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ABSTRACT 

REMOTE SENSING BASED RAPID ASSESSMENT OF FLOOD CROP DAMAGE 

Md. Shahinoor Rahman, Ph.D. 

George Mason University, 2019 

Dissertation Director: Dr. Liping Di 

 

Accurate crop-specific damage assessment immediately after flood events is crucial for 

grain pricing, food policy, and agricultural trade. However, most policy level statements 

on flood crop loss usually come as a gross estimation such as inundated cropland 

acreages without the consideration of crop types and the degree of damage. Therefore, it 

is crucial to bring the right information to the right people at the right time, and this is 

where remote sensing became important. The main goal of this research is to bring the 

crop-specific damage information immediately after flood events using satellite earth 

observation data. A newly developed Disaster Vegetation Damage Index (DVDI) is 

utilized to assess flood impacts on crop conditions. By incorporating the DVDI index 

along with the information of crop types and flood inundation extents, this research 

assessed crop damage for three case-study events. Crop damage are assessed in a 

qualitative scale and reported at county level. The results of damage assessment are 

validated through NDVI profile and yield loss in percentage. A linear relation is found 
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between DVDI values and crop yield loss. Results also indicate the association between 

DVDI class and crop yield loss.  

Cropland Data Layers (CDL) is available for US croplands many months after the 

growing season. Therefore, the in-season crop-specific rapid flood damage estimate is not 

possible without the information of crop types. Thus, this research fills the data gap by 

providing the methodological frameworks for the identification and prediction of in-

season major crop types. Trusted pixels are extracted from historical CDL data using crop 

rotation patterns. These trusted pixels are used to train supervised classification models to 

map major crop types using in-season Landsat images. The overall accuracies of single 

date multi-band image classification are 84%, 89%, and 92% for May, June, and July, 

respectively. The result also shows higher accuracy (94–95%) can be achieved through 

multi-date image classification compared to single date image classification. Remote 

sensing-based crop mapping can be affected by cloud contamination. Thus, this study 

also presents an alternative approach to predict crop types using a machine learning 

approach to predict crop types using historical cropping patterns. Results show crop type 

can be predicted before the crop growing season with 85% accuracy. 

Flood inundation extent is crucial for the rapid assessment of flood crop damage. This 

study utilized some options for flood inundation mapping using popular remote sensing 

data such as Landsat, Sentinel 1, Sentinel 2, and Soil Moisture Active Passive (SMAP). 

Although the primary challenge is the availability of remote sensing data, this study 

found that useful remote sensing data either from optical or microwave systems can be 

available for flood mapping in most of the cases. This study also explores flood mapping 
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options using SMAP-soil-moisture data and Federal Emergency Management Agency 

(FEMA)’s national flood hazard information. Flood extents are mapped by comparing 

pre- and post-event water information derived from remote sensing data. 

Since this damage assessment relies on crop mapping, flood mapping, and crop 

condition-profile assessment, errors from each step can contribute to the final evaluation. 

Despite having some limitations and shortcomings, the outcome of this research can 

significantly contribute to the process of the rapid assessment of flood crop damage.
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CHAPTER ONE: INTRODUCTION 

There is significant crop damage because of flooding around the world. This 

research highlights the rapid assessment of flood crop damage using remote sensing data. 

Although it is a global problem, this research focuses on croplands in the United States 

(US). Chapter one highlights the importance of rapid flood crop damage assessment and 

remote sensing applications in crop monitoring as well as in flood inundation mapping. 

The motivations and problems being addressed in this research are briefly explained in 

this chapter. Following the problem statement, the primary aim of the study is stated 

along with the specific research objectives. This chapter also includes a brief description 

of the study area, research contribution, and interested audience. A short synopsis for the 

other chapters of this dissertation is given at the end of this chapter. 

1.1 Importance of Rapid Flood Crop Loss Assessment 

Crop production is crucial for the survival of humans around the world. Crops 

provide food, feed grain, oil, and fiber for domestic consumption for humans. The 

demand for food is swelling due to rapid population growth; on the other hand, the arable 

land decreases to meet the different demands of an increasing population (Suweis et al., 

2015). Feeding more than seven billion people now becomes a challenge with the limited 

arable land. Moreover, every year crops faced significant damages due to natural hazards, 

especially floods. Crop damage results in a lower yield than expected which leads to 
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many consequences such as food insecurity, food price hike, malnutrition, and poverty. 

Therefore, it is important to formulate strategies to reduce crop loss from natural hazards. 

Thus, flood crop loss assessment is in the great interest of policymakers, farmers, 

businessmen, and scientific communities worldwide. 

Flooding is one of the most significant natural hazards that is responsible for 

considerable damage to crops around the globe (FAO, 2015). Every year crop growth and 

production are hampered because of flooding (Chen et al., 2019). Recent climate change 

impacts may aggravate crop production loss from frequent flooding (Aerts and Botzen, 

2011; Bouwer, 2011; Field et al., 2012; Hirabayashi et al., 2013). The Food and 

Agriculture Organization of United Nations (FAO) estimates a global total of 93,319 ha 

and 1.6 million tons of crops were damaged or destroyed by floods between 2003 and 

2013, which account for 57% of crop damage by natural disasters (FAO, 2015). Flood 

risk for crops is high because crop fields are typically located in fertile floodplain areas. 

Furthermore, flood protection standards for croplands are weak compared to urban areas 

(Brémond and Agenais, 2013). Therefore, crop fields are highly vulnerable to flooding. 

Flood damage and loss assessment have become more important because of recent 

paradigm shifts in flood management from traditional physical-based management 

approach to risk management (Gerl et al., 2016; Merz et al., 2010). However, hazard 

management systems often pay little attention to crops compared to other assets such as 

cities or industries, perhaps because of the relatively lower damage potential in 

agriculture sector compared to other sectors under the same flooding exposure (Brémond 
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and Agenais, 2013; Merz et al., 2010). Crop loss assessment is one of the most important 

tasks of overall flood damage assessment in agriculture sector.  

The terms damage assessment and loss assessment are often used synonymously 

in disaster management. Damage assessment mostly refers to the total or partial 

destruction of the physical asset, whereas, the loss assessment process analyzes the 

changes in economic flows that occur after a disaster and over time (APEC Emergency 

Preparedness Working Group, 2009). The impact of flooding on crops is often assessed 

in terms of inundation acreage, losses of crop biomass, crop condition profile, yield loss, 

and loss in terms of monetary value or price. Thus, these two terms are used 

synonymously in this study. Flood damage or loss can be classified primarily as direct 

and indirect damage; and both types of damage can further be divided into tangible and 

intangible damage (Parker et al., 1987; Smith and Ward, 1998). Direct damage is that 

which occurs due to the physical contact of flooding, whereas indirect damage is the 

effect of the impact outside of flood events. For instance, crop yield loss of a flooded 

field is the direct damage, whereas, malnutrition due to food shortage may be the indirect 

effect of flooding. Moreover, tangible damage is the damage that can be expressed in 

monetary values (Jonkman et al., 2008). There are some gray areas between direct and 

indirect damage of crops, for instance, damage assessment based on crop condition may 

be considered as direct damage, whereas yield loss may be considered as indirect 

assessment (Smith and Ward, 1998). Although the distinction among damage types may 

be blurred, crop damage or loss assessment is a mostly direct tangible assessment 

(Brémond and Agenais, 2013; Merz et al., 2010).  
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The information on crop damage is essential not only during a flood emergency 

but also after flood events. This information is needed for decision-making processes, 

community needs assessment and for flood relief coordination. The World 

Meteorological Organization (WMO) and the Global Water Partnership (GWP) assign 

flood damage assessment models into three stages: rapid assessment, early recovery 

assessment and in-depth assessment depending on the time when damage is assessed 

(WMO, 2007).  

Figure 1 illustrates that the different degrees of detailing that are also associated 

with these three stages of damage assessment. The rapid crop damage assessment is 

usually a rough and arbitrary estimation because it is performed under emergency 

circumstances, involving varying degrees of chaotic conditions, contingencies, and time 

pressures. The purpose of the rapid crop loss assessment is to inform policymakers about 

the possible intervention types, resource requirements, food shortage, relief compensation 

coordination (e.g. seeds, pest control, fertilizer), and other economic loss. The early 

recovery assessments of crop damage usually are more detailed assessments than rapid 

assessment and are used to inform and guide the recovery processes, for instance: 

insurance assessments, farmers need assessments and the policy formulations for 

responses to the possible losses. The early recovery assessment usually takes place within 

the first few weeks after floodwaters have receded. The third stage, in-depth assessment, 

is the more detailed assessment that happens a few months (3 to 6 months) after the 

event. It aims for more specialized and crop-specific loss assessment.  
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Figure 1 Types of flood assessment in various phases 

(adapted from Di et al.(2017) and WMO (2007)) 

 

The scope of the in-depth assessment includes possible yield loss, food shortages, 

impacts on agriculture trade, insurance claims management, and the impacts on grain 

prices. The in-depth assessment contains highly detailed information valuable for 

informing the policy reform processes, reconstruction planning, risk assessment, and 

mitigation measures. Since the detailed evaluation is time-consuming and costly, rapid 

assessments and early recovery assessments are commonly used to support immediate 

policy and decision processes. The quick assessment information on flood-affected 
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cropland acreage with the crop-specific degree of damage can be helpful for disaster risk 

reduction. Rapid assessments mainly report inundated acreage of different crop types and 

damage associated with different flood depth levels (Amadio et al., 2016; Mao et al., 

2016; Shrestha et al., 2019). The early recovery assessment provides subjective damage 

conditions (e.g. low impact, moderate impact, high impact) or percentage loss using crop 

types information, crop conditions, crop seasonality, and vegetation indices (Ahmed et 

al., 2017; Shrestha et al., 2017a). Thus, the utilization of remote sensing data becomes 

very common in these two early damage assessment models for flood crop loss. 

Accurate crop loss assessment after flood events is crucial for crop pricing, 

damage compensation, financial appraisal for the insurance sector, yield assessment, food 

trade impact assessment, mitigation measure, and comprehensive risk analysis. Thus, 

flood crop loss estimation is of great interest not only for scientists but also for 

policymakers. Therefore, the information on flooded acreage and the degree of damage 

are the most essential aspects among all flood-related decision support information for 

the proper assessment of flood loss on crops. In most of the cases, a detail crop loss 

assessment comes many months after flood event which is unable to meet the quick 

demand of loss information for decision support immediately after a flood event. 

Therefore, rapid crop loss assessment is as important as a detail loss assessment. 

1.2 Framework for Remote Sensing Based Rapid Assessment of Flood Crop Loss 

Although flood damage assessment is an integral part of flood risk management, 

the agriculture sector particularly has not received much scientific attention (Tapia-Silva 

et al., 2011). Most of the traditional flood crop loss assessment is a slow process and 
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subjective due to the reliance on long and labor-intensive field investigations (Di et al., 

2017). One very general approach for rapid flood crop loss assessment is to estimate the 

flooded acreage of cropland (Cressman et al., 1988). A more specific approach than 

general approach is crop-specific flooded acreage estimation (Citeau, 2003; Dutta et al., 

2003; Förster et al., 2008; Zhu et al., 2007). Another approach can the loss assessment 

using crop condition and growth stage information. In the last approach among these 

three, relative damage can be assessed by analyzing crop conditions using Vegetation 

Indices (VIs) of crops (Ahmed et al., 2017; Shrestha et al., 2017a). Therefore, the rapid 

assessment of flood crop loss can be aided by the information on crop types, flood 

inundation, and crop condition immediately after a flood event.  

This study aims to utilize three primary information including crop type, crop 

condition, and flood extent for the rapid assessment of flood crop damage. These three 

components are address separately in this study. Finally, this study incorporated them for 

the reporting of crop damage assessment. The challenge is to get all three information 

immediately after flood events. Figure 2 illustrates the conceptual framework for the 

estimation of flood crop loss using remote sensing derived crop type, crop condition 

profile, and flood inundation extent. It is challenging to get all the required information 

for rapid flood crop loss assessment through traditional field investigation for a vast area. 

However, this information can be available immediately after flood events by analyzing 

remote sensing imageries.  
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Figure 2 Framework for crop-specific flood loss assessment 

 

Remote sensing can play a vital role in every phase of the flood crop damage 

assessment process. Flood crop loss assessment primarily relies on flood information 

(e.g. extent, depth, duration) and crop condition through vegetation indices (VIs), which 

can be obtained from the analysis of remote sensing data (Di et al., 2017; Mosleh et al., 

2015; Yu et al., 2013a). Conventionally, crop loss or damage assessment is made by 

collecting and synthesizing crop acreage and production data acquired through field 

survey. The conventional system is time-consuming, labor-intensive, cost-ineffective, and 

incomplete over vast croplands (Ahmed et al., 2017; Di et al., 2017; Shrestha et al., 

2017a). Moreover, it is quite difficult to conduct a field survey and farmers’ interview at 

any time of the season, where, remote sensing may be the only feasible option for crop 

loss estimation. Remote sensing brings the cost-effective and efficient solutions for crop 

mapping (Mosleh et al., 2015), crop condition monitoring (Yu et al., 2013a), and flood 

mapping by providing multi-temporal images. Accordingly, flood crop loss assessments 
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are conducted more frequently in recent time because of the advancement of remote 

sensing technologies.  

1.3 Problem Statement and Motivation 

Flood is arguably the most common, devastating, and frequent natural hazard in 

the globe and the destruction from its impacts is getting worse due to recent climate 

change (Greenough et al., 2001; Sanyal and Lu, 2004). The severity of damage due to 

floods is higher in places with human settlements and agricultural activities (Hirabayashi 

et al., 2013). As agricultural areas are outside of the coverage of conventional hazard 

management systems in most of the cases, the agriculture sector is one of the most 

venerable economic sectors to flood (Al-Sabhan et al., 2003). The damage and loss in the 

agriculture sector are $30B by 78 disaster events in between 2003 and 2013 across the 

globe (FAO, 2015). One-quarter of economic loss in agriculture sector caused by climate-

related natural disasters—flood, drought, and storm—(FAO, 2015). Flood damage in the 

US is more than $119B since 1980, which accounts for about 7.8% of the total losses 

from natural disasters (Lotsch et al., 2010; NOAA, 2018). Almost every year flooding 

causes significant crop damage over large agriculture areas in the USA (Rosenzweig et 

al., 2002; Smith and Katz, 2013; Downton et al., 2005). Recent examples are Hurricane 

Harvey and Hurricane Irma induced floods in 2017, accounted for million-dollar crops 

loss in the south-eastern part of the US; Mid-Atlantic river flood in 2012 caused 

multimillion-dollar crop loss in east coast; and Mississippi River flood in 2011 accounted 

for more than $60M in the catchment of this river (Smith et al., 2016).  
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Flood crop loss assessment is not only crucial for understanding the direct loss of 

crop yield but also essential for the aftermath of trade flows of agricultural commodities, 

sectoral growth, and ultimately national economy (Del Ninno et al., 2003; FAO, 2015). 

Crop loss estimation is crucial for agriculture yield, relief activity, and economic growth. 

Therefore, policy and decision-making processes for food security, mitigation, 

compensation, and insurance assessment rely on the accurate assessment of crop loss 

estimation. Due to the immense importance, flood events and their impact on crops have 

been significant research components in last few decades (Ahmed et al., 2017; Consuegra 

et al., 1995; Shrestha et al., 2017a). The flood assessment model developed by the World 

Meteorological Organization and the Global Water Partnership includes three-stage 

assessment: rapid assessment, early recovery assessment, and in-depth assessment (Di et 

al., 2017). Since the detailed evaluation is time-consuming, early recovery assessment 

and comprehensive assessment may not be able to support immediate policy and decision 

processes. However, rapid assessment of flood-affected cropland acreage can be helpful 

for early action to reduce the disaster risk.  

Information on flood inundation and crop types are required for flood crop loss 

estimation. Flood inundation information may include flooding extent, duration of the 

flood, and inundation depth.  Crop information can be crop type, crop condition, and crop 

phenology. For instance, the United States Department of Agriculture (USDA) National 

Agriculture Statistics Service (NASS) determines the degree of crop damage based on the 

flood extent information for a given event (USDA, 2008). Likewise, USDA Risk 

Management Agency (RMA) assesses the flood crop damage based on the crop condition 
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before and after flood through spot-checking (Shrestha et al., 2017a). Tradition field-

based flood crop damage assessment is not time and cost-effective. Advanced remote 

sensing and GIS technologies offer cost-effective solutions for flood inundation mapping, 

crop identification, and crop condition monitoring. There are various ways and 

techniques to extract near real-time flood information from remote sensing imageries. 

However, the spatial, temporal, and sensor limitations hinder the application for rapid 

flood identification. For instance, coarse spatial resolution optical remote sensing systems 

have the capability to observe earth's surface daily, but unable to see through cloud. Thus, 

flood detection is impossible using optical remote sensing in many cases due to cloud 

coverage. Microwave remote sensing, on the other hand, can penetrate through cloud, but 

temporal resolution is coarse (> 7 days) compared to coarse spatial resolution optical 

remote sensing. Thus, microwave remote sensing may not be able to detect short-lived 

floods. The combination of data from sensors and ancillary sources can open the door for 

rapid flood inundation mapping. Crop information such as crop types and crop conditions 

can be extracted from remote sensing imageries. In-season crop type identification and 

crop type prediction before growing season can possibly be achieved through the crop 

rotation pattern and in-season image classification. Therefore, information on flood 

extent, crop type, and crop condition are helpful for the rapid assessment of crop loss 

immediate after flood events.  

1.4 Statement of Research Objectives 

The primary goal of this study is to present a robust approach for the rapid 

assessment of crop-specific loss due to flood. Since rapid flood crop loss assessment 
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requires information on crop types and crop conditions as well as flood inundation 

information, this study aims to utilize remote sensing data and derived products for loss 

estimation. The specific objectives of this research are as follows: 

Objective 1: In-season major crop types identification using Landsat Images 

and trusted pixels identified from crop rotation pattern 

This objective will explore the potentialities to extract trusted pixels from major 

crop rotation pattern in the past ten years. These trusted pixels can be used as ground 

truth to train image classification models for in-season identification of major crop types.   

Objective 2: Field level prediction of major crop types based on crop rotation 

pattern. 

This objective will explore the crop rotation pattern in the past ten years through 

pattern recognition techniques. Based on the rotation pattern, it is possible to predict the 

crop types at field level before the crop growing season. Only major crop rotation 

patterns can be used to predict crop type without analyzing in-season remote sensing 

imageries. 

Objective 3: Operational flood inundation mapping using remote sensing 

data from different platforms and sensors 

Rapid assessment of crop loss requires flood inundation maps during flood events. 

This objective aims to map inundated areas by analyzing remote sensing data from 

multiple platforms and sensors. Thus, the primary focus of this objective is to map flood 

inundation extents using available remote sensing data of flood events. Moreover, this 

objective also aims to explore the utilization of Soil Moisture Active Passive (SMAP) 
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Level 4 (L4) data and Federal Emergency Management Agency (FEMA)’s flood hazard 

zone for proxy inundation mapping.  

Objective 4: Model development and utilization for rapid assessment of flood 

crop damage 

This objective will deal with the model developed for the quick loss assessment 

based on the crop condition and flood information. The existing model of crop loss 

assessment and remote sensing indices of crop condition monitoring will be explored 

under this objective. Finally, by using remote sensing indices of crop condition along 

with flood inundation information and crop type information, crop-specific degree of 

damage will be assessed under this objective. 

1.5 Brief on Study Area 

This research involves various components mainly in-season identification of 

major crop type, early prediction of major crop type, rapid flood inundation mapping, and 

crop-specific loss assessment. Therefore, various study areas are selected considering the 

suitability for different components of this research instead of having one single study 

area.  Iowa is considered as the ideal study area for mapping in-season crop type and crop 

type prediction. Iowa is a midwestern state in the US and located between Missouri and 

Mississippi rivers. Most of the land of this state is devoted to agriculture because of the 

high fertility of the soils (USDA-NASS, 2017). Seven major floods in past three years are 

chosen as case studies for rapid flood inundation mapping. These seven cases are Texas 

Severe Storms and flooding (DR 4272); Mississippi Severe Storms and Flooding (DR-

4268); Louisiana Severe Storms and Flooding (DR-4277); Missouri Severe Storms, 
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Tornadoes, and Flooding (DR-4317); Texas Hurricane Harvey Flood (DR-4332); Iowa 

Severe Storms and Flooding (DR-4386); and Nebraska Severe Storms and Flooding (DR 

4387).  Three of these flood events are within the major crop growing season, which are 

used to study crop loss assessment. Therefore, different study areas are considered to 

study the different objectives of this research. 

1.7 Research Contribution 

The remote sensing imagery will continue to grow in both space and time 

dimensions. Monitoring of flood and cropland through remote sensing is already a 

growing field. Policymakers are continuously looking for accurate and timely flood crop 

loss estimation to formulate better policies for food security and agriculture trade. 

Although flood mapping from remote sensing data are not new, there are research gaps in 

mapping inundation areas immediately after flood events. This research is aiming to fill 

the gap by exploring the potentiality of the integration of soil saturation and FEMA’s 

flood hazard. In general, the CDL of the US is released at the end of the year after few 

months of crop growing season. Therefore, it is difficult to find in-season crop-specific 

damage. This research is also aiming for the in-season crop mapping and prediction of 

crop types before growing season so that the crop data layer is available for in-season 

loss and yield estimation. The finding of the research is transferable to the developing 

nations where insufficient efforts are made for the crop-specific loss estimation.  

1.8 Intended Audience 

This dissertation primarily designed for the perspective of researchers and 

policymakers in the field of Agro-geoinformatics and natural hazards. The finding of the 
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research may be helpful for the activities of USDA, NASS, and RMA. The output of this 

research will contribute to the quick flood inundation mapping and the identification of 

crop type. Other research fields which are depended on the crop production loss may also 

be interested in the outcome of flood crop loss estimation. Early prediction and in-season 

identification of field-level crop types are useful for yield estimation, grain pricing, crop-

specific irrigation need, grain supply, and food policy formulation. Crop-specific 

information may also support many research activities such as crop-specific loss 

estimation, examine the relationship between agriculture and chemical exposure, 

chemical or environmental studies for cropland, and agro-ecosystem modeling. 

1.9 Organization of the Dissertation 

Detail discussion on each of the components of this research is organized in 

different chapters. The dissertation will be structured in the following chapters: 

Chapter Two: Overview of intended data utilization and terminologies 

The description of data and terminologies is mainly presented in chapter two. The 

objective of this chapter is to introduce data sets and frequently used technical 

terminologies with readers. 

Chapter Three: Systematic review of remote sensing-based flood crop loss 

assessment  

Effective crop loss assessment requires various types of data on flood intensity 

parameters and crop condition profiles. The utilization of remote sensing data has 

increased significantly in flood crop loss assessment. This chapter reviews case studies 

which have used remote sensing data for different aspects of flood crop loss assessment. 
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A systematic literature review is presented on remote sensing-based flood crop loss 

assessment in chapter three.  

Chapter Four: In-season identification of major crop types 

CDL program of USDA has been mapping major crop types for US cropland, 

which is available a few months after the growing season. Chapter four explores remote 

sensing-based in-season major crop type identification for Iowa. Crop rotation follows 

some patterns over the past years. Therefore, pixel-based in-season major crop type 

identification using Landsat images and trusted pixels are addressed in this chapter. 

Chapter Five: Early prediction of major crop types based on crop rotation 

patterns 

CDL is available for more than ten years for the entire US. Therefore, 

identification of major crop rotation patterns and the prediction of major crop types based 

on rotation patterns are addressed in this chapter. Markov logic is used for the prediction 

of crop types based on the discrete sequential pattern of the crop plantation in past years. 

Chapter Six: Operational flood inundation mapping using satellite remote 

sensing  

The success of remote sensing-based flood mapping relies on many factors such 

as cloud coverage, spatial resolution, and temporal resolution of remote sensing imagery. 

Both optical and microwave remote sensing have advantages and disadvantages. Flood 

inundation mapping using soil moisture saturation information along with FEMA’s flood 

hazard information towards faster flood mapping is also addressed in this chapter.  

Chapter Seven: Rapid crop loss assessment 
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Rapid crop loss assessment is helpful for immediate policy and decision making. 

Flood information and crop types along with crop condition profile can facilitate the 

rapid evaluation of crop-specific flood damage acreage and the degree of the damage. 

This chapter addresses the operational crop loss assessment based on flood information 

and vegetation indices. 

Chapter Eight: Conclusion 

The conclusion chapter presents a summary of the findings, research limitation, 

and future research in rapid assessment of flood crop loss. 

 



18 

 

 

 

 

 

 

 

CHAPTER TWO: OVERVIEW ON INTENDED DATA UTILIZATION AND 

TERMINOLOGY 

This study is incorporating three basic components for rapid flood crop damage 

assessment. These three components are crop mapping, flood mapping, and analyzing 

crop condition profiles. Remote sensing data and products are utilized to study each 

componets along with ancillary data. This chapter mainly focuses on the research 

materials and data used in this study. Landsat images are utilized for in-season 

identification of crop types. CDL data from the past eleven years (2007-2017) are the 

primary data source for analyzing major crop rotation patterns in Iowa. Sentinel data 

(Optical and SAR) are used for rapid flood mapping. Optical remote sensing data from 

Landsat and Sentinel-2 is utilized for flood mapping. Sentinel-1 SAR-C data are also 

utilized for microwave remote sensing-based flood mapping. Soil Moisture Active 

Passive (SMAP) Level 4 (L4) data are used for inundation mapping using soil saturation 

information. The National Flood Hazard Layer (NFHL) in FEMA’s digital database 

provides flood zone, base flood elevation and floodway information to support FEMA’s 

National Flood Insurance Program. FEMA’ Special Flood Hazard Zone (SFHA) is used 

along with SMAP data for rapid flood inundation mapping. Ground truth collected on 

major crop types through field surveys is key data for the validation of the result of both 

in-season crop identification and early crop prediction. Finally, MODIS daily Normalized 
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Difference Vegetation Index (NDVI) products are used for crop condition monitoring 

before and after flood events. 

2.1 Major Crops 

There are more than a hundred crop types in the US. Major crop types of any state 

vary with the geographical location. Major crops are corn, soybean, spring wheat, winter 

wheat, sorghum, alfalfa, oats, rice, barley, peanuts, and cotton-based on the rank of 

planted acreage.  In Iowa, the three major crops are corn, soybean, and alfalfa-based on 

planted acreage in 2017. These three crop types cover approximately 98% of the state’s 

cropland (USDA-NASS, 2017). Corn and Soybean are the dominant crops in most of the 

mid-western states in the US. It should be noted that major crop types vary depending on 

the geographic location of the study area. If this research is extended to another state, 

major crop types may be different from this study area. 

2.2 Cropland Data Layer 

CDL is a crop-specific, comprehensive, georeferenced, raster formatted, land 

cover product of USDA which contains identified crop types (Boryan et al., 2011). The 

CDL depicts more than 100 unique crop categories across the US and is delivered at a 

30~56-meter spatial resolution with 85% to 95% accuracy. The CDL product is generated 

from the supervised classification of optical imagery - mainly Landsat images. Other 

raster-based data layers such as National Elevation Dataset (NED), and the National Land 

Cover Dataset (NLCD) are used as ancillary data sources to improve CDL data (Boryan 

et al., 2011). CDL data have been available (through a web portal) since 1997; however, 

in the beginning, only a few states of the US were covered in the CDL program. Since 
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2008, the CDL data are available for the entire US. Although the spatial resolution of 

CDL data in the last ten years is 30 m, the spatial resolution was 56m at the beginning. 

CDL data are distributed through a web portal called CropScape 

(https://nassgeodata.gmu.edu/CropScape/) which is a web service-based application for 

US geospatial cropland data product (Han et al., 2012). Historical CDL data are available 

for download from CropScape at no cost (Figure 3).  The CDL data in combination with 

its distribution system CropScape offers a national land cover product that’s unique in the 

world. It is delivered annually: a few months after the growing season (Mueller and 

Harris, 2013).  

 

 
Figure 3 Interface of CropScape: CDL data repository 

 

2.3 Trusted Pixels 

The term “Trusted Pixel” is used in this research to indicate those pixels in CDL 

data that follow a major rotation pattern in past years. For instance, if a pixel represents 

https://nassgeodata.gmu.edu/CropScape/
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corn in every year from 2007 to 2017, then it is assumed that the pixel will also represent 

corn in 2018. Another example is an alternate crop rotation pattern. For example, if a 

pixel represents corn in 2007, soybean in 2008, corn again in 2009, and continues this 

rotation pattern until 2017, it is most likely that this pixel will appear as soybean in every 

even year and corn in every odd year. Therefore, these pixels are called “trusted pixels” 

because the land cover of these pixels is most likely known. These trusted pixels are used 

as ground truth to train the classification model for image classification. 

2.4 Landsat Data 

Landsat is a satellite mission jointly managed by USGS and NASA which 

includes a series of Earth-observing satellites. The series of missions provide an archive 

of Earth observation data since 1972. The most recent Landsat mission, Landsat 8, was 

launched on February 11, 2013. It carries two push-broom instruments: The Operational 

Land Imager (OLI) and the Thermal Infrared Sensor (TIRS). This mission images the 

entire Earth every 16 days. Images have 11 different spectral bands covering visible and 

infrared parts of the electromagnetic spectrums. Delivered data products of all bands 

except the panchromatic band (Band 8) are provided at 30 m special resolution. Only the 

panchromatic band (Band 8) of Landsat 8 has a spatial resolution of 15 m. Data of 

thermal bands (Band 10 and Band 11) are acquired at 100 m spatial resolution but 

resampled to 30 m in delivery data product. The ultra-blue Band 1 and cirrus Band 9 are 

useful for coastal and aerosol studies and cirrus cloud detection respectively. Thermal 

bands 10 and 11 are useful for studies on surface temperatures. Other bands (Band 2 to 

Band 7) are useful for land cover studies. A typical Landsat scene covers approximately 
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31110 km2 (170×183) (Barsi et al., 2014).  These Landsat scenes are downloadable free 

of charge from the USGS image achieve and repository USGS EarthExplorer 

(https://earthexplorer.usgs.gov/).  

2.5 Sentinel Data 

Sentinel is a satellite mission and a joint initiative of the European Commission 

(EC) and the European Space Agency (ESA). The Sentinel series of satellites have 

sensors on-board that provide both optical and microwave Earth observation data. The 

Sentinel-1 satellite consisting of C-band synthetic aperture radar (SAR-C) imaging sensor 

was launched in 2014 to provide data at all-weather conditions during day and night. Like 

polarization (HH or VV) and cross-polarization (HV or VH) data are available from 

Sentinel-1 at four different modes such as Strip Map (SM), Extra Wide Swath (EW), 

Wave (WV), and Interferometric Wide Swath (IW). Single Look Complex (SLC), 

Ground Range Detected (GRD) Level-1 products are available for each sensor mode. 

Both cross-polarization and like polarization GRD data products of any mode are suitable 

for flood inundation mapping.  

In addition, Sentinel-2, launched in 2015, provides Earth observation data in the 

optical part of the electromagnetic spectrum. Multi-Spectral Instrument (MSI) sensor 

onboard Sentinel-2 satellites provide data in 12 bands including four visible bands, three 

red-edge bands, two very-near-infrared (VNIR) bands, there short-wave infrared bands 

(SWIR), and a band for water vapor. The spatial resolution of Sentinel-1 data varies 

between 5 m and 40 m depending on data acquisition mode. The constellation of 

Sentinel-1A and Sentinel-1B has 6-days revisit capability. The spatial resolution of 

https://earthexplorer.usgs.gov/
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Sentinel-2 bands also varies between 10 m and 60 m depending on bands. The spatial 

resolution is 10 m for three visible bands and one NIR band. A constellation of two 

Sentinel-2 satellites is capable of providing data with 2-5 days of temporal resolution 

depending on geographic location (at the equator or at mid-latitudes). Therefore, cloud-

free Sentinel-2 data are also a good option for flood inundation mapping with fine 

temporal resolution. Sentinel data are accessible free of charge from ESA-Copernicus 

Open Data Hub (https://scihub.copernicus.eu/dhus/#/home). 

2.6 Soil Moisture Active Passive (SMAP) 

SMAP is an American environmental satellite operated by NASA that was 

launched on January 31, 2015. The primary goal of this satellite mission is to map soil 

moisture and freeze/thaw state on a global scale with unprecedented accuracy, temporal 

resolution, and coverage (O’Neill et al., 2010). The SMAP measurement system is 

designed to make a simultaneous measurement from both active (radar), and passive 

(radiometer) sensors in the 1.2-1.4 GHz range (L-band) with 3-day global revisit 

capability from a low-earth sun-synchronous orbit (Entekhabi et al., 2009). The designed 

conical scanning measurement of the mission will measure at a constant 40° incident 

angle across 1000-km (O’Neill et al., 2010). The active sensor records the backscatter 

while the passive sensor measures the emission of the earth's surface. Thus, the 

combination of both active and passive measurements enables the opportunity to have the 

spatial resolution of radar and the sensing accuracy of radiometer (Das et al., 2014). The 

designed spatial resolution of SMAP sensors is 40 km, 10 km and 3 km for the 

radiometer-only product, a combined radar/radiometer product, and radar-only product 

https://scihub.copernicus.eu/dhus/#/home
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respectively. Currently, only the radiometer measurements are available since active 

sensing has been stopped functioning since July 7, 2015 (Chan et al., 2016).   

 There are a variety of data products from SMAP to meet the core objective of the 

SMAP mission to support baseline science applications in water, carbon cycle, and net 

ecosystem. The Level-1 (L1) products are calibrated, geolocated instrument 

measurements from radar and radiometer. SMAP data products from Level-2 and onward 

are the derived data product from L1 base data. SMAP Level-2 is the soil moisture 

product on a fixed earth grid derived from L1 data products in combination with ancillary 

information. Level-3, a daily composite product, is derived from Level-2 surface soil 

moisture. Level-4 products are completely model-derived value-added data products that 

provide surface and root zone soil moisture (Reichle et al., 2015). Although surface soil 

moisture is the measurement from direct sensing of the top 5 cm of the soil column, the 

estimation of root zone soil moisture is informed by and consistent with SMAP surface 

observation for the top one meter of the soil column. Level-4 data are available eight 

times a day (3-hrs interval) at a 9 km spatial resolution resulting from the interpolation 

and extrapolation of SMAP observations in time and space. Model-derived L4 data are 

utilized in this study for flood inundation mapping. These data products are freely 

available to anybody through two NASA-designated data centers.  

2.7 National Flood Hazard Layer (NFHL) 

The National Flood Hazard Layer (NFHL) is a geospatial database that contains 

the current effective flood hazard data which is prepared and maintained by FEMA. The 

main goal of NFHL is to provide hazard information for the better understanding of flood 
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risk to support insurance programs. This digital database provides flood zone, base flood 

elevation and floodway information with location. Although this dataset is available at 

both state and community levels across the US, there are many counties that are not 

covered yet with this database (Figure 4).  

 

 
Figure 4 Coverage of National Flood Hazard Layer indicated by red polygons as of August 2018 

 

The Special Flood Hazard Area (SFHA) within NFHL is defined as the area 

which has at least one percent chance of being flooded in any given year. The one-

percent annual chance of flood is also referred to as the base flood with a 100-year return 

period (Burby, 2001). SFHAs are labeled as Zone A, Zone AO, Zone AH, Zones A1-

A30, Zone AE, Zone A99, Zone AR, Zone AR/AE, Zone AR/AO, Zone AR/A1-A30, 

Zone AR/A, Zone V, Zone VE, and Zones V1-V30 (FEMA, 2016). Moderate flood 

hazard areas, labeled Zone B or Zone X (shaded) are the areas between the limits of the 

base flood and flood with a 500-year return period (0.2% annual chance). The areas of 
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minimal flood hazard, which are the areas outside the SFHA and higher than the 

elevation of the 0.2% annual chance of flood, are labeled as Zone C or Zone X 

(unshaded)(FEMA, 2016). 

2.8 MODIS NDVI Products 

The Moderate Resolution Imaging Spectroradiometer (MODIS) is an Earth-

observing satellite from the US, launched and operated by NASA. This satellite mission 

has two instruments onboard, Aqua and Terra, that provide data in 36 spectral bands with 

revisit capacity of 1-2 days (Salomonson et al., 2002). The spatial resolution of MODIS 

imageries varies across bands: 250 m (bands 1-2), 500 m (bands 3-7), 1000 m (bands 8-

36). There are many derived products from MODIS original bands such as vegetation 

indices, land cover, leaf area index, and evapotranspiration. MODIS vegetation indices 

are delivered at multiple spatial resolutions enabling the opportunity for consistent spatial 

and temporal monitoring of vegetation canopy greenness, leaf area, chlorophyll, and 

canopy structure. One of the very popular vegetation indices is MODIS NDVI which has 

widely been used for crop condition, yield assessment, and crop growth stage monitoring 

(Beck et al., 2006; Chen et al., 2005; Ren et al., 2008; Sakamoto et al., 2005). NDVI 

products are derived from atmospherically and geometrically corrected reflectance in the 

red and near-infrared bands. MODIS NDVI products are available as daily, 8-day, 16-

day, and monthly composites (Testa et al., 2015). MODIS daily NDVI time-series data 

are helpful for understanding the dynamics of the crop growing season and monitoring 

vegetation stress from natural phenomena such as drought and flood (Shrestha et al., 

2013, 2017a).    
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CHAPTER THREE:  A SYSTEMATIC REVIEW ON REMOTE SENSING 

BASED FLOOD CROP LOSS ASSESSMENT 

3.1 Background  

The rapid loss assessment approaches are greatly aided by the recent development 

of remote sensing data and technology. In the past, flood crop loss assessment was time-

intensive because of the dependency on the survey-based information collection. In fact, 

quick loss assessment may be impossible without the utilization of remote sensing data. 

The use of remote sensing for flood crop loss assessment has increased rapidly in recent 

decades. Many studies have already been conducted by researchers, policymakers, and 

organizations to understand crop damage related to flood events utilizing remote sensing 

data. A systematic comprehensive assessment of these studies is helpful for determining 

the best practices for remote sensing data utilization in flood crop loss assessment.  

There exist few scholarly attempts to review the literature related to overall flood 

damage assessment. Brémond et al. (2013) reviewed and analyzed existing methods of 

flood damage assessment in agriculture areas. Although their study mainly focuses on 

flood hazard parameters and farm components, very little attention has been paid to crop 

damage. Similarly, Tina Gerl et al. (2016) summarized models of flood loss assessment 

based on hazard intensity and a loss function. The economic assessment of flood damage 

is studied by Merz et al. (2010), which includes damage to all kinds of elements at flood 

risk. Smith (1994) did a specialized review of flood loss estimation using urban stage-
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damage function for urban areas. Lea et al. (2017) provide an extensive literature review 

and recommendation of flood damage assessment in general. However, there is possibly 

no comprehensive review of remote sensing data utilization in flood crop loss assessment 

in the existing literature. This chapter provides a systematic analysis of the literature on 

crop damage assessment using remote sensing and aids discovery of knowledge gaps for 

future research. 

The goal of this study is to review the utilization of remote sensing data in flood 

crop damage or loss assessment by exploring case studies. Although flood damage in 

agriculture includes crop damage, yield loss, fatalities or injuries to livestock, 

infrastructure damage, machinery or equipment damage, and soil erosion, this study 

focuses only on direct tangible damage on crops (e.g. crop damage or loss). This study 

includes remote sensing applications in both flood mapping and crop condition 

monitoring. Various approaches and methodologies are applied for flood crop loss 

assessment across the globe. For instance, many studies rely either only on flood 

information or crop condition for crop loss estimation, whereas, other studies included 

both parameters to perform damage assessment. Remote sensing data from different 

sensors (e.g. optical and microwave) and platforms (e.g. airborne or spaceborne) are 

utilized for crop damage assessment. The classification of damage types varies from 

qualitative assessment class (e.g. degree of damage) to quantitative assessment class (e.g. 

percentage damage). The validation process of damage assessment is also an important 

aspect which needs to be reviewed to guide the development of standard practices. Thus, 

this study has three specific objectives: (1) provide an overview of methods, remote 
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sensing data utilization, and validation used in existing research; (2) evaluate the 

spatiotemporal scales of research; (3) identify the strength and weakness of remote 

sensing data utilization in flood crop loss assessment. 

3.2 Methodology 

The chapter focuses on systematic review of empirical studies on remote sensing 

data utilization for flood crop loss assessment. A systematic review is one of the most 

common types of review which seeks to systematically search for, appraise and 

synthesize research evidence on the selected topic. The systematic review is structured 

because it follows clear steps for collecting and analyzing literature (Pickering and 

Byrne, 2014). The strength of this type of review is to draw together all known 

knowledge in a topic area because it assesses the different combinations of location, 

subject, variables, methods, and the response of case studies (Grant and Booth, 2009; 

Moher et al., 2009). Moreover, the result of a systematic review is reproducible if the 

procedure is repeated. The result of the systematic review is a report of known 

knowledge, recommendations, knowledge gaps, uncertainties around findings, and 

recommendations for the future research on the given topic (Grant and Booth, 2009; 

Pickering and Byrne, 2014). The success of systematic review largely relies on document 

search, article evaluation based on selected criteria and analysis of documents. This study 

follows standard guidelines for systematic review outlined in Moher et al (2009) and 

Pickering and Byrne (2014) for literature search and evaluation of case studies. The 

systematic process flow is illustrated in figure 5.  
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3.2.1 Document Search  

This study performs a comprehensive literature search in March 2019 through 

scholarly electronic databases focusing remote sensing applications in the assessment of 

flood crop loss. The study covers the most popular electronic databases including Web of 

Science, Science Direct, Google Scholar, Scopus, IEEE Xplore, Mendeley, and Springer 

Link. The pre-selected key words aligned with the objective of the study are ‘flood’, 

‘flooding’, ‘crop’, ‘agriculture’, ‘remote sensing’, ‘loss’, ‘damage’, ‘impact’, 

‘assessment’, and ‘estimation’. The selected keywords are searched in these scholarly 

databases. The following search terms with multiple combinations are used to identify 

documents published between 1983 and 2019 to capture all empirical studies: 

[“crop” OR “agriculture”] 

AND 

[“loss” OR “damage” OR “impact”] 

AND 

[“assessment” OR “estimation”] 

AND 

[“flood” OR “flooding”] 

OR 

[“remote sensing”] 

Although searches using multiple languages are advantageous, this study searched 

documents only written in English because of two reasons. Firstly, it is not convenient to 

understand literature in language other than English; secondly, most of the literature of 
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social science and natural science is written in English (Hamel, 2007; Pickering and 

Byrne, 2014). The “OR” operator is used before ‘flood’ to get an overview of crop loss 

assessment due to natural hazards other than the flood.  Similarly, the “OR” operator is 

used for ‘remote sensing’ to capture the loss assessment approach without the utilization 

of remote sensing data. The time frame between 1983 and 2019 is chosen because the 

utilization of remote sensing in flood and crop study become popular after launching 

Landsat 4 in 1982. The synonyms of keywords that often the utilized in academic 

research are chosen to capture most of the study in this field. A total of 174 related 

documents are found through this rigorous searching process (Figure 5). 

3.2.2 Document Screening and Categorization Process 

The documents are screened after downloading a total of 174 identified 

documents from selected scholarly sources. An additional 35 documents are added to the 

collection in a snowball fashion from the bibliography of the selected documents. Since 

the focus of this study is to explore empirical case studies, only peer-reviewed journal 

articles, book chapters, and conference proceedings, which have a focus on empirical 

crop loss assessment are for the further screening process. All duplicates, technical 

reports, and other grey literature are excluded in the initial screening step. After careful 

evaluation of the abstracts of screened documents, the study selects 81 documents 

focusing on flood crop loss assessment for the full review. This study excludes review 

articles, articles with no use of remote sensing data, and articles primarily focused on 

non-flood crop damage. In addition, some articles are removed because of their primary 
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focus on broader aspects of disaster management including monitoring, warning, and 

mitigation. Finally, a total of 62 empirical studies are selected for detailed analysis.  

 

 
Figure 5 Flow chart for document search, screening, and categorization 

 

Documents are primarily categorized based on the flood information-based loss 

assessment, crop condition-based assessment, and hybrid utilization of both flood 
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information and crop condition. Case studies are also grouped based on assessment types 

(e.g. rapid, in-depth). A catalog of selected studies is developed in Microsoft Excel based 

on meta-information including title, authors, year of publication, study location, journal 

name, methods, information on remote sensing data, the scale of the study, and validation 

process. Sub-groups of case studies are made based on the type of remote sensing data 

utilization such as the use of optical sensor vs microwave remote sensing and the spatial 

resolution of remote sensing (fine to coarse). Case studies are also categorized based on 

the methods and techniques such as flood intensity-based approach, flood stage-damage 

based approach, vegetation index-based approach, and software-oriented approach. 

Moreover, case studies are also categorized based on the scale of study (e.g. local, 

regional, and national) as well as damage reporting. 

3.2.3 Data Analysis and Interpretation  

Both qualitative and quantitative approaches are used to analyze the selected case 

studies to summarize methods, approaches, data utilization, validation, assessment type, 

reporting type, and major challenges. Methods, models, and approaches are grouped 

based on their implementation and data utilization for crop loss assessment through 

tabular analysis. Remote sensing data utilization is analyzed based on sensor types, 

spatial resolution, and purpose. Damage assessment is also examined based on the 

reporting types and scales. This study also reviews the validation process in each of the 

case studies. Challenges and opportunities for flood crop loss assessment are summarized 

based on the challenges reported in case studies. Finally, the spatial-temporal distribution 

of case studies is mapped.  
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3.3 Result and Discussion 

3.3.1 Spatiotemporal Distribution of Case Study Research 

A total of 62 case studies are considered for detailed review focused on remote 

sensing-based flood crop loss assessment. These studies cover 21 countries from three 

continents: North America, Europe, and Asia. Figure 6 shows the spatial distribution of 

the selected case studies. Almost two-thirds (64%) of the studies are from Asia (40 

studies) and an equal number of studies (11 each) are from Europe and North America. 

Case studies from Asia are mostly located in the South and Southeast Asian countries. 

Although countries in the Amazon Basin are flood-prone, no study on remote sensing-

based flood crop loss assessment is found from this region. Similarly, many countries in 

East Africa and parts of Australia are highly vulnerable to floods, but no case study is 

identified from these areas.   

The highest number of studies are from the US (17.19%) followed by Bangladesh 

(9.38%), China (9.38%), Pakistan (7.81%), Greece (6.25%), Philippines (6.25%), and 

Japan (6.25%). Studies from Asia are mostly dominated by rice (Ahmed et al., 2017; 

Boschetti et al., 2015; Dao and Liou, 2015; Kotera et al., 2016; Samantaray et al., 2015; 

Son et al., 2013). Most of the studies in Europe are focused on multi-crop loss assessment 

(Amadio et al., 2016; van der Sande et al., 2003; Silleos et al., 2002; Tapia-Silva et al., 

2011). Similar to Europe, case studies from the USA are also focused on multi-crops 

especially corn and soybean (Pantaleoni et al., 2007; Qi and Altinakar, 2011; Shan et al., 

2010; Shrestha et al., 2013; Yu et al., 2013a). The spatial scale of the case studies ranges 

from local, regional, to national levels. The majority of the case studies were conducted 
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at regional scales such as the areas of a river basin, large watershed, state/province level, 

and district levels. Only a few studies were focused on local scales such as county scale, 

or even a chunk of few croplands. Some studies conducted at the national level in some 

counties like Bangladesh, Pakistan, and Cambodia (Hossain, 2013; Kwak et al., 2015; 

Pacetti et al., 2017).  

 

 
Figure 6 Spatial distribution of case studies 

 

Selected case studies are categorized based on information utilization in flood 

crop loss assessment. Many studies relied only either on flood intensity information 

(Kwak et al., 2015; Qi and Altinakar, 2011; van der Sande et al., 2003) or crop condition 

profiles (Chowdhury and Hassan, 2017; Shrestha et al., 2017a; Silleos et al., 2002). Some 

studies also utilized both flood information and crop condition profiles, the combined use 

of flood intensity and crop condition is denoted here as a combined (or hybrid) approach 

(Boschetti et al., 2015; Di et al., 2017; Li et al., 2016).  
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Figure 7 shows the temporal pattern of selected case studies based on three 

different approaches. The case studies were published between 1987 and 2019. Only six 

(10%) studies were published before 2000, which indicates the utilization of remote 

sensing data in flood crop loss assessment became popular mostly after 2000. The 

number of studies in this domain is significantly increased after 2010 (Figure 7). A total 

of 24 studies are found between 2011 and 2015, which is more than double compared to 

the previous five years period (2006-2010). Two-thirds of the total selected studies are 

from the last nine years.  

 

 
Figure 7 Temporal distribution of case studies categorized flood crop loss assessment approaches 

 

A large number of case studies utilize crop condition profiles in loss assessment. 

A hybrid approach of flood loss assessment combining crop conditions and flood 

information is seen to become popular in recent time. The availability of freely accessible 

50% 100%
60% 50%

50%

32%
100%

40%
38%

25%

37%

50%

0%

13%

25%

32%

0

5

10

15

20

25

30

1986 - 1990 1991 - 1995 1995 - 2000 2001 - 2005 2006 - 2010 2011 - 2015 After 2015

N
u
m

b
er

 o
f 

S
tu

d
ie

s

Year of Publication
Flood Crop Condition Combine



37 

 

 

 

data, advanced processing techniques, and computer system plays a vital role in the 

acceleration of remote sensing data utilization in flood crop loss assessment.  The 

utilization of crop condition profiles, especially vegetation index (VIs), was started after 

1995. The combined utilization of both flood information and crop condition profile 

becomes popular in the last decade. The utilization of flood intensity alone perhaps the 

most generalized approach, that does not consider crop types or the degree of actual 

damage in crop growth. The damage assessment based on only crop conditions may 

include the damage on crops by other means than the flood. The recent development of 

many VIs contributes to the inclusion of crop condition profiles along with flood 

information for crop damage assessment.  

3.3.2 Methods of Remote Sensing-based Flood Crop Loss Assessment  

A variety of approaches and methods have been utilized for flood crop loss 

assessment. Many standard loss assessment models are used for flood loss assessment. 

These loss assessment models usually take various inputs for damage assessment. Many 

studies relied only on flood information and did not consider crop condition profiles. 

Similarly, there were many case studies where only crop condition profiles were taken 

into account without relying on flood intensity information. Recent studies mostly utilize 

both crop conditions and flood information. The methods of flood crop loss assessment 

are primarily categorized and discussed in the following subsections. 

3.3.2.1 Model-based crop loss assessment  

There are many models for flood loss assessment including Hazards U.S. 

(HAZUS), Impact Analysis for Planning (IMPLAN), ECON2, Hydrologic Engineering 
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Center (HEC)-2, Methods for Evaluation Direct and Indirect Losses (MEDIS), Flood 

Loss Estimation Model (FLEMO), and loss assessment model of Joint Research Center 

(JRC) (Crow, 2014; Jongman et al., 2012). Most of these models take various input 

parameters for flood crop loss assessment. The output is percentage loss or loss in 

monetary value. Many of these input parameters are derived from remote sensing data, 

for instance, the HAZUS model requires the Digital Elevation Model (DEM) to generate 

flood extent and depth. Flood extents are also in many cases drawn from satellite images 

(Crow, 2014).   

HAZUS, a flood damage assessment model, is often used to determine the direct 

flood damage to the crops. Crow (2014) assess HAZUS crop loss modeling methodology 

through a case study for flooding in 2011 in Iowa. This case study in Iowa concluded that 

the HAZUS model continuously overestimated the loss compared to the estimation by the 

USDA-NASS and the Iowa Farm Bureau Federation (IFBF). The agriculture damage 

assessment model (AGDAM) of HAZUS calculates economic loss using flood intensity 

information (depth and duration), crop types, and grain price. IMPLAN is an econometric 

model that calculate the economic impact of crop loss along with direct loss. Similar to 

HAZUZ, MEDIS model has widely been used in European countries especially in 

Germany. MEDIS model considers four influencing factors – seasonality of the flood 

event, crop type, region, and inundation duration –to calculate crop loss as a percental 

deduction of the perennial average yield in monetary value (Thieken et al., 2008).   

Both HAZUS and MEDIS models are equipped with an extensive national 

database (USA and Germany, respectively) embedded in the software. Although the 
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HAZUS model is primarily developed for the US, many studies around the world used 

the HAZUS model for crop loss assessment using local input parameters. For instance, 

Forete et al. (2006) utilized Landsat images, airborne images, and digital terrain model 

(DTM) for land cover mapping, flood extent delineation, and flood depth calculation, 

respectively. These land cover maps and flood information are used as input for crop loss 

assessment in Italy based on HAZUS model. Tapia-Silva et al. (2011) and Förster et al. 

(2008) utilized the MEDIS model to estimate flood crop loss of the Elbe River flood in 

2002. Crop types identified from Landsat data and flood intensity derived from hydraulic 

modeling are used as input in the loss model. These models apply the concept of the risk 

function to hazards, vulnerability, and elements at risk. Flood intensity information 

(extent, depth, and duration) serve as hazard parameters. Crop-specific vulnerability is 

expressed as the depth-duration-damage curve.  Then loss is usually assessed in monetary 

terms using damage factor and price of crops.  

Remote sensing data facilitate crop type identification and input parameters of 

flood mapping and modeling. No vegetation index-based crop condition profile is used in 

these loss assessment models. These models can be used for all types of crop loss 

assessment from rapid to in-depth assessment. However, rapid assessment may be 

difficult for these areas for which no ancillary data are embedded in these loss assessment 

models.  These models are developed for specific geographic regions, which may not 

work properly for other regions. For instance, crop types and their flood tolerance are not 

the same in different regions. Therefore, the depth-duration-damage curve will vary from 
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place to place. Thus, significant adjustment is required for model functions using local 

context in order to use these models outside of its geographic scope.  

3.3.2.2 Crop loss assessment based on flood intensity  

Most of the older studies and many recent studies rely only on flood information 

for crop loss assessment. There is a wide variety of approaches to the utilization of flood 

information. A very common approach is the utilization of flood inundation acreage for a 

very generalized assessment. Many studies used a stage-damage curve for crop damage 

assessment. The use of a stage-damage curve varies based on the utilization of single or 

multiple flood parameters including depth, duration, flow velocity, and seasonality. 

Although many studies used a generalized curve for all crops, some case studies utilized 

crop-specific stage-damage function for the flood loss assessment. Table 1 summarizes 

case studies on flood-intensity based crop loss assessment. The spatial location of floods 

(flood extent) is the obvious factor because it is the most basic parameter for flood-

intensity based loss assessment. Moreover, flood extent map is easy to derive from 

remote sensing image analysis or from hydraulic modeling compared to other flood 

variables. Li et al. (2012) presented a unique rainfall intensity–loss curve at the regional 

level based on the historic major floods in China without using flood extent information.  

More than half of the flood-intensity based case studies utilized flood depth 

information for loss assessment. The utilization of flood depth information can be 

categorized broadly in three types: depth-damage curve, categorical depth classes, and 

thresholding. The depth-damage curve is used as a continuous function for crop loss 

assessment. Many studies used three to four depth classes and associated potential 
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damage in crop loss assessment (del Carmen Silva-Aguila et al., 2011; Chau et al., 2015; 

Dutta et al., 2003; Samantaray et al., 2015). Waisurasingha et al. (2008) and Pacetti et al. 

(2017) used 80cm and 100cm flood depth threshold to determine crop damage. The 

depth-damage curve allows a continuous loss assessment at any flood depth, whereas, 

loss assessment using depth categories or threshold generalizes loss within the range of 

depth categories.  

Only one-fourth of the case studies in table 1 used flood duration information in 

loss assessment. Categorical flood duration expressed in the range of days is used in most 

of this kind of case study. The range of duration class varies from a single day to several 

days (a few weeks) depending on the crop types and the seasonality of crops (Dutta et al., 

2003; Samantaray et al., 2015; Förster et al., 2008; Shrestha et al., 2016a). Only few 

studies utilized flow velocity in crop loss assessment (Table 1). Like flood depth, both 

categorical and thresholding approaches are used for flow velocity in loss assessment.  

Flow velocity can only be obtained from hydraulic flood modeling. Although the high 

flow velocity can cause direct damage to the crop, it is very difficult to assess the impact 

of flow velocity over a large agriculture area. Moreover, flow velocity has less impact on 

agriculture loss (Förster et al., 2008).  

The season of flood occurrence with respect to the crop phenology (growth stage) 

is another important parameter for crop loss assessment (Brémond et al., 2013; 

Consuegra et al., 1995; Vozinaki et al., 2015). Thus, seasonality can be considered as the 

third most frequent parameter after flood depth and extent (Table 1). Different crop types 

have a different levels of vulnerability to flooding at the different stages of the growing 
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season. Some studies considered three/four stages of crop growing season (Amadio et al., 

2016; Shrestha et al., 2019). Some of the case studies considered the month of flood 

occurrence as the function in flood loss estimation (Chau et al., 2014; Tapia-Silva et al., 

2011).  Almost half of the case studies from table 1 used the crop-specific stage-damage 

function. It is very important to use a crop-specific stage-damage function because 

different crops have a diverse level of flood tolerance. For instance, many rice varieties 

can survive in few meters inundated depth.    

 

Table 1 Comparison of case studies on flood crop loss assessment regarding the considered flood intensity 

variables 

 

Reference, Location Flood 

extent 

Flood depth Flood 

duration 

Flow 

velocity 

Seasonality Crop-

specific 

Imhoff et al.(1987), 

Bangladesh 

yes no no no no no 

Consuegra et al. 

(1995), Switzerland 

yes no yes – days 

(three 

classes) 

no yes- a 

period of 15 

days  

no 

(del Carmen Silva-

Aguila et al.(2011), 

Mexico 

yes yes- four 

classes 

no no no no 

Dutta and Herath 

(2001), Japan 

yes yes- four 

classes 

yes hourly no no yes-eight 

classes 

Dutta et al. (2003), 

Japan 

yes yes- three 

classes 

yes – days  no yes- 

monthly 

yes-eight 

classes 

van der Sande et 

al.(2003), Netherlands 

yes yes- damage 

curve 

no no no yes-

wheat 

Forte et al.(2006), Italy yes yes- damage 

curve 

no no no no 

Waisurasingha et al. 

(2008), Thailand 

yes yes-80cm 

threshold 

no no no no 

Förster et al.(2008), 

Germany 

yes no yes- four 

classes 

no yes- 

monthly 

yes-multi 

crop 

Pistrika (2010), Greece yes yes- damage 

curve 

no no no no 
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Qi and Altinakar 

(2011), USA 

yes yes- two 

classes 

no yes yes- 

monthly 

yes-multi 

crop 

Yue Ma et al.(2011), 

Pakistan 

yes no no no no no 

Tapia-Silva et al 

(2011), Germany 

yes no yes no yes- 

monthly 

yes-multi 

crop 

Li et al.(2012), China no no no no no no 

Haq et al.(2012), 

Pakistan 

yes no no no no no 

Chau et al.(2013), 

Vietnam 

yes no no no no no 

Chau et al.(2014), 

Vietnam 

yes yes- four 

classes 

no no yes- 

monthly 

no 

Memon et al. (2015), 

Pakistan 

yes no no no no no 

Kwak et al.(2015), 

Cambodia 

yes yes- two 

classes 

yes- two 

classes 

no no yes-rice  

Samantaray et al. 

(2015), India 

yes yes- three 

classes 

yes- five 

classes 

no no yes-rice 

Chau et al.(2015), 

Vietnam 

yes yes- four 

classes 

no no no yes-rice 

Vozinaki et al.(2015), 

Greece 

yes yes- three 

classes 

no yes- three 

classes 

yes yes-multi 

crop 

Amadio et al.(2016), 

Italy 

yes yes- damage 

curve 

no no yes- four 

stages 

yes-multi 

crop 

Mao et al.(2016), 

France 

yes yes- damage 

curve 

yes yes-

threshold 

yes yes-multi 

crop 

Nguyen et al.(2017), 

Vietnam 

yes yes- four 

classes 

no no no yes-rice 

Pacetti et al. (2017), 

Bangladesh and 

Pakistan  

yes yes-100cm 

threshold 

no no no no 

Win et al.(2018), 

Myanmar 

yes yes- damage 

curve 

yes- three 

classes 

no no no 

Shrestha et al.(2019), 

Philippines and 

Pakistan 

yes yes- damage 

curve 

yes- five 

classes 

no yes- four 

stages 

yes-rice 

Shokoohi et al.(2018), 

Iran 

yes yes- damage 

curve 

no yes yes-four 

stages 

no 
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Figure 8 Schematic stage-damage function for flood crop loss assessment 

a) conceptual example of depth-duration damage curve adapted from Shrestha et al. 

(2016b) and Kwak et al. (2015); b) example of depth-damage curve like linear price-wise 

curve adapted from Amadio et al. (2016) and Mao et al. (2016) ; c) example of some 

other depth-damage curves (exponential, quadratic, and S-shape) adapted from Dutta et 

al. (2001), Forte et al. (2006), Win et al. (2018), Van der Sande et al. (2003) and Nguyen 

et al. (2017); d) conceptual example of tabular format of stage-damage function of loss 

assessment (Förster et al., 2008; Samantaray et al., 2015; Vozinaki et al., 2015).   

 

 

Figure 8 illustrates conceptual examples of stage-damage relationship for flood 

crop loss assessment. The shape of the stage-damage curve widely varies with crop types 

and geographic locations. Figure 8a represents the idea to have both flood depth and 

duration in continuous stage-damage function. The shape of the curve may vary with the 

crop growing seasons such as vegetative stage, reproductive stage, maturity stage, and 

ripening stage (Shrestha et al., 2016b).  Piecewise curve can also be utilized as a stage-

damage function where loss percentage varies in some ranges of flood depth (Fig 8b). 
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There are a variety of shapes including exponential, quadratic, and spline, which have 

also been utilized as a stage-damage function for crop loss assessment. Most of the stage-

damage curve used a certain water depth threshold as a ceiling, any water depth above 

that threshold indicates total crop loss (Figure 8 a-c). 

The stage-damage curve should be crop type and geographic location specific to 

get a better result in crop loss assessment. Another kind of approach which allows 

categorical information of flood intensities. Figure 8d represents a tabular loss assessment 

approach where each of the flood intensity is categorized into a finite number of classes. 

The level of crop damage can be assessed based on the level of two or three flood 

intensity parameters. 

 

3.3.2.3 Crop loss assessment based on crop condition profile  

Crop condition-based flood crop loss assessment mainly assesses the impact of 

the flood on vegetation growth. These assessments are mostly based on vegetation 

indices (VIs). Different types of approaches have been utilized including the comparison 

between pre- and post-flood conditions, regression analysis between VIs and crop yield, 

VIs thresholding, and clustering damaged areas based on remote sensing image bands. 

Table 2 shows indices which have been utilized for flood crop loss assessment in 

different case studies. A very simple approach is to monitor NDVI change in inundated 

cropland, which assumes that NDVI usually declines in the flood-affected crops. Shrestha 

et al.  (2013) compare the MODIS NDVI time series with historical median NDVI 

between 2000 and 2014 to show the impact of the flood on crops. 



46 

 

 

 

 Okamoto et al. (1998) used a feature space between the infrared band and red 

band to monitor rice phenology in North Korea. Flood damage is assessed by comparing 

spectral growth track (SGT) of the flooded year with the usual crop growth track. The 

idea behind this approach is that rice may take a longer time to move between stages on 

the SGT or may deviate from SGT. Regression-based flood loss assessment using crop 

yield and VIs is also common. VIs (one or multiple) are used as an independent variable 

to predict crop yield/loss. Silleos et al. (2002) developed a linear regression model using 

NDVI and loss percentage from the survey. Similarly, Shrestha et al. (2017a) used linear 

regression model between NDVI of pure corn pixels change ratio and yield change ratio 

for corn loss assessment in the US. Pure corn pixels are extracted from crop fraction layer 

derived CDL at MODIS spatial resolution (Shrestha et al., 2016d).  

Liu et al. (2018) used multivariate regression using multi-date VIs (e.g. NDVI, 

EVI, RVI, OSAVI, MTVI2, EVI2, and GNDVI), LAI, and above-ground biomass to 

assess the damage on winter wheat. They explore five regression models including linear, 

power, quadratic, exponential, and logarithmic, where the power model having EVI as an 

independent variable outperformed than other models. The damage is expressed as yield 

reduction, which is calculated as the yield loss ratio to average yield. Gilbert et al. (2008) 

compare LAI and yield from the flood-affected field and non-flooded field to calculate 

the yield loss based on LAI. Chejarla et al. (2016) calculated crop production loss by 

comparing crop biomass before and after the flood event. Another approach for crop loss 

assessment is the simple thresholding of VIs. Islam and Sado(2000), as well as 

Capellades et al. (2009), utilized NDVI and SAVI threshold, respectively to estimates 
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crop loss. Capellades et al. (2009) categorized the difference between SAVI and mean 

SAVI into the seven classes of crop loss.  

 

Table 2 Indices used in crop condition-based flood loss assessment  

Index Definition Source Case studies 

Normalized 

Difference 

Vegetation Index 

(NDVI) 

𝜌𝑁𝐼𝑅 − 𝜌𝑅𝐸𝐷

𝜌𝑁𝐼𝑅 + 𝜌𝑅𝐸𝐷
 Rouse Jr et 

al.(1974) 

Liu et al.(2018), 

Ahmed et al. 

(2017), Shrestha 

et al. (2017a), 

Silleos et al. 

(2002), Shrestha 

et al. (2013), 

Pantaleoni et al. 

(2007), Islam 

and Sado (2000) 

Enhanced 

Vegetation Index 

(EVI) 

2.5(𝜌𝑁𝐼𝑅 − 𝜌𝑅𝐸𝐷)

(1 + 𝜌𝑁𝐼𝑅 − 2.4𝜌𝑅𝐸𝐷)
 

Huete et 

al.(2002) 

Liu et al.(2018), 

Kotera et 

al.(2016), Son et 

al. (2013) 

Two-band 

Enhanced 

Vegetation Index 

(EVI 2) 

2.5(𝜌𝑁𝐼𝑅 − 𝜌𝑅𝐸𝐷)

(1 + 𝜌𝑁𝐼𝑅 + 2.4𝜌𝑅𝐸𝐷)
 

Jiang et 

al.(2008) 

Liu et al. (2018) 

Leaf Area Index 

(LAI) 

-- -- Liu et al. (2018), 

Gilbert et 

al.(2008), 

Capellades et al. 

(2009) 

Land Surface 

Water Index 

(LSWI) 

𝜌𝑁𝐼𝑅 − 𝜌𝑆𝑊𝐼𝑅

𝜌𝑁𝐼𝑅 + 𝜌𝑆𝑊𝐼𝑅
 Chandrasekar et 

al.(2010) 

Kotera et 

al(2016), Son et 

al.(2013) 

Soil Adjusted 

Vegetation Index 

(SAVI) 

(1 + 𝐿)(𝜌𝑁𝐼𝑅 − 𝜌𝑅𝐸𝐷)

(𝜌𝑁𝐼𝑅 + 𝜌𝑅𝐸𝐷 + 𝐿)
 

Huete (1988) Capellades et al   

Optimized Soil 

Adjusted 

Vegetation Index 

(OSAVI) 

(1 + 𝐿)(𝜌𝑁𝐼𝑅 − 𝜌𝑅𝐸𝐷)

(𝜌𝑁𝐼𝑅 − 𝜌𝑅𝐸𝐷 + 𝐿)
 

Rondeaux et al 

(1996) 

Liu et al.(2018) 

Ratio Vegetation 

Index (RVI) 

𝜌𝑁𝐼𝑅

𝜌𝑅𝐸𝐷
 Tucker (1979) Liu et al.(2018) 
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Modified 

Triangular 

Vegetation Index 

(MTVI 2) 

1.5[1.2(𝜌𝑁𝐼𝑅 − 𝜌𝑅𝐸𝐷) − 2.5(𝜌𝑅𝐸𝐷 − 𝜌𝐺𝑅𝐸𝐸𝑁)]

√(2𝜌𝑁𝐼𝑅 + 1)2 − (6𝜌𝑁𝐼𝑅 − 6√𝜌𝑅𝐸𝐷) − 0.5

 
Haboudane et 

al.(2004) 

Liu et al.(2018), 

Capelladeset al. 

(2009) 

Green 

Normalized 

Difference 

Vegetation Index 

(GNDVI) 

𝜌𝑁𝐼𝑅 − 𝜌𝐺𝑅𝐸𝐸𝑁

𝜌𝑁𝐼𝑅 + 𝜌𝐺𝑅𝐸𝐸𝑁
 Buschmann and 

Nagel (1993) 

Liu et al.(2018) 

Vegetation 

Condition Index 

(VCI) 

𝑁𝐷𝑉𝐼(𝑥,𝑦) − 𝑁𝐷𝑉𝐼𝑚𝑖𝑛

𝑁𝐷𝑉𝐼𝑚𝑎𝑥 + 𝑁𝐷𝑉𝐼𝑚𝑖𝑛

× 250 

Kogan (1995) Yu et al.(2013a), 

Zhang et 

al.(2013), Di et 

al. (2017) 

The ratio of 

current NDVI to 

the previous year 

(RVCI) 

𝑁𝐷𝑉𝐼(𝑥,𝑦) − 𝑁𝐷𝑉𝐼𝑝(𝑥,𝑦)

𝑁𝐷𝑉𝐼𝑝(𝑥,𝑦)

× 100 

Zhang et 

al.(2013) 

Yu et al. 

(2013a), Zhang 

et al. (2013), Di 

et al.(2017) 

Mean / Median 

Vegetation 

Condition Index 

(MVCI) 

𝑁𝐷𝑉𝐼(𝑥,𝑦) − 𝑁𝐷𝑉𝐼𝑚(𝑥,𝑦)

𝑁𝐷𝑉𝐼𝑚(𝑥,𝑦)

× 100 

Yang et 

al.(2011b) 

Yu et al. 

(2013a), Zhang 

et al. (2013), Di 

et al.(Di et al., 

2017) 

The difference 

between EVI and 

LSWI (DVEL) 

DVEL= diff (EVI-LSWI) Xiao et al.(2005) Kotera et 

al(2016), Son et 

al.(2013) 

Disaster 

Vegetation 

Damage Index 

(DVDI) 

DVDI = mVCIa– mVCIb Di et al.(2018a) Di et al.(2018b) 

Note: 𝜌𝐺𝑅𝐸𝐸𝑁 , 𝜌𝑅𝐸𝐷, 𝜌𝑁𝐼𝑅 , 𝑎𝑛𝑑 𝜌𝑆𝑊𝐼𝑅   denote remote sensing visible green, visible red, 

near-infrared, and short wave infrared bands. L is adjusting parameter; 𝑝(𝑥, 𝑦) indicates 

the previous year and 𝑚(𝑥, 𝑦) indicates mean or median value; a and b indicates after and 

before the disaster event.   

 

Vegetation indices used in flood crop loss assessment can be broadly categorized 

into two groups: VIs are directly derived from remote sensing bands (e.g. NDVI, EVI, 

SAVI) and VIs are derived from other VIs.  The first group of VIs can be denoted as 

first-order Vis (e.g. NDVI). Similarly, the second group can be denotated as second-order 
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VIs (e.g. VCI, MVCI). One of the most frequently used vegetation indices is NDVI. Crop 

loss assessment studies compared the current NDVI with historical NDVI. Historical 

NDVI can be extracted as previous year NDVI, long-term mean NDVI, and long-term 

median NDVI (Di et al., 2017).   

Although these vegetation condition indices are originally developed for the 

monitoring of crop response to drought, many recent studies utilized them in the context 

of other disasters like floods. Yu et al. (2013a) and Zhang (2013) utilized various crop 

condition profiles to assess flood crop loss in the US. The difference between EVI and 

LSWI (DVEL) is used for flood-affected rice field detection (Kotera et al., 2016; Son et 

al., 2013). A decision tree based on EVI, LSWI, and DVEL is used to determine rice 

damage categories: no loss, partial loss, and complete loss (Kotera et al., 2016). Disaster 

Vegetation Damage Index (DVDI) is developed by Di et al. (2018a) based on the 

difference between median VCI before and after a disaster event. Di et al. (2018) 

assessed the degree of crop damage by the 2011 Missouri River Flood using DVDI.  

Another interesting approach is the utilization of remote sensing time series 

images which covers both pre- and post-flood condition. An unsupervised clustering 

approach is used to cluster the degree of damage based on the multi-date image stack. It 

is observed that SAR backscatter value is usually decreased from the flood-affected crop 

fields. Lee and Lee (2003) used maximum likelihood supervised classification technique 

for the damage assessment in the paddy field using pre- and post-flood RADARSAT 

data. They collected ground truth on damage categories (e.g. damaged, recovered, and no 

damage) through field surveying to train the supervised classification model. Chowdhury 
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and Hassan (2017) utilized RADARSAT time series data to assess the degree of damage 

using ISODATA clustering. They labeled rice fields as no damage, moderately damaged, 

and severely damaged. A similar concept is used by Pantaleoni (2007) for the damage 

assessment of corn and soybean in Indiana using Landsat time series. Ahmed et al. (2017) 

utilized the MODIS NDVI time series instead of remotely sensed image bands for crop 

loss assessment. Since NDVI value may drop in flood-affected cropland, an ISODATA 

clustering approach is used to assess the degree of damage of rice in Bangladesh. 

Although they used clustering approach, the basic assumption is similar to the loss 

assessment based on the change in VIs. Figure 9 shows a conceptual diagram of the crop 

loss assessment based on time-series images and NDVI.  

 

 
Figure 9 Conceptual diagram for flood crop loss assessment using crop condition profile 

 adapted from Ahmed et al.  (2017) Pantaleoni et al. (2007) Chowdhury  and Hasan (2017) and Shrestha et al. (2017a) 
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3.3.2.4 Combined utilization of flood information and crop condition profile  

The combination approach considers both flood information and crop condition 

for crop damage assessment. Many studies used flood extent only to get the inundated 

croplands, then used crop condition profile for loss assessment (Boschetti et al., 2015; 

Chen et al., 2019; Hossain, 2013). Although some of the case studies utilized flood 

information for damage assessment, crops are identified through remote sensing image 

processing to support crop-specific loss assessment (Shrestha et al., 2016b, 2016c; Tapia-

Silva et al., 2011). Flood information is extracted either from hydraulic modeling or 

directly from remote sensing image processing. The hydraulic model derived flood 

information often contains multiple flood intensity parameters such as depth, duration, 

and velocity along with flood extent (Chen et al., 2017). Although only flood extents are 

mapped through remote sensing image processing in most of the cases, flood depth is 

also estimated by combining extent and DEM.  

A very generalized approach of crop loss assessment is the estimation of 

inundated cropland by overlaying remote sensing derived flood extent map and crop type 

information (Shan et al., 2010). Similarly, Dao and Liou (2015) calculated flood-affected 

rice areas using flood extent derived from the rule-based classification of remote sensing 

images and rice areas extracted from MODIS VIs. Hossain (2013) utilized the inundation 

extent derived from pre- and post-flooding MODIS and Advanced Very High-Resolution 

Radiometer (AVHRR) data to map crop damage through the supervised classification of 

multi-temporal SAR data (RADARSAT 1). The supervised classification model was 

trained by the signature collected from a field survey.   
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Flood intensity parameters derived from hydraulic modeling are often utilized for 

flood crop damage assessment (Chen et al., 2017; Shrestha et al., 2016b, 2016c; Tapia-

Silva et al., 2011). Chen et al. (2019) utilized flood intensity information derived from 2D 

hydraulic model to assess crop damage by flood disturbance detection. They calculated 

flood disturbance by taking the ratio of peak EVI to normal year mean peak EVI 

calculated from historical time series data. Finally, yield loss is estimated through the 

linear regression between peak EVI and crop yield.  

The thresholding of SAR backscatter or SAR sigma naught is also used for flood 

and rice field delineation in two case studies in the Philippines and India (Boschetti et al., 

2015; Haldar et al., 2016). Halder et al. (2016) used the ISODATA clustering approach 

on MODIS NDVI time series for crop damage assessment. The water turbidity index is 

also used for flood crop loss assessment, especially for rice fields. Gu et al. (2015) used, 

perpendicular vegetation index, a function perpendicular to turbidity index plotting in a 

two-dimensional space of NIR and RED bands of HJ-CCD images.  

A regression model then is used between turbidity and yield for crop damage 

assessment (Gu et al., 2015; Yamagata and Akiyama, 1988). A unique approach of crop 

yield loss assessment is implemented by Li et al (2016), where loss is estimated by 

comparing different yield models based on soil-water balance and saturation condition. 

The crop data layer derived from remote sensing data are used along with flood intensity 

for crop-specific damage assessment through stage-damage function. Chen et al. (2017) 

integrated flood intensity from hydraulic modeling to assess crop damage by linear 

regression between crop yield and VIs. Thus, recent development of combined 
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unitization of flood information and crop condition for crop damage assessment is aided 

by available remote sensing data as well as by advanced processing techniques.  

3.3.3 Remote Sensing Data Utilization  

A large variety of remote sensing data from different sensors and platforms have 

been utilized in different stages of crop loss assessment. DEM is one of the mandatory 

elements for hydraulic flood modeling. DEM can be derived from multiple remote 

sensing sources and from the topographic survey. Since flood modeling for agriculture is 

usually conducted over vast areas, the utilization of survey-based DEM is not viable. 

Although LiDAR DEM is the most reliable option for accurate flood modeling, LiDAR 

DEM is scarce in most of the part of the world because of high-cost involvement. Thus, 

most of the case studies utilized the Shuttle Radar Topography Mission (SRTM) DEM 

and the ASTER global DEM. ASTER DEM is available at 30 m spatial resolution on a 

global scale. Similarly, SRTM DEM also available free of charge at 30 m and 90 m 

spatial resolution. Apart from the utilization of DEM in flood hydraulic modeling, DEM 

can also be used to determine flood depth using flood extent maps derived from remote 

sensing data (Forte et al., 2006; Waisurasingha et al., 2008).  

Rainfall data are also a key parameter in flood modeling. Satellite-based remote 

sensing measurements such as the Tropical Rainfall Measuring Mission (TRMM) plays a 

vital role in flood modeling and mapping. Li et al. (2016) utilized precipitation data to 

assess the impact of flooding on wheat yield. Flood intensity-based crop loss assessment 

can be supported by satellite-based rainfall measurement instead of ground-based rainfall 

measurement.  
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 Another important input parameter of flood modeling is the land-cover map 

which also served to determine the surface roughness (Manning’s coefficient). Many 

studies used generalized land cover maps derived from remote sensing data. The details 

of these land cover maps may vary from a generalized agriculture land cover or crop-

specific land cover depending on the purpose of the study. Both optical and microwave 

data have been utilized in land cover mapping and crop condition monitoring. Many 

studies utilized historical land cover and crop maps, which may not be appropriate for the 

flood loss estimation due to crop rotation. 

 Remote sensing data can be utilized in-season crop mapping to support accurate 

crop-specific loss estimation. Although, most of the studies utilized medium (e.g. 

Landsat) to coarse resolution optical imageries (e.g. MODIS, AVHRR), only a few 

studies used fine-resolution images (e.g IKONOS, SPOT, WorldView, GeoEye, and 

RapidEye). MODIS and Landsat images are most frequently used in flood crop loss 

assessment because of their spatiotemporal scale and free of charge availability. The fine 

temporal resolution (1-2 days) of MODIS data are very suitable for crop growth stage 

monitoring. There is high chance of getting cloud-free images because of the frequent 

revisit capability of MODIS. However, Landsat is the choice of many case studies 

because of the finer spatial resolution compared to MODIS data.  Many studies utilized 

Landsat and MODIS for flood inundation mapping (Ahmed et al., 2017; Dao and Liou, 

2015; Hossain, 2013; Yue Ma et al., 2011). Case studies also utilized MODIS and 

Landsat data for land cover mapping, crop type identification, and crop condition 
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monitoring (Ahmed et al., 2017; Chejarla et al., 2016; Liou et al., 2012; Tapia-Silva et 

al., 2011; Yamagata and Akiyama, 1988). 

 Only three case studies used images from uncommon remote sensing sources 

such as AWiFS-optical and HJ-CCD images for flood crop loss assessment (Chen et al., 

2017; Gu et al., 2015; Haldar et al., 2016). Liu et al. (2018) mapped waterlogging 

damage on winter wheat at field level using fine-resolution images from multiple sources 

including SPOT, WorldView, GeoEye, and Pleiades-1A. They derived seven VIs, leaf 

area index, and biomass from these fine resolution images to monitor crop conditions 

over the whole growing season for only a few fields. Only one image per month, which is 

very sparse in the context of crop phenology monitoring, is used for a few fields because 

of the huge cost of fine-resolution images. Capellades et al. (2009) utilized RapidEye to 

calculate SAVI for crop loss assessment at the county level. Similarly, Silleos et al. 

(2002) extracted NDVI from SPOT images for regression-based crop yield assessment.  

Fine spatial resolution images are also used for land cover mapping and crop field 

identification to support flood intensity-based crop loss assessment. Van der Sande et al. 

(2003) mapped land cover through object-based image classification (segmentation 

approach) using IKONOS 2 images for assisting flood damage assessment. SPOT images 

are also utilized for land cover mapping for crop loss estimation (del Carmen Silva-

Aguila et al., 2011; Dutta and Herath, 2001). Case studies, which utilized fine resolution 

images, are mostly conducted at local scale crop damage assessment. 

Many derived products from optical remote sensing images available in data 

portals have been utilized in flood crop loss assessment. Land cover and VIs are the most 
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frequently used derived products in crop loss assessment. Shrestha et al. (2019) used the 

Global Land 30 land cover product to support stage-damage based loss assessment. 

CORINE land cover map is used to improve the flood damage assessment models in Italy 

(Amadio et al., 2016). Most of the studies in the US utilized CDL for crop-specific loss 

assessment (Shan et al., 2010; Shrestha et al., 2013; Yu et al., 2013a; Zhang et al., 2013). 

CDL is crop-specific national land cover data for the US derived through supervised 

image classification of Landsat data (Boryan et al., 2011). This land cover product can 

also be used in flood modeling as well as for model-based crop loss assessment.  

Remote sensing derived VIs have widely been used in flood crop loss assessment. 

MODIS NDVI products (e.g., daily, weekly composite) are frequently used in crop 

condition monitoring during flood events. Ahmed et al. (Ahmed et al., 2017) used 

MODIS 16-day composite NDVI to assess pre- and post-flood condition of the crop. 

Shrestha et al. (2017a) created crop phenology curves using daily MODIS NDVI 

products for regression-based crop loss assessment. MODIS derived bi-weekly EVI 

composite is also used for flood impact assessment and crop phenology detection 

(Boschetti et al., 2015; Chen et al., 2019). Similarly, other derived products such as 

MODIS LAI can also be utilized in crop condition profile monitoring. MODIS derived 

flood products such as the National Aeronautics and Space Administration 

(NASA)/MODIS Near Real-Time (NRT) flood products can directly be used in crop loss 

assessment model (Di et al., 2017; Lin et al., 2019). Flood frequency and duration can 

also be calculated from MODIS-derived daily flood maps (Lin et al., 2017). The using of 
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these derived products leveraged some parts of the computational work on other systems, 

which makes the loss assessment model easy and simple. 

One of the major drawbacks of optical remote sensing is the inability to see 

through clouds. However, microwave remote sensing sensors can acquire data in cloudy 

conditions. Thus, many case studies utilized microwave remote sensing especially SAR 

for flood delineation and crop mapping (Boschetti et al., 2015; del Carmen Silva-Aguila 

et al., 2011; Haldar et al., 2016; Lee and Lee, 2003; Waisurasingha et al., 2008). Rice 

crop areas are detected through thresholding of COSMO-SkyMed sigma naught for the 

assessment of crop loss by flooding of Typhoon Haiyan (Boschetti et al., 2015). 

Similarly, Haldar et al. (2016) delineated flood inundation map by thresholding 

RADARSAT and RISAT backscatter. Waisurasingha et al. (2008) and del Carmen Silva-

Aguila et al. (2011) mapped flood depth by combining the inundated area derived from 

the RADARSAT C band and DEM. Similar to optical remote sensing, supervised 

classification of pre- and post-flood SAR data are used to assess the degree of crop 

damage(Hossain, 2013; Lee and Lee, 2003). Hossain et al. (2013) utilized data fusion of 

optical and RADARSAT time series for the identification of damaged crops. These 

supervised classification models are trained by the signature collected through field 

surveying. RADRSAT is the dominant SAR data source used in flood crop loss 

assessment case studies because of the accessibility of RADRSAT data archives. 

Although no use of Sentinel-1 data are reported in these selected case studies, there is a 

high possibility of the use of Sentinel-1 which offers free data. Sentinel-1 provides C-
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band SAR data with multiple polarization, which is suitable for both flood mapping and 

crop condition monitoring.  

3.3.4 Flood Crop Damage Reporting Indicators 

A wide range of damage reporting indicators has been utilized by case studies. 

Their damage assessments can primarily be categorized into qualitative assessment and 

quantitative assessment. A subjective scale representing the degree of damage is often 

utilized in qualitative crop loss assessment. The number of classes and representations 

may vary in subjective loss assessment. A very abstract assessment is the mapping of 

affected and non-affected croplands (Waisurasingha et al., 2008). A simple three-class 

damage type can be damaged, partial damage (recovered), and no-damage (Hossain, 

2013; Kotera et al., 2016; Lee and Lee, 2003). Many case studies also divided crop 

damage into 4-6 damage classes using a subjective scale such as No loss-slight damage -

moderate damage -severe damage-total loss (Capellades et al., 2009; Chowdhury and 

Hassan, 2017; Islam and Sado, 2000; Okamoto et al., 1998). Similarly, a subjective scale 

can be represented based on crop condition –total damage, partial damage, initially 

damaged but survive, not affected – after flood events.  

The rapid processing is the main advantage of the qualitative loss assessment 

models. Combined and crop condition-based approaches often produced a damage 

assessment on a subjective scale. Index-based loss assessment approaches such as DVDI, 

DVEL are only limited to subjective assessment because these assessment models do not 

incorporate any yield information. Similarly, loss assessment through the supervised and 

unsupervised classification of remote sensing time series data can only be reported on a 
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subjective scale. The qualitative assessment does not contain any information on the 

exact amount of crop loss either in yield estimation or in monetary terms, which is the 

main drawback of the subjective scale.  

The quantitative assessment scales are also varied from percentage yield loss to 

monetary value. The simplest quantitative assessment is the inundated cropland in hector 

(Dao and Liou, 2015; Imhoff et al., 1987; Samantaray et al., 2015; Shrestha et al., 2013; 

Son et al., 2013). Loss assessment case studies based on flood intensity only often report 

gross inundated areas. Crop-specific inundated acreage can also be reported by 

combining crop cover maps with inundation map (Liou et al., 2012; Qi and Altinakar, 

2011; Shan et al., 2010; Vozinaki et al., 2015). Although, Shan et al (2010) reported 

damage as the percentage by calculating the percentage of inundated cropland with 

respect to total cropland at the county level, this damage assessment actually similar to 

the assessment as inundated cropland acreage. This simple approach does not inform the 

degree of damage or probable yield loss.  

Many studies considered affected cropland as a total loss in order to calculate the 

associated loss in monetary terms. For instance, van der Sande et al. (2003) and Vozinaki 

et al. (2015) used the value of per square kilometer inundated cropland to report flood 

loss in monetary terms. Crop loss assessment in percentage loss or in loss ratio is also a 

very common approach (Chen et al., 2017; Kwak et al., 2015; Liu et al., 2018; Silleos et 

al., 2002).  

Percentage loss can also be converted to categorical loss classes by thresholding 

percentage loss (Kwak et al., 2015). Percentage loss can be obtained by comparing 
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predicted yield with historical yield. Chen et al. (2019) compare flood disturbance and 

associated yield with normal years to provide percentage loss. They considered ±10% 

change in yield as uncertainty range in damage assessment, which indicated no damage. 

The difference between predicted yield and historical yield can also be reported directly 

as crop loss (Li et al., 2016). In both cases, percentage loss and actual loss can be 

converted to monetary value by incorporating yield price (Chau et al., 2014; Dutta et al., 

2003; Shrestha et al., 2016c, 2019). Most of the regression-based loss assessment report 

the percentage loss by incorporating historical yield and crop condition (VIs). Li et al. 

(2016) and Shrestha et al.  (2017a) used the regression equation to estimate crop yield 

using VIs to report yield loss in percentage by comparing with historical yield. Model-

based loss assessment (e.g. HAZUS and MEDIS) reported crop loss in gross monetary 

value.  

These models often utilized a very rough estimation of crop price and yield rate, 

which may lead to inaccurate loss estimation. Similarly, most of the case studies, which 

utilized flood intensity from hydraulic modeling, reported crop loss in monetary terms.  

Although loss assessment in yield and in monetary terms provide more detail insight of 

loss assessment compared to simple reporting of inundated croplands, historic yield data 

and the grain price are needed to be readily available. Historical data on crop yield and 

price may not be available in many countries. Moreover, crop-specific price and yield 

data are very scarce at local level. Although there are many ways to report flood crop 

loss, the choice of damage reporting is completely depended on the purpose of the study 

and the audience.  
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3.3.5 Approaches for the Validation of Loss Assessment 

One of the most challenging parts of flood crop loss assessment is the validation 

of the assessment result. Although validation may not be possible during a flood event in 

most of the cases, loss assessment models which are developed for the future loss 

assessment should be validated. Since a wide range of approaches has been used for crop 

loss assessment, there are many validation techniques that evolved over time.  

Many case studies reported inundated cropland only as of the indicator of crop 

loss. Thus, the validation is only made through the inundated acreages estimated by other 

sources. Some case studies validated their inundated cropland acreages with affected crop 

acreage reported in census data (Chen et al., 2019; Chowdhury and Hassan, 2017; Dao 

and Liou, 2015). Son et al. (2013) as well as Chowdhury and Hasan (2017) validated 

their flood-affected rice area using ground reference collected from field surveys. Chen et 

al. (2019) and Kotera (2016) compared their flood-affected areas with gross affected 

areas at the province level.  Flood inundation extents derived from optical remote sensing 

are often validated with flood maps derived from microwave remote sensing (Hossain, 

2013; Kotera et al., 2016; Samantaray et al., 2015; van der Sande et al., 2003). This kind 

of validation can be called spatial agreement between products instead of accuracy 

assessment. The error from both derived products can propagate to the loss assessment. 

 Dutta et al. (2003) validated the flood extent with the model-driven flood of the 

100-year return period. Some studies validated their estimated flood depth and crop loss 

function using point data from field surveys (Nguyen et al., 2017; Waisurasingha et al., 

2008). Crop-specific flood loss estimation relies on crop cover mapping from remote 
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sensing images. The accuracy of the map of crop over is crucial for the precise crop-

specific loss assessment. 

 Del Carmen Silva-Aguila et al. (2011) and Boschetti et al. (2015) validated their 

crop classification map using ground truth collected through GPS survey. The value of 

the coefficient of determination (R2 )from a simple linear regression between remote 

sensing-derived crop acreage and statistical crop area of different administrative units 

have also been used for the accuracy assessment (Chen et al., 2017; Dao and Liou, 2015; 

Son et al., 2013). Capellades et al. (2009) validated their crop mapping using US CDL 

data as a reference. Although accuracy assessment through another derived product (e.g. 

or gross census data cannot be considered as strong validation, rather it is some sort of 

agreement assessment between two datasets. 

Like the validation of crop mapping and flood mapping, crop loss estimation in 

yield and in monetary terms are also validated through census data as well as ground 

truth. Some case studies utilized flood-affected crop acreage and associated crop loss at 

different administrative levels for the validation (Ahmed et al., 2017; Shrestha et al., 

2016b, 2016c). Tapia-Silva et al. (2011) compared both crop loss acreage and loss in 

monetary value with official loss. They reported a huge difference (>300%) between two 

estimations. Similarly, Kwak et al. (2015) found their crop loss estimation consistent 

80% with the assessment of the Ministry of Agriculture of Cambodia. Vozinaki et al. 

(2015) run their model multiple times to measure the consistency of their loss assessment 

model. Li et al. (2016) calibrated their soil-water balance model for crop yield forecast on 

using the past year yield estimation. Then the model is used to estimate the yield 
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difference in a flooded year. Likewise, Liu et al. (2018) and Shrestha et al. (2017a) 

validated their VI based yield forecast regression model with actual yield using R2 and 

Root Means Square Error (RMSE).  

These regression-based loss assessments reported high accuracy of crop loss 

assessment. The qualitative crop damage assessment can also be validated with the 

damage assessment report from field investigation (Haldar et al., 2016; Lee and Lee, 

2003). The ground truths for the qualitative loss assessment must be in a qualitative 

format with the same number of classes. These qualitative loss assessments reported 

above 90% overall accuracy through cross-validation. The success of the accuracy 

assessment of qualitative assessment depends on the subjective consideration of damage 

classes and field investigation. Moreover, expert knowledge is required for the qualitative 

loss assessment based on crop condition profile.  

About a half of the selected case studies did not validate their crop loss 

assessment, perhaps because of the unavailability of validation data. Model validation is 

always challenging because of the scarcity of real damage and loss observations and lack 

of cost information (Vozinaki et al., 2015). Most of the studies validated aggregated crop 

loss from multiple administrative levels because field-level data are very scarce. Field 

survey-based validation is not viable in most of the cases because of the high cost to 

acquire it. Moreover, survey-based ground truth collection is lengthy process, which may 

not be able to support quick assessment. 
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3.3.6 Challenges and Opportunities 

The utilization of remote sensing data in flood crop loss assessment has increased 

rapidly in the last two decades. Although crop loss assessment is aided by remote sensing 

data and derived products, many challenges were seen and addressed by empirical case 

studies. The most challenging part of the crop loss assessment is the scarcity of suitable 

data. Remote sensing earth observation is one of the vital sources for required data in 

flood crop loss assessment. Loss assessment models based on the flood intensity utilized 

flood parameters derived from hydraulic models. The accuracy of flood intensity 

modeling is largely depending on the accuracy of DEM. The fine spatial resolution DEM 

is always desirable for precise flood modeling. However, fine spatial resolution DEM is 

unavailable for most of the flood-prone areas. Although none of the studies utilized 

Digital Surface Model (DSM) for flood modeling, the utilization of DSM can improve 

the result of flood modeling. The reason for the absence of DSM in flood modeling may 

be the unavailability for vast areas.  

Determination of flood depth through spot survey requires many points for 

accurate mapping, which is very time consuming, labor-intensive, and costly. Many case 

studies relied on stage-damage functions for crop loss assessment. Although flood 

parameters can be derived from flood modeling, the high data requirement often hinders 

the application of these models (Förster et al., 2008; Samantaray et al., 2015). Stage-

damage functions are usually developed based on the empirical assessment of past floods 

and associated costs. It is also difficult to develop crop-specific stage damage functions 

for the different seasons because of the scarcity of data on past events (Merz et al., 2010; 
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Shrestha et al., 2016b). In case of unavailability of historical data for the development of 

stage-damage curve synthetic damage curve can also be developed using expert 

knowledge (Merz et al., 2010; Yu et al., 2013b). 

Cloud contamination in optical images is one of the most reported drawbacks in 

flood mapping and crop condition monitoring (Lee and Lee, 2003; Yu et al., 2013a). 

Flood mapping is very challenging especially in a tropical area, where cloud 

concentration is high during the rainy season. The utilization of fine resolution optical 

images for crop classification and land cover mapping can improve the performance of 

crop loss assessment models and flood models. However, fine-resolution images are not 

available free of charge for most of the cases. The utilization of fine-resolution images 

for vast agricultural areas is not time and cost-effective. Since the footprints of fine 

spatial resolution images are usually small, many images are required for the 

spatiotemporal monitoring of agricultural areas.  

Many case studies reported only inundated cropland without considering crop 

types and seasonality. Since different crop types have a different degree of exposure to 

flooding, inundated cropland information alone cannot provide precise damage 

information. Similarly, the degree of crop damage largely depends on the seasonality of 

crops, which also ignored in most of the case studies. The consideration of different 

seasons and planting dates for different crops in different regions is crucial for the precise 

loss assessment (Yu et al., 2013a).  

Many studies utilized land cover maps or crop type maps derived from remote 

sensing data. The uncertainty of crop types identification has a direct impact on the 
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accuracy of loss assessment (Tapia-Silva et al., 2011). The determination of threshold for 

VIs, SAR backscatter, and SAR sigma naught is very challenging for crop identification 

and flood delineation. These threshold values need to be carefully selected using expert 

knowledge (Kwak et al., 2015). Moreover, these thresholds may vary across many factors 

such as geographic location, crop types, and seasonality.  

Long-term time series of yield data are required to train regression models for loss 

assessment, which may not be available for many cases (Li et al., 2016; Shrestha et al., 

2013). Although the regression model can be developed using yield reports collected 

through farmer’s survey and associated VIs, field data collection is always time and cost-

intensive. Shrestha et al. (2017a) assessed the impact of the flood on crops using the 

NDVI curve of the whole growing season. Thus, this model is not useful for in-season 

quick loss assessment until the growing season ends. Chen et al. (2019) reported EVI 

saturation is a problem for EVI based damage assessment. They also reported that EVI 

can effectively detect the flood disturbance before crop greenness reaches the pick value 

and it is less effective for the flood events after the crop’s mature stage.  

Some qualitative assessment models are also based upon the damage-level 

information collected by field survey. Signature of these damage locations can be used 

for the training of supervised classification and regression-based damage assessment 

models. There are challenges associated with field-level damage data collection. Firstly, 

these survey activities are time-consuming, labor-intensive, and costly. Secondly, 

identifying of this sampled field is often difficult for crop reporters or surveyors. Finally, 

damage type may be misinformed since most of the surveyors may not have expert 
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knowledge on damage categories. Thus, there are various challenges for remote sensing-

based crop loss assessment which needs to be addressed for the precise and timely flood 

crop damage assessment.  

 Apart from the challenges, there are many opportunities which are brought by 

remote sensing data and technology. LiDAR-derived DEM is available for many 

watersheds in developed countries, which can be utilized for precise flood modeling. The 

launching of many new satellite remote sensing systems in the last decade opens new 

opportunities for suitable remote sensing data. For instance, Sentinel-1 and Sentinel -2 

satellite remote sensing missions by European Space Agency (ESA) provides data in both 

optical and microwave domains free of charge. The optical data of Sentinel-1 provide 

finer temporal (6 days) and spatial resolution (10 m) compared to Landsat. Thus, the 

accuracy of crop identification and land cover mapping will be increased using Sentinel 2 

data compared to other course resolution remote sensing options like MODIS. The 

weekly crop condition profile can be extracted from Sentinel-2 data, which can be helpful 

for frequent crop condition monitoring along with MODIS derived products.  

The inability of optical remote sensing data to penetrate through clouds hinder its 

application in flood mapping. Therefore, the demand for microwave remote sensing data 

has been very high for flood mapping. The unavailability of SAR data free of charge 

before the launch of Sentinel-1satellites limits the widespread use of SAR data in flood 

mapping. Sentinel-1 provides SAR C band data with multiple polarization free of charge 

since 2014, which is a remarkable milestone for the remote sensing community. Flood 

and water studies will be benefited from the Sentinel-1 data. Similarly, crop loss 



68 

 

 

 

assessment models based on the soil-water balance can be benefited from the recent 

launch of NASA’s SMAP mission. Rapid flood progress monitoring in cropland using 

soil saturation can be mapped using SMAP data (Rahman et al., 2017).  

Many remote sensing derived products such as NDVI, MVCI, and EVI are readily 

available because of the development of computer systems, data cataloging, and 

dissemination system. The advanced web application makes these data dissemination 

easy, available and convenient (Hu et al., 2017; Yu et al., 2017). The historical data on 

crop condition (e.g. VIs) are also available from these large achieve systems, which can 

be utilized to develop crop loss, assessment models. Moreover, time-series of crop maps 

like CDL in the US can support the crop-specific loss assessment. The archives for crop 

yield data in many countries can also be useful to train the yield and loss assessment 

models. Like data sources, many methods and techniques have also been developed for 

flood modeling and crop loss modeling. 

3.4 Chapter Summary 

There are various tools and techniques have been evolved for crop damage 

assessment. This study broadly categorizes these approaches into three groups: flood 

intensity-based approach, crop condition-based approach, and a hybrid approach of these 

two called the combined approach. Each approach has its own advantages and 

disadvantages. Remote sensing data have been utilized for different levels and aspects of 

crop loss assessment. There is an increasing trend of greater use of remote sensing data 

for flood crop loss assessment in recent years.    
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Many studies often utilized very simple approaches for crop damage assessment 

mainly because of limitations in available data and knowledge on damage mechanisms. 

One of the frequently used simple approaches is the estimation of inundated cropland, 

where crop damage is expressed as total inundated areas of cropland without considering 

flood intensity and crop condition. Thus, this kind of simple approach cannot provide the 

magnitude of crop damage. Flood intensity-based approaches consider various intensity 

parameters including flood depth, duration, and velocity in the loss assessment model. 

The main idea of intensity-based damage assessment is that the degree of damage varies 

with flood intensity. Stage damage curves between flood intensity parameters and the 

degree of damage are used in flood intensity-based approach. The success of crop loss 

assessment depends on the quality of intensity parameters and stage-damage curve. Crop-

specific stage-damage function for the different stages of crop phenology can be helpful 

for detailed loss assessment. Flood intensity-based approaches often conduct generalized 

crop loss assessment due to the lack of required data for modeling.  

Many recent studies conducted crop loss assessment based on crop condition 

profiles derived from remote sensing data and VI (e.g. NDVI, EVI, and LAI) products. A 

linear relation between VIs and crop yield is often utilized for crop loss estimation by 

comparing flood year yield with historic yield. Similarly, the change (e.g. difference, 

ratio) between historic VIs and flood year VIs is also utilized for loss assessment without 

considering crop yield information. There are two major drawbacks in crop condition-

based loss assessment. First, these crop-condition based of models require historical data 

on crop yield and crop condition profile, which may not be available in many cases. 
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Second, many models depend on VIs for the entire crop growing season, which may not 

support in-season crop damage assessment. A hybrid approach combining both flood 

information and crop condition information is utilized in many case studies. For instance, 

flood extents are used for the delineation of flood-affected crop areas, and crop condition 

profiles are used for crop-specific loss assessment. Many input parameters for hybrid 

crop loss assessment models are now available through the recent development of remote 

sensing data availability, methods, and techniques. 

Remote sensing data have been utilized in many aspects of flood crop loss 

assessment including flood extent mapping, flood depth mapping, crop mapping, and 

extraction of crop-specific VIs. Both optical and microwave data have widely been used 

in crop loss assessment. MODIS and Landsat data are the dominant sources of optical 

remote sensing in crop loss assessment. MODIS derived VI products have also been 

utilized in many case studies. The fine temporal resolution of MODIS and moderate 

spatial resolution of Landsat make these two data sources the obvious choice for crop 

damage assessment. The availability of data free of charge is also the most important 

factor behind the popular use of MODIS and Landsat in this domain. Although Sentinel-2 

optical data could be a good source because of its availability free of charge, none of the 

studies utilized Sentinel data. One reason could be the shorter period of archive of 

Sentinel data compared to Landsat and MODIS. Another reason could be the processing 

of many fine resolution images for vast areas of agricultural land. Microwave remote 

sensing data such as RADARSAT is also utilized in many case studies because of the 

inability of optical remote sensing to see through clouds. Sentinel-1 SAR-C band data are 
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also available free of charge, which may gain popularity for flood crop loss assessment in 

the near future.  

A wide range of damage types is reported in both quantitative and qualitative 

scale. The quantitative damage assessment types are the estimation of inundated areas, 

yield loss, percentage loss, and loss in monetary terms. The qualitative damage 

assessment is usually expressed in the degree of damage like low-moderate-high damage. 

A major limitation of damage modeling is that model validation is scarcely performed 

because of the unavailability of validation data in most of the cases. 

 Loss assessment in monetary terms often depends on very generalized 

assumption of crop yield price, which may lead to inaccurate estimation. Moreover, the 

results of damage assessments depend on many assumptions, which makes the loss 

assessment model highly sensitive to the accuracy of input parameters. The error in input 

parameters and inappropriate assumptions have a direct impact on the accuracy of loss 

assessment. Therefore, the uncertainty of the model should be reported through the 

sensitivity test. Flood crop loss assessments are often much different than the actual loss. 

Thus, greater attention needs to be given to the accuracy of the input parameters. 

 Although there are many challenges in flood crop loss assessment, some will be 

overcome in the future through the use of advanced technology and greater availability of 

remote sensing data. Substantial improvement in remote sensing data availability is 

expected in the coming years following the launch of more advanced satellite remote 

sensing systems. These systems will provide remote sensing data at a much finer scale 

within the required dates and timeframes. Data archives will be enriched through more 
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remote sensing images, crop price, crop yield and vegetation indices at different 

administrative levels. Data dissemination through cyberinfrastructure will also be 

improved with the help of the advanced web and computer systems. Overall loss 

assessment and validation procedures are likely to become easier with the advent of new 

technologies, methods, data, processing software, and cyber systems. 
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CHAPTER FOUR  IN-SEASON IDENTIFICATION OF MAJOR CROP TYPES 

4.1 Background  

Crop-specific acreage information, such as crop types with their location, is useful 

for crop statistics, yield estimation, change in cropland use, cropland environmental 

dynamics, crop loss assessment, crop pricing, decision support, and policy formulation 

(Mueller and Harris, 2013). Generating yearly or seasonal information for each crop field 

at the regional scale is not a trivial task in any part of the world. Field survey-based 

information collection has been replaced the utilization of satellite images in many 

applications. Information can be extracted from satellite images multiple times within or 

outside of the growing season. Therefore, satellite images are useful for crop condition 

monitoring, growth stage monitoring, and loss assessment. Moreover, the use of satellite 

images in crop type identification is time and cost-effective over vast areas.  

The NASS of the USDA probably made the first attempt to produce unique crop-

specific land cover products and dissemination methods annually at a national scale 

(Boryan et al., 2011; Mueller and Harris, 2013). This crop-specific land cover product for 

the US is called the CDL, which has been produced since 1997 for more than 100 unique 

crop categories across the US; it is delivered annually with 85% to 95% accuracy at a 30–

56 m spatial resolution (Mueller and Harris, 2013). The usefulness of CDL data has 

already been proven in practice; for instance, mapping crop types using CDL time series 
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data (Chang et al., 2007), identifying agricultural production areas (Fitzgerald and 

Zimmerman, 2013; Painter et al., 2013), examining the relationship between agricultural 

chemical exposure and disease (Maxwell et al., 2010), crop-specific inundation mapping, 

yield estimation (Becker-Reshef et al., 2010; Shrestha et al., 2016d), crop growth 

monitoring (Rahman et al., 2016), pure crop pixel identification (Shrestha et al., 2017b), 

land use transformation (Johnston, 2013; Thompson and Prokopy, 2009; Wright and 

Wimberly, 2013), agricultural rotational patterns (Plourde et al., 2013; Stern et al., 2012), 

chemical/environmental studies for cropland (Belden et al., 2012; Kutz et al., 2012), crop 

carbon dynamics (Gelfand et al., 2013; West et al., 2010), and cyberinfrastructure for 

agroecosystem modeling (Yang et al., 2011a). Therefore, an accurate and timely cropland 

data layer can facilitate many applications and research in the agriculture sector. 

Satellite remote sensing is useful for mapping both crop types and crop rotation 

patterns. The synoptic and repeated collection of data for vast areas is the main advantage 

of the application of satellite remote sensing in crop mapping (Asgarian et al., 2016; 

Martínez-Casasnovas et al., 2005; Qiu et al., 2003; Waldhoff et al., 2017).  Optical data 

are one of the most attractive choices for crop mapping among satellite remote sensing 

options because they offer vegetation indices, frequent revisit, adequate spatiotemporal 

resolutions, and options for free of charge data distribution (Sonobe et al., 2017). 

Waldhoff et al. (2017) mapped the crop rotation pattern at a catchment scale in Germany 

for eight consecutive years (2008–2015). At first, they identified crop types through a 

supervised classification of images from multiple sensors (e.g., Landsat, ASTER, SPOT) 

for each year. They extracted crop rotation patterns at the field level for eight consecutive 
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years from crop maps. Martínez-Casasnovas et al. (2005) mapped multi-year cropping 

patterns between 1993 and 2000 using Landsat images in Spain. Although their approach 

is not suitable to extract specific sequences of cropping patterns at the field level over the 

years, the spatial distribution of cropping patterns in a study area can be visualized.  

The combination of remote sensing-derived land cover and census data has also 

been utilized to map the cropping pattern at a half-degree grid in China (Qiu et al., 2003). 

Panigrahy and Sharma (1997) utilized a similar approach of Waldhoff et al. (2017) to 

map three years of crop rotation patterns in west Bengal of India using the Indian Remote 

Sensing Satellite (IRS) LISS-I (Panigrahy and Sharma, 1997). Conrad et al. (2011) 

mapped crop types and crop rotation using classification and regression trees (CARTs) in 

central Asia. They utilized MODIS optical bands and derived products such as NDVI. 

Sonobe et al. (2017) mapped crop cover with very high accuracy using multi-temporal 

Landsat 8 images and derived products in Hokkaido, Japan. Landsat images have been 

one of the most attractive options due to its moderate spatial and temporal resolution, 

which is very suitable for crop mapping (Asgarian et al., 2016; Ouzemou et al., 2018; 

Skakun et al., 2017; Sonobe et al., 2017). 

 Many derived vegetation indices such as NDVI, EVI, LAI, and SAVI have been 

utilized along with original Landsat bands to ensure better accuracy in crop classification 

(Asgarian et al., 2016; Gao et al., 2017; Ouzemou et al., 2018; Skakun et al., 2017). A 

wide range of classification algorithms such as support vector machine (SVM), random 

forest (RF), maximum likelihood, spectral angle mapper (SAM) have been utilized for 

crop mapping (Asgarian et al., 2016; Ouzemou et al., 2018; Skakun et al., 2017; Sonobe 
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et al., 2017). Most of the crop mapping approaches around the world utilize ground truth 

collected from the field to train the classification models. 

Similar to orther approaches for crop mapping using satellite remote sensing 

images, the CDL program in the US also uses moderate spatial resolution satellite 

images, NASS June Agriculture Survey data (JAS) and other ancillary data such as 

National Land Cover Data (Boryan et al., 2011). NASS mainly uses in-season Landsat 

images to identify major crop types across the US through supervised image 

classification. Supervised learning requires a training dataset to train image classification 

models. Thus, the NASS CDL program used ground truth data collected during the JAS 

to train the model for supervised image classification from 1997–2005 (Boryan et al., 

2011). The JAS is a field-based annual survey program of NASS which collects data for 

11,000 individual one square-mile sample segments using an area sampling frame. 

Information on crop types and acreage of all agricultural activities occurring on the 

primary sampling units (PSU) is collected during field visits (Boryan and Yang, 2012; 

Boryan et al., 2011). In this survey program, approximately 85,000 agricultural and non-

agricultural land use tracts are identified within the sampled segments in a given year 

(USDA, 2018). The manual digitization requirement of the sampled field boundary is one 

of the major drawbacks of JAS segment data (Boryan et al., 2011). Thus, this field-based 

ground sample collection for training data is time consuming, costly, and tedious. 

Therefore, the Common Land Unit (CLU) data from the Farm Service Agency (FSA) 

replaced the JAS segment data in 2017 (Boryan et al., 2011).  
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The CLU data are a standardized GIS data layer generated from farmers’ reports 

on crop types and acreage sent to 2300 FSA county offices (Anderson et al., 2005; Heard, 

2002). Since this new approach depends on farmers’ reports and the construction of GIS 

layers from reported crop types, it may be time and cost-intensive. Therefore, the current 

study proposed a new solution for the training dataset construction based on crop rotation 

patterns instead of field surveys and depending on the farmers’ reports. Usually, CDL is 

released a few months after the growing season, approximately at the end of each year 

(Mueller and Harris, 2013). Therefore, the current CDL may not be able to support many 

research activities which require early season crop information, such as crop-specific 

inundation mapping, rapid yield estimation, crop-specific loss estimation, grain pricing, 

crop-specific irrigation need, grain supply, and flood policy. Early season crop type 

identification will facilitate many types of research and applications in the agriculture 

sector. 

From the previous discussion, it is evident that CDL is unique and very useful 

data on US croplands, which contributes to many research activities and applications in 

this field. However, there are two major drawbacks: the time and cost-extensive training 

sample collection and the delayed release of the data at the end of the year; these 

drawbacks hinder the use of CDL for in-season research. Therefore, this study 

specifically focuses to address these two weaknesses of CDL and propose a solution to 

overcome them. This study aims to extract major crop rotation patterns from historic 

CDL instead of mapping crop rotation patterns directly from satellite images. The goal of 
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this study is to create in-season CDL based on crop rotation patterns and Landsat image 

classification with a similar accuracy of current CDL.   

4.2 Materials and Methods 

4.2.1 Study Area  

The study area, Iowa, is a midwestern state in the US which is located between 

Missouri and Mississippi rivers (Figure 10). About 90% of the land of this state are 

devoted to agriculture because of the high fertility of the soils (USDA-NASS, 2017). 

Iowa ranks second in the nation for agriculture production. This state is also second in 

total agricultural exports with farmer’s exporting more than $10 billion worth of 

agricultural products in 2013. The state is also considered as the corn belt region of the 

US due to its high proportion of corn cultivation. According to the Iowa agricultural 

statistics 2017, corn, soybean, and alfalfa are the top three agricultural products by the 

value of sale $8.5 billion, $5.2 billion, and $0.75 billion, respectively (USDA-NASS, 

2017), and hence an ideal study area for this research. Every year the usual planting of 

major crops begins in the middle of April and harvesting starts from the second week of 

September (NASS, 1997).  
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Figure 10 Landsat scene boundaries superimposed on the study area 

 

Figure 11 illustrates the distribution of land cover categories and the percentage 

share of crop types in 2017. Around two-thirds of the land areas are used as crop fields in 

Iowa (Figure 11a). Forest, grass, developed areas, and water bodies cover 9%, 14%, 7%, 

and 1% of the state land, respectively. Land use distribution of cropland in 2017 shows 

corn and soybean were dominant crops in 2017. These two crops together cover 96% of 

cropland (Figure 11b). Alfalfa was planted only on two percent of the cropland. Other 

crops such as oats, wheat, rye, millet, potatoes, and vegetables were together planted only 

on 2% of the cropland. Therefore, this study focuses only on three major crops: corn, 

soybean, and alfalfa considering the significant presence of these crops in the study area. 

Other crops are ignored for two reasons: firstly, it is very difficult to find trusted pixels 

for these crop types for the study area; secondly, these crop types cannot be considered as 
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major crops in Iowa because of their negligible individual share of the crop production of 

the state.  

 

 
Figure 11 (a) Distribution of land cover in Iowa in 2017; (b) Major crop share of Iowa in 2017  

Source: CDL 2017 

 

 

4.2.2. Data 

Two datasets, CDL and Landsat 8 Operational Land Imager (OLI), are used for 

this study. Trusted pixels for each targeted land cover type are extracted from CDL time-

series data from 2007 to 2017 downloaded from CropScape 

(https://nassgeodata.gmu.edu/CropScape/) for the study area. CropScape is a web service 

of the USDA for US geospatial cropland data products (Han et al., 2012). Landsat scenes 

are downloaded from the USGS Earth Explorer. A total of 12 Landsat scenes, path 25 to 

path 28 and row 30 to row 32, are required to cover all of Iowa (Figure 10). Due to the 

growing season of major crops in this state, Landsat scenes between late April and mid-

August were downloaded. Six Landsat bands, from band-2 to band-7, are selected for 
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each scene considering the usability of these bands for land cover classification. In 

addition, three derived products, Normalized Difference Vegetation Index (NDVI), 

Normalized Difference Water Index (NDWI), and Normalized Difference Built-up Index 

(NDBI) are added to the image stack. Therefore, an image stack of nine layers, including 

six Landsat original bands and three derived products, is used as input for the 

classification. The reason behind the use of three derived products is to reduce the 

misclassification among land cover types to ensure a better result. 

4.2.3. Trusted Pixel Identification 

Trusted pixels are pixels which maintain a specific crop rotation pattern. In this 

study, trusted pixels refer to these pixels for which crop types are likely known from the 

past use of these pixels. These pixels can be used as substitutes for ground truth data, 

either from field surveys or farmer reports of crop plantation. This trusted pixel approach 

reduced the cost and time associated with field-based ground truth collections. Figure 12 

illustrates two major patterns of crop rotation from 2007 to 2016. An alternate crop 

rotation pattern indicates that the same crop is planted in a given field in an alternate 

year. Figure 12a shows soybean and corn alternative patterns, which indicates if a field 

had corn last year, then it has soybean this year. Similarly, a monoculture pattern can 

illustrate a pattern where a field always has the same crop in the past ten years. The field 

with red marked in figure 12b shows a monoculture pattern of corn from 2007 to 2016. 

Pixels which follow these two patterns are considered trusted pixels. Moreover, most of 

the non-crop land cover types do not change frequently. Therefore, trusted pixels can be 
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found for non-crop land covers through this pattern. These trusted pixels are useful to 

know the current year crop types at their location. 

 

 
 
Figure 12 Major crop rotation patterns in Iowa state; (a) Alternate crop rotation pattern; (b) Monoculture 

cropping pattern 

 

Trusted pixels are extracted for 2017 using historical CDL from 2007 to 2016 

based on two rotation patterns over ten years. Figure 13 illustrates trusted pixels of 

different land cover types (Figure 13a) and CDL in 2017 (Figure 13b) for the same extent 

in Iowa. These trusted pixels are used as ground truth to train image classification models 

for 2017 in-season Landsat imageries. It is important to test the accuracy of these trusted 

pixels before using them as ground truth. In total, 1023 sample pixels from trusted pixels 

are selected across the state using stratified random sampling for accuracy assessment. 

The confusion matrix in Table 3 shows the agreement between these trusted pixels and 

the 2017 CDL data. The overall agreement of nine land cover types is 97%. Kappa 

measures also show significant agreement (0.94) of these trusted pixels. Since croplands 

are the main focus of this research, the user accuracy and the producer accuracy of trusted 
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pixels are 97% and 94%, respectively, for corn. Likewise, soybean has 94% for both user 

and producer accuracy. Only alfalfa has moderate accuracy where producer accuracy is 

reported as 78%, and user accuracy is 70%.  

 

 
 

Figure 13 (a) The land cover types of trusted pixels in 2017 (b) CDL of 2017 

 

It can be noted that a crop type which is not very common in an area may lead to 

lower accuracy of trusted pixels compared to a more dominant crop type. Since the 

percentage of alfalfa crop covers only 2% of arable land, the accuracy of alfalfa may have 

minimal impact on the overall classification. Because of the high accuracy, trusted pixels 

can be utilized as ground truth to train the classification model for in-season crop 

identification. Since long-term CDL is available for US croplands, this study utilized 

historic CDL data to extract trusted pixels based on major crop rotation patterns. 
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Although CDL data may not be available in many parts of the world, crop rotation 

patterns can be identified through multi-year crop mapping using remote sensing data 

(Waldhoff et al., 2017).  

 

 
Table 3 The accuracy of trusted pixels in Iowa 

Class Corn Soybean Alfalfa Water Developed 
Barren 

Land 
Forest 

Grass 

Land 
Wetland Total 

User 

Accuracy 

Corn 334 9 1 0 0 0 0 0 0 344 0.97 

Soybean 17 270 1 0 0 0 0 0 0 288 0.94 

Alfalfa 2 0 7 0 0 0 0 0 0 9 0.70 

Water 0 0 0 15 0 0 0 0 0 15 1.0 

Developed 0 0 0 0 104 0 0 0 0 104 1.0 

Barren 0 0 0 0 0 10 0 0 0 10 1.0 

Forest 0 0 0 0 0 0 139 0 1 140 0.99 

Grass Land 1 0 0 0 0 0 1 101 0 103 0.98 

Wetland 0 0 0 0 0 0 0 0 10 10 1.0 

Total 354 279 9 15 104 10 140 101 11 1023  

Producer 

Accuracy 
0.94 0.94 0.78 1.0 1.0 1.0 0.99 1.0 0.91  0.97 

Kappa           0.945 

 

4.2.4. Choice of Classifiers  

There are many algorithms available in supervised learning for image 

classification. However, there is no single algorithm which is better than others for all 

problems. Wolpert and Macready (1997) stated in the “No Free Lunch” theorem that 

there is no such thing as the “best” algorithm in machine learning, which means an 

algorithm may work well for one data set whereas another does not work well. Therefore, 

for each problem, the selection of an appropriate algorithm is important. There are many 

ways to select the appropriate algorithm for a specific problem. This study evaluated the 
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performance of the algorithm through empirical judgment. Six algorithms are selected 

from six groups of supervised learning algorithms to test the performance for cropland 

image classification. Six algorithms—Random Forest (Breiman, 2001), Support Vector 

Classification (SVC) (Cortes and Vapnik, 1995), K-Nearest Neighbor (KNN) (Keller et 

al., 1985), Gradient Boost (Gboost) (Friedman, 2001), Multi-layer Perceptron (MLP) 

(Mitra and Pal, 1995), and Gaussian Naive Bayes (GNB) (Zhang, 2005)—are selected 

from ensemble methods (forests of randomized trees), support vector machine, nearest 

neighbor, boosting algorithm, neural network models, and probability-based Naïve 

Bayes, respectively. All images of study areas from 2007 are classified separately using 

these algorithms. Therefore, single date multi-band and multi-date multi-band data are 

investigated for the classification of cropland. Single date multi-band is a stack of 

Landsat bands on a specific day. Multi-band multi-date is an image stack of Landsat 

bands from multiple dates. The spatial agreements between classified images with CDL 

of 2017 are assessed. The study choses best classifiers for this study based on the 

performance of the classifiers  

4.2.5. Post-Classification Process 

In general, it is evident that image classification results have a salt-and-pepper 

effect. This is mainly because of mixed pixels, which have multiple land covers within a 

pixel. Therefore, the signature of these pixels differs from the signature of pure pixels for 

a land cover class. Figure 14a shows the result of the classified image where some 

isolated pixels appear as a different class than the class of homogenous patch. The 

assumption here is a cropland unit contains only the same crop. Cropland units are 
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extracted based on the land use homogeneity of the last five years CDL. Thus, salt-and-

pepper like isolated pixels are removed from a cropland unit using the majority vote. 

Crop type is assigned to all pixels within a cropland unit based on the class of the 

majority the pixels of that cropland unit. Figure 14b illustrates the improvement of the 

result of crop types of cropland units from the classification result in figure 14a. This 

post-classification processing result improves the crop type identification at the field 

level.  

 

 
 
Figure 14 (a) Classified image; (b) Improved result after post-classification processing 
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4.2.6. Ground Truth Collection for Validation 

Ground truth is important to validate classification accuracy since this study 

focuses on major crop type identification through a supervised classification of remotely 

sensed images. Ground truth is collected on crop fields through field surveys for the 

validation of in-season crop type identification. A purposeful sampling process is 

undertaken for this study for several reasons. Firstly, the study area is vast; therefore, it is 

difficult to follow any random sampling in the whole state. Secondly, the objective is to 

collect samples only over cropland. Thirdly, purposeful sampling is convenient with 

limited resources and manpower.  

Ground truth data points are collected by taking geotagged cellphone (iphone 7s 

device) photographs along major roads. Highways are selected from Cerro Gordo County 

in the north, Pottawattamie County in the west. Interstate 80, Interstate 380, Highway 20, 

and Highway 169 cover the central part of Iowa. Samples of 683 crop fields are collected 

from more than 600 miles of major roads. Ground truth photos are taken in two different 

dates by two different teams. First team consisting of Dr. Eugene Yu, Chen Zhang, Lin 

Li, and Md. Shahinoor Rahman of Center for Spatial Information Science and Systems 

(CSISS) collected crop type  information of 36 fields in on July 18, 2018 in 

Pottawattamie county. The second team consisting of Hossain Mohiuddin, Zhi Chen, and 

Reuben Grandon of the University of Iowa collected crop type information of 627 fields 

on August 25, 2018 in other counties in Iowa. Figure 15 shows the spatial distribution of 

collected samples and crop types for these selected fields.  
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Figure 15 Spatial distribution of ground truth for the classification result validation. Panels A, B, C, and D are 

the detailed views of the parts of sampled fields. 

 

 

4.3 Result Discussion  

4.3.1. Performance of the Selected Classifiers 

Figure 16 illustrates the spatial agreement between classification result with CDL 

of selected algorithms for all 12 scenes. Three algorithms—Random forest, SVC, and 

Gboost—show better agreement than the other three algorithms in most of the scenes. 
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However, agreement varies from scene to scene even for the same algorithm. For 

instance, agreement of the three algorithms for path 26 row 30 in May is more than 85%, 

whereas the agreement of path 26 row 32 is just above 70%. Similarly, agreements of all 

selected algorithms are below 90% in July for the scene Path 25 Row 32, but more than 

90% for Path 25 Row 31. Another important aspect is that the agreements increased from 

May to July for all algorithms in most of the cases. Therefore, crops are more easily 

differentiated in their mature stage (in July) than in the early stage (in May).  

 

 
Figure 16 Classification accuracy of different classifiers in different Landsat scenes 
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The performances of these three algorithms—Random Forest, SVC, and 

Gboost—are also steady in the sense that they have better accuracy as the growing season 

progresses. However, the performance of the other algorithms fluctuates and does not 

follow a specific trend. Therefore, Random forest, SVC, and Gboost are more reliable 

than others. Since June data have better separability than May data, and July data have 

better separability than June data, the progressive data classification may provide a better 

result. Progressive data refer to adding more data in the feature space for image 

classification. 

Figure 17 shows descriptive statistics for the performance of selected 

classification algorithms for Landsat scenes. The overall performances of KNN, MLP, 

and GNB are low compared to the other three classifiers. This result is also supported by 

the findings of the other researchers who utilized different algorithms for crop mapping 

from remote sensing images (Asgarian et al., 2016; Ouzemou et al., 2018; Waldhoff et 

al., 2012, 2017). The Random Forest and SVM have better performance compared to 

other classifiers in crop mapping (Ouzemou et al., 2018; Waldhoff et al., 2017). For 

instance, Ouzemou et al. (2018) reported the best overall accuracy (89.26%) among all 

classifiers utilized for crop mapping in Morocco. The SVM shows the highest mean 

performance compared to other classifiers in two scenes (Path 26 Row 30 and Path 27 

Row 32). However, it has lower performance than the Random Forest and Gradient Boost 

classifiers in all other scenes.  
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Figure 17 Box plots of the performance of selected classification algorithms for Landsat scenes. The upper and 

lower bounds of the box indicate 75 and 25 percentiles of the distribution, respectively. The mean (square mark), 

median (bar at the middle of the box), minimum–maximum bound (dash line) of each Landsat scene are also 

shown in the figure 

 

Among 12 scenes, both the Random Forest and the Gradient Boost classifiers 

have their mean highest performance in five scenes. Therefore, the performances of the 

Random Forest and the Gradient Boost classifiers are almost similar. The mean overall 

accuracies of the Random Forest, the Gradient Boost, and the SVM are 88%, 88%, and 

87%, respectively, for the 12 scenes. The median accuracies of the Random Forest, the 

Gradient Boost, and the SVM are 89%, 88%, and 87%, respectively. Although these three 

classifiers have almost similar performance, this study chooses the Random Forest 

algorithm for early season crop types identification considering overall highest mean and 

median accuracy across all 12 scenes. Moreover, the Random Forest algorithm required 

less computation time than SVM (i.e., minutes compared to hours). 
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4.3.2. Classification Result of Single Date Multi-Bands 

Landsat images of all 12 scenes between May and July are classified and 

processed for major crop type identification. Monthly mosaics are created from classified 

images in a month to cover all of Iowa. In total, 10,000 sample pixels are selected over 

cropland using stratified random sampling to assess the agreement between classified 

land cover and USDA CDL for 2017. Since only three major crops are identified for the 

study area, samples are taken only on these three croplands. Figures 18–20 illustrate the 

comparison between classification results and CDL 2017 for May, June, and July, 

respectively. Four detailed views from four locations a, b, c, and d are shown in each 

figure for the visual comparison of classification result (a1—d1) with CDL (a2—d2). The 

classification results improve from early season to late season. The overall agreements 

between the classification results and CDL are 84%, 91%, and 95% in May, June, and 

July, respectively (Tables 4–6). 

 

Table 4 Agreement between classification result of May and CDL in 2017 

Class 

Name 
C S A 

O

C 
W D B F G WL Total UA 

C 4813 528 7 10 3 75 1 15 95 12 5559 0.87 

S 635 3599 9 8 1 53 1 9 73 5 4393 0.82 

A 4 5 24 7 0 1 0 2 5 0 48 0.50 

Total 5452 4132 40 25 4 129 2 26 173 17 10,000  

PA 0.88 0.87 0.6     Overall 

Agreement 0.84 

Kappa Statistic 

0.70 

Note: C = Corn; S = Soybean; A = Alfalfa; OC = Other Crop; W = Water; D = 

Developed; B = Baran Land; F = Forest; G = Grass Land; WL = Wetland; UA = User 

Agreement; PA = Producer Agreement. 
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Figure 18 Classification results of May and CDL in 2017; (a1—d1) are snapshots from the classification result, 

and (a2—d2) are snapshots from CDL at locations a, b, c, and d respectively 

 

Similarly, the kappa statistic is another measure for accuracy assessment, which 

evaluates the classification values compared to values assigned by chance. Kappa values 

are in the range of 0 to 1; 0 indicates no agreement between the classified image and the 

reference image, and 1 indicates both the classified and the reference image are identical. 

The kappa statistics of the agreements are 0.70, 0.81, and 0.90 in May, June, and July, 
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respectively, indicating the gradual improvement of the result (Tables 4–6). In May, corn 

has both higher user accuracy (0.87) and producer accuracy (0.88) than soybean’s user 

accuracy (0.82) and producer accuracy (0.87) (Table 4). The user accuracy and producer 

accuracy of alfalfa are only 50% and 60%, respectively (Table 5).  

 

 
 Figure 19 The classification results for June and CDL in 2017; (a1—d1) are snapshots from classification result, 

and (a2—d2) are snapshots from CDL at locations a, b, c, and d, respectively 
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Table 5 Agreement between classification results of June and CDL in 2017 

Class 

Name 
C S A OC W D B F G WL Total UA 

C 5071 265 4 3 0 18 2 27 55 15 5460 0.93 

S 467 3966 8 6 2 8 3 5 38 1 4504 0.88 

A 1 1 25 5 0 0 1 0 3 0 36 0.69 

Total 5539 4232 37 14 2 26 6 32 96 16 10,000  

PA 0.92 0.94 0.68     Overall 

Agreement 0.91 

Kappa Statistic 

0.81 

Note: C = Corn; S = Soybean; A = Alfalfa; OC = Other Crop; W = Water; D = 

Developed; B = Baran Land; F = Forest; G = Grass Land; WL = Wetland; UA = User 

Agreement; PA = Producer Agreement. 

 

 
Figure 20 Classification result for July and CDL in 2017; (a1—d1) are snapshots from classification result, and 

(a2—d2) are snapshots from CDL at locations a, b, c, and d, respectively 
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Table 6 Agreement between classification result of July and CDL in 2017 

Class 

Nam

e 

C S A 
O

C 
W D B F G WL Total UA 

C 5302 98 5 2 3 32 0 45 40 26 5553 0.95 

S 110 4150 3 18 2 37 0 9 77 2 4408 0.94 

A 1 2 27 2 0 2 1 1 3 0 39 0.69 

Total 5413 4250 35 22 5 71 1 55 120 28 10,000  

PA 0.98 0.98 0.77     Overall 

Agreement 0.95 

Kappa 

Statistics 0.90 

Note: C = Corn; S = Soybean; A = Alfalfa; OC = Other Crop; W = Water; D = 

Developed; B = Baran Land; F = Forest; G = Grass Land; WL = Wetland; UA = User 

Agreement; PA = Producer Agreement 

 

Corn has higher user accuracy but lower producer accuracy than soybean in June. 

Both user and producer accuracies of alfalfa increased to near 70% in the classification of 

the June image. Both user accuracy and producer accuracy of alfalfa are lower compared 

to corn and soybean, which may be the result of the low accuracy of trusted pixels for 

alfalfa. Since the success of the major crop type identification is highly dependent on 

trusted pixel accuracy, this approach may not be effective in an area where trusted pixels 

have low accuracy. From June to July, there is no significant improvement in producer 

accuracy for corn and alfalfa, but soybean has higher producer accuracy in July than in 

June. The user accuracy of all three major crops increased significantly from June to July. 

Corn, soybean, and alfalfa have producer accuracies of 98%, 98%, and 77% respectively, 

in July (Table 6). Therefore, it is evident that overall agreement with CDL 2017 increases 

as crops grow.  
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4.3.3. Classification Result of Multi-Date Multi-Bands 2007 Images 

Similar to single date multi-band image classification, this research also 

investigated the classification outcome using multi-date image stacks. An image stack of 

multi-date and multi-band is the combination of Landsat bands of multiple dates for 

classification. An image stack of multiple dates increases the dimension of data for 

classification algorithms. This study considered multiple combinations of images from 

different dates available within the growing season. For instance, images from May 

combine with images from June when data in June are available. 

Tables 7 and 8 show agreement between classification result and CDL through the 

confusion matrix. Table 7 indicates the overall agreement of the classification result from 

the combination of May and June images with CDL is 94%, and the kappa value is 0.87. 

This multi-date image classification result has a higher agreement (94%) compared to the 

overall agreement of single date June images classification result. Likewise, multi-date 

image classification has an overall better agreement, 96% in July, compared to the result 

of single date July image classification result of 95%. The kappa value is also improved 

in multidate image classification from single date image classification. Therefore, higher 

data dimensions from multi-date imageries can improve the classification accuracy in 

general for major crop identification. 
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Table 7 Agreement between multi-date classification result of May–June images and CDL in 2017 

Class 

Name 
C S A OC W D B F G WL Total UA 

C 5289 276 3 4 0 5 0 6 13 5 5601 0.94 

S 300 4047 4 5 1 3 0 4 10 2 4376 0.92 

A 2 0 16 4 0 0 0 0 1 0 23 0.70 

Total 5591 4323 23 13 1 8 0 10 24 7 10,000  

PA 0.95 0.94 
0.7

0 
    Overall 

Agreement 0.94 

Kappa Statistics 

0.87 

 

Table 8 Agreement between multi-date classification result of May–June–July images and CDL in 2017 

Class 

Name 
C S A OC W D B F G WL Total UA 

C 5390 139 5 1 0 11 0 5 21 5 5577 0.97 

S 216 4142 3 4 1 9 0 5 15 3 4398 0.94 

A 0 0 19 1 0 0 0 0 5 0 25 0.76 

Total 5606 4281 27 6 1 20 0 10 41 8 10,000  

PA 0.96 0.97 0.70     Overall 

Agreement 0.96 

Kappa Statistics 

0.91 

Note: C = Corn; S = Soybean; A = Alfalfa; OC = Other Crop; W = Water; D = 

Developed; B = Baran Land; F = Forest; G = Grass Land; WL = Wetland; UA = 

User Agreement; PA = Producer Agreement. 

 

Figure 21 compares the classification result of multi-dates with CDL 2017. From 

the visual interpretation of figure 21, the classification result from the combination of 

May and July images is closer to CDL than the combination of May and June images. 

Likewise, the classification result from the combination of May, June, and July images is 

almost identical to CDL. The agreement between classification result and CDL has been 

evaluated through 10,000 randomly sampled points.  
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Figure 21 Classification results of multi-bands multi-date images with CDL for 2017 
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4.3.4. Current Year In-Season Classification Result  

The goal of this study is to identify in-season major crop types. The previous 

section compares the in-season crop identification results with USDA CDL. Therefore, 

the result is the agreement between the classification outcome and CDL, which is not the 

actual classification accuracy. Section 3.4 discusses the current year (2018) classification 

results through the validation with ground truth collected from fields. Both single date 

multi-band and multi-date multi-band image classification results are discussed here. 

Figure 22 shows major crop types identified through single date multi-band image 

classification in three different months of the growing season. Four blowups are also 

shown from four different locations each month.  

 

 
Figure 22 Identification of major crops through single date multi-band image classifications;  

panel A, B, and C show the result for May, June, and July, respectively 
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Table 9 shows classification accuracy increases over time; the overall accuracy is 

84%, 80%, and 92%, respectively, in May, June, and July. The kappa values 0.67 in May, 

0.76 in June, and 0.83 in July, indicate the improvement in major crop type identification. 

The classification result is improved because of the higher separability among crop types 

in the late growing season compared to the early growing season. The improvement in 

user accuracy and producer accuracy also indicates a decrease in misclassification among 

crop types (Table 10).  

 

Table 9 Overall accuracy and a kappa value of major in-season major crop types identification in 2018 

Accuracy Metrics 
Single Date Multi-Band Multidate-Date Multi-Band 

May June July May–June May–June–July 

Overall Accuracy 0.84 0.89 0.92 0.94 0.95 

Kappa Value 0.67 0.76 0.83 0.86 0.88 

 

Table 10 User accuracy and producer accuracy of major in-season major crop type identification in 2018 

Crop 

Types 
Accuracy 

Single Date Multi-Band Multidate-Date Multi-Band 

May June July May–June May–June–July 

Corn 

User Accuracy 0.84 0.90 0.93 0.95 0.96 

Producer 

Accuracy 
0.94 0.96 0.97 0.98 0.98 

Soybean 

User Accuracy 0.85 0.88 0.91 0.92 0.93 

Producer 

Accuracy 
0.75 0.82 0.87 0.89 0.91 

Alfalfa 

User Accuracy 0.57 0.64 0.79 0.79 0.86 

Producer 

Accuracy 
1.00 1.00 1.00 0.92 1.00 

 

The user accuracy of corn increases from 83% in May to 93% in July. Likewise, producer 

accuracy increases from 94% in May to 97% in July. Moreover, the results also show that 
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the accuracy of multidate image classification is higher compared to single date. For 

instance, the overall accuracies of single date and multidate classification in June are 89% 

and 94% respectively. Thus, higher accuracy can be achieved through adding more data 

in image classification models. Although both producer and user accuracies for soybean 

are lower compared to corn, a significant improvement can be seen in both user accuracy 

and producer accuracy from May through July.  

Based on the agreement between classification results and CDL 2017 (Tables 4–

8), both the user accuracy and the producer accuracy of alfalfa are lower compared to 

those of corn and soybean in 2018 as well. Ouzemou et al. (2018) also reported a similar 

problem in crop mapping in Morocco, where they found very low classification 

accuracies for alfalfa. Asgarian et al. (2016) also reported that the classification accuracy 

is lower for alfalfa than other crops in Iran because of the misclassification of vegetation 

and other crop types. Therefore, the performance of the crop type identification is 

consistently low for crops which are not very common in the study area. Although other 

states in the US may have different major crop types, similar crop rotation patterns can be 

found in most of the states. Therefore, the approach of major crop identification utilized 

in this study may be applicable to other states. Since crop planting is a diverse and 

complex phenomenon widely affected by regional factors, rotation pattern identification 

methods can benefit from the use of a more complete historical data and more 

sophisticated algorithms. Since this approach is heavily depends on trusted pixels, this 

approach may not be effective for these areas where crop planting does not follow a 

pattern. 
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Like the single date multi-band classification, this study also investigated the 

multi-date multi-band classification approach. Figure 23 illustrates the result of in-season 

major crop types identification through image classification of multi-date multiband 

images. Panels A, B, C, and D show enlarged detail of four different locations in Iowa. 

Boxes 1, 2, and 3 in each panel show the classification result from May, May–June multi-

date, and May–June–July multi-date images, respectively.  

 

 
Figure 23 Identification of major crops through multi-date multi-band image classifications 

(A1).16 May, 2018; (A2). 16 May, and 1 June, 2018; (A3). 16 May, 1 June, and 3 July, 2018; (B1). 16 May, 2018; 

(B2). 16 May, and 1 June, 2018; (B3). 16 May, 1 June, and 3 July, 2018; (C1). 18 May, 2018; (C2). 18 May and 3 June, 

2018; (C3). 18 May, 3 June, and 22 August, 2018. (D1). 18 May, 2018; (D2). 18 May, and 3 June, 2018; (D3). 18 May, 

3 June, and 22 August, 2018. 
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From the visual interpretation of Figure 23, multi-date image classification shows 

higher accuracies compared to single date image classification. The overall classification 

accuracy is 94% for May–June multidate image classification, which is higher than the 

single date classification accuracy of 89% in June. A higher kappa value of 0.86 for 

multidate classification compared to a kappa value of 0.83 for single date classification in 

June indicates better agreement with multi-date image classification. The highest overall 

accuracy (95%) and kappa value (0.88) are achieved from the classification of May–

June–July multi-date images. User accuracies and producer accuracies are also improved 

in multi-date image classification. Both producer accuracy and user accuracy for corn and 

soybean are above 95% and 90%, respectively. 

 

Table 11 Summary table of the results of in-season major crop type identification. 
 Single-Date Multi-Band Multidate-Date Multi-Band 

Month May June July June July 
 Overall Kappa Overall Kappa Overall Kappa Overall Kappa Overall Kappa 

Agreement 

with  

CDL 2017 

0.84 0.7 0.91 0.81 0.95 0.9 0.94 0.87 0.96 0.91 

Classification  

Accuracy in 

2018 

0.84 0.67 0.89 0.76 0.92 0.83 0.94 0.86 0.95 0.88 

 

Table 11 shows a summary of the results of in-season major crop type 

identification through satellite image classification. This study processed in-season 

Landsat images for the years 2017 and 2018 for Iowa. The results of the 2017 image 

classification are assessed through the spatial agreement with 2017 CDL. The actual 
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accuracy of the results of current year in-season major crop identification is validated 

through ground truth collected from the field. Both overall agreement and the kappa 

value between classification results and 2017 CDL are increased from May through July. 

Similarly, the in-season classification accuracies are improved from 0.84 in May to 0.92 

in July. The improvement in classification accuracies indicates that crop types are easily 

identifiable as the season progress. Multi-date multi-band image classification shows a 

better result both in June and July compared to single-date multi-band image 

classification. Therefore, progressive data classification can be more helpful for accurate 

crop type identification. 

 4.4 Chapter Summary 

In-season crop type identification is crucial for research and decision-making 

processes. In-season crop type identification supports many in-season studies such as 

crop loss estimation, yield prediction, agriculture trade, and environmental research. The 

USDA provides crop-specific information each year. However, crop-specific information 

is only available at the end of the year, many months after the crop growing season. One 

of the major reasons for the delayed release of CDL is because of the collection of ground 

truth to train the image classification model. This study utilized trusted pixels identified 

from major crop rotation patterns as training data to train the image classification model.  

The overall accuracy of the trusted pixel is 97%, which is very high considering 

there are nine major land cover classes including crops. This study selected the Random 

Forest algorithm as a classifier due to the better performance of over selected six 

classifiers. In-season images from both 2017 and 2018 are classified in this study. The 
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classification results from 2017 are compared with CDL to investigate overall agreement. 

The results show very high overall agreement up to 96% with most of the cases above 

90%. The CDL program reports classification accuracy between 85% and 95%. The 

agreement with CDL is not the actual classification accuracy. In-season classification 

results of 2018 are validated through the ground truth collected by field survey. The 

results show classification accuracy between 84% and 95%, which is similar to CDL. 

Multi-date image classification shows higher accuracy compared to single date image 

classification. The overall accuracies of multi-date image classification are 94% and 95% 

in June and July, respectively.  

The only limitation of in-season crop identification is cloud contamination in 

optical imageries. Although this study focuses on Landsat data, optical data from Sentinel 

missions may also be useful for major crop identification. The Sentinel mission has more 

frequent revisit capability compared to Landsat which increases the chances to obtain 

more in-season cloud-free images. This approach to major crop-type identification can be 

useful in areas that have certain/fixed patterns of crop rotation. Since different areas tend 

to have different patterns of crop rotation, the patterns adopted and utilized in this study 

may not be representative of the patterns in other areas. Therefore, it is necessary to 

investigate the major crop rotation patterns before the extraction of trusted pixels. It can 

be concluded that major crop type identification through the proposed method can 

achieve a similar accuracy of CDL. In-season crop research can benefit through the 

proposed methodology of in-season crop classification.   
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CHAPTER FIVE: PREDICTION OF IN-FIELD MAJOR CROP TYPES  

5.1 Background 

In-season crop mapping is discussed in the previous chapter using optical remote 

sensing data. One major drawback of optical remote sensing is the inability to see 

through clouds. Cloud contamination of optical imageries may hinder in-season crop 

mapping for crop-specific flood loss assessment. Since farmers may rotate their crops, the 

pattern of crop rotation may be useful for crop mapping without analyzing remote 

sensing imageries. Thus, this chapter aims to investigate the potentialities of machine 

learning approaches for the prediction of field-level crop types using crop rotation 

patterns before the crop growing season.  

Agricultural land has the most frequent and dynamic land cover change among all 

land cover types. Agricultural land use is changed because of the annual variation of crop 

planting. Depending on the crop types and the number of crop planting seasons, 

croplands either have crops or become fallow in some parts of the year. Another 

important land cover change is the crop rotation, which is the change in crop type planted 

on a given land area in growing season and cycles. Crop rotation may take place by inter-

seasonal or by inter-year. Farmers prefer to practice monocropping in many parts of the 

world while farmers rotate their crops almost every year in other locations. Crop rotation 
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plan can be seen as one of the key management activities by farmers for land cover 

change in cropland.  

Farmers have been practicing crop rotation to get the maximum benefit from 

agricultural activities. Farmer's choice on crop plantation is influenced by many factors 

including economic opportunities, ecological conditions, the potential increment in crop 

yield, weed management, and pest control. On the other hand, crop rotation also has 

impacts on soil carbon dynamics, soil nutrient improvement, soil temperature, soil 

moisture, and agroecosystem. Therefore, crop rotation patterns are influenced by many 

external factors and have impacts on many factors.  

Hesterman et al. (1987) studied the effect of legume-corn rotation on soil fertility 

in the US cropland and concluded that crop rotation improved the natural nitrogen 

content in farmland. Crop rotation also helps to manage weed population density and 

biomass to achieve a higher yield than monocropping (Liebman and Dyck, 1993). Rusch 

et al. (2013) examined the impact of landscape complexity and crop rotation pattern for 

pest control in barley fields. Using natural pest control solution instead of using 

chemicals and minimizing the use of fertilizer can significantly reduce surface and 

groundwater pollution. Gan et al. (2015) show diversifying cropping systems can 

enhance soil water conservation, improve soil nitrogen availability, and increase system 

productivity. Biodiversity of farmland may decline in the crop field where the 

monocropping practice is common (Bianchi et al., 2006).  Crop rotation pattern also helps 

contribute to agricultural stability, improvement of soil quality, and boosting crop yield 

(Karlen et al., 2006; Tilman et al., 2002).  
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Financial gain also plays a significant role in the decision of farmers for crop 

rotation. Farmers rotate their crops based on the potential commodity price for return 

maximization. Cai et al. (2013) developed a dynamic optimization model using the 

Bellman Equation to analyze how crop yield and price influence planting decisions. Their 

model is also capable of simulating crop rotation with different lengths and structures. 

Similarly, crop rotation information can be useful for scientific research such as future 

simulation of grain price, early prediction of crop-specific plantation acreage, yield 

prediction, and market demand analysis. Studies on crop rotation pattern can also aid 

advanced policy formulation on agriculture trade, food production, supply chain 

management, and food grain distribution. Therefore, many interlinked factors are 

expected to be influenced by the crop rotation patterns. Thus, an enormous interest 

among agro-scientists and policymakers in crop rotations has evolved over the last couple 

of decades. Similarly, crop loss assessment, potential yield estimation, prediction of grain 

price, and economic modeling on agriculture trade are highly dependent on crop type 

information. Since crop type information is vital for many important aspects, it is crucial 

to get both fine spatial and temporal coverage of crop type. 

Farmers have been practicing crop rotation for thousands of years. However, the 

monitoring and record of crop rotation are not well-practiced because of resource 

limitation in many parts of the world. Crop rotation studies require historical records on 

the field level crop types. Although tracking detail agricultural activities in each season is 

vital, the historical databases on crop types at field level are not available in most of the 

parts of the world. The responsible organization for US cropland, USDA, has many 
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projects to monitor and record agricultural activities in as much as detail as possible. The 

farm report, field survey, and farmers interviews provide vital information on farmland 

activities (USDA, 2009). Several reports have been prepared by USDA and NASS on 

agriculture activities at the county scale along with annual crop production and rotation 

maps. Although the USDA produces some field-level databases from survey-based 

activities, survey activities are not extended to cover all fields frequently. Therefore, crop 

production and rotation maps are not in fine resolution because of coarse spatial 

resolution and sparse temporal availability of physical field investigation (Sahajpal et al., 

2014). It is difficult to keep field level record on crop types through field survey in every 

year. Recent advancement of remote sensing and computer technologies brings the 

opportunity to identify and map field-level crop types as well as to record the database in 

a computer system. The CDL is one of the pioneer initiatives for identifying and 

documenting crop type information over decades. Therefore, it is now possible to study 

crop rotation pattern for US cropland at the field scale.  

Sahajpal et al. (2014) grouped approaches for crop rotation pattern analysis in 

three broad categories: mathematical framework based method, expert-driven heuristic 

approach, and remotely sensed data-driven reproach. Detlefsen and Jensen  (2007) used 

mathematical network modeling on crop price, yield, and nitrogen requirements to 

determine the crop rotation. Crop rotation patterns are also studied through systematic 

mathematical representation and the transitional probability of the internal variability and 

cyclical pattern of the crop (Aurbacher and Dabbert, 2011; Castellazzi et al., 2008; 
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Osman et al., 2015). Similarly, Liu et al. (2016) studied crop rotation pattern impact on 

crop price and pest pressure through a dynamic optimization model.  

Spatial distribution of crop sequences are modeled using land cover survey data 

for a large basin in France (Xiao et al., 2014). Most of the mathematical models and 

heuristic approaches for crop rotation pattern analysis are focused on a few fields or 

farms because of the unavailability of data for the vast area. Remote sensing data-driven 

models for crop rotation pattern analysis are helpful for analyzing cropping pattern over a 

vast area. Sahajpal et al. (2014) unutilized remote sensing derived CDL data for 

analyzing crop rotation patterns in the north-western agricultural region of the US. 

Lunetta et al. (2010) used MODIS NDVI data to monitor the cropping pattern across the 

Great Lakes Basin. Remote sensing data derived models are also using mathematical and 

machine learning approaches for pattern analysis. Therefore, there is only a tiny 

conceptual difference but no difference in application between the mathematical models 

and remote sensing data-driven models. Thus, machine learning approaches on remote 

sensing data can be used for crop rotation pattern analysis and future crop types 

simulation for vast agriculture lands.  

Field level detailed information on crop types and acreage in advance are 

invaluable. The prediction of crop types before the growing season will enable numerous 

opportunities for agricultural studies and better policy formation.  Information on crop 

types is crucial for the assessment of rapid flood crop loss. Crop type identification may 

not be possible in cloud-covered areas using optical remote sensing. Thus, machine 

learning approaches may be helpful for the prediction of crop types because of their non-
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dependency on remote sensing imageries. The primary goal of this chapter to predict crop 

types at field level before growing season without relying on remote sensing imageries. 

The knowledge from the information on crop types in past years is useful to predict the 

crop types in the current year. This chapter also aims to investigate major crop rotation 

patterns using historical CDL data.  

5.2 Materials and Methods 

5.2.1 Study Area and Data 

The same study area of in-season crop types identification in the previous chapter, 

Iowa, is selected for crop rotation pattern analysis and prediction of field-level crop types 

before the growing season.  The same study area is selected primarily for two reasons. 

First reason is to keep consistency with in-season crop identification. Second, the same 

ground truth can be utilized for the validation of both in-season crop mapping and the 

prediction of crop types. Although CDL data are available for Iowa since 2000, this 

chapter utilized the CDL of last eleven years from 2007 to 2017 because of the superior 

data quality of this period. Although CDL data includes metadata on cloud contamination 

before 2007, could-free statewide CDL data have been provided since 2007. The spatial 

resolution of CDL data is 30 m from 2010 which was 56m before 2010. Therefore, data 

from 2007 to 2009 are resampled to 30 m to keep the same spatial resolution for CDL 

time-series. The results of the prediction of crop types are also validated using ground 

truth data discussed in subsection 4.2.6.  
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5.2.2 Identification of Major Rotation Pattern  

Since many factors are influencing crop rotation patterns, this section briefly 

examines the dominant crop rotation patterns in Iowa State. Corn and soybean are the 

most dominant crop types in Iowa. A considerable amount of lands are also engaged for 

alfalfa cultivation. Corn, soybean, and alfalfa are denoted as ‘1’,’5’, and ’36’ in CDL, 

respectively. One million pixels are randomly selected from cropland as a representation 

of Iowa croplands to analyze major crop rotation patterns. CDL crop types associated 

with each sampled pixel are stored as a sequence from 2007 to 2017. Therefore, each of 

the series is a discrete sequence of 11 items. Since the given problem can be considered 

as a discrete sequential itemset, PrefixSpan, a sequential pattern mining algorithm, is 

applied for crop rotation pattern identification. PrefixSpan extracts the sequential patterns 

through pattern growth which is suitable for any length and size of data (Pei et al., 2001). 

This algorithm is applied for the length of ten items (2007 to 2016) considering full 

length of the sequence.  

5.2.3 Prediction of Crop Types using Markov-Chain Modeling  

Statistical modeling for the prediction of crop types considering, soil, climate, 

grain price, and regional preference is complex because of high data requirements, 

unavailability, and uncertainty (Castellazzi et al., 2008; Detlefsen and Jensen, 2007; 

Dogliotti et al., 2003). Moreover, it is difficult to scale these models in parcel-level 

instead of the regional level (Klöcking et al., 2003; Salmon-Monviola et al., 2012). 

Therefore, crop types prediction at field level needs to consider a simple model which 

requires information only on parcel level. Since CDL provides historical crop types at 
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pixel level over more than ten years, crop rotation pattern at parcel level can be used for 

the prediction modeling.  As discussed in previous sections, information on crop types 

planted in a field over many years can be seen as a discrete sequence. Prediction of next 

item using the given sequence can be the approach for crop types prediction for the next 

year. Markovian logic is frequently used for prediction models which rely on the learning 

from sequential states of variables. Aurbacher and Dabbert (2011) generate crop 

sequences in land-use models using maximum entropy and Markov chains. They found 

that the Markov Chain approach is more suitable than normal simple stochastic for 

cropping sequence perdition in their case study on German croplands. Similarly, Osman 

et al. (2015) predicted crop types at the parcel level using the First-Order Markov Chain 

on four-year crop rotation pattern for French croplands before crop growing season. 

However,  Osman et al. (2015) used frequency of crop rotation as a weight between states 

instead of transitional probability considering long-term sequence. This study utilized 

transitional probability between crop types calculated from the sequence of eleven years’ 

time series.  

Discrete-Time Markov Chain (DTMC) can be used for the prediction of the next 

item in the sequence. A sequence of random variables X1, X2, X3, …………. Xn with 

Markov property is called DTMC, where Xi represents the crop on a given field in the ith 

year in this study (Billinton and Allan, 1983). Each item in the sequence is called the 

state of the sequence. The Markov property states that the distribution of the forthcoming 

state Xn+1 depends only on the current state Xn and doesn't depend on the previous ones 

Xn-1; Xn-2, …….. X1. Therefore, the Markov model learns the probability of any 
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sequence of states by computing only the likelihood of transition between individual 

states. The first-order network is like a graph structure where each node is a random 

variable, and each edge represents the degree of dependency or the transition probability 

between two variables. In this study, crop type in each year on a given field is a random 

variable, and transition probabilities between crop types are the degree of dependencies. 

Although the current state only depends on the only previous state, the transition 

probability between states is calculated considering the whole sequence. The set of 

possible finite states S = {s1, s2, ..., sr} of Xn is the state space of the chain (Derman, 

1970). The transition is the change when the chain moves from one state to another. 

Thus, the transition probability pij between state Si and Sj is defined by the following 

Equation 1.  

 

Equation 1 Transition probability 

pij = Pr (X1 = sj |X0 = si)  

 

A transition matrix of the probability of transitions from one state to another can be 

represented as matrix P = (pij )i,j , where each element of position (i, j) represents the 

transition probability pij . For instance, if r = 3 the transition matrix P is shown in 

Equation 2. 
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Equation 2 Transition probability matrix  

𝑃 = [

𝑝11 𝑝12 𝑝13

𝑝21 𝑝22 𝑝23

𝑝31 𝑝32 𝑝33

] 

 

 
Figure 24. Examples of Markov chains for major crop rotation pattern 

 

Figure 24 illustrates the detail representation of Markov models for major crop 

rotation patterns by showing the Markov Chain transition probabilities for different 

sequences. An alternate pattern of crop rotation and their transition probability for the 

next sequence is shown in figure 24a. In the corn-soybean alternate pattern, if the current 

state is corn, then the probability of soybean in next state is 100% and vice versa. 

Therefore, the transition probability from corn to soybean and soybean to corn are 1.  

Figure 24e shows a monocropping pattern of corn which indicates the same crops every 

year. Therefore, the transitional probability of having the same crop is 1. Figure 24b 



117 

 

 

 

shows a corn-soybean pattern, where transition probability from corn to soybean is 57%, 

and corn to corn is 43%. But the transition probability from soybean to corn is 100%. 

Figure 24c shows a pattern where three crops are presented, the transition probabilities 

from alfalfa to corn and soybean to corn are 1. However, the transition probability from 

corn to soybean and corn to alfalfa are 0.6 and 0.4 respectively. Similarly, Figure 24d and 

figure 24f show a more complex situation by including other crop types and non-crop 

land covers. The line with arrows shows the direction of transition probabilities from one 

state to another. One important aspect to note here is the tie in the probability. In that 

case, prediction chooses one state randomly among states which have an equal chance. 

The prediction in the tie case can be modified using the frequency of the states in past 

years. Therefore, the prediction will choose the most frequent item among states which 

has equal probability. 

5.3 Result Discussion 

5.3.1 Major Crop Rotation Patterns  

Although identification of sequential pattern of crop planting in Iowa results in 

more than a thousand different patterns, very few of them are significant. Table 12 shows 

the relative frequency of major crop rotation pattern in Iowa. The same pattern may have 

different representations which are aggregated into a single pattern. For instance, “5 1 1 5 

1 1 5 1 1 5 1”, “1 1 5 1 1 5 1 1 5 1 1”, and “1 5 1 1 5 1 1 5 1 1 5” are the same pattern but 

are ordered differently because of the starting year. This pattern is mainly a pattern of “5 

1 1 5” which means a field has corn in consecutive two years after having soybean in a 

year. Similarly, ’1 5 1 5 1 5 1 5 1 5 1’ and ‘5 1 5 1 5 1 5 1 5 1 5’ are the same pattern 
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(current year soybean then next year corn), which can be denoted as an alternate pattern. 

Alternate crop rotation between corn and soybean is the single most unparallel rotation 

pattern which represents 57% of cropland. Second dominant crop rotation pattern is a 

monocropping pattern where farmers do not change their crop year to year. The 

monocropping pattern can represent any single crop every year in a given field. All 

monocropping patterns represent around 10% of cropland in the study area. Interestingly, 

farmers who are practicing monocropping grow mostly corn because monocropping with 

corn is more than 9%, whereas, monocropping with soybean accounts for only 0.05%.  

 

Table 12 Major crop rotation patterns in Iowa  

Pattern of length ten Percentage 
Cumulative 

Percentage 

Change in Cumulative 

Percentage 

1 5 1 5 1 5 1 5 1 5 1 28.89 28.89 28.51 

5 1 5 1 5 1 5 1 5 1 5 27.89 56.78 27.89 

1 1 1 1 1 1 1 1 1 1 1 9.02 65.80 9.02 

5 1 1 5 1 1 5 1 1 5 1 2.78 68.58 2.78 

1 5 1 5 1 1 5 1 5 1 5 2.13 70.71 2.13 

5 1 5 1 1 5 1 5 1 5 1 0.94 71.66 0.94 

5 1 5 1 5 1 5 1 1 5 1 0.85 72.51 0.85 

1 5 1 1 5 1 5 1 5 1 5 0.84 73.34 0.84 

1 5 1 5 1 5 1 1 5 1 5 0.83 74.17 0.83 

5 1 1 5 1 5 1 5 1 5 1 0.70 74.87 0.70 

1 5 1 5 1 5 1 1 1 1 1 0.53 75.40 0.53 

 

There are only four major crop rotation patterns considering two thresholds: the 

cumulative percentage share of 70% and minimum marginal increase in cumulative 

percentage of 1% (Table 12). Alternate pattern, monocropping pattern, and two-year corn 

one-year soybean pattern are the top three dominant patterns. Another pattern is similar to 
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the corn-soybean alternate pattern but has corn or soybean in two consecutive years only 

once in the past 11 years, which can be seen in many fields. 

5.3.2 Results on the Prediction of Field Level Crop Types  

Crop types are predicted using Markov-chain modeling over crop rotation patterns 

between 2007 and 2017. CDL data of the past 11 years for Iowa are used to develop crop 

plantation sequence from 2007 to 2017 to predict crop types of 2018. Figure 25 compares 

predicted crop types with USDA CDL data for 2018. The predicted map of crop types is 

visually very similar to CDL. Figure 25 also shows two detailed zoomed-in (red and 

purple rectangles) views of two locations for visual comparison. The predicted crop type 

map shows very similar field-level crop type as CDL. The accuracy of crop type 

prediction is assessed through spatial agreements with CDL and ground truth data.  

 

 
Figure 25. Comparison of predicted crop types with CDL 2018  
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A total of 100000 pixels are selected over cropland using stratified random 

sampling to assess the agreement between predicted crop map and USDA CDL. Table 13 

shows the spatial agreement between the predicted map and CDL. The predicted map has 

87% overall agreement with CDL. The Kappa value 0.80 also indicates higher spatial 

agreement between predicted map and CDL. Corn has the highest producer agreement 

(85%) among all crop types. Soybean has 82% user agreement and 73% producer 

agreement. Although very high agreement can be achieved for corn and soybean, 

prediction accuracy is low for other crops such as wheat, rye, oats, and alfalfa. Similarly, 

the accuracy of crop type prediction is assessed through 678 ground truth collected from 

the field visit.  

 

Table 13 Spatial agreement between predicted crop types and CDL in 2018 

Class 

Name 

Corn Soybean Wheat Rye Oats Alfalfa Non 

Crop 

Total User 

Accuracy 

Corn 24648 4469 7 5 146 828 250 30353 0.81 

Soybean 2735 15461 9 2 28 570 135 18940 0.82 

Weat 2 5 22 0 0 6 1 36 0.61 

Rye 3 0 0 6 0 1 0 10 0.60 

Oats 67 56 1 1 215 13 7 360 0.60 

Alfalfa 571 300 2 0 35 4829 323 6060 0.80 

Non Crop 998 774 2 1 31 922 41513 44241 0.94 

Total 29024 21065 43 15 455 7169 42229 100000 
 

Producer 

Accuracy 

0.85 0.73 0.51 0.40 0.47 0.67 0.98 
  

    
Overall Agreement =0.87 Kappa = 0.80 

 

Table 14 shows 85% prediction accuracy with a kappa value of 0.69. The 

prediction accuracy for corn is very high, where user accuracy and producer accuracy are 
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reported 91% and 93% respectively. Soybean also shows high user accuracy (82%) and 

producer accuracy (79%). Alfalfa also shows reasonable prediction accuracy. The high 

spatial agreement and accuracy are achieved in corn and soybean prediction probably 

because of the stable crop rotation pattern in these two major crops. The accuracy 

assessment with ground truth shows better results compared to spatial agreement with 

CDL data possibly because of misclassification error propagation from CDL. 

 

Table 14 Overall accuracy and kappa value of the prediction of crop types in Iowa in 2018 

Class Corn Soybean Alfalfa Total User 

Accuracy 

Corn 417 39 1 457 0.91 

Soybean 30 150 0 180 0.83 

Alfalfa 3 0 9 12 0.75 

Non-Crop 18 7 4 29 
 

Total 450 189 14 678 
 

Producer 

Accuracy 

0.93 0.79 0.64 
  

Accuracy 
 

Overall Accuracy 

0.85 

Kappa 

0.69 

 

5.4 Chapter Summary 

Field level crop type information is crucial for the rapid assessment of crop-

specific loss assessment. Crop type information in advance before the growing season 

can support many applications including yield prediction, grain pricing, crop health 

monitoring, grain trade, and agriculture management. The identification of crop rotation 

patterns is also helpful for crop prediction, identification of trusted pixels, and 

agricultural research using machine learning. Field level crop types are predicted for 
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Iowa using the Markov-chain modeling on past crop rotation patterns. CDL data from 

past 11 years (from 2007-2017) are used to predict crop types in 2018 in Iowa. Major 

crop rotation patterns of Iowa are also investigated using the Prefix span algorithm.  

The results show that field-level crop types can successfully be predicted using a 

machine learning approach on crop plantation patterns. Croplands in Iowa are mostly 

dominated by corn-soybean-corn alternate pattern and monocropping of corn. Although 

in-season remote sensing image classification may result in higher accuracy for crop type 

identification (described in chapter 4) compared to the approach of crop type prediction, 

crop type information before the growing season is invaluable. Moreover, if cloud-free 

in-season remote sensing imageries are not available, prediction of field-level crop types 

may serve the purpose of crop-specific flood loss assessment. 

 The Markov model only considers the transition probability between two years 

and does not capture long pattern. Therefore, the Markov model is very simplified 

approach for crop type prediction. There are other machine learning approaches for 

sequence prediction such as Long Short-Term Memory (LSTM) and Complex Prediction 

Tree (CPT), which may capture the change in longer sequence. The utilization of these 

complex algorithms for the prediction of crop types may significantly improve the result.  

Another important issue is the misclassification of border pixels in CDL which 

leads to the unreliable pattern of land cover types. Thus, a representative pixel from the 

center location of a crop field may be helpful to overcome the issue of border pixels. 

Because of the unavailability of crop field boundaries, this study is unable to use only 

central pixel for crop type prediction. Apart from these limitations, the utilization of 
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machine learning approaches on crop rotation pattern is promising for the prediction of 

major crop types because of high prediction accuracy.  
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CHAPTER SIX: OPERATIONAL FLOOD MAPPING USING SATTELITE 

REMOTE SENSING DATA 

6.1 Background  

Flood can be defined as an excess of water in a given area. Flood events spread 

water over surrounding areas of river, lakes, and streams cause potential damage to lives 

and property. Heavy rainfall along with snowmelt, dam failures, and coastal surges are 

primary causes of flooding (Jeyaseelan, 2003). Flood is one of the most common, 

devastating natural hazards around the world in scale and impact (Doocy et al., 2013; 

Jonkman, 2005; Jonkman and Vrijling, 2008; Plate, 2002). Likewise, flooding is 

considered the number one natural hazard in the US (FEMA, 2014). The situation has 

been aggravated with a dramatic increase in flood frequency and intensity due to recent 

climate change (Gleick, 1999; Hirabayashi et al., 2013; Milly et al., 2002). Every year 

flooding causes significant crop damage in many parts of the world. Similarly, flooding 

causes significant crop damage over large agriculture areas in the USA (Downton et al., 

2005; Rosenzweig et al., 2002; Smith and Katz, 2013). Therefore, the mapping of flood 

inundation extent is crucial to support the rapid assessment of flood crop loss. 

Flood monitoring mainly involves mapping of spatial extent and temporal patterns 

of flood inundation (Sheng et al., 2001), flooded area delineation (Hess et al., 1995; Jain 

et al., 2005), dynamic changes of inundated areas, and flood stage monitoring (Li et al., 

2011). It is challenging to monitor flooding over vast agricultural areas by using water 
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gauges. Advanced Earth observation and geospatial technologies bring the opportunity to 

map flood inundation extents over vast areas very quickly. Remote sensing data from 

earth observation missions are available for flood mapping. A wide range of sensors and 

platforms collect data which can be utilized for flood mapping. Many spaceborne remote 

sensing sensors in both optical and microwave range of the electromagnetic spectrum 

provide data in a broad range of spatial and temporal resolutions. These remote sensing 

data and products have widely been used in flood inundation mapping and monitoring 

(Sanyal and Lu, 2004). Moderate to coarse spatial resolution optical remote sensing 

systems (e.g., MODIS, VIIRS, Landsat, Sentinel 2) provide data with higher temporal 

resolution, at frequencies from daily to every two weeks.  However, optical remote 

sensing is unable to see through clouds and tree canopies. Therefore, in many cases it is 

difficult to monitor flood progress with optical data cases since floods are mostly related 

to rainy seasons when cloud concentration is high (Lin et al., 2016). Moreover, it is 

difficult to detect storm-induced floods because of high cloud concentrations under low-

pressure oceanic conditions. Hence, most of the optical remote sensing-based flood 

monitoring systems are unable to provide flood inundation information with these cloud 

conditions.  

On the other hand, microwave remote sensing brings the opportunity for flood 

inundation mapping in all-weather conditions since microwaves can penetrate through 

cloud, aerosol, haze, and tree canopy. Although microwave remote sensing in flood 

mapping is becoming popular, data from most of the microwave remote sensing systems 

especially Synthetic Aperture Radar (SAR) is not available free of charge before the 
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launch of Sentinel-1. Moreover, the processing of SAR data is complicated. Therefore, 

flood monitoring with SAR data over large agriculture areas is not cost effective in many 

cases.  

Another challenge is the temporal resolution of these SAR systems which is more 

than a week in most cases. Crop damage can occur by the short-lived (duration less than a 

week) flood event depending on the phenology stage of crops. However, recent launch of 

Sentinel-1 brought the opportunity for the utilization of SAR data free of charge. 

Moreover, SAR-C data are also available every week because of the short revisit 

capability (3-6 days) of the Sentinel-1 mission. But data from Sentinel-1 may not be 

available through data portals for short-lived floods.  

Another option for rapid inundation mapping is the utilization of soil saturation 

information as the proxy for floods since crops may get damaged because of soil 

saturation over a longer period of time. Soil moisture is one of the key components in 

water-related natural hazards such as floods. Soil moisture with fine temporal resolution 

can lead to improved flood monitoring and forecasting for medium to vast watershed 

where flood frequency and damage is high (Entekhabi et al., 2009). SMAP, NASA’s 

satellite mission, launched on January 2015, consisting L-band Radar and Radiometer 

system aims to provide global maps of soil moisture and freeze/thaw state every 2-3 days 

with higher accuracy (O’Neill et al., 2010). Therefore, soil moisture wetness and 

saturation information from SMAP in combination with ancillary floodplain information 

can be used to monitor flooding (Fournier et al., 2016; Rahman et al., 2017). 
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The main goal of this research is the rapid assessment of flood crop damage. This 

chapter explores the utilization of remote sensing data from optical sensors (e.g. Sentinel-

2 and Landsat), microwave sensors (e.g. Sentinel-1), and soil moisture information to 

map flood inundation extent. The goal is to map inundation extents as soon as possible 

after flood disaster events regardless of available remote sensing data types. The aim here 

is to use any available remote sensing data suitable for flood mapping in order to support 

the rapid assessment of flood crop loss. 

6.2 Flood Mapping with Optical Remote Sensing 

6.2.1 Introduction of Flood Mapping with Optical Remote Sensing  

In early applications, most studies used optical remote sensing data, but later 

many studies applied data from other sensors (e.g., microwave) along with optical data 

for flood mapping. The most distinctive character of water is its absorption in Near 

Infrared (NIR) and beyond (Figure 26) (Govender et al., 2007), and with this principle, 

optical remote sensing of the NIR band became popular for inundation mapping across 

the world. Immediately after the launch of the Landsat mission, data from space became 

available for flood inundation mapping. Sanyal and Lu, (2004) cited many works from 

the 1970s on the Iowa, Arizona, and Mississippi river basins. Since the 1980s, Landsat 

became a primary source of satellite remote sensing for flood management in many parts 

of the world in India (Bhavsar, 1984; Jain et al., 2005), in Africa (Schneider et al., 1985), 

and in Australia (Thomas et al., 2011; Shaikh et al., 2001). Many recent studies also used  

Enhanced Thematic Mapper (ETM) (Chormanski et al., 2011) and Operational Land 

Imager (OLI) (Rokni et al., 2014) for flood inundation mapping. 



128 

 

 

 

 

 
Figure 26 Spectral signatures for dry, bare soil, green vegetation and clear water, asphalt and concrete  

Source: adapted from Smith, (2001)  and Herold et al., (2003) 

 

Many studies since the 1990s have been using SPOT multispectral XS images for 

flood monitoring such as river flood mapping in Europe (Bach et al., 2005; Tholey et al., 

1997), and river and coastal flood monitoring in Bangladesh (Blasco et al., 1992). The 

moderate spatial resolution SPOT satellite, offering fine spatial resolution (6-10 m) than 

other optical sensors, making it suitable for flood monitoring of small areas. ASTER 15-

30 m spatial resolution optical data and Sentinel 10-20 m spatial resolution data are now 

available free of charge. Therefore, these fine spatial resolution data sources have the 

advantage over traditional Landsat data for flood inundation mapping. 

Coarse spatial resolution optical remote sensing such as NOAA AVHRR and 

NASA Moderate Resolution Imaging Spectroradiometer (MODIS), SSM/I, and 
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MOS/SMR have also been used for their short revisit capacity. Because of the very 

coarse resolution of SSM/I (13km) and MOS/SMR (23 km), only a few studies (Jin, 

1999; Tanaka et al., 2000) have been done based on these very coarse spatial resolution 

data. Sheng et al., (2001) identified four critical issues for successful flood monitoring 

with AVHRR, which are the correct identification of water bodies, effective reduction of 

cloud contamination, an accurate areal extension of flood extent, and dynamic monitoring 

of flood process. Many studies since the 1970s successfully mapped flood extent using 

VHRR (predecessor of AVHRR) and AVHRR, for instance, mapping Mississippi river 

flood (Wiesnet et al., 1974), river flood extension in Bangladesh (Ali et al., 1989; Islam 

and Sado, 2002). The comparison of before and after flood images have been used in the 

Lahore flood mapping (Cao et al., 1987)  and the Songhua river basin (Xiao and Chen, 

1987). Barton and Bathols (1989) applied a very different approach using an AVHRR 

nighttime imagery to monitor the 1988 Darling River flood in Australia based on the 

principle that radiation from water and dry land are different. However, temperature 

analysis is not efficient during the rainy season in the summer when there is no 

significant temperature difference between land and water under cloud conditions (Sheng 

et al., 2001).  

An alternative means of flood mapping uses MODIS coarse spatial resolution 

images with fine temporal resolution. Since the launch of MODIS satellite in 1999, many 

studies have shown its usefulness in flood monitoring; they include detection of temporal 

change of annual flood in Mekong Delta (Sakamoto et al., 2007), inundation change in 

Poysng lake (Feng et al., 2012), flood detection in Thailand (Zhan et al., 2002), and flood 
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inundation mapping of Bangladesh (Islam et al., 2010). The well-known Dartmouth 

Flood Observatory also uses MODIS data to monitor flood disasters all over the world. 

There are four advantages of using MODIS data for flood mapping as mentioned by 

Islam et al. (2010): time-series data availability during flood periods, global data 

availability, data accessibility through free Internet downloads, and data accuracy within 

the acceptable range. They also show that 500 m coarse resolution MODIS images can 

create flood inundation maps similar to that from the fine spatial resolution (50 m) 

RADARSAT. Li et al. (2011) and Islam et al. (2010) claim almost 95% accuracy in 

MODIS based flood monitoring. The application of fine spatial resolution images such as 

IKONOS or SPOT-5 has not been popular in flood management due to their cost and low 

ground coverage, so they are not optimal for flood monitoring of large areas 

Different methodologies have been used for flood mapping since the 1970s. Most 

studies used visible or infrared data to map flood extents. A very simple and 

straightforward approach is a visual interpretation of images before and after floods 

(Blasco et al., 1992). Deepwater bodies have clear representation in images, but shallow 

or turbid water can be mistaken for saturated soil. Visual interpretation is subjective and 

is not optimal for flood mapping of large areas. Many studies use single bands to extract 

a binary map of the flooded and non-flooded area utilizing a reflectance threshold value 

(Lin, 1989) or density slicing (Bennett, 1987). The density slicing ranges for infrared 

band start near zero – meaning that water pixels are the darkest in the image (Jain et al., 

2005). Two-band image ratio (Chormanski et al., 2011), image addition (Wang et al., 

2002), and image subtraction (Xiao and Chen, 1987) techniques have also been widely 
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used in flood management. The ratio image approach has better enhancing capacity than 

band subtraction. The band ratio results show the bi-modal distributions of pixel values, 

and the threshold values between water and land can be located between the two peaks of 

the result histogram (Sheng et al., 2001). Thus water features have positive values, and 

soil or vegetation have zero or negative values (Jain et al., 2005). 

 Although more sophisticated approaches such as Tasseled Cap Transformation 

(Crist and Cicone, 1984), and Principle Component Analysis (PCA) (Michener and 

Houhoulis, 1997) have been successfully used for flood mapping, their application is very 

limited because of complex processing. The challenges of mixed pixels and high turbidity 

limit the use of a single NIR band. Multiband quantitative approach such as NDVI 

(Rogers and Kearney, 2004), NDWI (MacFeeters, 1995), LSWI (Xiao et al., 2005), and  

FAI (Hu, 2009) have been used for flood inundation mapping. The NDVI approach 

minimizes the low reflectance of NIR by water features and takes advantage of the high 

reflectance of NIR by terrestrial vegetation and soil features. The normalized difference 

water index (NDWI) proposed by MacFeeters (1996) is a simple but effective method for 

mapping water surface. Therefore, NDWI can be used to map flood inundation by 

applying a change detection technique between water maps before and after flood events. 

However, water extents are often over-estimated when extracted from optical remote 

sensing data using NDWI because of the mixture of built‐up land noise (Xu, 2006). Thus, 

a modified NDWI (MNDWI) is proposed by Xu (2006), where NIR band is replaced by a 

SWNIR band in original equation of NDWI. Similar to the NDWI, a change detection 
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approach can be applied to before and after water maps extracted from NDWI for flood 

mapping. 

There are several challenges in using optical images for flood monitoring. The 

most obvious one is cloud cover since most tropical regions have high cloud cover during 

the rainy season. The greatest problem with an optical sensor is its inability to image the 

Earth’s surface during cloudy conditions. Many parts of the world engage in an 

agricultural activity during flooding. Rice fields are submerged by floods, which is 

difficult to detect using optical remote sensing. However, despite these limitations, the 

global coverage and long archives of major satellites that operate in the optical region of 

the electromagnetic spectrum make this system useful for flood monitoring. 

6.2.2 Methodological Approach of Flood Mapping with Optical Remote Sensing 

First, cloud-free scenes of Landsat and Sentinel-2 are searched for flood events in 

open data portals. Pre- and post-flood event cloud-free remote sensing scenes are 

downloaded from data portals. MNDWI are then calculated for both pre- and post-scenes 

using the following equation. 

 

Equation 3 MNDWI 

𝑀𝑁𝐷𝑊𝐼 =
𝜌𝑔 − 𝜌𝑚𝑖𝑟

𝜌𝑔 + 𝜌𝑚𝑖𝑟
 

 

Where  𝜌𝑔  is the visible green band of any optical remote sensing system such as 

Landsat OLI band 3 and Sentinel-2 MSI band 3.  𝜌𝑚𝑖𝑟 is a middle infrared band (MIR) or 
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shortwave infrared bands (SWIR) such as Landsat OLI band 6 and Sentinel-2 MSI band 

3. The computation of MNDWI produces values between -1 and +1, where values greater 

than zero indicates water and values less than or equal to zero represent non-water pixels 

(Xu, 2006). Although the threshold zero usually works for most of the cases, the 

threshold may need to be adjusted for the mapping of water surface in vegetated areas. 

Therefore,  a threshold selection method from gray-level histograms proposed by Ostu 

(1979) is adapted to map water information. Pre- and post-event water information is then 

extracted from MNDWI maps using Ostu’s histogram thresholding approach. A change 

detection technique then is applied on pre- and post-event water map to map inundated 

areas, where each pixel is mapped as flood if that pixel represents non-water in pre-event 

map and water in post-event map. Flood inundation maps are prepared for all selected 

case studies by comparing pre- and post-event water information extracted from 

MNDWI.  

6.2.3 Result Discussion  

6.2.3.1 Case Study 1: Iowa severe storms and flooding (DR 4346) 

The Iowa Severe Storms and Flooding is a FEMA declared disaster event (DR 

4346), which is occurred between June 06 and July 02 of 2018. This event impacted on or 

around 31 counties in the north-western parts of the state. Although, there are two 

Landsat satellite overpasses during this event, no cloud free scenes are available during 

this flood event (Figure 27). Two cloud-free Sentinel-2 scenes are available from open 

data portal during this event, which can be utilized for flood mapping. The flood map is 

derived for this event by analyzing before (acquisition date: May 15, 2018) and after 
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(acquisition date: June 29, 2018) event Sentinel-2 scenes. Blue color in flood map (Figure 

25) indicates flood inundation extent of this event. Figure 28 shows that many areas are 

flooded along rivers near four cities (Spencer, Mason City, Fort Dodge, and Storm Lake). 

This flooding can be characterized as a river flood because of its appearance along rivers. 

 

 
Figure 27 Available Landsat scenes over affected areas during Iowa flood event; Acquisition date of west and 

east scenes are June 17 and June 26 of 2018 respectively 
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Figure 28 Flood map derived from Sentinel-2 optical remote sensing superimposed on land cover map 

 

6.2.3.1 Case Study 2: Nebraska severe storms and flooding (DR 4387) 

The Nebraska Severe Storms and Flooding is a FEMA declared disaster event 

(DR 4387), which occurred between June 17 and July 1 of 2018. This event impacted on 

or around 11 counties mostly in the north-eastern parts of the state. Although, there is one 

Landsat satellite overpass during this event, no cloud-free scenes are available during this 

flood event (Figure 29). Two cloud-free Sentinel-2 scenes are available from open data 

portals during this event, which can be utilized for flood mapping. The flood map is 

derived for this event by analyzing before (acquisition date: April 28, 2018) and after 

(acquisition date: June 27, 2018) event Sentinel-2 scenes. Blue colors in flood map 

(Figure 30) indicates flood inundation extent of this event. Figure 30 shows that many 
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areas are flooded along rivers near Norfolk, Columbus, and Freemont cities. No 

significant flooded areas are detected in some counties. There could be several possible 

reasons for this: flood may recede in many parts before the date of image acquisition or 

presence of vegetation over flooded areas. The image is acquired on June 27, 2018 which 

is almost at the end of the event. 

 

 
Figure 29 Available Landsat scenes over affected areas during Nebraska flood event; Acquisition date of north 

and south is June 27, 2018 
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Figure 30 Flood map derived from Sentinel-2 optical remote sensing superimposed on land cover map 

 

6.3 Flood Mapping with SAR Data  

6.3.1 Introduction of Flood Mapping with SAR   

The cloud- and tree-canopy-penetrating capability of microwave frequencies is 

the main attraction for many scientists in flood monitoring. The application of spaceborne 

radar in flood mapping is increasing day by day (Frappart et al., 2005; Profeti and 

Macintosh, 1997; Schumann and Moller, 2015; Taubenböck et al., 2011). The use of 

Synthetic Aperture Radar (SAR) and imaging spectrometer, with many different imaging 

capabilities, creates opportunities for flood risk management as far as land cover 

descriptions are concerned (Henry et al., 2006). Schuman et al. (2009) also mentions that 

significant improvement in SAR remote sensing techniques and high-performance 
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computing have improved the distributed flood modeling. SAR has been available 

onboard many satellite missions since the 1990s. Water acts as a specular reflector of 

microwave radiation; thus, most of the energy from active remote sensing goes away 

from the antenna. Based on this unique character, water appears dark in radar images.  

Many methods have been developed and used for flood mapping from radar 

images, including a straightforward visual interpretation used for flood mapping with 

ERS data (Macintosh and Profeti, 1995), an image histogram thresholding by setting up a 

threshold value of radar backscatter (Brivio et al., 2002; Schumann et al., 2009),  the rule-

based analysis of polarized data (Henry et al., 2006; Hirose et al., 2001), an object-

oriented classification (Heremans et al., 2003), an automatic classification algorithm 

(Hess et al., 1995), an image texture algorithm (Schumann et al., 2009), and multiple 

change detection (Laugier et al., 1997). In change detection approaches, usually two 

images before and after flooding are considered. The areas mapped as flooded are ones 

where the radar backscatter is observed to be in considerable decline from pre-flood to 

post-flood images. 

Many complexities also arise during flood monitoring using radar images such as 

the wind effect on open water, double bounce from flood water under the tree canopy, 

and corner reflection in urban flooding. The geometric properties of the object largely 

influence backscatter of microwave frequencies. It is the usual case that water appears 

dark because of low backscatter; however, when the water surface is not flat but 

disturbed by wind condition and streams, the rough water surface can appear with 

different gray tones, which makes it difficult to separate water from other land cover 
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types (Henry et al., 2006; Horritt et al., 2001). Many studies addressed this issue and 

found that different polarizations might help to mitigate this problem. Henry et al. (2006) 

worked on a different polarization of Advanced Synthetic Aperture Radar (ASAR) data 

and concluded that a water body is easier to identify with like polarized data (HH, VV) 

than cross polarization (HV-VH) but VV polarization is very sensitive to roughness of 

water surface. Vegetation areas are inundated in many tropical and sub-tropical countries 

during flooding. Forest cover is another obstacle to identifying inundated area accurately 

(Hess et al., 1990) due to corner reflection from specular water surfaces and trees. 

Normally flooded forests return more backscatter than non-flooded forests. Based on this 

principle and forest type, L-band is widely used in flood mapping. Hess et al. (1995) 

suggested that in dense forest areas, the longer wavelength may be required to penetrate 

the canopies. Thus, flood inundation mapping under tree canopy might be promising with 

P-band (Figure 31).  
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Figure 31 Schematic illustrating of radar backscatter mechanism for short (e.g. C, X) and long (e.g. P,L)  

wavelength for various surface cover under non-flood and flooded conditions.  

 

The success of flood mapping under tree canopies depends on many factors 

including incident angle, wavelength, canopy type, and polarization. Hess et al. (1995) 

concluded that like-polarized data yields the best contrast between swamps and dry 

forests, while cross-polarized modes may be better for discriminating between swamps 

and marshes. Another challenge in the application of microwave frequencies to flood 
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mapping is the difficulty of flood detection in urban areas and rural settlements, due to 

high backscatter from buildings and corner reflection from flooded water. In recent years, 

progress has been made with using very fine spatial resolution SAR X-band signals to 

distinguish buildings, streets ,and other manmade structures ( Ferro et al., 2011; Thiele et 

al., 2007 ). SAR is not suitable for flood mapping in urban areas because of the corner 

reflection and coarse ground resolution mentioned by Schumann et al., (2009). However, 

since the launch of the TerraSAR-X satellite in 2007, a few but very successful studies 

have been done on flood detection in urban areas from very fine spatial resolution SAR 

images (Schumann and Moller, 2015).  

This section explores flood mapping with Sentinel-1 data with three case-study 

examples. Similar to the flood mapping using optical remote sensing, before and after 

event water information are compared for flood mapping using SAR data. Pre- and post-

event waterbodies are mapped separately from Sentinel-1 SAR data. Two case studies are 

chosen where Sentinel-2 optical images are also available. Cloud free optical images are 

not available for other flood cases. 

6.3.2 Methodological Approach of Flood Mapping with SAR Data 

The flood products are derived by analyzing pre- and post-flood Sentinel-1 data 

for each event. Since the revisit time of Sentinel-1 is more than a week, only a few passes 

are available within the duration of a flood event. Both pre- and post-flood Sentinel-1 

Ground Range Detected (GRD) products are collected for each event from the European 

Space Agency (ESA) open data hub. Each Sentinel-1 scene contain data with two 

polarizations: Vertical-Vertical (VV) and Vertical-Horizontal (VH).  
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Figure 32 Schematic diagram on workflow for flood mapping with Sentinel-1 SAR-C data 
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There are two bands amplitude and intensity in each polarization of Sentinel-1 

SAR. Intensity band is expressed as the square of amplitude band. This study utilizes 

intensity band sigma naught for flood mapping. Although both cross polarization (VH) 

and like polarization (VV) can be used for flood mapping, some studies have shown that 

VV gives a slight advantage over VH (Clement et al., 2018). Figure 32 illustrates step by 

step work flow for flood mapping using Sentinel-1 SAR data. 

SAR amplitude images are needed to be calibrated for quantitative use. Thus, 

images are calibrated using SNAP software (Sentinel toolbox) to calculate sigma naught 

from available calibration products. Sigma naught is selected among available calibrated 

products because it provides better separation between land and water (Bioresita et al., 

2018). Since radar is side looking, Range Doppler Terrain Correction (RDTC) is applied 

to geocode the images (Amitrano et al., 2018). Finally, the Lee filter with 7 by 7 moving 

window is applied to reduce the speckle effect from images. After this pre-processing, 

log transformation is performed for both pre- and post-flood images of a flood event. 

Histogram thresholding is used for the binarization (land and water) of the images 

(Psomiadis, 2016; UN-SPIDER, 2015). The cut-off threshold for the histogram varies 

case by case. The threshold is chosen based on gray-level histograms thresholding 

approach proposed by Ostu (1979) for each scene. Subsequently, a change detection 

technique is used to extract flood information from pre- and post-flood water information 

images.  

SAR-derived flood maps are prone to a number of uncertainties, especially in 

vegetated areas and urban areas because of the double bounce effect of backscatters 



144 

 

 

 

(Long et al., 2014; Tsyganskaya et al., 2018). SAR backscatter value usually decreases in 

flooded areas compared to the value in non-flooded conditions. In contrary, backscatter 

value may increase in emerging flooded vegetation (Long et al., 2014). This study 

identified open water from Sentinel-1 separately for both pre- and post-flood condition. A 

change detection technique is applied between two classified maps instead of the change 

detection directly on backscatter. Consideration of both increase and decrease in 

backscatter may improve the flood map extracted from Sentinel-1 (Long et al., 2014). 

The flood map derived from Sentinel-1 data is used to compare the flood inundation map 

extracted from SMAP (sub-section 4.4.4).  

6.3.3 Result Discussion  

Flood inundation extents are mapped using Sentinel-1 SAR data for three flood 

events. Two case studies are the same of case studies discussed in previous section 

(section 6.3). Additional case study is chosen, where cloud-free optical imageries from 

both Sentinel-2 and Landsat are not available. Although the duration of Hurricane 

Harvey-induced Houston flood is about three weeks, flood mapping is not possible using 

Sentiel-2 and Landsat data because of cloud contamination. The case study 3 shows a 

situation where SAR data can be utilized for food mapping instead of optical images.  

6.3.3.1 Case Study 1: Iowa Severe Storms and Flooding (DR 4346) 

Two SAR scenes from Sentinel-1 are available during this flood event. These 

scenes are acquired on June 9 and June 21 of 2018. Another scene acquired on My 28, 

2018 is used as pre-flood scene. These scenes are processed as per the methodology 

described in sub-section 6.3.2 to get pre- and post-flood water information. Flood extent 
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map is derived by comparing pre- and post-flood water maps. Figure 33 illustrates flood 

inundation extent during Iowa flood in June 2018. Blue color on map indicates inundated 

areas. Like the inundation map derived from optical data, areas near four cities (Spencer, 

Mason City, Fort Dodge, and Storm Lake) are mostly affected by this flood event.  

 

 
Figure 33 Flood map derived from Sentinel-1 SAR data superimposed on land cover map (Iowa Case) 

 

6.3.3.1 Case Study 2: Nebraska Severe Storms and Flooding (DR 4387) 

Sentinel-1 SAR data acquired on June 8 and June 20 of 2018 are utilized as pre- 

and post-flood scenes respectively.  Like previous case study, these scenes are processed 
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as per the methodology described in sub-section 6.3.2 to get pre- and post-flood water 

information. Flood extent map is derived by comparing pre- and post-flood water maps. 

Figure 34 illustrates flood inundation extent during Nebraska flood event in June 2018. 

Blue color on map indicates inundated areas. The flood inundation map shown in figure 

30 differs from inundation extent map extracted from optical data for the same event 

specially in the south-eastern parts of study are near Fremont city (Dodge and Burt 

counties). Differences in acquisition dates of optical data and SAR data is probably the 

reason for the deviation between two flood maps. However, flood inundation areas near 

two cities (Norfolk and Columbus) are detected in both flood maps derived from optical 

and SAR data.  
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Figure 34 Flood map derived from Sentinel-1 SAR data superimposed on land cover map (Nebraska Case) 

 

6.3.3.1 Case Study 3: Hurricane Harvey Houston Flood (DR- 4332) 

High precipitation is usual during hurricane landfall. Thus, presence of clouds is 

very common during hurricane induced flood event. Thus, cloud-free optical imagery 

(Landsat and Sentinel-2) are not be available during hurricane induced flood event for 

flood mapping. Figure 35 shows multiple cloud contaminated scenes available in open 

data portal during this flood event. Therefore, SAR data from Sentinel-1 is the option for 

flood extent mapping for this event. 
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Figure 35 Available optical remote sensing scenes over affected areas during flood event; The acquisition dates 

of Landsat scenes are August 17, August 28 and September 4, 2017 (left); The acquisition dates of Sentinel-2 

scene is September 4, 2017 

 

The incident period of the Houston Flood is between August 23 and September 

14, 2017 as the impact of the landfall of Hurricane Harvey (Table 15). More than 30 

counties are affected by this flood event. Figure 36 illustrates flood inundation extent 

derived from Sentinel-1 SAR data for the Houston Flood in Texas in 2017. The boundary 

of available Sentinel-1 SAR scenes acquired on 29 and 30 August 2017 is indicated by 

the thick black line. Thus, flood inundation extent of this event is mapped within the 

boundary of SAR scenes. Blue color in flood extent map indicates that some counties 

such as Fort Bend, Wharton, Colorado, and Jefferson are severely impacted by this flood 

event.      
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Figure 36 Flood map derived from Sentinel-1 SAR data superimposed on land cover map (Houston Flood) 

 

6.4 Flood Mapping with SMAP Soil Moisture Data 

6.4.1 Contextual Background 

Crop condition and growth primarily depend on the balance of four primary 

resources: soil, water, heat, and nutrients. The soil is the composition of organic matter, 

minerals, water, and air (Denmead and Shaw, 1962; Slatyer and Markus, 1968). Any 

extreme condition such as water shortage or extra water in the soil is detrimental to crop 

growth and yield. Plant water stress condition called “agricultural drought” happens when 

soil moisture goes below the wilting point because there is no water for plants to uptake. 

Similarly, soil moisture at saturation level can significantly damage the crops, since crop 
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roots are unable to adequately respire due to the insufficient oxygen in the soil pores. The 

soil water saturation and standing water hamper root growth, leaf area expansion, and 

photosynthesis. Therefore, this extreme condition, soil saturation, can be called 

agricultural flood and it may lead to damage and crop yield loss.  

Soil saturation is the condition when all pores between soil particles are filled 

with water (Tapia-Silva et al., 2011). Fine-textured soil (e.g., clay) is usually more porous 

compared to coarse-textured soils (e.g., sand) (Godwin, 2007; Horn et al., 1994). Soil 

moisture content in the volumetric measure is the volumetric water content in soil 

(Godwin, 2007). The volume of water in soil can vary between zero (dry soil) and the 

entire volume of voids between soil particles, which is expressed as the degree of 

saturation. Volumetric moisture content in soil that is equal to soil porosity indicates fully 

saturated soil (Barker et al., 2005; Hudson, 1994; Saxton and Rawls, 2006). However, 

some soil pore space may contain entrapped air even when the soil is considered fully 

saturated. The percentage of entrapped air is usually between 3% to 7% of void space 

depending on soil type (Christiansen, 1944; Godwin, 2007). The total porosity of a soil 

accounts for both the space available to be filled with water and the entrapped air. 

Therefore, effective soil porosity for water content can be estimated by 95% (assuming 

on an average 5% entrapped air) of total soil porosity. Thus, soil moisture content greater 

than effective soil porosity can be mapped as saturated soil for the indication of 

agricultural flood. 

This section explores the utilization of SMAP surface soil moisture information 

for the rapid monitoring of flood progress through soil saturation and floodplain 
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information. The usefulness of rapid flood progress monitoring will be evaluated through 

some case studies on the recent floods in the US. Findings of the study will be helpful for 

the near real-time flood progress monitoring in cropland to support crop loss estimation, 

condition monitoring, and immediate policymaking.  

6.4.2 Study Area 

The current study focuses on three recent floods in the US as case studies. These 

three cases are chosen from the FEMA major disaster declaration (DR). Table 15 shows 

the information about these three cases: Texas Severe Storms and Flooding (DR 4272); 

Louisiana Severe Storms and Flooding (DR-4277); and the Texas Hurricane Harvey 

Flood (DR-4332). The Texas Flood event between May 22 and June 24, 2016, impacted 

more than 20 counties in the southeastern part of the state. A month-long severe flood hit 

more than 24 counties of southern Louisiana on August 11, 2016. The Hurricane Harvey-

induced flood from August 23, 2017 to September 15, 2017, affected around 42 counties 

in the southeastern part of Texas. These three severe flood cases are considered for this 

study to monitor rapid flood progress using NASA-SMAP data.   

 

Table 15 Summary description of five selected case studies. 

Flood Event 

DR 

No. by 

FEMA 

Event duration  State 

No. of 

affected 

counties 

Data used for 

validation 

Houston Flood 
DR- 

4332 

August 23-

September 15, 2017 
Texas 42 

Flood map 

derived from 

Sentinel-1 

Baton Rouge 

Flood 

DR- 

4277 

August 11-

September 10, 2016 
Louisiana 24 

FEMA-SDMI 

flood map 

May 2016 

Texas Flood 

DR- 

4272 

May 22-June 24, 

2016 
Texas 20 

No data for 

validation 
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6.4.3 Methodological Approach of Flood Mapping with SMAP data 

6.4.3.1 Data description 

Two datasets are involved in this research: SMAP surface soil moisture and 

FEMA floodplain (hazard map) information. The SMAP satellite mission consists of both 

passive (radiometer) and active (SAR) instruments operating in L-band microwave 

spectrum with multiple polarizations (O’Neill et al., 2010). The goal of the combination 

of active and passive remote sensing is to achieve the spatial resolution of radar and 

sensing accuracy of the radiometer. The radiometer measures the emission of the Earth’s 

surface while the active part records backscatter (Das et al., 2014). The SMAP mission 

has only been providing data from radiometer since July 2015 due to the failure of the 

active part of the mission (Chan et al., 2016). The radiometer instrument on board the 

SMAP mission observes the L-band (1.4 GHz) microwave radiation emitted from Earth’s 

surface (Entekhabi et al., 2009; O’Neill et al., 2010). SMAP level-1 (L1) products are the 

geolocated and calibrated measurements of surface backscatter and brightness 

temperature (Entekhabi et al., 2009). The brightness temperature over the land surface is 

sensitive to soil moisture of top few centimeters of the soil column (Njoku and 

Entekhabi, 1996; Reichle et al., 2017a).  

Geophysical retrievals of soil moisture products are the level-2 (L2) products on a 

fixed Earth grid based on L1 products and ancillary information (Entekhabi et al., 2009). 

SMAP level 4 (L4) represents the model-driven value-added data products, which 

provides surface soil moisture, root zone soil moisture, and carbon net ecosystem 
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exchange to support SMAP key applications (O’Neill et al., 2010). The SMAP L4 

products are generated using the ensemble-based algorithm assimilating SMAP 

brightness temperature (Tb) observations and the catchment land surface model (Koster 

et al., 2000; Reichle et al., 2017a).  

The reliability of the L4 data, which is validated for many watersheds, is 

improved due to the utilization of land surface model which relies on conservation 

principles of water and energy (Reichle et al., 2017b). The spatiotemporal accuracy can 

further be improved by adding high-resolution radar observations from Sentinel-1 to the 

SMAP assimilation (Lievens et al., 2017). SMAP L4 soil moisture data are available 

every three hours at 9 km spatial resolution (Kolassa et al., 2017; Reichle et al., 2017b, 

2017a). The latency of SMAP L4 products is roughly three days because of the primary 

dependency on the gauge-based precipitation measurement used to drive the land model 

(Reichle and Liu, 2014). The current study utilizes surface soil moisture instead of 

rootzone soil moisture mainly because surface runoff is more related to surface soil 

moisture saturation. Moreover, surface soil moisture is a direct measurement in the top 

five centimeters of soil column, whereas, root zone soil moisture is the estimated value 

informed by and consistent with surface soil moisture for one-meter soil below the 

surface. 

 SMAP L4 surface soil moisture data are downloaded from Geospatial Web 

Service and System (Hu et al., 2017) for SMAP soil moisture monitoring. Soil moisture 

data from five-days before the flood event to five-days after the event are considered to 

cover the whole flood event in each of the five cases. Catchment model soil porosity data 
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of the SMAP soil moisture land model constant dataset is downloaded from the National 

Snow and Ice Data Center (Reichle et al., 2018). This study utilized soil porosity for 

different soil types in the volumetric measure (m3m−3) and is available at global 9 km 

EASE-Grid. 

Data for the National Flood Hazard Layer (NFHL) of FEMA are collected from 

the FEMA Flood Map Service Center online archives (FEMA, 2018). This digital 

database provides flood zone, base flood elevation, and floodway information to support 

FEMA’s National Flood Insurance Program. The demarcated flood zone is usually the 

area where most of the flooding occurs. These zones are used by FEMA to designate the 

Special Flood Hazard Zone (SFHA) and for insurance rating purposes. This study uses 

the SFHA zones (base flood zone) to extract probable inundated areas from soil saturated 

zones. CDL is used to isolate inundated cropland areas to map flood extent in the 

cropland only. CDL is downloaded from CropScape 

(https://nassgeodata.gmu.edu/CropScape/) for the study area. CropScape is a web service 

of USDA for US geospatial cropland data product (Han et al., 2012). Flood maps derived 

from SMAP data are validated by comparing them with available flood maps of the 

selected flood events.  

Inundation maps of the Baton Rouge Flood are validated by the flood maps 

available from Stephenson Disaster Management Institute (SDMI) of Louisiana State 

University. SDMI prepared a flood extent map of the Baton Rouge Flood based on the 

reported areas that have been flooded. This aggregate flood area then is refined by the 

LiDAR data to create an elevation appropriate flood area which is published on August 
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18, 2016 (SDMI, 2016). This may be the only flood map available from authentic source 

to validate the inundation map of the Baton Rouge Flood extracted from SMAP. 

 Since actual flood maps are not available for other selected flood events, this 

study uses flood products derived from Sentinel-1 data (SAR-C) for Houston flood and 

Missouri flood (Table 15). Sentinel-1 data are collected from the Copernicus open access 

data hub for each flood event. As long as the microwave can penetrate through clouds, 

Sentinel-1 data are helpful for accurate flood mapping. Thus, the flood maps derived 

from Sentinel-1 data are utilized as reference maps for the validation of the flood maps 

derived from SMAP soil moisture data.  

6.4.3.2 Flood mapping from SMAP surface soil moisture 

Flooding is associated with the runoff of water after exceeding the highest level of 

soil saturation level. Low soil moisture can be observed at dry conditions compared to 

wet conditions. Therefore, soil moisture usually increases during saturation. However, 

some areas such as low lands and wetlands may be always fully saturated. Therefore, soil 

that is usually dry experiences an increase in moisture following inundation except those 

soils that are fully saturated throughout the year. After an initial investigation of SMAP 

Level-4 data, this study uses three criteria for flood mapping with SMAP surface soil 

moisture data. These criteria are a change in the soil moisture content between the 

flooded condition and non-flooded condition, soil moisture content above the soil 

effective porosity, and consecutive days of moisture saturation. Figure 37 shows the step 

by step procedure for cropland flood inundation mapping from SMAP L4 data. 
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Figure 37. Methodological flow diagram for inundation mapping in cropland from SMAP L4 data 

 

Since the goal of this study is to map inundated areas using soil moisture data, this 

study observed the soil moisture condition in sampled pixels to verify whether it is 

possible to detect flood using surface soil moisture from SMAP L4 products. For this 

purpose, the time series of surface soil moisture are analyzed for sampled pixels extracted 

from the flooded and non-flooded areas for each case study. Only 70 pixels are sampled 

from flooded and non-flooded areas for each of the flood cases because of the coarse 

spatial resolution of SMAP L4 products. The flooded and non-flooded areas in reference 



157 

 

 

 

flood maps are used as a guideline to select sampled pixels. This process also helps for 

the estimation of moisture increment threshold. First, soil moisture values are collected 

over some sampled pixels from both flooded and non-flooded areas for each event. 

Figure 38 illustrates soil moisture condition in flooded (left panels) and non-

flooded pixel (right panels) of five selected flood events. The red lines represent median 

soil moisture of sampled pixels indicates a significant increase (> 0.05 m3m−3) of soil 

moisture of flooded pixel at the beginning of flood event (light blue shade). Another 

observation is median soil moisture in flooded pixels crosses the 0.40 m3m−3 moisture 

threshold for most of the sampled locations, whereas the median soil moisture of non-

flooded pixels remains under the threshold during a flood event. The soil moisture of 

flooded pixels surpasses the threshold value 0.40 m3m−3, and returns to previous states at 

the end of flood events in most of the cases. Some pixels from non-flooded samples have 

year-round high moisture content (Figure 38) probably because of the presence of a 

higher percentage of saturated soil (e.g., lowlands, wetland) within a pixel (Rahman et 

al., 2017). It is hard to distinguish flooded and non-flooded conditions for these pixels 

based only on the moisture content above the threshold. A considerable change in soil 

moisture content between pre-flood and post-flood conditions needs to be taken into 

account for flood mapping with soil moisture data. Since median soil moisture of flooded 

pixel hovers around 0.35 m3m−3 before the flood and increases to above 0.4 m3m−3 during 

the flood, a change of 0.05 m3m−3 (0.4 m3m−3~0.35 m3m−3) in soil moisture can be 

considered as one of the three indications of flooding.  
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Figure 38. Surface soil moisture of sampled pixels over flooded (left panels) and non-flooded (right panels) 

pixels;  

(a) the Louisiana Flood (the Baton Rouge Flood), 2016, (b) the Mississippi Flood, 2016, (c) the Missouri Flood, 2017, 

(d) the Texas Flood, May 2016, (e) the Hurricane Harvey Flood, TX 2017 (the Houston Flood). Red line indicates the 

median soil moisture of sampled pixels. Light blue shaded background indicates flood duration. 

 

Moisture value above this threshold indicates surface soil moisture saturation. 

Soil moisture increments can be ignored for two reasons: firstly, these random measures 

can be data noise; secondly, moisture fluctuation within a few hours may not be an 



159 

 

 

 

indication of flooding. Therefore, observation of soil moisture over a period is essential 

for flood mapping and monitoring when using soil moisture. This study examines with 3-

day, 5-day, and 7-day windows as an observation period. Since the windows show similar 

results, this study applies a 3-day window to observe soil moisture over a consecutive 

period. Since revisit time of SMAP mission is 2-3 days, an observation window less than 

three days may not be effective. The sensitivity of soil moisture increment threshold has 

been tested with different moisture increment values between pre- and post-flood 

condition from 0.03 m3m−3 to 0.07 m3m−3. Soil moisture of pre-flood condition is 

determined by taking the median values of soil moisture in three days before the incident 

date of the flood event, and the whole period of the flooding event is considered as a 

post-flood condition.  

Figure 39 presents the increment thresholds and their accuracy percentages 

generated by comparing the SMAP-derived flood maps and the reference flood maps 

across three selected flood events. The spatial agreement is measured using three metrics: 

overall spatial agreement, user accuracy, and producer accuracy. The overall spatial 

agreement refers to the proportion of area correctly mapped with the reference map. The 

producer accuracy is the portion of the reference map correctly mapped; it is the 

complement of the error of omission. The user accuracy, on the other hand, refers to the 

proportion of the extracted map that is the same as the reference map; this can also be 

called the complement of the commission error.  
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Figure 39. Sensitivity test of moisture increment threshold; (a) producer accuracy, (b) user accuracy, and (c) 

overall agreement 

 

The producer accuracy drops when moisture increment threshold is greater than 

0.05 m3m−3. However, the highest producer accuracy is achieved for the increment 

threshold between 0.04 m3m−3 and 0.05 m3m−3. The user accuracy also drops or remains 
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unchanged when moisture increment threshold is greater than 0.05 m3m−3 except for the 

Missouri Flood case. Since flooded areas in most of the case studies show similar 

moisture increments, the moisture increment threshold is applicable for other flood events 

as well. The overall spatial agreements between the SMAP-derived flood maps and the 

reference flood maps are almost the same for all increment thresholds because of the 

dominance of the vast non-flooded areas. Therefore, if a pixel has an increment of 0.05 

m3m−3 in soil moisture from pre-flood condition and maintains soil moisture content 

above the effective soil porosity for three consecutive days (72hrs), it is considered as a 

saturated pixel. 

There are possibilities of soil saturation on higher elevations or in places where 

the chance of flooding is none. The areas with no or limited chance of flooding can be 

excluded from the flood mapping process. The FEMA’s SFHA zones are used as 

ancillary data to exclude these areas which have no chance of flood. Finally, flood maps 

are clipped by the CDL data to identify inundated cropland. Flood maps extracted from 

SMAP L4 data need to be compared with actual flood maps for validation purpose. Since 

actual flood maps are not available, this study utilized flood maps derived from Sentinel-

1 and FEMA-SDMI flood maps for validation. Although strict validation of the results is 

not possible because of the uncertainties and inaccuracies of the SAR-derived inundation 

maps and the FEMA-SDMI inundation maps, this study tries to make a relative 

comparison through the spatial agreement between flood maps derived from SMAP and 

reference flood maps.  
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6.4.4 Result Discussion  

6.4.4.1 Case Study 1: Houston Flood 

Figure 40 shows the Houston Flood affected areas, extracted from the SMAP and 

the Sentinel-1 data of September 5, 2017. The purple polygons refer to the FEMA-

declared affected counties. The thick black line shows the area in which Sentinel-1 data 

are available. SFHA data are unavailable for these counties marked with black hatch 

lines, therefore, figure 40 is not showing any inundated areas in these counties. The 

figure 40 indicates considerable similarities between extracted flood maps from the 

SMAP and Sentinel-1. However, the inundated area from SMAP shows a larger area 

compared with the inundated area from Sentinel-1 because of the coarse spatial resolution 

of SMAP data products. 

 

  
Figure 40. Inundation area extracted from SMAP and Sentinel-1 of the Houston Flood superimposed over CDL 
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Table 16 shows the spatial agreement between the inundation maps extracted 

from the SMAP and the Sentinel-1. Although the overall agreement is 96%, the user 

accuracy and the producer accuracy are 43% and 71%, respectively. The user accuracy of 

43% indicates to a commission error nearly 57%, which means that the inundated areas 

derived from SMAP are almost double than the inundated areas extracted from Sentinel-1 

data. The 71% producer accuracy indicates to nearly 30% omission error which means 

that most of the inundated areas derived from Sentinel-1 are also mapped as inundated 

areas extracted from SMAP data. 

 

Table 16 The spatial agreement between SMAP and Sentinel-1 derived inundation acreage of Houston Flood 

  
Non-Flood 

(hectare) 

Flood 

(hectare) 

Total 

(hectare) 

User 

Accuracy 

Errors of 

Commission 

Non-Flood 

(hectare) 
6062733 57930 6120663 0.99 0.01 

Flood (hectare) 190228 142889 333117 0.43 0.57 

Total (hectare) 6252961 200819 6453780     

Producer 

Accuracy 
0.97 0.71   

Overall 

Agreement 
0.96 

Errors of 

Omission 
0.03 0.29  

 

6.4.4.1 Case Study 2: Baton Rouge Flood 

Figure 41 compares possible inundation areas extracted from SMAP to the flood 

map obtained from FEMA-SDMI. Although, both the maps have very similar spatial 

extent, inundated areas are overestimated for some counties like Cameron and Vermilion. 

Figure 41 also shows some underestimation of flooding for some counties such as 
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Feliciana and St. Helen. This type of underestimation can happen when the spatial extent 

of the flooded area happens to be significantly smaller than a 9 km SMAP pixel. 

 

 
Figure 41. Inundation area extracted from SMAP and FEMA-SDMI of the Baton Rough Flood superimposed 

over CDL 

 

Table 17 shows the spatial agreement between SMAP-derived flood inundation 

map and FEMA-SDMI flood map. The overall agreement between the two inundation 

maps is 77%. The user accuracy of 67% is higher compared to the producer accuracy of 

59%. Both omission and commission errors indicate that SMAP-derived inundation map 

missed nearly 35% of the flooded area and miss-mapped about one-third of non-flooded 

areas as flooded areas. 
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Table 17 The spatial agreement between SMAP and FEMA-SDMI derived inundation acreage of Baton Rough 

Flood 

 Non-Flood 

(hectare) 

Flood 

(hectare) 

Total 

(hectare

) 

User 

Accuracy 

Errors of 

Commission 

Non-Flood 

(hectare) 
1742973 411934 2154907 0.81 0.19 

Flood (hectare) 283956 581695 865651 0.67 0.33 

Total (hectare) 2026929 993629 3020558   

Producer Accuracy 0.86 0.59  Overall 

Agreement 
0.77 

Errors of Omission 0.14 0.41  

 

6.4.4.1 Case Study 3: May 2016 Texas Flood 

Figure 42 illustrates inundation area during the Texas May Flood extracted from 

SMAP. Like the Mississippi Flood, Sentinel-1 data were not available for this flood 

event. Therefore, no comparison or validation of the inundation map is shown here. As 

the figure 42 indicates, there is large inundated area in the northeastern region outside the 

FEMA’s declared counties.  
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Figure 42. Inundation map extracted from SMAP of the Texas Flood (May 2016) superimposed over CDL 

 

6.4 Chapter Summary 

Flooding is a very dynamic phenomenon. Some types of floods, such as flash 

floods, occur within a very short period such that their peak devastation is only a few 

hours long, but the most extensive and severe damage takes place during that period. 

Significant crop damage may take place by flooding in crop growing season. The rapid 

assessment of crop loss requires operational mapping of flood inundation extent 

regardless of the source. Recent capabilities of remote sensing sensors and platforms can 

be utilized for the rapid mapping of flood inundation. Therefore, objective can be to look 
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for available remote sensing data at right time for flood mapping in order to support rapid 

crop damage assessment.  

Currently, optical remote sensing is widely used for the inundation mapping over 

a large area. While optical remote sensing systems offer considerable advantages by 

providing data with moderate spatial resolution and temporal resolution, these systems 

are incapable for providing data in cloudy conditions. An alternative system is to use 

SAR remote sensing because of the cloud penetration capability of microwave. Although 

microwave remote sensing, with its advantage of cloud canopy penetration, is capable of 

monitoring flooding, flood mapping with SAR data is complex and sensitive to many 

factors. However, coarse temporal resolution and complex data type of SAR systems put 

limits on more frequent data gathering and processing. Thus, the application of SAR data 

in flood monitoring for large agricultural regions has not gained much popularity. The 

temporal resolutions of most radar missions are not frequent (except Sentinel-1) since 

most radar images are taken before and after the flood, and in most of the cases, the flood 

peak may not be captured by the images.  Flood mapping still requires improvements in 

temporal resolutions to provide data as soon as possible, not exceeding a week after a 

flood occurs, yet the revisit cycle of most moderate spatial resolution optical platforms 

and SAR systems is more than a week.  

This chapter explores flood mapping using both optical remote sensing and 

microwave remote sensing data. Results show that in most of the cases cloud free 

Landsat images are very scarce during flood event. Cloud free optical data from Sentinel-

2 are available for some cases because of frequent revisit capability of Sentinel-2 
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compared to Landsat. The chance of getting cloud free optical images is high from 

remote sensing systems with frequent revisit capability such as MODIS and VIIRS. 

However, spatial resolution needs to be compromised in case of using MODIS or VIIRS 

data in flood mapping. Moreover, SAR data from Sentinel-1 are also available during 

most of the flood events at all weather conditions. Considering the satellite pass of many 

systems including Landsat, Sentinel-1, Sentinel-2, MODIS, and VIIRS, remote sensing 

data are mostly available for rapid flood mapping.  

There is at least one flood event where not only cloud free optical data are 

unavailable but also SAR data from Sentinel-1 is not available. Since flood extent map is 

required and data from these remote sensing systems is not available, this study 

investigates flood mapping using soil moisture saturation information as an alternative 

option. Soil moisture above the effective soil porosity is an indication of soil saturation; 

and soil saturation in a crop field over a longer period of time can be considered an 

indicator of cropland inundation. SMAP L4 soil moisture products, which are derived 

from microwave remote sensing observation (SMAP L1), are available at 3-hour 

intervals, thus it provides much finer temporal resolution than the SAR systems. 

Therefore, L4 data can provide a useful way to map cropland inundation and overcome 

the previous limitations. The results in this study provide evidence that inundated areas 

extracted from SMAP are largely similar to the FEMA’s flood declared counties. 

Besides, these inundation areas are found to have similar spatial extents with available 

reference flood maps.  
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The primary advantage of using the current technique of inundation mapping is 

that this technique can be used even when the optical or SAR remote sensing data are not 

available. The relatively small omission error, as reported in this study, indicates that the 

inundation maps derived from SMAP data were able to map most of the flooded areas in 

reference maps. Therefore, although the inundation maps are found to overestimate some 

flooded areas, it is still be useful in generating a rough estimation of inundation area 

using SMAP soil moisture data. 

There are several limitations of using soil moisture data for flood mapping. First, 

in most of the cases, inundation extents from SMAP are larger than inundation areas 

derived from the other sources because of the coarse spatial resolution of SMAP. Second, 

soil moisture data are not available for paved areas. Therefore, if most of the areas within 

a pixel contain impervious surface, the resulting soil moisture of the pixel will be low; as 

a result, it is hard to detect flood for these areas based on the soil moisture. Future work 

may focus on SMAP Level-1 data which is the direct observation provided by the sensor, 

instead of the model drivel Level-4 surface soil moisture.  Despite the limitations, this 

methodology can be used for cropland inundation mapping even is the absence of fine 

temporal resolution SAR data. In summary, the inundation map extracted from SMAP 

soil moisture can be helpful for rapid flood progress monitoring in croplands when data 

from other sources are not available.  
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CHAPTER SEVEN: RAPID CROP DAMAGE ASSESSMENT  

7.1 Background  

Inundation in cropland has impacts on crop conditions depending on crop growth 

stage and crop type. This impact can be assessed through both qualitative and quantitative 

measurement. The quantitative flood crop assessments mainly determine the amount of 

yield loss because of flooding. On the other hand, a qualitative assessment is the 

evaluation of crop conditions such as the degree of damage in NDVI of crops in the 

growing season. Then the degree of damage on crop heath is determined either by 

comparing NDVI before and after a flood event or by comparing current NDVI with 

historical NDVI. The quantitative measurement directly provides the amount of yield loss 

by comparing potential yield with historical yield records. The quantitative measurement 

provides information on the degree of damage such has severe damage, moderate 

damage, and slight damage. Although qualitative damage is a subjective measurement, 

this information can also be used to quantify possible loss by converting the degree of 

damage to percentage loss. 

The regression-based loss assessment model is one of the most popular crop loss 

assessment models because of its high accuracy. The idea behind the regression model is 

to find the linear relation between crop yield and NDVI. Potential yield can be estimated 

using the regression equation. The negative difference between potential yield and 
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normal yield is the indication of crop loss. Shrestha et al. (2017a) developed a linear 

regression model using the MODIS daily NDVI and historic crop yield data. In their 

study NDVI profile is constructed using daily NDVI for the whole year.  The area under 

NDVI curve (AUC) is then calculated from the NDVI profile of crop growing seasons. A 

linear regression model is developed using AUC as an independent variable and crop 

yield as a dependent variable. Once this regression equation is established, the area under 

an NDVI curve of flooded pixels is used as independent to estimate the potential yield of 

flooded cropland. Similarly, potential yields in non-flooded nearby pixels are also 

calculated using the same regression equation. Finally, the percentage of crop yield loss 

is calculated by comparing the potential yield of flooded pixels with non-flooded pixels 

(Shrestha et al., 2017a). This study successfully estimates crop loss with high accuracy. 

However, the major drawback of NDVI-based regression model is the requirement of the 

NDVI profile over the whole growing season. Loss estimation activities using this model 

must wait until the growing season is over. Therefore, the regression between NDVI and 

crop yield is not useful to meet the goal of rapid flood crop loss assessment.  

Although Ahmed et al. (2017) used MODIS NDVI to estimate loss of rice due to 

a flash flood in Bangladesh in 2016, they used the qualitative assessment approach for in-

season loss assessment. First, they used ISODATA-clustering algorithm to cluster NDVI 

into meaningful classes in their study. Four meaningful classes –totally damaged, initially 

survived but finally damaged, poor condition, not affected – are determined to express 

the degree of damage by analyzing the average NDVI profile of each cluster. Finally, 

affected rice acreages are estimated for each affected class. Therefore, crop condition-
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based qualitative loss assessment is useful for in-season crop damage and loss 

assessment. 

 Yu et al. (2013a) also examined various vegetation indices (VIs) for remote 

sensing-based flood damage estimation using crop conditions profiles. They evaluated 

the performance of VIs for different flood cases. They concluded that all vegetation 

indices are able to detect flood impact on crops; however, their performances are varied 

from case to case. They also concluded the severity of damage may vary depending on 

two factors: crop growth state and duration of flood events. They utilized four popular 

VIs such as NDVI, VCI, MVCI, and RMVCI for crop damage assessment. The flood 

crop damage can rapidly be assessed by the change in crop conditions profile before and 

after a flood event. Therefore, crop damage assessment models which rely on NDVI 

profile of the whole growing season are not applicable for the rapid assessment. 

 Di et al. (2018a) proposed a new index called Disaster Vegetation Damage Index 

(DVDI) to measure crop/vegetation damage by disaster events. This proposed new 

technique relies on vegetation conditions before and after disaster events. Therefore, this 

method can be useful for the rapid assessment of flood crop damage. This study utilized 

newly developed DVDI to examine the degree of flood damage on crops.     

7.2 Methods and Materials 

7.2.1 Methodological Process of Degree of Damage Assessment 

MODIS daily NDVI is the primary data for analyzing crop conditions through 

VIs. Daily NDVI data products are downloaded from a Web-portal maintained by CSISS, 

George Mason University. Daily NDVI is calculated using MODIS daily surface 
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reflectance L2G Global 250 m products (MOD09GQ and MYD09GQ). These MODIS 

products estimate the surface spectral reflectance as it would be measured at ground level 

without the interference of atmospheric conditions. The most commonly used VIs are 

described in the following paragraphs. 

NDVI is one of the most common VIs which is the ratio between the infrared and 

visible red bands of the electromagnetic spectrum. NDVI measures the greenness of 

vegetation, which is directly correlated with vegetation health. NDVI is also the primary 

input for the calculation of other VIs. Equation 4 shows the mathematical expression of 

NDVI. 

 

Equation 4 NDVI 

𝑁𝐷𝑉𝐼 =
𝜌𝑛𝑖𝑟 − 𝜌𝑟

𝜌𝑛𝑖𝑟 + 𝜌𝑟
 

 

Where 𝜌𝑛𝑖𝑟 and 𝜌𝑟 are surface reflectance in near-infrared (NIR) and visible red (VR) 

bands of the electromagnetic spectrum. Kogan et al. (2012) proposed Vegetation 

Condition Index (VCI) by further normalization of NDVI with historic maximum and 

minimum NDVIs. VCI has been utilized for monitoring crop conditions especially when 

crops are under stress by natural disasters. The idea behind VCI is to capture relative 

NDVI change with respect to historical NDVI at a given location. Equation 5  illustrates 

the mathematical expression of VCI.  
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Equation 5 VCI 

𝑉𝐶𝐼 =
𝑁𝐷𝑉𝐼(𝑥,𝑦) − 𝑁𝐷𝑉𝐼min (𝑥,𝑦)

𝑁𝐷𝑉𝐼max (𝑥,𝑦) − 𝑁𝐷𝑉𝐼min (𝑥,𝑦)
× 100 

 

Where NDVI of the current year at the location (x,y) is denoted as 𝑁𝐷𝑉𝐼(𝑥,𝑦). 

𝑁𝐷𝑉𝐼𝑚𝑎𝑥(𝑥,𝑦)   and 𝑁𝐷𝑉𝐼min (𝑥,𝑦)  are maximum and minimum NDVI over the entire 

historical NDVI time series at the location (x,y). VCI is an index primarily use for 

agricultural drought detection and its impact on crops. Like VCI, MVCI is another index 

for monitoring crop conditions. MVCI considers mean NDVI instead of maximum and 

minimum NDVI from historic NDVI time-series data. Therefore, MVCI is the indicator 

of relative change in current NDVI with respect to the historical mean NDVI denoted as 

𝑁𝐷𝑉𝐼𝑚(𝑥,𝑦). Therefore, the following equation 6 defined MVCI as follows. 

 

Equation 6 MVCI 

𝑀𝑉𝐶𝐼 =
𝑁𝐷𝑉𝐼(𝑥,𝑦) − 𝑁𝐷𝑉𝐼m (𝑥,𝑦)

𝑁𝐷𝑉𝐼m (𝑥,𝑦)
× 100 

 

Ratio median VCI (RMVCI) is another vegetation index where median NDVI from past 

years at a given location is considered instead of mean NDVI.  This median is taken from 

historic NDVI time series excluding current year. Therefore, let NDVImed be the median 

of and N-1-year NDVI time series at a given location (x,y) where Nth year is the current 

year. The mathematical expression of RMVCI is expressed in equation 7. 
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Equation 7 RMVCI 

𝑅𝑀𝑉𝐶𝐼 =
𝑁𝐷𝑉𝐼(𝑥,𝑦) − 𝑁𝐷𝑉𝐼med (𝑥,𝑦)

𝑁𝐷𝑉𝐼med (𝑥,𝑦)
× 100 

 

 

MVCI and RMVCI are ratio indices whereas VCI is a normalized index. The 

main difference between MVCI and RMVCI is the consideration of median NDVI 

instead of mean NDVI in RMVCI calculation. Although both mean and median express 

the central tendency of data from the perspective of discrete statistics, the mean is 

sensitive to outliers. Daily NDVI is often contaminated by clouds which results in 

unreliable mean NDVI. NDVI varies across the days of year because of seasonal change. 

Therefore, any comparison of NDVI should be specific to the day of year and location. 

Cloud contamination may affect the minimum value of NDVI. Therefore, to avoid the 

effect of cloud and other noise to NDVI, a modified VCI using median NDVI instead of 

minimum NDVI can be used for monitoring vegetation conditions (Di et al., 2018a). The 

mVCI can be expressed in equation 8. 

 

Equation 8 mVCI 

𝑚𝑉𝐶𝐼 =
𝑁𝐷𝑉𝐼(𝑥,𝑦) − 𝑁𝐷𝑉𝐼med (𝑥,𝑦)

𝑁𝐷𝑉𝐼max (𝑥,𝑦) − 𝑁𝐷𝑉𝐼med(𝑥,𝑦)
 

 

Di et al. (2018a) proposed and developed a new, simple, remotely-sensed index, 

the DVDI, to measure the vegetation/crop damage by natural disasters. This simple index 

is effective to measure the degree of crop damage by natural disasters. This new index 
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considers the difference between vegetation conditions immediately before and after a 

natural disaster. The mathematical expression of the DVDI index is given in Equation 9. 

 

Equation 9 DVDI 

DVDI = mVCIa– mVCIb 

 

Where mVCIa and mVCIb are the vegetation conditions immediately after and before a 

disaster respectively. 

Figure 43 illustrates the flow chart of the assessment of flood crop damage using 

the crop condition profile. The daily mVCI of the current year and past years are 

calculated from daily NDVI. All mVCI maps since 2000 are considered as the historical 

mVCI. Therefore, NDVI (max), NDVI(med), and NDVI(min) at a pixel are the 

maximum, median, and minimum of historical time series. DVDI is then calculated by 

taking the difference between before and after event mVCI using equation 9. A positive 

DVDI indicates no damage and negative value indicates considerable damage to the 

vegetation. Since the possible value of DVDI inherited from NDVI, the range of DVDI 

value is also between -1 to +1. 
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Figure 43. The methodological framework for crop-specific flood loss assessment  
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The continuous variable DVDI can be categorized into a subjective scale of the 

degree of damage using the different ranges of negative values (Di et al., 2018a). Many 

case studies also divided crop damage into four to six categories using subjective scales 

such as No loss-slight damage -moderate damage -severe damage-complete loss 

(Capellades et al., 2009; Chowdhury and Hassan, 2017; Islam and Sado, 2000; Okamoto 

et al., 1998). This is, in fact, a very common approach for the reporting of rapid crop 

damage. In this study, the degree of damage is categorized into six classes: No damage, 

very slight damage, slight damage, moderate damage, severe damage, and very severe 

damage. The Positive values (>=0) of DVDI are labeled as “No Damage”. Negative 

values of DVDI are categorized into five ordinal classes using equal-interval. These five 

categories are defined as 0>DVDI >= -0.1: “Very Slight Damage”;    -0.1>DVDI >= -0.2: 

“Slight Damage”; -0.2>DVDI >= -0.3: “Moderate Damage”;            -0.3>DVDI >= -0.4: 

“Severe Damage”; -0.4>DVDI “Very Severe Damage”. 

For calculating mVCI before and after a flood event, two widows are considered 

to take cloud-free mVCI. Since clouds may exist over a longer period of time before a 

flood event, a 14-day long window before flood events is choosen to get useful mVCI. 

Similarly, a short 7-day window is choosen to calculate mVCI after flood events 

considering the fact that crop conditions may not change over two weeks before flood 

events. Moreover, a shorter window is chosen because of the possible contamination of 

grass and weed in cropland after flood events. Since the goal of this research is to find 

flood crop loss, DVDI maps are masked by flood inundation extent. Moreover, DVDI of 
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flooded areas is then masked by crop areas for mapping the degree of crop-specific 

damage. 

7.2.2 Damage Assessment Validation Process  

One of the primary objectives of this study is the rapid assessment of flood crop 

damage on a subjective scale. Therefore, it is important to validate the loss assessment 

model with actual flood damage on crops. Plot-level crop-yield-loss information could be 

the best option for model validation.  However, plot-level information on crop-yield-loss 

is not available publicly. Public access to these crop-loss databases is restricted because 

of the location information and personal information associated with it.  Although the 

USDA may have crop loss information, these databases are not available to use outside of 

the scope of USDA (Shrestha, 2017).   

This research considers two approaches for the validation of crop damage 

assessment. First, the visual assessment is conducted by comparing NDVI curves of 

different damage categories. Since NDVI has a strong positive correlation with crop 

yield, a significant drop in NDVI curve is the indication of crop damage (Ahmed et al., 

2017; Shrestha et al., 2016d, 2017a). A decrease in area under NDVI curves is the clear 

indication of crop yield loss. Therefore, NDVI curves can effectively be used for the 

validation of crop damage. Second, the relationship between the loss percentage of crop 

yield and DVDI values can be utilized for validation. Positive DVDI corresponds to no 

loss and negative values indicate crop damage; where smaller values are the indication of 

higher loss. The idea here is to prove the relationship between DVDI and crop loss using 

plot-level crop-yield data. Since direct crop loss data are not available from the public 
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domain, this research calculated crop yield loss by comparing the yield of affected year 

with a previous-year yield at same plot location. Since plot-level yield data are not 

available from the portal of the USDA-NASS, this research acquired yield-data 

alternatively from the portals of various seedling companies. 

7.2.2.1 Pixel-Level Validation 

The first validation approach is to assess each damage category based on their 

NDVI profile. Three hundred sampling locations are generated using the equalized 

stratified random sampling technique for each case study. Since there are 6 damage 

classes, 50 points are taken for each class for each case study. Figure 44 shows spatial 

locations of sampling points. After determining the sampling locations, the daily NDVI 

time-series data are extracted at sampling locations for the corresponding years of flood 

events. NDVI time series are obtained from 2018 for the Iowa flood event and the 

Nebraska flood event. Similarly, NDVI time series for the Texas flood event is extracted 

from 2016 NDVI data.  

 

 
Figure 44. Sampling point locations of pixel-level validation; a) the Iowa flood event in 2018, b) the Nebraska 

flood event in 2018, and c) the Texas flood event in 2016  
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Since NDVI is obtained from optical remote sensing bands of MODIS, the daily 

NDVI is often contaminated by atmospheric conditions such as cloud, haze, and dust. 

Therefore, it is important to apply a noise reduction technique to reduce noise from 

NDVI profiles. This study utilized a two-level filtering approach of NDVI noise removal 

using the Best Index Slop Extraction (BISE) and Savitzky-Golay filter. The performance 

of Savitzkey-Golay filter is better than other selected approaches (Rahman et al., 2016). 

Rahman et al. (2016) provide a detailed methodological process of this approach for 

noise reduction from the MODIS derived NDVI profile of crops. A total of 300 smoothed 

NDVI curves are obtained for each case study after removing noise. A generalized NDVI 

curve is then constructed for each damage category by taking an average of 50 NDVI 

profiles that corresponds to the specific class. Finaly, the six generalized NDVI curves of 

the different degree of damages are ploted against day of year for the comparison among 

damage categories for each case study. 

7.2.2.1 Plot-Level Validation 

The plot-level validation of damage assessment is conducted by the relationship 

between yield loss and DVDI values. The crop yield data of multiple years for plots are 

collected from the data portals of seed companies to estimate crop loss. There are many 

seed companies across the US. These seed companies usually have testbed plot for their 

seed varieties. Some big companies provide some plot-level yield data from locations 

where farmers planted companies’ seed variety. Although some companies are only 

focused on a few states, some companies also provide yield data in many states. Five 

major seed companies were considered for this study to collect yield information such as 
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Pioneer Hi-Bred International, Inc, Beck’s, Syngenta, Bayer Global, and Golden Harvest 

Seeds. These companies are selected because of their wide spatial and temporal coverage.  

Bayer group is one of the leading seed companies around the globe. The 

agAnytime web portal is managed by the Bayer group, which provides crop yield data on 

a variety of crops. This portal offers yield data in different locations in the US since 2016. 

Figure 45 illustrates portal interface of AgAnytime with a search request on multiple crop 

types in multiple years. Average plot-level yield is collected in bushel per acre from the 

portal. This is one of the richest web portals for yield data from seed companies 

considering the archives of a large number of plots. The main advantage of this portal is 

the capability to show multiple crops and multiple years at a time. Search requests can be 

made easily for multiple crops for multiple years. Therefore, it is very easy to find plots 

with yield data for multiple years. The map view and satellite image view capability are 

very helpful to locate the plot in google maps. 
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Figure 45. The AgAnytime web portal of Bayer Global for the yield data of multiple crops 

 

Pioneer Hi-Bred International Incorporation is another leading seed company in 

the US. Pioneer is in seed market for more than 90 years since 1926. Although this 

company is based in Iowa, it provides seeds in multiple states in the US. Like the portal 

of Bayer, Pioneer’s interactive web portal also provides crop yield data on a variety of 

crops. Yield data are only available since 2017. Figure 46 shows the result of a search 

request on soybean for 2018 in Iowa. The main advantage of this portal is the capability 

of exporting all relevant information on a search result from table view. The relevant 
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information includes but is not limited to average yield, planting date, harvesting date, 

crop variety, and grower name. This portal only shows 10 locations at a time. Thus, 

multiple requests need to be made with multiple location names. This portal can show 

only one year for one crop type at a time. No image view is available through this system. 

 

 
Figure 46. The web portal of Pioneer Hi-Bred International, Inc for the yield data of soybean 
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Beck’s is another giant retail seed company that provides seed to farmers 

primarily in mid-western states in the US such as Indiana, Illinois, Kansas, Ohio, Iowa, 

Minnesota, South Dakota, and Missouri. Figure 47 illustrates the interface of Beck’s 

yield data portal with a request on corn for 2018. Red markers show all the sampled field 

location of corn in 2018. Like the portal of Pioneer company, Beck’s portal can only 

display one crop type for a single year at a time.  

 

 
Figure 47. Beck’s web portal for the yield data of corn 

 

This portal probably has the longest temporal coverage, since yield data are 

available since 2014. However, this portal provides yield information only on corn, 

soybean, and wheat. Similar to AgAnytime, this portal has both map view and satellite 

image view, which is very helpful for locating a plot. Yield data only on Iowa flood case 
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are collected through this portal because of the unavailability of data in Nebraska and 

Texas. 

The other two portals from Syngenta and Golden Harvest are barely used for this 

study because of the limited available data points. Although both companies have a long 

reputation for seed supply for farmers in the US. Figure 48 shows the portal interface of 

Syngenta with a request on corn in Iowa for 2018. Golden Harvest has a very similar 

interface with Syngenta portal. Both provide yield data since 2017. Data locations are 

sparse in both systems. Moreover, background maps of these two systems are very 

coarse. Because of these many limitations data from both systems are hardly used in this 

research. 

 

 
Figure 48. The web portal of Syngenta for the yield data of corn 

 

As mentioned in the previous sub-section the goal is to validate crop damage 

using yield loss. Yield loss is calculated by comparing the yield rate of flood affected 
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year with yield information on same crop on same plot in a previous year. Therefore, it is 

important to select those plots that have data on same crops in the previous year. 

Therefore, this searching process only includes these plots which are located in flood-

affected areas and have data on same crops in flooded year as well as in the past year. 

Although all five source portals of seed companies provide an embedded based-

map on their website, it is not possible to extract geographic coordinates of plots from 

these portals. These portals only offer to view plot locations and do not provide options to 

extract actual geographic coordinates, such as latitudes and longitudes. These embedded 

maps have only basic mapping options like panning and zooming in to a specific 

location. Actual geographic coordinates are important to extract DVDI information on 

these plots.  Thus, the Google map is utilized as an auxiliary reference source to identify 

these plot locations by cross-referencing it with embedded maps in these data portals. 

First, a city name is selected near to the target plot, and then searched on Google Maps. 

Second, the targeted plot is visually identified in both the embedded map and Google 

Maps using the crossing point of nearby roads. If the embedded map has an image view, 

the process is easier to match with Google Maps image view.  
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Figure 49. Sampling point locations of pixel-level validation; a) Satellite view of plot location in the portal of 

Bayer group, b) Image view of the same location in Google map 
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Figure 49a illustrates an example of a corn yield plot location in Iowa in the data 

portal of Bayer Group. Figure 49b shows the location of the same plot in Google map. 

Left panels of figure 49a show the corn yield information of the same plot in 2017 and 

2018. Once a targeted plot is correctly identified in Google Maps, geographic coordinates 

are extracted using pinpoint. Yield information of corresponding plot is also stored in an 

excel database. This process is repeated for each available plot from these data portals.  

 

  
Figure 50. Sampling point locations of pixel-level validation; a) the Iowa flood case, b) the Nebraska flood case, 

c) the Texas flood case 

 

After completing the database for all selected plots, a GIS database is created 

from the excel database using coordinates of these plot locations. This GIS database is 

then projected to the USA Contiguous Albers Equal Area Conic projection system. These 

coordinates are used further to acquire the corresponding plot-level DVDI. It is important 

to note that, usually the center pixel is considered for the representation of the plot. Yield 

loss of these plots is calculated in percentage by taking the ratio of yield loss to the yield 

in a previous year. Here, the loss is defined as the subtraction of yield in past from the 
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yield of flood affected year. Figure 50 illustrates the location of selected plots for the 

validation, where yellow and green color indicates the location of corn and soybean 

fields, respectively. Figure 50 also shows that sampled plots are mostly from Iowa and 

only a few locations are available from the other two cases. 

7.3 Result Discussion 

In this chapter, crop loss is assessed using three case studies of flood events. 

These three events are chosen mainly because of their occurrence in the middle of the 

crop growing season. There is usually no risk of flood crop loss if the flood incident 

period is outside of crop growing season. The degree of the damage of major crops is 

reported for three case study events in the following subsections of this chapter. 

7.3.1 Case Study 1: Iowa Severe Storms and Flooding (DR 4346) 

The incident period of the Iowa Severe Storms and Flooding was between June 6 

and July 2 in 2018. This time period indicates the flood event occurred in the greening 

and maturing stage of major crops in Iowa. This flood event caused significant damage in 

many croplands in the northwestern parts of Iowa. Figure 51 shows ground photos on 

impacted corn and soybean fields after this flood event. These two fields show the 

complete damage of crop because of this flood event. 
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Figure 51. Crop damage ground photos during Iowa flood in 2018; a) Affected corn plot in the south of Lester, 

Iowa; b) Affected soybean plot in northwestern Iowa 

Source: Tri-State Neighbor photo by Janelle Atyeo (2018) 

 

Figure 52 illustrates the pixel-level degree of vegetation damage in the 

northwestern parts of Iowa. Four zoomed-in panels show the degree of crop damage in 

four random locations of affected areas. It is also noted that DVDI reflects the change in 

the conditions of all kinds of vegetation. Since the aim is to assess only flooded cropland, 

panels a-d of Figure 52 show the degree of damage only on flooded croplands.   Although 

many crop fields were flooded, the dark green colors indicate no damage by (Figure 52 

a,b,d). Many croplands are severely damaged in both sides of a river (Figure 52c). The 

duration of floods may be one of the reasons for the different degree of damage in crop 

fields.  

 



192 

 

 

 

 
Figure 52. The degree of damage of flood-affected croplands during the Iowa Flood in 2018 

 

Figure 53 provides quntitative measures of damage to major crops in six selected 

counties in Iowa. Only three crops of corn, soybean, and alfalfa are considered for 

damage assessment because of negligible presence of other crop types in Iowa. Four 

counties show soybeans have higher acreage of severe to slight damage (Figure 53 a-d). 

In contrast, most of the flooded cornfields have no or slight damage in all selected 
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counties. Corn is usually taller than soybean, which could be the cause for higher damage 

in soybean compared to corn.  

 

 
Figure 53. The quantitative assessment of damage on major crop types in selected counties. a) Osceola; b) 

Kossuth; c) Clay; d) Palo Alto; e) Humboldt; f) Wright 

 

A total of 153 ha of soybean faced moderate to very severe damage in Osceola 

County. More than 60% of flooded cornfields have no damage in Osceola (Figure 53 a). 
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Similarly, almost half of flooded corn has no damage whereas 60% of affected soybean 

has higher degree of loss in Kossuth (Figure 53b). Clay is one of the most affected 

counties, where 174 ha of corn and 237 ha of soybeans are severely damaged. Additional 

262 ha of corn and soybean are moderately damaged in this County (figure 53c). Figure 

53b and 46d show almost similar crop damage patterns in Palo Alto and Kossuth. A few 

hectares of alfalfa have slight to moderate damage in most of the selected counties. Both 

corn and soybean have mostly slight to moderate damage in Humboldt and Wright 

counties (Figure 53 e-f). 

7.3.2 Case Study 2: Nebraska Severe Storms and Flooding (DR 4387) 

Similar to the flood event in Iowa, the Nebraska Severe Storms and Flooding 

event also occurred in June 2018. Some counties in the North-Eastern parts of the state 

were affected by this flooding event. These counties are adjacent to the affected counties 

in Iowa. Thus these two flood events are mostly the result of a severe storm in June over 

Nebraska and Iowa. Figure 54 a-d show four detailed views of the degree of damage of 

flooded croplands taken from four locations in affected regions. Croplands in some 

counties such as Dixon, Dakota, Thurston, and Cuming are severely affected by flood 

event. Panels b and c (Figure 54) shows severe damage in most of the flood-affected 

croplands.  Panel a (Figure 54) from Platte County shows no damage or slight damage in 

most of the affected croplands. 
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Figure 54. The degree of damage of flood-affected croplands during the Nebraska flood in 2018 

 

Figure 55 illustrates the quantitative assessment of the different degrees of crop 

damage in six selected counties. Most of the affected crop fields have no or slight damage 

in Dixon County.  Only around 6 ha of soybean has moderate to severe damage. More 

than half of the affected soybean have slight to moderate damage and negligible severe 

damage in Dakota County. Although corn has very negligible damage, nearly 150 ha of 

soybean has moderate to severe damage in Thurston. Cuming is the most affected county 
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by this flood event where nearly 350 ha of soybean has moderate to severe damage. In 

addition, more than 400 ha  of soybean faced slight damage. There is almost no damage 

in affected croplands in Colfax and Wayne counties. The damage in alfalfa fields is also 

very negligible in flood-affected counties in Nebraska. 

 

 
Figure 55. The quantitative assessment of damage on major crop types in selected counties. a) Dixon; b) Dakota; 

c) Wayne; d) Thurston; e) Cuming; f) Colfax 
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7.3.3 Case Study 3: May 2016 Texas Flood 

The crop loss assessment for this case study is different than the previous two 

case studies because of the utilization of SMAP-derived flood inundation extents. This is 

the case where both optical and SAR data were not available for flood mapping. This 

case study is chosen to depict the situation where flood maps are not available from 

conventional sources. Figure 56 shows the degree of crop damage in flood-affected 

counties. The zoomed-in view of four locations is also shown in panels a-d. Similar to 

other case studies, no damage and slight damage are also more frequent compared to 

severe damage. 

 

 
Figure 56. The degree of damage of flood-affected croplands during Texas flood in May 2016 
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Figure 57 illustrates the damage of different crop types in four selected counties. 

Unlike Iowa and Nebraska, cotton, sorghum, and oats are also major crops along with 

corn, soybean, and alfalfa in Texas. Many croplands have winter wheat in Texas. Since 

flooding was occurred in summer, winter wheat was not considered for loss assessment in 

this case study. Corn is severely affected in Anderson County were moderate, severe, and 

very severe damage are accounted for 284, 260, and 194 ha respectively. There was no 

damage on soybean and oats in Anderson County (Figure 57c). Alfalfa is the major 

affected crop type in Navarro County. More than 200 ha of alfalfa have moderate to 

severe damage, and more than 600 ha are slightly damaged (Figure 57b). Nearly 300 ha 

of soybean are moderate to severely damaged in Ellis County (Figure 57a). Cotton is the 

most affected crop in Robertson County where about 1000 ha of cotton have slight to 

moderate damage. It is also observed that major crop types are largely varied county to 

county in Texas. 
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Figure 57. The quantitative assessment of damage on major crop types in selected counties. a) Ellis; b) Navarro; 

c) Anderson; d) Robertson 
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7.3.4 Validation of Damage Assessment Result 

7.3.4.1 Pixel-Level Validation 

The result of the pixel level validation is presented through the average daily 

NDVI profile of each damage class. Figure 58 illustrates the average NDVI curve for 

each damage class for three case studies. Subplots a, b, and c, in figure 58 represent the 

average daily NDVI profile of damage classes for the Iowa, Nebraska, and Texas flood 

cases, respectively. Red, orange, yellow, light-green, green, and dark-green color 

indicates NDVI profile for damage classes very severe, severe, moderate, slight, very 

slight, and no-damage, respectively. Two vertical dotted lines indicate the start and end 

date of a flood event, respectively. There is clear drop in NDVI values after a flood event 

for different damage classes. The deviation of NDVI curve of different damage 

categories compared to the curve of no-damage category is the indication of the degree of 

damage.  

As expected, the red lines of very severe damage class show the highest drop in 

NDVI profile after flood events. The orange lines of severe damage indicate the higher 

deviation after red lines. Similarly, other curve lines of damage classes also show 

considerable deviation from the NDVI curve of no-damage class. Although the shape of 

the curve of each flood case is different from each other depending on many factors such 

as event duration and incident date. Figure 58c shows a huge drop and a right shift of red 

line, which may indicate crop replantation after having a total loss at the beginning of the 

growing season. The shape of NDVI curves looks similar in Iowa and Nebraska because 

of the domination of two major crops corn and soybean. The shape of NDVI profiles is 
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different for Texas case from two other cases because the averaging  of NDVI values 

from different crop types. 

 

 
Figure 58. Comparison among the NDVI curves of different damage classes 
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7.3.4.2 Plot-Level Validation 

The yield information of a crop for multiple years is available only for 37 plots 

from all three flood cases. A total of 23, 10, and 4 plots are available from the Iowa, 

Nebraska and Texas flood cases respectively. The percentage yield loss and 

corresponding DVDI values are plotted in figure 59. The positive values in yield loss are 

the indication of no loss.  

 

 
Figure 59. Relationship between DVDI and crop yield loss 

 

The primary assumption is the lower DVDI values should correspond to the 

higher crop yield loss. Thus, the higher negative values should correspond to higher crop 

loss and vice versa. Figure 59 illustrates the relationship between DVDI value and crop 

yield loss in percentage. Among 14 sampled plots with positive DVDI value, 11 plots 

R² = 0.5441
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correspond to positive yield loss (no loss). A total of 23 plots have negative DVDI, all of 

them also corresponding to crop yield less. Therefore, it can be concluded that DVDI 

values can successfully indicate crop loss. Although low R2 value indicates not that 

strong of a relationship between DVDI and percentage yield loss, the overall indication of 

crop loss can be made using DVDI index. 

 

Table 18 Damage class and corresponding yield loss in percentage 

 Yield Loss in Percentage   

Damage Category 

No 

Loss 

0-

10% 

10-

20% 

20-

30% 

30-

40% >40% 

Total Number 

of Plots 

No Damage 11 3 0 0 0 0 14 

Very Slight 0 8 5 2 0 0 15 

Slight 0 2 2 0 0 0 4 

Moderate 0 0 2 0 1 0 3 

Severe  0 0 0 0 0 1 1 

Very Severe 0 0 0 0 0 0 0 

Total Number of Plots 11 13 9 2 1 1 37 

 

Table 18 shows another evaluation of damage classes through percentage yield 

loss. Among 14 plots of no damage category, 11 plots have no loss. Only 3 plots of no 

damage category have less than 10% crop loss. Eight out of the fifteen plots of very slight 

damage category have yield loss of less than 10%. Half of the plots in slight damage 

category have less than 10% loss and the other half belong to the group of 10-20% yield 

loss.  Two plots of moderate damage category have 10-20% loss and only one plot has 

30-40% loss. Only one plot is in severe damage category which corresponds to about 

48% loss. 
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7.5 Chapter Summary 

Flood inundation in croplands can significantly damage crops. Quick information 

on crop damage is helpful for policy and decision making. This chapter provides a rapid 

damage assessment process using crop condition profile along with flood information and 

crop type information. Since quantitative loss assessment process requires historical yield 

record to establish the relationship between crop condition and crop yield at the plot-

level, it may not support rapid assessment processes. Thus, the aim of this chapter is the 

rapid assessment of crop damage in qualitative scale. 

A newly developed index called DVDI is utilized in this study to assess the flood 

impact on crop condition profiles. The positive values of DVDI indicate no damage while 

negative values indicate the different degree of crop damage. Five crop damage classes – 

Very slight damage, slight damage, moderate damage, severe damage, and very 

severe damage – are defined to express the degree of damage using some equal-interval-

ranges of negative DVDI values. The DVDI values are calculated by comparing before 

and after event crop condition profile called mVCI. DVDI maps are masked by the areas 

of inundated croplands to get crop damage caused only by flood events. The degree of 

damage is also validated in two ways; first NDVI profile of damage classes are compared 

to see the potential drop in NDVI compare to no damage curve; second is to evaluate the 

relation of DVDI with crop yield loss. 

Three major flood events are explored as case studies in Iowa, Nebraska, and 

Texas. The qualitative crop damage is mapped for all three cases. Crop-specific damage 

levels at the county scale are also calculated for selected counties. Crop-specific results 
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are generated only for selected counties as representative examples. Results show that 

croplands were inundated during flood events, but no damage occurred by the event. 

Croplands in some counties have moderate to significant damage. Very severe damage 

occurred only in a few croplands in most of the cases. Results also indicate soybean fields 

had higher damage compared to corn in most of the counties in Iowa and Nebraska 

probably because of the fact that corns are taller than soybeans. The validation results 

indicate the strong relationship between DVDI and yield loss. Results also show that 

damage classes correspond to the drop in NDVI profile. Thus, it can be concluded that 

the degree of damage can be explained using DVDI-based qualitative scale. 

Although DVDI-based qualitative assessment can be utilized in rapid crop 

damage assessment, there are some limitations and constraints in this process. The ranges 

of negative DVDI may need to be adjusted to convert it on a subjective scale for different 

geographic context as well as for different crop types. The length of window for mVCI 

selection before and after flood events need be carefully chosen. The outcome is sensitive 

to the selection of windows especially the length of windows after events.  The choice of 

window also depends on the objective of whether the assessment process capture instant 

effect of events or to capture the condition of recovered crop. Moreover, cloud 

contaminated pixels need to be carefully excluded from daily mVCI. Validation is always 

challenging since plot-level correct loss information are unavailable in most of the cases. 

Despite having limitations and weakness DVDI can be used successfully for the rapid 

assessment of flood crop damage. Plot boundary information and accurate plot-level loss 

information could significantly improve the assessment results. 
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CHAPTER EIGHT CONCLUSION AND DISCUSSION 

Flooding is one of the most significant natural disasters causing damage to crops 

around the world. Since agriculture is the main source of livelihoods and food security 

and a key driver of economic growth, flood crop loss assessment is the prime interest of 

farmers, insurance companies, and policymakers. Crop damage assessment is crucial 

because of the importance of assessment report for relief, grain pricing, food policy, and 

agricultural trade. An in-depth assessment of crop damage after many months of flood 

events may not be useful for immediate policy and decision making. Therefore, it is 

crucial to bring the right information to the right people at the right time, and this is 

where remote sensing became important. Remote sensing data and products certainly 

have advantages over traditional field survey methods for quick and frequent gathering of 

data over vast agricultural areas. Moreover, satellite remote sensing provides data timely 

manner with accurate location information at a low cost. 

The main goal of this research is to the rapid assessment of flood crop damage 

using free of charge satellite remote sensing data. The crop-specific rapid assessment of 

flood damage requires three primary information including crop types, flood inundation 

extents, and crop condition profiles. Therefore, the three primary objectives of this study 

are the rapid mapping of crops, floods, and crop conditions using available satellite 
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remote sensing data. Finally, the methodological procedure of rapid crop damage 

assessment is explained using case studies.  

8.1 The Rapid Gathering of Crop Type Information 

This study explores two possible ways for the rapid gathering of crop type 

information. First, in-season crop types are mapped using remote sensing data. Second, 

Crop types are predicted using a machine learning approach to historical crop rotation 

patterns. The goal here is to obtain the information on crop types immediately after flood 

events. 

Although the USDA provides crop-specific information each year for US 

croplands, crop-specific information is only available at the end of the year, many months 

after the crop growing season. By addressing this problem, trusted pixels are identified 

from major crop rotation patterns, which can be utilized as ground truth without field 

surveys. Therefore, these trusted pixels are used as ground truth in this research to train 

supervised image classification models for the accurate mapping of crop types from 

Landsat images.   

One major drawback of remote sensing-based crop mapping is the cloud 

contamination of optical images (e.g. Landsat). Therefore, an alternative approach is 

explored in this research. The Markov-chain approach is utilized in historical crop 

rotation patterns to predict crop types. Other machine learning approaches such as 

LSTMs can also be utilized for the prediction of crop types. The processing of in-season 

remote sensing images is not required in the utilization of machine learning approaches 
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for crop type prediction. However, a long historical record on crop types is required for 

the prediction of crop types. 

The results of in-season crop mapping show very high overall agreement up to 

96% with USDA’s CDL data. The results show the classification accuracy between 84% 

and 95%, which is similar to CDL. Multi-date image classification shows higher accuracy 

(around 94% and 95% ) compared to single date image classification. Similar to the in-

season crop mapping, crop types can also be predicted with high accuracy. Results 

indicate the prediction accuracy is about 85% using Markov-chain modeling. Although 

the prediction accuracy is low compared to in-season crop mapping, if cloud-free in-

season remote sensing imageries are not available, the prediction of field-level crop types 

may serve the purpose of crop-specific flood loss assessment.  

8.2 Operational Flood Inundation Mapping Using Satellite Remote Sensing   

The information of flood extents is also crucial for crop damage assessment. 

Since flood mapping with field surveys is almost impossible and flood modeling has high 

data requirements, this study utilizes the capability of satellite remote sensing for the 

rapid mapping of flood extents. The target here is to map flood extents as quickly as 

possible after a flood event. Therefore, three types of remote sensing data including 

optical, SAR, and soil moisture are explored for operational flood mapping.  

Optical remote sensing is widely used for the inundation mapping over a large 

area. NDWI, a water index, is utilized to extract water information using pre- and post-

event optical data. Flood extents are then mapped by comparing pre- and post-event 

water-information maps. Optical data from both Landsat and Sentinel-2 are explored for 
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the successful mapping of flood extents. While optical remote sensing systems offer 

considerable advantages by providing data with remarkably fine spatial resolution and 

temporal resolution, these systems are incapable of providing data in cloudy conditions. 

An alternative system is to use SAR remote sensing because of the cloud penetration 

capability of microwaves. Similarly, pre- and post-event water information are extracted 

using Sentinel-1 SAR data. Flood extents are mapped using a change detection approach 

on pre- and post-event water information. 

There was at least one flood event where not only cloud-free optical data was 

unavailable but also SAR data from Sentinel-1 was not available. Since flood extent map 

is required and data from these remote sensing systems are not available, this study 

investigated flood mapping using soil moisture saturation information as an alternative 

option. Soil moisture above the effective soil porosity is an indication of soil saturation, 

and soil saturation in a crop field over a longer period of time can be considered an 

indicator of cropland inundation. Therefore, L4 data can provide a useful way to map 

cropland inundation and overcome previous limitations. The results in this study provide 

evidence that inundated areas extracted from SMAP are largely similar to the FEMA’s 

flood declared counties. Besides, these inundation areas are found to have a similar 

spatial location with available flood maps from other sources.  

Cloud-free Landsat images are very scarce during flood events for most of the 

case studies in this research. Cloud-free optical data from Sentinel-2 are available for 

some cases because of frequent revisit capability of Sentinel-2 compared to Landsat. The 

chance of getting cloud-free optical images is high from remote sensing systems with 
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frequent revisit capabilities such as MODIS and VIIRS. However, spatial resolution 

needs to be compromised for using MODIS or VIIRS data on flood mapping. Moreover, 

SAR data from Sentinel-1 is also available during most of the flood events at all weather 

conditions. Considering the satellite pass of many systems including Landsat, Sentinel-1, 

Sentinel-2, MODIS, and VIIRS, remote sensing data are mostly available for rapid flood 

mapping.  

8.3 The Rapid Assessment of Flood Crop Damage 

Crop damage is assessed on a qualitative scale by incorporating crop condition 

profiles along with flood information and crop type information. A qualitative approach 

is useful for rapid assessment since a quantitative loss assessment process requires 

historical yield records to establish the relationship between crop condition and crop yield 

at the plot-level. A newly developed index called DVDI is utilized in this study to assess 

the flood impact on crop condition profiles. DVDI is calculated by comparing before and 

after a flood event crop condition profile called mVCI.  

Three major flood events are explored as case studies in Iowa, Nebraska, and 

Texas. The qualitative crop damage is mapped for all three cases. Crop-specific damage 

levels at the county scale are also calculated for selected counties. Crop-specific results 

are generated only for selected counties as representative examples. The degree of 

damage is also validated in two ways; first NDVI profiles of damage classes are 

compared to see the potential drop in NDVI compared to non-affected NDVI-curve; 

second the relation between DVDI and crop yield loss is evaluated. The validation results 

indicate the strong relationship between DVDI and yield loss. Results also show that 
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damage classes correspond to the drop in NDVI profiles. Thus, it can be concluded that 

the degree of damage can be explained using a DVDI based qualitative scale. 

8.4 Research Applications 

The primary application of this research and proposed models is to evaluate crop 

damage immediately after flooding for better policy and decision making. Crop damage 

by floods is a global problem. Although this study focused on the US, approaches used 

here can be utilized anywhere in the world. Since timely information on crop damage can 

enhance decision making, the findings of this research can significantly contribute to the 

rapid assessment of flood crop damage. The current practices of the rapid assessment of 

flood crop damage are not crop-specific and do not consider crop conditions. The 

approaches utilized in this research will provide a more efficient way of crop-specific 

flood damage assessment. 

The outcomes and methodologies of this research may helpful for USDA NASS 

and RMA to overcome challenges for operational decision-making. There are many 

challenges in field survey-based activities of USDA such as building flooded crop 

acreage archiving, flood crop loss record-keeping, checking crop policy compliance, crop 

insurance rating areas improvement, and performing crop loss claim spot checks. 

Utilization of remote sensing in flood crop damage assessment has advantages over time-

consuming, labor-intensive field survey-based assessment. Field survey-based assessment 

also very subjective by looking into the damage field visually. Thus, remote sensing-

based assessment is informative because it considers crop condition profiles for damage 
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assessment. Moreover, it is very easy to check insurance claims for flood-affected plots 

using remote sensing-based damage assessment techniques. 

In addition to crop damage assessment, this research explores the rapid mapping 

of crop types. It is known that in-season crop type information supports many studies 

such as yield prediction, crop-specific phenology detection, crop monitoring, irrigation 

decision, agriculture trade, crop pricing, and environmental research. The identification 

of trusted pixels using crop rotation patterns is a unique idea to get available ground truth 

to train supervised image classification models. Crop mapping using trusted pixels as 

ground truth may lead to the in-season release of cropland data layers for US croplands. 

Moreover, this research broadens the horizon of the mapping of crop types in advance 

even before the growing season using machine learning approaches and crop rotation 

patterns. Crop type information before the growing season is invaluable not only for 

research but also for agricultural policy and decision making. 

Another important contribution is to assess the potentialities of flood mapping 

with SMAP L4 soil moisture data along with ancillary flood plain information. Results 

show that soil moisture data can be utilized as an alternative means of flood mapping in 

order to crop damage assessment if data from other remote sensing sources are scarce.   

8.5 Limitations and Future Research Directions 

Remote sensing data and products utilized in this research are generally available 

for any part of the world. Thus, remote sensing data availability is not an issue for the 

rapid assessment of crop-specific flood loss. However, there are limitations in crop 

mapping, flood mapping, and crop conditions mapping.  
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In-season crop mapping relies on the accurate identification of trusted pixels and 

data from optical remote sensing. Pixel-level historical records on crop types are required 

for ground truth extraction. Therefore, the extraction of ground truth may not be possible 

for these areas where historical records are not available. Future research can explore the 

potentialities of in-season crop mapping using spectral similarities of known crop types. 

This can be done as-built and transfer method, where spectral profile on crop types can be 

learned from one location to apply in another location. 

Cloud contamination in optical images is another limitation for in-season crop 

mapping using optical data. Although this study focuses on Landsat data, optical data 

from the Sentinel mission may also be useful for major crop identification. The Sentinel 

mission has more frequent revisit capability compared to Landsat which increases the 

chances to obtain more in-season cloud-free images. Moreover, future research can lead 

to accurate and efficient approaches for crop mapping using SAR data. 

There are some limitations of operational flood mapping in crop fields using 

available remote sensing data. Inundation under crop canopies may not be visible in 

optical images. Similarly, cloud contamination is a major barrier to find useful optical 

images for flood mapping during rainy seasons. SAR data are an alternative for flood 

mapping but the double-bounce effect from the inundated areas in crop fields may lead to 

the false classification of flood mapping. Proper methodologies still needs to be explored 

for the accurate mapping of flood using SAR data. 

There are some limitations of using soil moisture data for flood mapping. First, in 

most of the cases, inundation extents from SMAP are larger than inundation areas derived 
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from the other sources because of the coarse spatial resolution of SMAP. Second, soil 

moisture data are not available for the paved areas. Therefore, if most of the areas within 

a pixel contain impervious surfaces, the resulting soil moisture of the pixel will be low; as 

a result, it is hard to detect flood for these areas based on the soil moisture. Future work 

may focus on SMAP Level-1 data which are the direct observation provided by the 

sensor, instead of the model drivel Level-4 surface soil moisture.   

This study considered crop condition profile and flood extent for the rapid 

assessment of flood crop damage. This study did not consider other influential factors 

such as crop phenological stage, flood depth, and flood duration in the damage 

assessment process. However, the utilization of these factors may help for the precise 

crop damage estimation. Flooding events at the beginning of the crop growing season 

may have a different impact than just before harvest. Similarly, flood duration and depth 

may have significant impacts on crop because different crops may have different 

tolerance levels to flood intensities. Future research can look into the relationship 

between flood depth, duration, and phenology for rapid crop damage assessment. 

Although many studies used these parameters for damage assessment, the utilization of 

remote sensing derived parameters need to be explored. Moreover, machine learning-

based approaches can also be utilized for crop damage assessment. For instance, damage-

level associated duration and phenological associated with past flood events can be 

utilized to train machine learning models for damage prediction. Machine learning 

models may require a long database on flood intensity and damage information to learn 

from past events. 
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Although DVDI-based qualitative assessment can be utilized in rapid crop 

damage assessment, there are some limitations and constraints in this process. The ranges 

of negative DVDI may need to be adjusted to convert it to a subjective scale for different 

geographic contexts as well as for different crop types. Careful attention is required for 

the selection of the length of window for pre- and post-event mVCI. The outcome is 

sensitive to the selection of windows especially the length of windows after events.  

Moreover, cloud contaminated pixels need to be carefully excluded from daily mVCI.  

The validation of crop damage is always challenging since plot-level correct loss 

information is unavailable for most of the case studies. Plot-level loss data could be very 

helpful to validate crop damage. Although this study utilized yield information from a 

seed company, there is a high chance that these companies do not provide yield 

information for these plots which are severely affected by floods. NDVI-based validation 

is biased to some extent because of the fact that the DVDI index is inherited from NDVI 

via mVCI. Therefore, proper field-level loss information is extremely valuable for loss 

assessment. Finally, a polygon database of crop field boundaries would be helpful for this 

research. Field boundaries can be utilized for noise removal in in-season crop mapping 

and prediction. Moreover, field boundaries could be utilized to get average DVDI value 

per field instead of using a representative pixel. 
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