eastern 

parts of the study areas experienced drought conditions. For instance, in 2015, the area under 

drought of CADI in July was 32070.81, 36.27%; 30926.00, 34.98%; 11495.13, 13.00%; and 

13908.69, 15.73%, accounting for extreme, severe, moderate, and slight drought areas in km2 and 

percents of the total agricultural area, respectively, and the drought-free area in this year was 22.44 

km² covering 0.03% of the study area. This indicates that there was a relatively extreme drought 

event in this year during this month. While the drought-free area in 2007 was recorded as 5398.00, 

5.75%; 17753.25, 18.90%; 31309.00, 33.34%; 23773.06, 25.31%; and 15679.19, 16.70%, 

representing extreme, severe, moderate, slight, and drought-free areas, respectively. This indicates 

a relatively wet year in the entire study area and suggests that most of the region experienced 

moderate, slight, and drought-free conditions during that particular year. It implies that even if most 

of the region experienced drought-free conditions during this normal year (2007), to some extent 

some areas were experiencing moderate to extreme drought conditions even in this normal year. 

Additionally, in 2003 of this month, 31540.56, 32.38%, and 22783.31, 23.39%, exhibited slight 

drought and drought-free conditions, respectively.  
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Figure 13: Spatial pattern of agricultural drought in Amhara Region using CADI in July 
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The level of drought condition at the zonal level in July, low CADI value (< 0), was observed in 

the Wag Himra Zone, the majority of the eastern, central, southeast, and northeastern Amhara 

region, as well as North and South Wollo, Oromia, and South Gonder. The result is confirmed by 

the interviewee with the region’s agricultural office expertise; thus, one of the experts from the 

agricultural offices states that  

The droughts in 2002 and 2009 had a significant impact on the lives and food security of 

the residents of Bati in the Oromiya Zone and South Wollo Zone (Legambo, Dessie Zuria, 

and Jamma). The regions were highly susceptible to climatic shocks because they were 

already experiencing long-term food insecurity as a result of environmental degradation, 

over-dependence on rain-fed agriculture, and immense population pressure. The lack of 

rainfall during these times of drought resulted in significant failures of agricultural 

production and livestock loss, which increased the rate of hunger (August 01, 2024).  

The table provided below displays the areal coverages and percentages of drought based on CADI 

for each year from 2000 to 2021 for July. The percentages of area under drought and drought-free 

areas fluctuate from year to year. For instance, in 2015, the area under drought of CADI in July was 

32070.81, 36.27%; 30926.00, 34.98%; 11495.13, 13.00%; and 13908.69, 15.73%, accounting for 

extreme, severe, moderate, and slight drought areas in km2 and percents of the total agricultural 

area, respectively, and the drought-free area in this year was 22.44 km2 and 0.03%. This indicates 

that there was a relatively extreme drought event in this year during this month. While the drought-

free area in 2007 was recorded as 5398.00, 5.75%; 17753.25, 18.90%; 31309.00, 33.34%; 

23773.06, 25.31%; and 15679.19, 16.70%, accounting for extreme, severe, moderate, slight, and 

drought-free areas, respectively. This indicates a relatively wet year in the entire study area and 

suggests that most of the region experienced moderate, slight, and drought-free conditions during 

that particular year. It implies that even if most of the region experienced drought-free conditions 

during this normal year (2007), to some extent some areas were experiencing moderate to extreme 

drought conditions even in this normal year. Additionally, in 2003 of this month, 31540.56, 32.38%, 

and 22783.31, 23.39%, exhibited slight drought and drought-free conditions, respectively. Like that 

of 2007, it indicates a relatively wet year during 2003 in July.  
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Table 8: Drought-Affected Areas Based on CADI Severity Level in July 

Year Extreme Drought Severe Drought Moderate Drought Slight   

Drought 

 No Drought 

 Area 

(km2) 

% Area 

(km2) 

% Area 

(km2) 

% Area 

(km2) 

% Area 

(km2) 

% 

2000 22854.31 25.19 18136.88 19.99 19701.50 21.72 20927.38 23.07 9097.63 10.03 

2001 3778.38 4.02 15280.63 16.26 29447.88 31.34 32861.13 34.97 12592.69 13.40 

2002 14280.25 15.91 30524.31 34.01 31111.50 34.67 11222.94 12.51 2599.81 2.90 

2003 2708.50 2.78 13875.25 14.24 26514.00 27.22 31540.56 32.38 22783.31 23.39 

2004 14911.81 15.92 26234.56 28.00 28113.19 30.01 17239.38 18.40 7189.44 7.67 

2005 13166.00 14.61 25106.75 27.86 26902.44 29.85 18417.63 20.44 6528.00 7.24 

2006 11222.88 12.60 21859.50 24.55 24998.19 28.08 19460.88 21.86 11498.50 12.91 

2007 5398.00 5.75 17753.25 18.90 31309.00 33.34 23773.06 25.31 15679.19 16.70 

2008 23897.31 16.00 51106.50 34.22 45068.13 30.18 25571.06 17.12 3712.75 2.49 

2009 16244.00 18.00 33387.50 36.99 27926.63 30.94 12681.50 14.05 25.00 0.03 

2010 8765.56 9.49 21511.63 23.30 29078.81 31.50 23588.88 25.55 9383.44 10.16 

2011 18380.81 12.27 25383.75 16.95 39554.81 26.41 32215.81 21.51 34229.88 22.86 

2012 5708.94 6.42 30628.19 34.43 32181.94 36.17 20297.19 22.81 153.44 0.17 

2013 5743.19 6.54 30229.13 34.42 31777.00 36.18 19935.44 22.70 144.13 0.16 

2014 13579.38 15.50 26514.44 30.26 28268.75 32.27 18614.63 21.25 633.44 0.72 

2015 32070.81 36.27 30926.00 34.98 11495.13 13.00 13908.69 15.73 22.44 0.03 

2016 14211.06 15.69 21134.13 23.33 17786.81 19.64 16610.00 18.34 20830.94 23.00 

2017 16498.75 18.07 29112.94 31.88 25149.63 27.54 20317.38 22.25 238.75 0.26 

2018 13223.56 14.14 18228.88 19.49 21493.31 22.98 21981.25 23.50 18598.38 19.89 

2019 4108.94 4.47 15366.38 16.72 24826.44 27.02 28841.50 31.39 18749.94 20.40 

2020 12712.75 14.39 25576.44 28.94 29756.38 33.67 19660.38 22.25 659.25 0.75 

2021 13061.75 14.63 25110.06 28.13 24095.13 26.99 18403.38 20.62 8596.81 9.63 

 

4.2.4. Spatial Variations of Agricultural Drought Status Using CADI in August 

Based on CADI as shown in figure 14, extreme to severe drought conditions have occurred. During 

this month, the northeastern, central, eastern, and southeastern parts of the study area were affected 

by moderate to extreme drought conditions. During 2000, 2002, 2006, 2008, 2009, 2012, 2013, 

2014, 2015, 2016, 2019, and 2021, almost the entire region experienced moderate to extreme 

drought conditions. However, compared to other years, the region hit by severe to extreme drought 

in 2015 was larger than the remaining years. There were relatively near-normal CADI values across 

the majority of the areas during 2001, 2003, 2004, 2005, 2007, 2010, 2011, 2017, 2018, and 2020. 

Most parts of the northeastern, southeastern, and central portions of the study area were affected by 

moderate to extreme drought, specifically during the years 2002, 2009, and 2015. 



65 | P a g e  

 

When analyzing regional variations in agricultural drought status using the Combined Agricultural 

Drought Index (CADI) for the month of August, significant disparities in drought severity are 

observed across the research region. For agricultural production, Ethiopia's August crop growth 

peak is critical, and CADI effectively illustrated the regional impacts of drought stress during this 

period. In certain zones, particularly in most eastern parts of the study area, low CADI values 

indicate moderate to severe drought conditions. In contrast, higher CADI values in highland and 

western regions showed generally favorable conditions, with richer vegetation and enough moisture 

availability. 

The spatial analysis of agricultural drought status using the Combined Agricultural Drought Index 

(CADI) in August reveals significant variability across the study area. Certain zones exhibited 

moderate to severe drought conditions, indicating localized moisture deficits affecting crop growth 

and agricultural productivity. Meanwhile, other regions showed normal or near-normal moisture 

conditions, suggesting heterogeneous climatic and soil moisture patterns. These spatial variations 

underscore the importance of targeted drought monitoring and management strategies to support 

effective agricultural planning and mitigate drought impacts at a regional level. 

Analyzing the areal coverages and percentages of drought over time can provide valuable 

information for drought monitoring, water resource management, and agricultural planning. It 

allows policymakers, researchers, and stakeholders to assess the impact of drought on vegetation 

and make informed decisions regarding water allocation, crop management, and mitigation 

strategies. 
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Figure 14: Spatial pattern of agricultural drought in Amhara Region using CADI in August 
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Table 9, provided below, presents a comprehensive overview of the areal coverages and percentages 

of drought based on CADI for each year in August, demonstrating the extent of the drought in the 

studied area. The years 2000, 2002, 2006, 2008, 2009, 2012, 2013, 2014, 2015, 2016, 2019, and 

2021 were found to have experienced moderate to extreme drought conditions. The areas affected 

in these years were recorded as 7.46, 24.63, 5.10, 33.59, 1.72, 23.90, 11.71, 22.16, 15.93, 37.65, 

4.50, 26.30, 8.22, 17.01, 0.06, 15.63, 31.63, 28.98, 1.17, 26.28, 11.33, 25.65, 7.64, and 28.18 

percent of areas were affected by extreme and severe drought for each drought-experienced year, 

respectively. 

Table 9: Drought-Affected Areas by Using CADI Severity Level in August 

Year Extreme Drought Severe Drought Moderate Drought Slight   

Drought 

 No Drought 

 Area 

(km2) 

% Area 

(km2) 

% Area 

(km2) 

% Area 

(km2) 

% Area 

(km2) 

% 

2000 7009.25 7.46 23143.31 24.63 35552.69 37.84 26560.69 28.27 1694.56 1.80 

2001 4508.31 4.97 20403.56 22.48 28863.93 31.80 27629.18 30.44 9338.25 10.29 

2002 4617.13 5.10 30420.00 33.59 35459.50 39.15 19492.31 21.52 583.81 0.64 

2003 234.06 0.24 14524.69 14.89 28691.31 29.41 31660.94 32.45 22461.13 23.02 

2004 413.44 0.44 19751.19 21.07 30111.13 32.13 26641.19 28.43 16805.56 17.93 

2005 1579.75 1.78 19779.38 22.30 35180.06 39.66 24502.63 27.62 7668.06 8.64 

2006 1532.19 1.72 21286.94 23.90 29925.00 33.60 28643.13 32.16 7684.75 8.63 

2007 349.50 0.39 10478.06 11.62 18146.69 20.13 27810.31 30.84 33379.31 37.02 

2008 10993.25 11.71 20813.13 22.16 23583.88 25.11 20577.38 21.91 17949.88 19.11 

2009 14455.44 15.93 34164.13 37.65 26915.50 29.66 14720.63 16.22 487.44 0.54 

2010 2613.00 2.82 23481.75 25.36 30638.25 33.09 16521.38 17.84 19331.88 20.88 

2011 2877.50 3.21 15361.94 17.12 19762.81 22.02 26260.06 29.26 25476.38 28.39 

2012 4005.06 4.50 23419.38 26.30 19232.25 21.60 24478.94 27.49 17899.75 20.10 

2013 7224.13 8.22 14952.06 17.01 25078.69 28.53 28485.81 32.41 12151.06 13.83 

2014 51.88 0.06 13742.38 15.63 30128.75 34.28 28649.00 32.59 15325.19 17.44 

2015 28541.25 31.63 26155.50 28.98 22709.13 25.16 12813.75 14.20 27.88 0.03 

2016 1117.31 1.17 25062.63 26.28 35685.69 37.42 23246.69 24.38 10254.81 10.75 

2017 44.13 0.05 11410.31 12.45 27059.19 29.52 34112.00 37.21 19041.00 20.77 

2018 647.44 0.69 19163.38 20.49 28855.75 30.85 28819.75 30.81 16044.75 17.15 

2019 10592.81 11.33 23989.69 25.65 24079.94 25.75 21196.69 22.66 12031.69 12.86 

2020 208.75 0.23 9165.50 10.15 30362.19 33.62 38078.88 42.17 12485.81 13.83 

2021 6796.94 7.64 25056.81 28.18 37773.38 42.47 18828.88 21.17 474.88 0.53 

 

On the other hand, the remaining years, 2001, 2003, 2004, 2005, 2007, 2010, 2011, 2017, 2018, 

and 2020, were found to have no drought conditions relatively based on the CADI drought classes. 
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The CADI values for no drought area coverage in percent for these years were recorded as 10.29, 

23.02, 17.93, 8.64, 37.02, 20.88, 28.39, 20.77, 17.15, and 13.83 percent, respectively. This result 

indicates that the study area has experienced an increasing trend in drought conditions over time. 

Out of the 22-year study period, 12 years were found to have experienced drought conditions, while 

the remaining 10 years were relatively free from drought.  

The percentages of the area under drought and the drought-free area provide valuable insights into 

the severity and distribution of drought conditions. Upon analysis, distinct trends in the areal 

coverages and percentages of drought occurrence in certain years, such as 2000, 2002, 2009, and 

2015, show higher percentages of the area under drought, indicating more severe and widespread 

drought conditions. In contrast, lower percentages of the area experiencing drought were recorded 

in 2001, 2003, 2005, 2007, and 2018, indicating months that were comparatively typical. The result 

of this study was in line with other researchers results conducted in different parts of the study area; 

for instance, a study entitled “Monitoring agricultural drought using geospatial technologies, 

Menna Watershed, northwestern Ethiopia,” conducted by Enyew et al. (2025). In addition, Tela et 

al. (2024), in Assessment of Meteorological and Socioeconomic Drought Conditions in the Tekeze 

Watershed, Northern Ethiopia, found droughts of various severity and associated socioeconomic 

effects occurred in 2000, 2002, 2004-2005, 2009-2011, 2013-2015, 2017, and 2021-2023. 

4.2.5. Spatial Variations of Agricultural Drought Status Using CADI in September 

As it has been shown in figure 15 below, based on CADI, extreme to severe drought conditions 

have occurred. During this month, the northern, central, eastern, and southern parts of the study 

area were affected by moderate to extreme drought, especially in the years 2000, 2002, 2004, 2005, 

2006, 2009, 2010, 2012, 2014, 2015, 2016, 2017, and 2020. Except for the western part of the study 

area, specifically Awi/Agew, all parts, particularly the northeastern, southern, and southeastern 

parts of the study area, were affected by extreme drought. But the spatial extent that was affected 

by moderate to extreme drought in 2005, 2009, 2015, and 2017 was larger than the remaining years 

(almost all parts of the study area were affected in these years during this month). There were 

relatively near-normal years across the majority of the study areas during 2001, 2003, 2007, 2008, 

2011, 2013, 2017, 2018, 2019, and 2021.  
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Figure 15: Spatial pattern of agricultural drought in Amhara Region using CADI in September 
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The table provided below displays the areal coverages and percentages of drought based on the 

CADI for each year from 2000 to 2021 in September. From the table, we can observe the variations 

in the extent of drought over the years. The fluctuations in these percentages indicate the dynamic 

nature of drought patterns. 

Table 10: Drought-Affected Areas by Using CADI Severity Level in September 

Year Extreme Drought Severe Drought Moderate Drought Slight   

Drought 

  No Drought 

  Area 

(km2) 

% Area 

(km2) 

% Area 

(km2) 

% Area 

(km2) 

% Area 

(km2) 

% 

2000 15042.81 16.58 29681.56 32.72 21547.56 23.75 14047.13 15.48 10395.63 11.46 

2001 9131.94 9.72 26146.56 27.83 25729.38 27.38 21703.81 23.10 11249.00 11.97 

2002 12098.56 13.77 29086.94 33.10 31563.63 35.91 14933.63 16.99 202.38 0.23 

2003 477.81 0.54 16897.13 18.98 26227.13 29.46 30054.25 33.76 15371.06 17.27 

2004 11334.31 12.09 23259.25 24.82 27397.50 29.23 19071.06 20.35 12658.81 13.51 

2005 11832.44 13.12 28845.50 31.99 32833.00 36.41 15971.44 17.71 681.13 0.76 

2006 19439.88 19.93 29652.38 30.41 26513.63 27.19 16339.50 16.75 5577.00 5.72 

2007 114.38 0.13 13433.69 15.14 28236.25 31.83 31473.19 35.48 15452.25 17.42 

2008 4155.50 4.43 18319.31 19.51 29869.75 31.82 24904.56 26.53 16630.19 17.71 

2009 22453.38 24.29 31492.31 34.06 26048.81 28.17 12409.81 13.42 52.69 0.06 

2010 8439.19 8.85 30714.06 32.21 30066.38 31.53 17864.06 18.73 8282.81 8.69 

2011 1329.56 1.48 18664.81 20.80 27844.63 31.03 29087.50 32.42 12807.25 14.27 

2012 4533.75 5.09 27524.13 30.91 31251.31 35.10 14387.69 16.16 11336.31 12.73 

2013 5343.69 6.08 9580.50 10.90 27678.81 31.50 31527.25 35.88 13737.00 15.63 

2014 3193.25 3.54 26645.94 29.55 35126.50 38.96 16541.75 18.34 8663.31 9.61 

2015 22609.44 24.93 28751.13 31.70 28533.13 31.46 10758.19 11.86 44.00 0.05 

2016 11544.69 12.75 25562.13 28.22 37643.69 41.56 15737.38 17.38 84.06 0.09 

2017 15095.13 16.54 24171.31 26.48 29133.44 31.92 20638.69 22.61 2226.69 2.44 

2018 3801.50 4.06 21515.81 23.00 31858.56 34.06 26774.06 28.63 9578.00 10.24 

2019 1054.19 1.15 17282.25 18.80 33642.81 36.60 27088.13 29.47 12851.50 13.98 

2020 21676.06 24.35 28128.44 31.60 19675.44 22.10 19431.69 21.83 106.88 0.12 

2021 143.94 0.16 19159.88 21.22 33061.06 36.62 26366.63 29.20 11553.31 12.80 

 

In 2007, for example, the area under drought was 114.38, 13433.69, and 28236.25 areas for 

extreme, severe, and moderate drought, respectively, accounting for 0.13, 15.14, and 31.83 percent 

of the study area under extreme, severe, and moderate drought conditions. 
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While the slight drought and drought-free area were 31473.19 and 15452.25, representing 35.48 % 

and 17.42% of the whole region during this month and this specific year, respectively. This 

indicates that a significant portion of the region experienced drought conditions even during that 

wet year. 

The proportions of areas experiencing drought and those not experiencing it vary from year to year. 

For instance, in 2015, the area under drought reached 22609.44, 28751.13, and 28533.13 for 

extreme, severe, and moderate drought conditions, respectively, accounting for 24.93, 31.70, and 

31.46 percent of the area, respectively, while slight drought and drought-free areas were 10758.19 

and 44.00, representing 11.86% and 0.05% of the total area only in this month. This suggests a 

severe drought situation during that particular year. Analyzing the areal coverages and percentages 

of drought over time can provide valuable information for drought monitoring, water resource 

management, and agricultural planning. It allows policymakers, researchers, and stakeholders to 

assess the impact of drought on vegetation and make informed decisions regarding water allocation, 

crop management, and mitigation strategies. 

4.3. Spatial Variations of Agricultural Drought Status Using CADI for the Primary 

Drought Years 

Drought episodes occurred in the entire study area in 2002, 2009, and 2015 in all months as well as 

during the summer season. During the study period, most eastern parts of the study area (North 

Wollo, South Wollo, Wag Himra, South Gonder, North Shewa, and Oromia Zones of Amhara 

regions, as well as some parts of East Gojam Zone) were identified as drought-prone zones of the 

study area; thus, Figure 18 clarifies this result that indicates the reduction in yield within the 

specified zones of the study area specifically by referring to the crop yield during 2015. This study 

confirmed the findings of Gebrehiwot et al. (2016), Randriamampianina et al. (2019), and Viste et 

al. (2013), who identified Ethiopia's central and northern highlands, particularly the Amhara and 

Tigray regions, as the most vulnerable agriculturally producing areas. The findings of this study 

also support the findings of Gebre et al. (2017), who have reported that crops have failed and hunger 

and malnutrition have risen sharply, affecting millions in the North Wollo zone. 
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Figure 16: Spatial pattern of agricultural drought in the Amhara Region using CADI for the primary  

drought years 

Furthermore, the historic drought years identified in this study are consistent with the results of 

previous studies' drought years (Moussa Kourouma et al., 2021); for example, they detected 2003, 

2004, 2008, 2009, and 2015 as drought years in their remote sensing-based drought assessment 

from 2003 to 2017. Severe droughts were also observed during the Kiremt season in 2002-2004, 

2009-2010, and 2014-2015 (Liou & Mulualem, 2019; Bayissa et al., 2019; and Chere et al., 2022) 

in their remote sensing-based vegetation condition index, combined drought index for Ethiopia 

(CDI-E), and vegetation health index (VHI) from 2001 to 2018, 2001 to 2015, and 2014 to 2018, 

respectively. In addition, the result of this study is in line with the results of interviews from the 

Amhara region agricultural offices and the region’s Disaster Risk Management office . One of the 

interviewees from the region’s Disaster Risk Management states that; 
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Most eastern parts of the study area were the most agriculturally drought-prone areas, 

and the current political insecurity problems increase the risks to the community because 

it is difficult to take remedial action for these agriculturally prone parts of the study area. 

In addition, a lack of transport services also increases the impact of this problem, as it 

hinders the concerned body from traveling in freedom and taking action for the affected 

communities (August 03, 2024). 

Upon examining the map from figure 16 above, it is evident that the eastern portion of the study 

area experienced a higher prevalence of drought and moisture stress. This finding suggests that this 

specific region faced more significant challenges in terms of water availability and vegetation health 

compared to other parts of the study area. The distribution of drought conditions depicted in the 

map can provide valuable insights for understanding the spatial patterns of drought occurrence and 

its potential impacts on agriculture. It helps to identify areas that require focused interventions and 

management strategies to mitigate the effects of agricultural drought and promote sustainable 

management strategies. 

Table 11 provided below displays the areal coverages in percentages of drought-affected areas for 

the primary drought years, i.e., 2002, 2009, and 2015, in all summer months and for the summer 

season. From the table, we can observe the variations in the areal extent of drought over these years. 

The fluctuations in percentages indicate the dynamic nature of drought patterns. In June 2002, for 

example, the areas under drought recorded were 20.00, 14.98, 28.38, and 63.36 percent of areas for 

extreme, severe, moderate, and total drought-affected areas, respectively. In 2009 of this month, 

32.42, 25.29, 18.76, and 76.47 percent of the area were affected by extreme, severe, moderate, and 

total affected areas, respectively. During 2015, 38.50, 37.25, and 13.86 percent of the area were 

affected by moderate to extreme conditions, and 89.61 percent was the total area affected in this 

year in June. In July 2002, the area under drought based on CADI recorded 15.91, 34.01, 34.67, 

and 84.6 percent of the total area experiencing extreme, severe, moderate, and total drought-affected 

areas, respectively. In 2009 of this month, 18.00, 36.99, 30.94, and 85.92 percent of the area were 

affected by extreme, severe, moderate, and total affected areas, respectively. During 2015, 36.27, 

34.98, and 13.00 percent of the area were affected by moderate to extreme conditions, and 84.24 

percent was the total area affected in this year in July.  
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In August 2002, the area under drought based on CADI recorded was 5.10, 33.59, 39.15, and 77.83 

percent of areas for extreme, severe, moderate, and total drought-affected areas, respectively. In 

2009 of this month,15.93, 37.65, 29.66, and 83.24 percent of the area were affected by extreme, 

severe, moderate, and total affected areas, respectively. During 2015, 31.63, 28.98, and 25.16 

percent of the area were affected by moderate to extreme conditions, and 85.77 percent was the 

total area affected in this year in August.   

Table 11: Drought-Affected Areas (Extreme to Moderate) for the Primary Drought Years 

Year Months 

Extreme 

Drought 

Severe 

Drought 

Moderate 

Drought 

Total 

area  

2002 June 20.00 14.98 28.38 63.36 

  July 15.91 34.01 34.67 84.6 

  August 5.10 33.59 39.15 77.83 

  Sept 13.77 33.10 35.91 82.78 

 
Seasonal 13.69 28.92 34.53 77.14 

2009 June 32.42 25.29 18.76 76.47 

  July 18.00 36.99 30.94 85.92 

  August 15.93 37.65 29.66 83.24 

  Sept 24.29 34.06 28.17 86.52 

 
Seasonal 22.65 33.49 26.88 83.04 

2015 June 38.50 37.25 13.86 89.61 

  July 36.27 34.98 13.00 84.24 

  August 31.63 28.98 25.16 85.77 

  Sept 24.93 31.70 31.46 88.09 

 
Seasonal 32.83 33.22643 20.87 86.93 

 

The result of CADI for September 2002 showed that the percentage of areas impacted by extreme, 

severe, moderate, and overall drought was 13.77, 33.10, 35.91, and 82.78 percent, respectively. In 

2009 of this month, 24.29, 34.06, 28.17, and 86.52 percent of the area were affected by extreme, 

severe, moderate, and total affected areas, respectively. During 2015, 24.93, 31.70, and 31.46 
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percent of the area were affected by moderate to extreme drought conditions, respectively, and 

88.09 percent was the total area affected in this year in September. 

Figure 17 below depicts the percentage of areas experiencing moderate to extreme drought 

conditions during these selected drought years in June, July, August, and September. For example, 

the total area affected by moderate to extreme drought in June was 63.36%, 76.47%, and 89.61 % 

of the total area affected in 2002, 2009, and 2015, respectively. In July, similar results of 84.6%, 

85.92%, and 84.24% were observed in 2002, 2009, and 2015, respectively. Additionally, in August, 

77.83 %, 83.24%, and 85.77% of the area were affected in 2002, 2009, and 2015, and in September, 

82.78%, 86.52%, and 88.09% were affected in 2002, 2009, and 2015, respectively. 

 

 

 

Figure 17: Percentage of drought-affected areas for the primary drought years (2002, 2009, and 

2015, respectively) (moderate-extreme drought cases) (a) and percentage of total affected areas 

(b) 
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Based on the result of CADI in June, there have been droughts in each of the years under 

consideration. But in 2015, the study region experienced drought in the majority of its areas; that 

is, 89.61% of the total area was affected in this specified year. 2009 and 2002 were the years that 

came after. In addition, in July 2009, 85.92% of the total agricultural area had experienced drought; 

the years 2015 and 2002 were the years that came after this specified year. In August 2015, the 

study region experienced drought in the majority of its areas; that is, 85.77% of the total area was 

affected in this specified year. 2009 and 2002 were the years that came after. In September 2015, 

88.09% of the area was affected. Seasonally, 77.14%, 83.04%, and 86% of the study area were the 

areas affected by extreme to moderate drought conditions in 2002, 2009, and 2015, respectively. 

 In 2002 and 2009, 84.6% and 85.92% of the total area, respectively, particularly in July, had 

moderate to extreme drought conditions, whereas in August, the percentage decreased to 77.83% 

and 83.24% during these specified years. The occurrence of considerable precipitation over the 

northern highlands of Ethiopia, according to Bayissa et al. (2019), was the main reason why the 

drought area decreased in this month. In August 2009 and 2015, 83.24% and 85.77% of the area of 

the region, respectively, was affected by moderate to extreme drought conditions, whereas in 

September 2009 and 2015, 86.52% and 88.09% of the area, respectively, was affected. This 

happened as a result of a lack of precipitation towards the end of the growing season. Thus, the 

results are in line with those of Sohnesen (2020), who claimed that Ethiopia's northern regions 

experienced drought in 2015 and had a notable decrease in precipitation in North Ethiopia.  

Based on figure 18 below and map 16 above, the level of drought condition at the zonal level, low 

CADI value (< 0), and reduction of crop yield in 2015 were observed in almost all eastern portions 

of the Amhara region, including North Wollo, Oromia, South Gonder, Wag Himra, North Shewa, 

South Wollo, and East Gojam Zones. In 2002, 2009, and 2015, almost all eastern parts of the study 

area and parts of the east Gojam zone experienced moderate to extreme drought conditions, as can 

be shown in map 16 and displayed in figure 18, as well as the reduction in crop yield in these parts 

of the study area, which proves it.  
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* Q = quintal; h = hectare   

Figure 18: Comparison of primary drought years with crop yield during 2015 for different zones 

4.3.1.  Spatial Variations of Agricultural Drought Status Using CADI for the Most Drought 

Year, 2015, and for the Wettest Year, 2007 

Figure 19 provided below displays the spatial patterns of drought-affected areas for the drought 

year 2015 and the normal year 2007. From the map, we can observe most eastern parts of the study 

areas have experienced drought during 2015, and even some eastern parts of the study area, such 

as Wag Himra, North Wollo, South Wollo, and Oromia zones of the study area, were affected by 

drought in the normal year (2007). During the entire study period, with the exception of July, the 

most severe drought event was seen during 2015. 

Significant temporal and regional differences in drought intensity and extent are seen throughout 

the region when the Combined Agricultural Drought Index (CADI) for the drought year 2015 and 

the wet year 2007 is used to compare the agricultural drought situation. The CADI figures for 2015 

show that there was a severe and pervasive agricultural drought. On the other hand, 2007 showed 

little effect from drought, with CADI scores primarily indicating good farming conditions. Nearly 

every region had sufficient rainfall. The regional variation between these two years highlights how  
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Crucial early warning and monitoring systems are required. The notable discrepancy demonstrates 

how CADI may accurately reflect the intensity of drought as well as agricultural recovery during 

rainy years. The result was aligned with the results of different studies; for instance, the most severe 

events in the last 30 years were the drought in 2015, which significantly impacted a substantial 

portion of the nation and worsened food insecurity (Chere & Debalke, 2024). This highlights the 

profound impact of drought on both the agricultural sector and the overall socioeconomic conditions 

in the study area. In addition, repercussions continued in 2015–16, affecting around 5 million people 

in Northern, Southern, and Eastern Ethiopia (Liou & Mulualem, 2019; Mera, 2018). Moreover, 

reports by Kassaye et al. (2021) estimate that a staggering 10.2 million people were affected by 

these events. 

 

Figure 19: Comparison of the spatial distribution of agricultural drought for a wet year (2007) and 

for a drought year (2015) based on CADI seasonally 
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Figure 20 below illustrates the level of drought condition at the zonal level for the summer season. 

All eastern Amharan regions, including the Wag Himra Zone, North Shewa, North Wollo, Oromia, 

South Gonder, and South Wollo, have low CADI values (<0). During the most drought year, which 

was in 2015, almost all eastern parts of the study area and parts of East Gojam experienced moderate 

to extreme drought conditions. Even these parts of the study area experienced drought during a 

normal year, which was in 2007. This indicates that a significant portion of the region experienced 

drought conditions even during that wet year. 

The result of this study was confirmed by the result obtained from key informant interviews with 

the region’s disaster risk management experts; they stated that “most eastern parts of the region 

experience drought frequently, and these parts are the most drought-affected parts of the region; 

they require food assistance and related support frequently.” 

 

Figure 20: Comparison of a normal year (2007) and a drought year (2015) based on CADI for 

different zones 

Furthermore, key informants’ interviews in the Amhara region agricultural office and disaster risk 

management office confirmed that the drought in 2015 was very severe and the crop yield has 

reduced highly. The interviewee further stated that the rainfall did not fail early in the start of the 

growing season, which is in June, and it failed in September before the crop was mature.  
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The region’s agricultural experts described this year as very critical for zones that are found in the 

eastern, southeastern, and portions of the central part of the study area. 

4.4. Performance Evaluation of Combined Agricultural Drought Index (CADI)  

4.4.1. Correlation Analysis between CADI and Crop Yield 

The performance of CADI was evaluated using crop yield data; hence, drought variability and its 

spatio-temporal distribution are highly responsible for the fluctuations in crop productivity and 

overall agricultural conditions (Kulkarni et al., 2020). Detrending the crop yield records was done 

to exclude the influence of other factors, such as weather and climatic circumstances, scientific and 

technological advancements, and other factors that affect agricultural yields and productivity. A 

straightforward linear regression model that eliminates the crop yields' increasing linear trend (Lu 

et al., 2017) was used in this study. Finally, the capabilities of CADI for agricultural drought 

monitoring in the Amhara Region, Ethiopia, were evaluated through Pearson correlation methods. 

Pearson correlation was used to establish a relationship between the CADI time series and the 

annual production of the mean of major cereal crops. 

The mean of the annual major cereal crop production was correlated with the mean of summer 

season CADI time series values. The results of Pearson correlation can be positive or negative. The 

relationship between CADI and detrended crop yield data is defined as strong, r ≥ 0.60; moderate, 

r = 0.40–0.59; and weak, r = -0.40 to 0.40 (Evans, 1996). Several studies have found that severe to 

extreme drought events have a significant negative impact on crop yields in various parts of the 

world (Chere et al., 2022; Kulkarni et al., 2020). The current study sought to assess the 

spatiotemporal relationship between the mean of major crop yields (teff, maize, and wheat) and 

summer season CADI values of ten (10) crop-growing zones of the study area. Overall, the CADI 

and detrended crop yield agree well in the ten selected zones, with correlation coefficient values 

ranging from correlation coefficients (r) = 0.51 to r = 0.95. East Gojam had significantly higher 

correlation coefficients (r = 0.95). Wag Himra, on the other hand, has a relatively lower correlation 

(r = 0.51). Due to the 2015 drought, all crop-growing zones experienced significant crop yield 

reductions in 2015-2016.  
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Figure 21: Performance evaluation of CADI with detrended crop yield (mean of major crop yields) 

(teff, maize, and wheat) with selected zones 

According to a recent study by Liou and Mulualem (2019), the direct influence of El Niño on 

Ethiopian vegetation was visible, particularly during the El Niño years 2014-2015, when NDVI 

values gradually declined and remained marginally below average. This study's correlation analysis 

is consistent with Chere et al. (2022), Bayissa et al. (2019), and Tadesse et al. (2015), who used 

evapotranspiration products with cereal crop production and a combined drought indicator (CDI) 

to track agricultural drought in an attempt to evaluate the predictive power of VHI in Ethiopia's 

highlands. In these investigations, the detrended crop production and the created drought indicators 

showed a stronger association (r > 0.5) in the central and northern regions. Additional effort was 

made to validate the CADI using a different EM-DAT dataset. The drought years identified by this 

study correspond to EM-DAT reports. According to EM-DAT, the major drought years that affected 

a large number of people and animals in various parts of the country were 2003-2004, 2009-2010, 

2014-2015, and 2021-2022 (EM-DAT, 2022). 

The correlation analysis between CADI and crop yield revealed a significant relationship, indicating 

that lower CADI values, which denote more severe drought conditions, are generally associated 

with reduced crop yields. Crop type and area had different correlation strengths, underscoring the 

need for localized CADI calibration and validation. Overall, the findings confirm that CADI is a 

reliable indicator for assessing drought, and it can be a valuable tool for agricultural risk 

management and planning. 
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The correlation analysis between the Combined Agricultural Drought Index (CADI) and crop yield 

demonstrates a significant relationship, indicating that CADI effectively reflects the impact of 

drought conditions on agricultural productivity. Areas with lower CADI values, representing more 

severe drought stress, correspond to reduced crop yields, while higher CADI values align with 

better crop performance. This strong correlation validates CADI as a reliable tool for assessing 

agricultural drought and predicting crop yield variability, making it valuable for drought monitoring 

and decision-making in agricultural management. 

Generally, the index showed strong correlation with historical drought events, crop yield data, and 

local drought reports, confirming its ability to capture both the severity and spatial extent of 

agricultural droughts across different climatic zones. CADI also performed well in distinguishing 

between drought and non-drought years, with higher sensitivity and spatial resolution than 

traditional drought indices. 

Overall, the study confirms that CADI is a robust and adaptable index that enhances early warning 

capabilities and supports informed decision-making for drought risk management. Its application 

is especially valuable in regions like Ethiopia's Amhara region, where agriculture is highly climate-

sensitive and timely drought information is critical for resilience planning. 
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CHAPTER FIVE 

5. CONCLUSIONS AND RECOMMENDATIONS 

5.1. Conclusions  

As drought is one of the most devastating natural disasters in the world, affecting millions of people 

in various ways, better monitoring and assessment are essential. Decision-making is greatly aided 

by the creation of an agricultural drought monitoring index that combines several input factors into 

a single index. As a result, the goal of this research was to develop an Earth Observation Derived 

Combined Drought Index for Agricultural Drought Monitoring in the Amhara region, Ethiopia. The 

CADIs spanning from 2000 to 2021 were created using the Random Forest (RF) algorithm, a 

significant machine learning (ML) algorithm, by integrating eight input variables that represented 

various environmental variables, including soil moisture, precipitation condition index, normalized 

difference vegetation index, vegetation condition index, enhanced vegetation index, land surface 

temperature, temperature condition index, and evapotranspiration. In addition, three topographical 

factors (elevation, slope, and aspect) were considered in CADI development, and SPI data were 

calculated from selected fifty-one stations of the study area for each summer month. The RF model 

was trained and tested using the SPI values of each month; hence, 70% of the SPI value was used 

to train the RF algorithms, and the remaining 30% was used for testing. 

Even though, the result of developed CADI precisely identified the historical drought years, from 

June to September of summer season months during  2000, 2002, 2004, 2008, 2009, 2012, 2013, 

2014, 2015, 2016, 2018, 2019, 2020, and 2021 in June, during 2000, 2002, 2004, 2005, 2006, 2008, 

2009, 2012, 2013, 2014, 2015, 2016, 2017, 2019, 2020, and 2021 in July, during 2000, 2002, 2006, 

2008, 2009, 2012, 2013, 2014, 2015, 2016, 2019, and 2021  in August and during 2000, 2002, 2004, 

2005, 2006, 2009, 2010, 2012, 2014, 2015, 2016, 2017, and 2020   in September,  except the western 

portion of the study area specifically Awi/Agew zone, all parts particularly northern, northeastern 

and southeastern parts of the study area were affected by moderate to extreme drought levels, the 

years 2002, 2009, and 2015 were discovered  the years of a primary drought occurrence (severe-to-

extreme drought cases) in Amhara region, Ethiopia, and 2007 were the wettest year from the entire 

study period. 
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The effectiveness of CADI was evaluated using yield estimates for the mean of cereal crops (teff, 

wheat, and maize) during the main rainfall season (Kiremt) in Amhara's ten crop-growing zones. 

Overall, the selected crop-growing zones had a stronger relationship between CADI and detrended 

crop yields, with correlation coefficient values ranging from correlation coefficients (r) = 0.51 to r 

= 0.95. East Gojam had significantly higher correlation coefficients (r = 0.95). Wag Himra, on the 

other hand, has a relatively lower correlation (r = 0.51). Generally, the index showed strong 

correlation with historical drought events, crop yield data, and local drought reports, confirming its 

ability to capture both the severity and spatial extent of agricultural drought across different climatic 

zones. CADI also performed well in distinguishing between drought and non-drought years, with 

higher sensitivity and spatial resolution than traditional drought indices. 

 As a result, CADI can be used to help Amhara develop a drought forecasting model in order to 

better prepare for future agricultural droughts. Generally, the index showed strong correlation with 

historical drought events, crop yield data, and local drought reports, confirming its ability to capture 

both the severity and spatial extent of agricultural droughts across different climatic zones. CADI 

also performed well in distinguishing between drought and non-drought years, with higher 

sensitivity and spatial resolution than traditional drought indices. 

The result of the study indicates that the combined index effectively captures the complex and 

multifaceted nature of agricultural drought, offering valuable insights for policymakers, resource 

managers, and agricultural stakeholders. By considering variables such as temperature, 

precipitation, soil moisture, and topographical factors (elevation, aspect, and slope), the index 

enables a more nuanced understanding of the severity and extent of drought events. Furthermore, 

the combined drought index emphasizes its role in enhancing drought preparedness and response 

strategies. The comprehensive nature of the index equips decision-makers with the information 

necessary to implement targeted mitigation measures and allocate resources effectively during 

drought periods. Overall, the combined drought index serves as a valuable tool in the assessment 

and monitoring of drought conditions, contributing to informed decision-making and adaptive 

strategies for managing the impacts of drought in the study area. Generally, the study confirms that 

CADI was a robust and adaptable index that enhances early warning capabilities and supports 

informed decision-making for drought risk management. Its application is especially valuable in 
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regions like the Amhara region, where agriculture is highly climate-sensitive and timely drought 

information is critical for resilience planning. 

5.2. Recommendations 

The following suggestions were sent out in light of the study's findings. 

 Based on the findings, most of the eastern, southeastern, and northeastern parts, some parts 

of central Amhara, and some portions of the east Gojam zone parts of the region were 

identified as the most vulnerable agricultural production areas. Therefore, effective drought 

risk management is urgently needed by the Amhara Region Disaster Risk Management 

offices and Amhara Region Agricultural offices cooperatively with other governmental and 

nongovernmental organizations as well as with volunteers and concerned bodies. 

 According to the study’s findings, in areas identified as extremely and severely affected by 

agricultural drought, proactive remedial actions should be implemented before drought 

occurs.  

 National, regional, and local disaster risk management offices should provide continuous 

weather information and early warnings to the communities cooperatively with national 

meteorological agencies. 

 The region’s disaster risk management offices and the region’s agricultural office should 

integrate this combined agricultural drought index with the existing disaster risk reduction 

frameworks and agricultural planning policies.  

 Training should be conducted for local agencies on using Earth observation data for drought 

preparedness and responses.  

 The Combined Agricultural Drought Index (CADI), which was created in this work, ought 

to be incorporated into regional drought monitoring systems in order to give farmers, 

development organizations, and decision-makers timely and geographically precise 

information. 

 Especially in districts that are susceptible and often affected by drought, the CADI should 

be integrated into early warning systems to initiate proactive measures like targeted 

irrigation support, input subsidies, or food assistance. 
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 The region’s Disaster Risk Management office and the region’s Agricultural office should 

collaborate with Ethiopian universities to embed remote sensing and drought monitoring 

modules into academic programs.  

 Initially, all of the input parameters for this study were available in a variety of spatial 

resolutions. Some datasets, such as soil moisture, LST, and rainfall, were only available in 

coarse resolution. Despite the fact that these coarse-resolution data still represented spatial 

variability, this study suggests that future research should use high-resolution input data. 

 For this study, all croplands (excluding other land uses) were considered, ignoring other 

land uses such as forests and grasslands; future researchers should incorporate other land 

uses. 
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APPENDICES 

APPENDIX 1: Samples to download some Input Variables to develop CADI 
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APPENDIX 2: Sample for the process of CADI Construction 
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APPENDIX 3: Guiding Interview Questions 

 

BAHIR DAR UNIVERSITY 

FACULTY OF SOCIAL SCIENCES 

DEPARTMENT OF GEOGRAPHY AND ENVIRONMENTAL STUDIES 

FIELD OF GEO- INFORMATION SCIENCE 

                                  INTERVIEW 

Interview Questions for Experts at the Agriculture and Food Security Offices in the Study 

area 

Dear interviewee, 

My Name is Banchayehu Molla; currently I am doing Master degree in Geo Information Science 

at Bahir Dar University. Now I am conducting research for my Msc thesis on Developing an Earth 

Observation Derived Combined Drought Index for Agricultural drought monitoring in Amhara 

region, Ethiopia. This interview questions have been prepared only for academic purposes. Your 

response is crucial for the success of this study. Therefore, as this research is only for academic 

purpose, I kindly request that you provide your genuine and thoughtful responses and all the 

information you provide is confidential, thus the researcher will guaranty your full security. Rest 

assured that any information you share during this interview were treated with utmost 

confidentiality and used exclusively for the purposes of this study.  
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Guiding interview questions for key informants 

1. Can you briefly describe your role and experience related to agricultural drought 

monitoring? 

2. Can you provide an overview of the agricultural drought conditions in your area? 

3. Which zones of the region is mostly affected by drought? 

4. How the Agriculture and Food Security Office monitor drought conditions? 

5. Can you provide an overview of the current drought monitoring practices? 

6. Which existing drought indices or metrics, if any, are currently being used for agricultural 

drought monitoring in the Amhara region? 

7. How do you perceive the effectiveness of the existing agricultural drought monitoring 

systems in the region?  

8. What are the main challenges and limitations of the existing drought monitoring 

approaches? 

9. What are the limitations or challenges you have encountered in monitoring drought events? 

10. Can you please provide information on drought years from the last 22 years that occurred 

from 2000 to 2021?  

11. Which one was the most devastating event?  

12. How the frequency of agricultural drought was looks like in the past drought years? 

 

 

The insights and information you provided were crucial for the successful completion of my study.  

I sincerely appreciate your cooperation and voluntary participation in this study. 

 

 

 

 

 

 

 

 

 


