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Abstract 

Due to the shifting climate, extreme events are being observed more frequently globally. Drought 

is one of the most common natural hazards that severely impacts communities in terms of 

economic losses and agricultural production disruption. Considering global trade, drought in an 

agricultural region affects the food security in other regions because of disrupted supply. Decision-

makers often consult susceptibility maps when preparing mitigation plans so that the adverse 

impacts of a drought event can be reduced. Creating drought susceptibility maps can be 

demanding, requiring a lot of data (i.e., hydrological and land use), expertise, and thorough 

assessment to accurately picture a vulnerable region’s condition. The process also relies on 

complex hydrological and hydrometeorological models. The objective of this investigation is to 

examine the vulnerability and impact of drought and formulate maps of drought susceptibility, 

exposure, and risk by considering a multitude of atmospheric, physical and social indicators. 

Subsequent to this notion, a fuzzy logic algorithm has been devised by assigning a comprehensive 

array of weights to each parameter derived from an exhaustive literature review and used for a 

preliminary investigation for the state of Iowa. This state is located in the Corn Belt region, and its 

primary economic activity is agriculture. Drought susceptibility maps for the state of Iowa have 

been generated for the period spanning from 2015 to 2021 and validated using the Kappa 

coefficient. The produced drought susceptibility maps can support drought mitigation plans and 

decisions for communities in Iowa. 
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1. Introduction 

The atmosphere has become warmer, which has caused the intensification of the water cycle 

(Madakumbura et al., 2019; Tabari, 2020), which is related to extreme atmospheric and 

hydroclimatological conditions (Seager et al., 2012) such as droughts. Climate change contributes 

to the increased frequency and severity of droughts and floods worldwide, devastatingly impacting 

agriculture, ecosystems, city infrastructure (Beck et al., 2010), and human well-being. Rising 

temperatures and changing precipitation patterns are leading to water scarcity, soil degradation, 

and increased wildfire risk, exacerbating the negative impacts of the drought (Mukherjee et al., 

2018). According to Yuan et al. (2023), drought intensification rates have increased, and the 

incidence of flash droughts has globally increased by 74% over the past 64 years. Across the world, 

the number of drought events, affected people, and total damages have increased significantly 

since the 1990s, rising from 140 to 219 events, 313 to 865 million people, and 73 to $163 billion 

damage, respectively (EM-DAT, 2023a). The United States has experienced 26 distinct drought 

episodes, with an estimated total economic loss of 22 billion US dollars (EM-DAT, 2023b). In 

addition, multi-model ensemble drought projection studies indicate that drought frequency and 

severity will increase in the future projections globally (Spinoni et al., 2020); regionally (Cos et 

al., 2022); country level (Islam et al., 2022); and watershed levels in agricultural lands (Yeşilköy 

and Şaylan, 2022). 

Drought is characterized as a multidimensional and insidious hydroclimatological 

phenomenon due to its gradual occurrence and long-lasting impacts on agriculture (Wang et al., 

2014), water resources (Pedro-Monzonís et al., 2015), recreation (Thomas et al., 2013), wildlife 

(Bodmer et al., 2018), and related communities (Aitkenhead et al., 2021). Agricultural drought is 

characterized by a shortage of soil moisture (SM) resulting from a lack of precipitation over a 

specific period (Sepulcre-Canto et al., 2012). When SM declines below the wilting point of the 

soil, crop yield is adversely impacted, resulting in reduced production of crops (Lobell et al., 2011). 

The costs and losses associated with agricultural drought-related output are increasing dramatically 

(García-León et al., 2021), making it challenging to quantify precisely in terms of spatial extent 

and intensity. The success of drought preparedness and mitigation depends on timely information 

on drought onset, progress, and extent obtained through effective drought monitoring. Effective 

monitoring of water resources requires extensive effort on instrumentation via sensor networks, 

remote sensing and citizen science efforts (Demir et al., 2015). Typically, drought monitoring 

involves using drought indicators like the Standardized Evapotranspiration and Precipitation Index 

(SPEI; Vicente-Serrano et al., 2010) and the Evaporative Demand Drought Index (EDDI; Hobbins 

et al., 2016) at different time scales (Tian et al., 2018), which can provide estimates of the severity 

of drought and track its propagation (Schumacher et al., 2022). 

Droughts can cause significant economic losses, particularly in agricultural regions where 

crops and livestock are vulnerable to water shortages (O’Neill et al., 2020). It is a severe natural 

hazard that affects many regions of the world, including the Midwestern region of the US (Mallya 

et al., 2013), where it poses a significant threat to agricultural production (Dai, 2011). The US 

Midwest (or corn belt) is prone to droughts, with Iowa being one of the most agriculture-dominant 
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states that can be severely affected. Drought conditions in Iowa can lead to crop failures, water 

scarcity, and economic losses (Hatfield and Prueger, 2015). In 2021, more than half of the Iowa 

counties were declared beneficiaries of the Emergency Relief Program due to droughts (USDA, 

2021a). Climate change is increasing the frequency and intensity of droughts in the corn belt (Zhou 

et al., 2021), making it crucial to develop effective drought assessment and management tools. In 

recent years, there has been growing concern about the impact of climate change on the frequency 

and intensity of droughts in the Midwest. Studies have shown that climate change is likely to 

increase the risk of droughts in the region, making it imperative to develop effective drought 

assessment and management tools (Walthall et al., 2012). The literature emphasizes the 

significance of addressing Iowa’s susceptibility to agricultural droughts. 

In January 2023, the Iowa Drought Plan was developed to work on an approach to address the 

increasing frequency and intensity of droughts in the state, and prepare for, identify, respond to 

and recover from the drought events. The plan consists of several strategies to improve water 

management, reduce water demand, and enhance water conservation. Along with the real-time 

monitoring effort, the plan utilized National Risk Index products such as the Drought Risk Index 

and Expected Annual Losses (Iowa DNR, 2023). Although these resources are valuable for 

assessing drought vulnerability, their resolutions are inadequate to provide detailed information on 

the state of the drought. High-resolution drought maps are crucial for effective drought 

management and mitigation. These maps can provide detailed information about the extent and 

severity of drought conditions, which can help decision-makers and stakeholders identify 

vulnerable areas and prioritize resources for drought response. High-resolution drought maps can 

also aid in developing early warning systems and improve the accuracy of drought forecasting. In 

addition, these maps can assist in assessing drought impacts on various sectors, including 

agriculture, water resources, and public health. 

With the rapid development of geospatial technologies, such as remote sensing and Geographic 

Information System (GIS) technology, they have become increasingly popular for monitoring 

(Sermet and Demir, 2023) water hazards (i.e., drought and flooding) and environmental analysis 

(Xu et al., 2019), due to their microscopic view, affordability, comprehensive coverage, and high 

spatial and temporal resolution. Web based libraries and systems provide significant potential in 

communicating (Demir et al., 2009) and analyzing geospatial data (Sit et al., 2019) to support 

informed decisions. A recent review of agricultural drought indices derived from remote sensing 

has demonstrated significant research progress and classification, including SM and crop water 

demand indices (Kumar et al., 2013; Mani and Varghese, 2018). Remote sensing, in particular, has 

been extensively used to monitor flooding (Li and Demir, 2023), vegetation health, soil moisture, 

and air temperature, critical indicators of drought conditions (Wang et al., 2019). These datasets 

can be obtained from various sources, including satellites, aircraft, and ground-based sensors 

(Muste et al., 2017), and can provide valuable information on the spatial and temporal variability 

of drought conditions. In addition, monitoring crop water demand conditions derived from remote 

sensing is generally reflected through crop morphological, physiological, and comprehensive 

indices (Yang and Wu, 2010).  
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Fuzzy logic-based approaches are another essential risk analysis and assessment technique that 

has gained popularity in recent years. In the field of natural hazard mapping, previous studies have 

utilized multiple criteria decision methods (MCDM), such as the analytic hierarchy process (AHP), 

the fuzzy analytic hierarchy process (FAHP) approach (Cikmaz et al., 2023), fuzzy logic (Hoque 

et al., 2021), data analytics (Alabbad et al., 2022), statistical models, and machine learning (Sit et 

al., 2021). For instance, Hoque et al. (2021) used a heuristic approach by integrating fuzzy logic 

to map agricultural drought vulnerability. These models are recognized as being among the 

essential hazard assessment tools. However, multicriteria decision-making is considered more 

accurate and less subjective when using fuzzy logic, reducing imprecision and subjectivity (Zhao 

and Li, 2016). This fuzzy logic-based method is artificial intelligence that can handle uncertain 

and imprecise data. They are beneficial for drought assessment because drought conditions are 

often complex and challenging to define, and uncertainty is often associated with the data used to 

assess drought conditions. Fuzzy logic-based methods can help overcome these challenges by 

providing a more flexible and adaptable approach to drought assessment (Nikolova et al., 2021). 

There are various efforts in the literature to assess agricultural drought vulnerability. Ekrami 

et al. (2023) used the AHP approach for arid and semiarid regions and validated agricultural 

drought vulnerability maps with specific ground control points (GCP). Senapati et al. (2021) 

employed AHP and weighted overlay techniques for West Bengal. Block-wise productivity data 

was used in this study, and a visual cross-correlation study was employed for validation. Mokarram 

et al. (2021) used the MCDM coupled with a cellular automaton (CA)-Markov model for Iran, 

using the receiver operating characteristic (ROC) curve for validation.  

Wu et al. (2017a) evaluated global vulnerability to agricultural drought. They created the 

agricultural drought vulnerability index, composed of the weight of the seasonal crop water 

deficiency ratio, the importance of the soil’s available water-holding capacity, and the weight of 

the irrigated area proportion. They chose global agricultural cultivation regions as the study area 

and identified six main crops as the hazards-affected body of agricultural drought. Another drought 

vulnerability index for Zacatecas was developed by Ortega-Gaucin et al. (2021) based on a 

collection of socioeconomic and environmental parameters and utilizing sensitivity and adaptive 

capacity indices. To assess the agricultural drought susceptibility of Yunnan Province in China, 

Wu et al. (2017b) developed a comprehensive approach based on a vulnerability scoping diagram 

(VSD) model that emphasizes the human-land link by considering both natural circumstances and 

human activities. Zarei et al. (2021) used AHP to assess the susceptibility of several forms of 

drought in Iran, including meteorological, hydrological, and agricultural droughts. A consistency 

index was employed for the validation of the results. 

Some researchers have validated their findings using a consistency index (rate). For instance, 

Kundu et al. (2021) used AHP to estimate drought vulnerability in India from a socioeconomic 

perspective. Wijitkosum and Sriburi (2019) used the fuzzy AHP (FAHP) to examine 

desertification risks for Thailand by concentrating on climatic, physical, soil, and land use aspects. 

In this study, a consistency test was performed. Zarei and Mahmoudi (2022) used FAHP and the 

second-order Markov Chain to predict agricultural drought vulnerability in Iran, and they applied 



 

4 

a compatibility ratio to estimate the accuracy of the results. Sivakumar et al. (2021) employed 

MCDM and AHP for India. Stephan et al. (2023) applied two weighting methods with multicriteria 

inputs in the pre-Alpine region. The validation process was conducted via interviews with 

stakeholders. Utilizing an entropy-fuzzy pattern recognition-based model, Zhou et al. (2022) 

identified the key contributors to a city’s drought susceptibility: precipitation, water usage 

effectiveness, and irrigation protection area rate. Moreover, the severity of agricultural drought 

susceptibility in China was assessed by Guo et al. (2021) using the weighted comprehensive score 

approach and the entropy weight method. 

These models are essential hazard assessment tools (Hoque et al., 2021; Nikolova et al., 2021). 

However, when using fuzzy logic, multicriteria decision-making is considered more accurate 

(Chen et al., 2020) and less subjective (Mahjouri et al., 2017), as it reduces imprecision and 

subjectivity (Kahraman, 2008). This fuzzy logic-based method resembles human reasoning to 

handle uncertain and imprecise data. They are beneficial for drought assessment (Pesti et al., 1996) 

because drought conditions are often complex and challenging to define due to their chaotic nature 

(Baydaroğlu Yeşilköy et al., 2020). Fuzzy logic-based methods can help to overcome these 

challenges by providing a more flexible and adaptable approach to drought assessment. We will 

use remote sensing (soil moisture) and meteorological (air temperature, precipitation) data to 

develop a fuzzy logic-based drought index incorporating multiple variables, vegetation health, etc. 

Considering that Iowa is one of the most vulnerable states and is an agricultural production 

stronghold, understanding hazard susceptibility is critical to inform decision-makers about taking 

the necessary actions to minimize losses (Yildirim and Demir, 2022). Additionally, the state’s 

essential role in food production requires examining the phenomenon. Also, fuzzy-based artificial 

intelligence has not been adopted to investigate drought conditions statewide, which can generate 

insights into the state’s vulnerability to natural disasters. To close the gap, this research aimed to 

(1) develop a fuzzy logic-based geospatial technique for agricultural drought assessment in Iowa; 

(2) create an agricultural drought vulnerability map for the corn and soybean farming systems 

based on multicriteria analysis; (3) analyze the spatiotemporal variability of drought conditions in 

the state and identify the most vulnerable regions to drought; and (4) provide potential agricultural 

drought event mitigation and adaptation strategies for stakeholders like decision-makers, 

agriculturists, and farmers. To achieve these objectives, we carried out an extensive literature 

review on drought assessment, geospatial techniques and fuzzy logic-based approaches for the 

analysis. 

The manuscript was structured as follows: In the methods section, we describe data sources 

and methodology, including selecting variables and developing the fuzzy logic-based index. In the 

results section, we present the results of our analysis, including the validation of the index using 

ground-based data and the spatiotemporal variability of drought conditions in Iowa. We then 

discuss the implications of our findings for drought management and adaptation strategies. In 

conclusion, we conclude the paper and provide recommendations for future research. 
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2. Materials and Methods 

2.1. Study Area 

The state of Iowa is located in the U.S. Midwest or Corn Belt (Latitude: 40° 23′ N to 43° 30′ N 

and longitude: 90° 8′ W to 96° 38′ W) with an area of 145,746 km². It is bordered by six other 

states: Illinois to the east, Minnesota to the north, Nebraska to the west, Wisconsin to the northeast, 

Missouri to the south, and South Dakota to the northwest. According to the Köppen-Geiger climate 

classification (Beck et al., 2018), Iowa has a humid continental climate. Average temperatures in 

July, the hottest month, range from 22°C in the north to 27°C in the south, while average 

temperatures in January, the coldest month, range from -12°C in the north to -5°C in the south. 

The state receives a mean annual total precipitation of 858 mm, with the heaviest rainfall in May 

and June. 

Agriculture is the backbone of Iowa’s economy, with approximately 85% of its land area 

dedicated to farmland (Iowa Farm Facts, 2023). The state is a leading producer of corn, soybeans, 

pork, and eggs, among other commodities (USDA, 2021). The topography of Iowa is relatively 

flat, with an elevation ranging from 146 m above sea level in the southeastern part of the state to 

509 m in the northwestern region. The state is drained by several major river systems, including 

the Missouri River, which forms the state's western border, and the Mississippi River, which 

includes the eastern border. The state also has numerous smaller rivers, streams, and lakes as seen 

in Figure 1. 

 

 
Figure 1. Land classes and location of the study area, State of Iowa. 
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Despite its relatively high average annual precipitation, Iowa is still vulnerable to drought in 

recent years (Leeper et al., 2022). Droughts in the state can lead to crop failures, water scarcity, 

and economic losses. In recent years, several severe droughts in Iowa, including in 2012 and 2021, 

significantly damaged crops and livestock (NOAA, 2023). The Midwest area is predicted to 

experience more frequent and severe droughts due to climate change, necessitating the creation of 

practical drought assessment and management techniques. 

The state is split into nine crop reporting districts for agricultural purposes, and the US 

Department of Agriculture (USDA) uses these districts to record crop yields and output (USDA, 

2021b). These districts are based on soil type, climate, and agricultural practices and provide a 

useful framework for analyzing agricultural drought at a regional level. The major crops grown in 

Iowa are corn and soybeans, which account for approximately 90% of the state’s crop acreage 

(USDA, 2021). Livestock production is also an important sector of Iowa’s agricultural industry, 

with the state ranking first in the nation in the production of pork and eggs. The study area, Iowa, 

is the 26th largest state in the US and one of the leading agricultural states in the country. The study 

period covered 2015 to 2021, which provided a 7-year time frame for the analysis. Overall, Iowa's 

unique geographic and climatic characteristics and strong agricultural sector make it an important 

region to study in the context of agricultural drought assessment and management. 

 

2.2. Data 

The data used in this research came from various sources (Table 1). The National Oceanic and 

Atmospheric Administration (NOAA) and the National Centers for Environmental Information 

(NCEI) provided the climatic data, which included precipitation and temperature (NOAA, 2021). 

The soil moisture data were obtained from the North American Land Data Assimilation System 

(NLDAS) (Beaudoing et al., 2021). The crop yield data were obtained from the U.S. Department 

of Agriculture’s (USDA) National Agricultural Statistics Service (NASS) (USDA, 2021b). The 

land use data were obtained from the USDA National Agricultural Statistics Service (NASS) 

Cropland Data Layer (CDL) (USDA, 2021c). Slope (percentage rise) was calculated using the 

Digital Elevation Model (DEM) data at 30 m spatial resolution. 

 

Table 1. Data and its type, spatial resolution, and source are listed. 

Indicator Data 

Type 

Spatial 

Resolution 

Data Source Time 

Period 

Land Use 

Land Cover 

(LULC) 

Raster 

data 

10 m Iowa DNR 

https://programs.iowadnr.gov/geospatial/rest/ser

vices/LandCover/LC_2009_1m/MapServer 

2019 

Soil type Shapefile N/A USDA website 

https://www.nrcs.usda.gov/conservation-

basics/natural-resource-concerns/soil 

2021 

https://programs.iowadnr.gov/geospatial/rest/services/LandCover/LC_2009_1m/MapServer
https://programs.iowadnr.gov/geospatial/rest/services/LandCover/LC_2009_1m/MapServer
https://www.nrcs.usda.gov/conservation-basics/natural-resource-concerns/soil
https://www.nrcs.usda.gov/conservation-basics/natural-resource-concerns/soil
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Soil moisture 

content 

(Percentile) 

Raster 

data 

0.125° Beaudoing et al. (2021) 

https://doi.org/10.5067/UH653SEZR9VQ 

2015-

2021 

Digital 

elevation 

model (m) 

Raster 

data 

30 m Earth explorer (SRTM DEM) 

https://earthexplorer.usgs.gov/ 

2019 

Daily total 

precipitation 

(mm) 

Raster 

data 

4 km gridMET: 

https://www.climatologylab.org/gridmet.html 

2015-

2021 

Daily 

maximum air 

temperature 

(°C) 

Raster 

data 

4 km gridMET: 

https://www.climatologylab.org/gridmet.html 

2015-

2021 

Daily total 

potential 

evapotranspir

ation (mm) 

Raster 

data 

4 km gridMET: 

https://www.climatologylab.org/gridmet.html 

2015-

2021 

Distance from 

waterbody 

(m) 

 30 m Geo data of Iowa 

https://geodata.iowa.gov/search?collection=Doc

ument 

2021 

Distance from 

road (m) 

Shapefile 30 m The TIGER/Line shapefiles and related database 

files of the U.S. census 

https://catalog.data.gov/dataset/tiger-line-

shapefile-2015-state-iowa-primary-and-

secondary-roads-state-based-shapefile 

2021 

Population 

density 

(people/km2) 

Shapefile N/A ACS 2021 (2017-21, 5-year estimation) from 

National Historical Geographic Information 

System (NHGIS) 

https://www.nhgis.org/ 

2021 

 

2.2.1. Indicators of Agricultural Drought Vulnerability Mapping 

Agricultural drought is often associated with four parameters: soil type, precipitation, soil 

moisture, air temperature, and potential evapotranspiration (PET; Narasimhan and Srinivasan, 

2005). This study considered all these parameters for the study period (Dayal et al., 2017). The 

growth of crops largely depends on the soil’s moisture content. In addition, the type of soil also 

plays an essential role in ensuring nutrients and water for growth (Jain et al., 2015). Soil containing 

a higher proportion of loam and clay has a greater capacity to retain water than sandy soil. 

Consequently, regions with higher levels of sand content in their soil are at an increased risk of 

experiencing drought. The soil type data was obtained from the US Department of Agriculture, 

https://doi.org/10.5067/UH653SEZR9VQ
https://earthexplorer.usgs.gov/
https://www.climatologylab.org/gridmet.html
https://www.climatologylab.org/gridmet.html
https://www.climatologylab.org/gridmet.html
https://geodata.iowa.gov/search?collection=Document
https://geodata.iowa.gov/search?collection=Document
https://catalog.data.gov/dataset/tiger-line-shapefile-2015-state-iowa-primary-and-secondary-roads-state-based-shapefile
https://catalog.data.gov/dataset/tiger-line-shapefile-2015-state-iowa-primary-and-secondary-roads-state-based-shapefile
https://catalog.data.gov/dataset/tiger-line-shapefile-2015-state-iowa-primary-and-secondary-roads-state-based-shapefile
https://www.nhgis.org/
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Natural Resources Conservation Service (USDA, 2016), and daily SM data from NASA-GRACE 

(Beaudoing et al., 2021).  

Various climatic variables, such as maximum air temperature (Tmax), evapotranspiration (ET), 

and precipitation (P), have a significant impact on the susceptibility of regions to agricultural 

drought (Dahal et al., 2016). These variables strongly associate with agricultural productivity and 

play a critical role in determining the level of exposure to drought conditions in each region. 

Precipitation is one of the most essential variables influencing agricultural drought. Low 

precipitation levels intensify drought conditions, adversely affecting agricultural productivity. 

Consequently, regions with low levels of rainfall are generally more susceptible to agricultural 

drought than regions with high levels of rainfall. In contrast, areas with low temperatures and 

evapotranspiration are less vulnerable to the effects of agricultural drought. These climatic 

variables tend to have a mitigating effect on drought conditions, reducing the overall susceptibility 

of an area to drought. 

The approach employed in data analysis followed a series of distinct phases. Firstly, the 

NetCDF format data was converted to raster format. Subsequently, the average of all year data was 

calculated through ArcGIS’ raster calculator, and this information was integrated into a single 

raster layer. The soil type data for 2016 was obtained as a shape file from the USDA, and it was 

classified based on its relevance to agricultural drought susceptibility. This thorough process 

ensured that a comprehensive data analysis was conducted, and the results were grounded in robust 

and reliable data. 

 

2.2.2. Indicators of Exposure Mapping 

The concept of exposure within the context of hazard assessment refers to the elements of a given 

area that are susceptible to the impact of a potential disaster. These elements include the 

population, infrastructure, and built surfaces that may be vulnerable to damage in the event of a 

hazard. Various indicators are utilized to effectively map the level of exposure within a given 

region, such as land use and land classification (LULC), as well as population density (Wu et al., 

2017c). In the specific case of the state of Iowa, the LULC data reveals that the majority of the 

land is utilized for various types of crop cultivation. However, when considering the weight of 

each classification in terms of their susceptibility to hazard exposure, barren or fallow lands are 

deemed the most vulnerable. This contrasts with water bodies, vegetation, and snow cover, 

considered the least exposed to regional hazards. A nuanced understanding of the level of exposure 

within a region is vital to implementing effective disaster risk reduction strategies and ensuring 

the safety of those who reside within the area.  

The population data were collected from the National Historical Geographic Information 

System (NHGIS) following the 2021 census (Steven Manson, 2021). It has been widely recognized 

that population density can have a significant impact on the occurrence of food scarcity and famine 

in a given region. In areas with high population density, the demand for resources such as food 

and water can often exceed the available supply, leading to scarcity becoming a genuine concern. 

This can be exacerbated by severe drought conditions, which can further limit the available 
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resources and make it increasingly difficult for people to access the necessary food and water. The 

effects of famine can be particularly devastating, as they can lead to serious health issues and even 

the loss of life in some cases. Moreover, they can have significant social and economic 

consequences, compounding the negative impact on affected communities. Therefore, it is 

essential to develop effective strategies for mitigating the effects of food scarcity and famine, 

especially in regions with high population density. Figure 2 (a-e) shows land use and land cover, 

distance to roads, distance to water bodies, soil type, elevation, and population density maps. 

 

 
Figure 2. (a) Distance to road map (b) Distance to waterbody (c) Soil type (d) Elevation (e) land 

use and land class, and (f) Population density (people/sq.km) map. 
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Figure 3. (a) Maximum air temperature (b) Total PET (c) Total Precipitation (d) Soil moisture 

maps of Iowa between the 2015 and 2021 years. 
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Tmax, PET, precipitation, soil water content, and fuzzy vulnerability maps during the 

agricultural production between 2015 and 2021 can be found in Figures 3 (a-d). Looking at the 

Tmax maps, it can be seen that Iowa’s middle, west, southwest, and southeast regions are exposed 

to higher temperatures, almost like a semicircle. In contrast, lower temperatures are observed at 

relatively high latitudes in the study area (Fig. 3 (a)). The observed gradual decline in the maximum 

temperature distribution from the southern to the northern regions, as depicted in Fig. 3 (a), can be 

attributed to the latitudinal effect resulting in a decrease in temperature. The observed decline in 

areas with lower maximum temperatures between 2015 and 2021 is noteworthy. 

Since PET values are calculated from atmospheric variables such as air temperature, wind 

speed, and relative humidity, they have similarities with the temperature map. Therefore, its spatial 

and temporal resolution can be considerably varied. As seen in Figure 3 (b), the spatial variation 

of PET values is high. The spatiotemporal variability of precipitation levels ranging from 400 to 

600 mm during the agricultural production period in Iowa is significant (Fig. 3 (c)). The variability 

of PET values within the range of 500–800 mm suggests that the soil water budget may exhibit 

susceptibility to drought conditions. Furthermore, the occurrence of snow droughts during the 

winter months has the potential to exacerbate agricultural drought conditions during the summer 

season (Yeşilköy et al., 2023). 

When reviewing the soil water content maps (Fig. 3 (d)) generated for Iowa, it is evident that 

regions with low soil water content coincide with areas experiencing low precipitation amounts 

and high PET values during the summer. In the 2021 map of SM, the central Iowa region is 

characterized by a significant deficit in SM. It can be said that the precipitation levels during this 

episode are relatively insufficient, measuring approximately 400 mm, while the PET values are in 

the range of 750-800 mm. Considering that the PET-P amounts range between 350-400 mm, it is 

thought that such values could potentially result in agricultural drought. Based on the presented 

maps, it can be clearly stated that the occurrence of meteorological drought does not necessarily 

imply the presence of agricultural drought in the corresponding regions. 

 

2.3. Fuzzy Membership Functions and Weight Assignments 

The assignment of weights is an essential component of various types of research, including risk 

assessment, vulnerability mapping, and decision-making. To accomplish this task 

comprehensively and effectively, fuzzy membership functions can express uncertainty and 

vagueness (Pramanik et al., 2020). Fuzzy membership functions help quantify an element’s 

membership degree to a particular class or category, with values from 0 to 1, where 1 signifies full 

membership and 0 represents no membership. By utilizing fuzzy membership functions, 

subjectivity and uncertainty can be incorporated into the weight assignment process, producing 

more accurate and dependable outcomes. This approach has been successfully applied in various 

disciplines, such as environmental management, urban planning, and decision-making under 

conditions of uncertainty. As such, the application of fuzzy membership functions in weight 

assignment has emerged as a valuable tool for researchers seeking to improve the accuracy and 

reliability of their analyses. 
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Applying fuzzy membership functions in drought assessment is a vital step involving several 

stages. The initial phase consists of classifying drought indicators into distinct classes using 

various methods such as manual classification, equal intervals, and natural breaks. The classified 

indicators are then reclassified and assigned numbers from 0 to 5 based on their contribution to 

agricultural drought in the ArcGIS environment. Fuzzy membership functions such as fuzzy-large, 

fuzzy-small, and linear are then assigned to the reclassified dataset based on their direct or inverse 

relationship with agricultural drought vulnerability. Some factors such as soil type, elevation, Tmax, 

PET, and distance to water bodies, which directly relate to vulnerability, are assigned fuzzy-large 

functions. 

In contrast, indicators like soil moisture and total rainfall, which have an inverse relationship 

with vulnerability, are assigned fuzzy-small functions. Additionally, the population density has a 

linear relationship with vulnerability and, thus, is assigned a fuzzy-linear function. The procedures 

used in the study, including fuzzy-large and fuzzy-small, are presented in equations (1) and (2), 

respectively. The rationale for using these functions and their characteristics is further explained 

by Mullick et al. (2019).  

 

𝜇1 (𝑥) =  
1

1 + (
𝑥

𝑓2
)−𝑓1

 (1) 

𝜇2 (𝑥) =  
1

1 + (
𝑥

𝑓2
) 𝑓1

 (2) 

 

where, both the spread (f1) and the data midpoint values were specified by the default functions 

of the membership functions as the functions set the value quantifying the data distribution. Here, 

𝑥 is the value of the input raster file and "𝜇1" and "𝜇2" are the Fuzzy-large and Fuzzy-small 

functions, respectively. Table 2 shows the drought indicators used in the study, their assigned 

weights, and susceptibility levels with fuzzy membership functions. 

 

Table 2. Assigned weight and fuzzy membership function against the agricultural drought 

indicators. 

Drought 

Indicators 
Class Break Value 

Susceptibility 

Level 
Weight 

Membership 

Function 

Notes / 

Assumptions 

LULC 

Crop land Very high 1 

Fuzzy-small 

Inversely related 

to agricultural 

drought 

Urban/Built-up High 2 

Vegetation Moderate 3 

Grassland Low 4 

Barren / Fellow land Very low 5 

Water Non-member -10 

Soil type 
Sandy Very high 5 

Fuzzy-small 
Sandy loam/rocky High 4 
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loamy sand/sandy 

clay loam 
Moderate 3 

Inversely related 

to agricultural 

drought 

loam/silty clay 

loam/organic/silt 

loam 

Low 2 

clay loam/silty 

clay/clay 
Very low 1 

Soil moisture 

content 

(Percentile) 

< 24.65 Very high 5 

Fuzzy-small 

Inversely related 

to agricultural 

drought 

24.66 – 38.25 High 4 

38.26 – 48.83 Moderate 3 

48.83 – 67.37 Low 2 

< 67.38 Very low 1 

Digital 

Elevation 

Model (m) 

< 245 Very low 1 

Fuzzy-large 

Directly related 

to agricultural 

drought and has a 

direct association 

with that. 

245 – 298 Low 2 

298 – 345 Moderate 3 

345 – 393 High 4 

>= 393 Very high 5 

Slope 

(percentage 

rise) 

0 – 2 Very low 1 

Fuzzy-large 

Directly related 

to agricultural 

drought and has a 

direct association 

with that. 

2 – 4 Low 2 

4 – 6 Moderate 3 

6 – 8 High 4 

>8 Very high 5 

Seasonal 

total 

precipitation 

(mm) 

< 410.62 Very high 5 

Fuzzy-small 

Inversely related 

to agricultural 

drought 

410.62 – 494.77 High 4 

494.77 – 508.97 Moderate 3 

508.97 – 578.94 Low 2 

> 578.94 Very low 1 

Seasonal 

mean Tmax 

(°C) 

< 23.25 Very low 1 

Fuzzy-large 

Directly related 

to agricultural 

drought and has a 

direct association 

with that. 

23.25 – 23.87 Low 2 

23.87 – 24.55 Moderate 3 

24.55 – 25.26 High 4 

> 25.26 Very high 5 

Seasonal 

total PET 

(mm) 

< 523.44 Very low 1 

Fuzzy-large 

Directly related 

to agricultural 

drought 

523.44 – 530.34 Low 2 

530.34 – 638.27 Moderate 3 

638.27 – 646.84 High 4 

> 646.84 Very high 5 

Distance 

from 

< 300 Very low 1 
Fuzzy-large 

300 – 500 Low 2 
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waterbody 

(m) 

500 – 1000 Moderate 3 Directly related 

to agricultural 

drought 

1000 – 2000 High 4 

> 2000 Very high 5 

Distance 

from road 

(m) 

< 300 Very low 1 

Fuzzy-large 

Directly related 

to agricultural 

drought 

300 – 500 Low 2 

500 – 1000 Moderate 3 

1000 – 2000 High 4 

> 2000 Very high 5 

Population 

density 

(people / 

km2) 

< 1 Very low 1 

Fuzzy-linear 

Directly related 

to agricultural 

drought 

1 – 5 Low 2 

5 – 10  Moderate 3 

10 – 20 High 4 

> 2500 Very high 5 

 

2.4. Assessment of Vulnerability, Exposure and Drought Risk 

Following the assignment of weights to the indicators using fuzzy-membership functions, the 

indicators were normalized to a 0-1 scale, where 0 denotes a low association with drought, and 1 

denotes a high association. Subsequently, the fuzzy overlay function in the ArcGIS toolbox was 

employed to quantify vulnerability and exposure. The fuzzy overlay function offers five operators: 

SUM, AND, OR, PRODUCT, and GAMMA. The GAMMA overlay operation was utilized in the 

current study due to its effectiveness in agricultural drought assessment, as indicated by Dayal et 

al. (2017) and Hoque et al. (2021). Once the vulnerability map was generated, the exposure 

indicators were multiplied with the vulnerability map to quantify exposure due to vulnerability. 

The process of assessing the risks of an agricultural drought entails identifying and mapping 

the physical and socioeconomic elements that influence its incidence and severity. Vulnerability 

indicators are physical or environmental elements that influence the likelihood and severity of 

drought, such as SM content, rainfall, max air temperature, and evapotranspiration rates. 

Socioeconomic variables that determine how well populations or systems can adapt to the effects 

of drought include soil type, land use and cover, and population density. ArcGIS’s fuzzy overlay 

Gamma function (Eq. 3) combined hazard and vulnerability indicators to create a composite risk 

map that displays regions with high and low agricultural drought risk. The generated map can 

assist decision-makers in prioritizing locations for focused intervention and identifying regions 

needing mitigation measures to lower the risk of agricultural drought. The equation for the gamma 

distribution function is below: 

 

𝑓(𝑥) = {
𝑥𝑝−1𝑒−𝑥

Γp
 𝑝 > 0, 0 ≤ 𝑥 < ∞

0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
       (3) 

 

where p and x are continuous random variables. The gamma function is Γ(y), a complex number 

version of the factorial function. So, the Equation 4 for the agricultural drought risk map was used. 
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𝐷𝑟𝑜𝑢𝑔ℎ𝑡 𝑟𝑖𝑠𝑘 𝑚𝑎𝑝 =  𝐷𝑟𝑜𝑢𝑔ℎ𝑡 𝑣𝑢𝑙𝑛𝑒𝑟𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑥 𝐸𝑥𝑝𝑜𝑠𝑢𝑟𝑒 𝑜𝑓 𝑑𝑟𝑜𝑢𝑔ℎ𝑡   (4) 

 

3. Results and Discussion 

Multiple drought risk maps were produced based on the data and approach, the drought 

vulnerability, exposure, and finally, using the vulnerability and exposure data. We provide more 

details on our findings in the following sections. 

 

3.1. Fuzzy Vulnerability of Drought Indicators 

The fuzzy vulnerability of the different indicators is shown in Figure 4 (a-f).  Due to numerous 

circumstances, most of the region is classified as having a very low or low level of agricultural 

vulnerability. Inadequate infrastructure, such as limited road connectivity, impedes the transport 

of agricultural inputs and outputs, making it difficult for producers to engage in efficient 

agricultural practices. In addition, limited access to dependable water sources and insufficient 

irrigation systems limits agricultural productivity, forcing farmers to rely on rain-fed agriculture 

or limiting specific crop cultivation. As Iowa has good road network facilities and a lot of 

waterbodies, most of the area is less susceptible to agricultural drought. Inadequate soil conditions, 

such as insufficient drainage or a deficiency of vital nutrients, further impede agricultural success. 

The soil type of Iowa is favorable to agricultural production. So, a few of the areas are vulnerable 

to these factors. In addition, areas with low population density have a low vulnerability to drought, 

except for main cities and populated areas. Additionally, environmental factors, such as extreme 

weather events and unfavorable climate conditions, contribute to the overall vulnerability. 

Figure 5 (a-d) shows the fuzzy standardized maps of meteorological factors (Tmax, PET, P, and 

SM) via color. Red spots show agricultural drought risk, while green areas indicate agricultural 

drought-resistant regions according to Tmax (Fig. 4(a)), PET (Fig. 5(b)), precipitation (Fig. 5(c)), 

and soil moisture (Fig. 5(d)).  

The variability of Tmax is greatly influenced by various factors, including surface type, altitude, 

and other related factors. The cartographic depictions exhibit significant variation on an annual 

basis, not solely attributable to the characteristics mentioned above but also due to climatic 

variability. Similarly, it varies considerably in PET, and P. PET values depend on the air 

temperature and factors such as relative humidity and wind speed, which have quite chaotic 

properties (Baydaroğlu and Koçak, 2019). In addition to these factors, precipitation is affected by 

teleconnections (Villarini et al., 2013) and other synoptic scale movements (Elkhouly et al., 2023) 

in Iowa. Furthermore, the soil moisture spatial variability is complex due to the physical 

composition of the soil, in conjunction with the aforementioned meteorological factors (Wang et 

al., 2017). 

 

3.2. Drought Vulnerability Mapping 

Figure 6 illustrates the varying degrees of drought vulnerability observed in the study area from 

2015 to 2021 based on the influence of several significant factors. The equal interval classification 

system divides drought vulnerability into five distinct classes, ranging from extremely low to 
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extremely high. Observing that the spatial extent of drought vulnerability varies over the specified 

time period is essential. This data is presented in Table 3, which provides a percentage-based 

representation of the various drought vulnerability levels in different years. During the examined 

period, the majority of Iowa's land area exhibited low to moderate drought vulnerability. However, 

there were also high drought vulnerability instances, except in 2017 and 2021. These years (2017 

and 2021) were recorded as when the drought was intensely felt in Iowa and Midwest. 

 

 
Figure 4. Fuzzy vulnerability mapping due to (a) distance to road, (b) distance to waterbody, (c) 

soil type, (d) elevation, (e) LULC, and (e) population density (2015-2021). 
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Figure 5. Fuzzy vulnerability mapping due to (a) maximum air temperature, (b) seasonal total 

PET, (c) seasonal total precipitation, and (d) soil moisture (2015-2021). 
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Table 3 calculated the total (moderate to very high) drought vulnerability levels as 22.7 and 

22.5%, respectively. In 2021, approximately 0.32 percent of Iowa’s territory (equivalent to nearly 

450 km2) exhibited a very high level of drought vulnerability. In 2017, this level of vulnerability 

affected 0.1% of the state's population. Notably, despite both 2021 and 2017 exhibiting the 

maximum drought vulnerability levels, their spatial distributions differed considerably. In 2017, 

most of Iowa’s high and very high drought-vulnerability regions were in the state's center and 

southwest. In 2021, however, the state's middle north and northwest areas were more severely 

affected by drought. In addition, a discernible pattern of drought vulnerability arises when the 

entire period is considered. The level of drought vulnerability was at its lowest in 2015 and 

progressively increased until 2017. The spatial extent of vulnerability subsequently decreased until 

2019, only to increase again in 2021. This cyclical pattern indicates fluctuating drought 

susceptibility over time. This analysis also illustrates the dynamic nature of drought vulnerability 

in the study area from 2015 to 2021. The classification and spatial distribution of vulnerability 

levels and observed patterns provide valuable insight into the impact and extent of drought in Iowa. 

 

 
Figure 6. Drought vulnerability mapping of Iowa for the 2015–2021 period. 

 

Table 3. Distribution of Drought Hazard Severity Levels by Percentage Area (2015-2021). 

Drought Vulnerability Level 

Year Very low Low Moderate High Very high 

2021 21.09 56.39 19.32 2.88 0.32 

2020 33.84 48.80 15.29 2.00 0.06 

2019 53.46 39.26 6.60 0.66 0.02 

2018 43.39 46.25 9.91 0.44 0.01 

2017 21.73 55.60 20.18 2.40 0.10 

2016 30.79 57.71 10.79 0.69 0.01 

2015 50.86 43.71 4.99 0.44 0.01 

 



 

19 

3.3. Drought Exposure Mapping 

Figure 7 represents the spatial distribution of drought-vulnerable individuals, infrastructure, and 

natural resources within the study area. According to the analysis, approximately 78.4% 

(113,420.65 km2) of the studied area is susceptible to moderate drought. Notably, areas 

characterized by a high population density and extensive development have a high prevalence of 

exposure to extremely severe drought. These vulnerable areas are dispersed throughout the state, 

indicating a far-reaching impact on various locations. 

Upon closer inspection, it becomes clear that the state’s middle and eastern regions confront 

elevated levels of drought exposure, including high and very high categories. This preponderance 

of vulnerability suggests that individuals, infrastructure, and environmental resources in these 

regions are exposed to increasing risk. Figure 8 also depicts the spatial distribution of drought 

vulnerability, an indispensable instrument for identifying and comprehending the regions within 

the study area most susceptible to drought-related risks. It emphasizes the imperative need for 

targeted interventions to mitigate the potential effects on communities, infrastructure, and essential 

resources by highlighting areas with high population density and extensive development. 

 

 
Figure 7. Drought exposure map of Iowa during the 2015-2021 period. 

 

3.4. Drought Risk Mapping 

The spatial distribution and severity levels of drought risk in the study area are depicted in Figure 

9. In 2018, a "very high" level of drought risk (5.4%) was recorded, with nearly 16% of the land 

classified as being at "high" risk. Although most of the region experienced minimal risk, a sizable 

portion faces moderate to extremely high risk. In 2018, Iowa’s southern and west-south regions 
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exhibited a greater risk of drought. In 2021, the area at a "very high" risk of drought decreased to 

4.5% of the study area, but the spatial distribution of drought was different than in 2018. Mid-Iowa 

and the western portion of the state exhibited increased high and extremely high drought threats. 

In 2019, moderate to "very high" drought risk affected approximately 36.0% of the study area, 

primarily in the state's western portion. 

 

 
Figure 8. Agricultural drought exposure by area (%). 

 

In contrast, regions with very low to moderate drought risk were primarily concentrated in 

Iowa’s central and eastern regions and portions of the state's northeastern region. Given the 

fluctuating drought conditions in the region, crop yields are likely to be impacted from season to 

season (Figure 10). Further research is needed to investigate the level of drought’s impact on crop 

production at the study site. 

 

 
Figure 9. Agricultural drought risk map during the 2015-2021 period. 
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Table 4. Agricultural drought risk severity by the class during 2015-2021. 

Year Very low Low Moderate High Very high 

2015 16.20 60.38 13.42 9.35 0.66 

2016 28.88 44.14 18.36 6.73 1.89 

2017 31.46 40.41 21.35 6.01 0.77 

2018 22.42 28.59 27.63 15.97 5.39 

2019 29.08 35.62 22.20 10.83 2.28 

2020 42.67 36.45 16.76 3.83 0.30 

2021 20.31 36.61 25.93 12.68 4.46 

 

 
Figure 10. Percentage of the area under different risk levels of the study area. 

 

3.5. Accuracy Assessment for Drought Risk Mapping 

Accuracy assessment is a crucial step in evaluating the reliability and usefulness of any thematic 

mapping product (Foody, 2002). One commonly used technique for assessing the accuracy of 

categorical maps is the kappa coefficient, a statistical measure of agreement between the observed 

and expected classifications, accounting for the possibility of random agreement (Stehman, 1997). 

In this case, the kappa coefficient technique was used to assess the accuracy of your agricultural 

drought vulnerability mapping. This involved comparing the results of the agricultural drought 

vulnerability mapping with a ground-truth dataset that represents the actual drought occurrences 

in your study area. The SM data may be used to validate the agricultural drought vulnerability map 

because it is a crucial indicator of agricultural droughts (Kafy et al., 2023). Several studies (Hoque 

et al., 2021) mentioned SM data as a validation indicator for agricultural drought vulnerability. So, 

the SM data for 2021 was tested with 2021’s vulnerability map here. 

The Kappa coefficient technique helps evaluate the agreement between the mapped drought 

vulnerability classes and the actual drought occurrences (Núnez et al., 2011; Senapati and Das, 

2022). The technique involves calculating the user accuracy, producer accuracy, overall accuracy, 
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and kappa coefficient value. User accuracy measures the proportion of correctly classified pixels 

for each class. In contrast, producer accuracy measures the ratio of correctly classified pixels out 

of all the pixels predicted for each category (Ebrahimy et al., 2021). Overall accuracy measures 

the proportion of correctly classified pixels for all classes combined. The kappa coefficient value 

is a more robust measure of accuracy than overall accuracy. It accounts for the possibility of chance 

agreement between the mapped classes and the actual classes. A kappa coefficient value of 1 

indicates perfect agreement between the observed and expected classifications, while 0 indicates 

no agreement beyond what would be expected by chance (Ebrahimy et al., 2021). 

This study showed high user and producer accuracy for most classes, indicating that the 

mapping accurately classified pixels into their respective drought vulnerability classes. The overall 

accuracy was 81%, meaning that 81% of the mapped pixels were correctly classified. The Kappa 

coefficient value 0.75 indicates substantial agreement between the observed and expected 

classifications. This suggests that the mapping is robust and reliable and can be used to inform 

drought mitigation and management strategies. 

 

Table 5. Validation of agricultural drought vulnerability map using Kappa-coefficient. 

Accuracy Assessment 

Drought Level 
Very 

Low 
Low Moderate High 

Very 

High 

Row 

Total 

User 

Accuracy 
Kappa 

Very low 18 3 4 2 0 27 0.43 0.00 

Low 2 44 6 3 0 55 0.80 0.00 

Moderate 1 2 35 9 3 50 0.70 0.00 

High 0 0 3 50 1 54 0.93 0.00 

Very high 0 0 0 5 35 40 0.88 0.00 

Column Total 21 49 48 69 39 226 0.00 0.00 

Producer Accuracy 0.86 0.90 0.73 0.72 0.90 0.00 0.31 0.00 

Kappa 0 0 0 0 0 0 0 0.75 

 

4. Conclusion 

Due to their spatiotemporal variability, determining the impact of meteorological factors on 

agricultural drought is a complex undertaking. Moreover, agricultural drought is a multifaceted 

phenomenon that cannot be comprehensively elucidated solely by meteorological parameters. This 

study incorporated meteorological factors and physical and social indicators from a particular 

perspective. 

A thorough drought risk mapping approach incorporating all risk components is particularly 

effective for reducing the difficulties of production losses, ecology, and overall economic impact. 

Many studies have been conducted utilizing various geospatial methodologies to evaluate the 

condition of agricultural drought in Iowa. Nevertheless, this research has concentrated on 

multicriteria risk factors, including meteorological factors, soil type and properties, and social 

properties. This research presents a comprehensive analysis of Iowa's drought vulnerability in the 
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study area from 2015 to 2021. The study used an equal interval classification method to categorize 

drought vulnerability into five classes.  

The results indicate that most of Iowa's land area experienced low to moderate drought 

vulnerability during the examined period, with occasional instances of extremely high 

vulnerability in 2017 and 2021. Almost 85% of the land in Iowa is exploited for farming, making 

it a crucial business. Because of this, the state is quite susceptible to agricultural drought, which 

may significantly affect crop output, animal production, and the economy as a whole. According 

to future projection studies (Jin et al., 2017; Leng and Hall, 2019) conducted on the study area, it 

has been identified that it is likely to experience crucial agricultural drought-induced damage 

concerning the production of maize and soybean crops. This study may contribute significantly to 

the endeavors of decision-makers, farmers’ associations, and local administrations in addressing 

the potential environmental and socioeconomic consequences of agricultural drought. 

The analysis reveals a pattern of fluctuating drought vulnerability over time, with vulnerability 

levels increasing until 2017, decreasing until 2019, and then increasing again in 2021. Research 

findings indicate that around 82% of the geographical area of Iowa, of which 85% is utilized for 

agricultural purposes, exhibits susceptibility to drought conditions. Furthermore, the research 

underscores the spatial arrangement of regions prone to drought, accentuating the greater 

vulnerability of areas with dense populations and significant development. The regions in the 

state's middle and eastern parts have been identified as being subjected to heightened levels of 

susceptibility to drought. The results emphasize the fluid characteristic of susceptibility to drought 

and furnish valuable discernments into the ramifications and scope of drought in Iowa.  

The proposed approach can assist in determining which parts of Iowa are most at risk from 

drought and help prioritize efforts to take drought mitigation measures. The drought risk 

assessment approach might be improved by including mitigation capabilities in the final risk 

calculation. It is important to remember that gathering high-quality datasets can be challenging, 

and higher-resolution datasets can be needed for more precise outcomes. Overall, the integrated 

fuzzy logic approach can produce results that are suitable for mapping Iowa’s agricultural drought, 

creating drought mitigation plans, and preserving sustainable development. Future studies may 

deal with data limitations and create optimized data standards and formats (Demir and Szczepanek, 

2017) to boost validation procedures and output accuracy. Further research is encouraged to 

explore the specific impact of drought on crop production in the state. 
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