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ABSTRACT 

Adaptation to Climate Variability in Social Agro-ecological Systems 

Meha Jain 

  

Variability is inherent to any living system, and adaptation, or changing one’s behavior in 

response to variability, is an important way to reduce or eliminate possible adverse consequences 

of change. Adaptation is particularly important to consider in the face of contemporary climate 

change, as individuals and communities may be able to adapt their behavior in response to 

weather variability and reduce or possibly eliminate predicted adverse impacts. To gain a more 

mechanistic understanding of which factors may lead to enhanced adaptive capacity of 

individuals and communities to future change, this dissertation uses a multi-disciplinary and 

multi-scale approach to broadly examine which social, economic, biophysical, and perceptional 

factors are associated with agricultural adaptation to current weather variability. The results from 

this dissertation generally show how adapting agricultural practices, like changing cropping 

patterns or increasing irrigation, can reduce the vulnerability of farmers to weather variability. 

Importantly, however, we show that adaptation is not simply about adopting appropriate 

technical solutions like sowing weather-appropriate crops or irrigating optimally, it is also about 

the complex set of economic, social, and perceptional factors that influence farmer decision-

making and adaptive capacity.  

A global literature review highlights important biases and gaps in our current knowledge 

about climate change adaptation research in the agricultural sector. Based on these findings, we 

offer recommendations for future research that may result in a more process-based understanding 

of adaptation, including conducting multi-disciplinary studies that simultaneously consider the 



social, economic, biophysical, and perceptional factors that are associated with adaptation, and 

understanding how weather variability and change influence well-being to more accurately 

identify which individuals, households, or communities are best able to adapt. Using these 

recommendations, we design a case study that examines how farmers alter their cropping 

strategies in response to monsoon variability in Gujarat, India. Much of our research is focused 

on India given that over 50% of the nation practices smallholder agriculture and is particularly 

sensitive to climate variability and change. Through this work, we find that farmers altered their 

cropping decisions in response to a delayed monsoon onset, by increasing irrigation, switching 

crop type, and/or delaying crop sowing, and these strategies, particularly increasing irrigation, 

were adaptive considering yield and profit in the year of our study. These results highlight the 

importance of considering farmer behavior and decision-making in models that estimate future 

weather and climate impacts on agricultural production. 

While household-level surveys allow one to assess individual-level decision-making, they 

are difficult to implement over large spatial and temporal scales. Thus we develop a remote 

sensing algorithm that quantifies cropped area of smallholder farms over large spatial and 

temporal scales using readily-available MODIS imagery. Given the importance of irrigation as 

an adaptation strategy, we link these cropped area maps with rainfall and irrigation data at the 

village scale across all of India to assess the relative impact of different types of irrigation (e.g. 

groundwater versus canal) on winter cropped area and its sensitivity to rainfall variability. 

Overall, we find that deep well irrigation is both associated with the greatest amount of winter 

cropped area, and is also the least sensitive to monsoon and winter rainfall variability. However, 

the relative benefit of deep well irrigation varies across India, with the largest benefits seen in the 

regions that are facing the greatest levels of groundwater depletion. This work highlights the 



critical importance of groundwater for agriculture in India, and suggests that future work should 

identify ways to use groundwater more efficiently, increase the recharge rate of groundwater, or 

improve the performance of canal irrigation in order to maintain similar levels of production in 

the face of climate variability and change over the upcoming decades.  

While this dissertation focuses on agricultural adaptation to weather variability, the 

methods and implications derived from this dissertation are applicable more broadly to the study 

of resilience and adaptive capacity of social-ecological systems to global environmental change. 

In a rapidly changing global system, using a multi-disciplinary, multi-scale, and coupled systems 

approach similar to the one employed in this dissertation will help better understand and identify 

possible ways to enhance the ability of societies to adapt to global environmental change.  
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CHAPTER ONE 

Introduction 

Variability is the rule when it comes to almost any feature of the living environment and 

all living systems, be they populations, species, or ecosystems, either endure or adapt to adverse 

temporal variation in biotic and abiotic factors (Holling 1973, Folke 2006). Enduring, by 

building shelters, storing needed goods, or adopting strategies to cope with variability are 

common strategies, but adapting, or modifying one’s behavior or ecology to lessen or even 

eliminate the adverse consequences of change, represents an equally important response to 

variability. Surprisingly, of the two, adaptation is the least well studied and, in the face of 

anthropogenic climate change in which weather variability is increasing, understanding how 

people will adapt will help us better identify which communities may be the most vulnerable to 

climate variability and change and also identify possible strategies that may be promoted to 

enhance a community’s adaptive capacity to future change (Smit et al. 2000, IPCC 2007). This 

dissertation addresses the critical importance of adaptation and identifies the social, economic, 

biophysical, and perceptional factors that may be associated with enhanced adaptive capacity. I 

specifically focus on agricultural systems in India as a study system for three reasons: agriculture 

is one of the social-ecological systems 1) that is most impacted by weather variability, since 

agricultural production is directly tied to the rainfall and temperature experienced in a given 

year, 2) where there is high temporal variation in human decision-making (farmers make 

cropping decisions every growing season), which allows one to examine decisions to adapt over 

relatively short time scales, and 3) where it is possible to measure outcomes of decision-making 

(e.g. yield and profits), allowing one to identify which factors are associated with those 

individuals who made the most adaptive decisions. In so doing, the dissertation provides insights 
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not only into climate-change adaptation as an important discipline of sustainability science, but 

also explores policy options that are informed by farmer adaptation strategies that provide 

valuable insights into what factors may enhance the general adaptive capacity of communities to 

future global environmental change.  

Agriculture is one of the social-ecological systems that is most impacted by current 

weather variability and predicted to be the most impacted by future climate change (Rosenzweig 

and Parry 2002, Kumar et al. 2004). Climate- and crop-based models of agricultural production 

estimate up to a 30% decline by mid-century due to changes in climate which will negatively 

impact regional food security as well as the livelihoods of farmers who depend on agricultural 

production as their main source of income (Ortiz et al. 2008, Lobell et al. 2011). Yet these 

models may overestimate the possible negative impacts of weather variability and climate 

change on agricultural production because many do not take into account how farmers may adapt 

to such variability (Mendelsohn et al. 1996, Adger 2003, Hassan and Nhemachena 2008). 

Weather variability has always posed a risk to agricultural communities and many studies have 

documented how farmers shift their cropping practices in response to such variability (Thomas et 

al. 2007, Mertz et al. 2009, Laube et al. 2011). For example, farmers may choose to plant more 

drought-tolerant crops during years that are expected to have low rainfall, possibly ameliorating 

the negative impact of a drought on agricultural production (Smit et al. 1996). Thus, to more 

accurately identify the possible impacts of climate change on agricultural production and 

possible ways to reduce some of these negative impacts, it is important to understand how 

farmers may be able to adapt, or adjust their cropping decisions in response to expected climatic 

stimuli and thereby reduce their vulnerability to climate variability and change (Folke et al. 2002, 

IPCC 2007).  
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This dissertation focuses on three issues. First, how well farmers are able to adapt their 

cropping practices to current weather variability and second, which social, economic, 

biophysical, and perceptional factors are associated with those farmers who are best able to 

adapt. By understanding which farmers can adapt their cropping practices in response to current 

weather variability, we can gain a better understanding of which farmers may be able to adapt to 

future changes in climate (Adger and Vincent 2005, Deschenes and Greenstone 2007, Fazey et 

al. 2007). Furthermore, by identifying the factors (e.g. assets) associated with adaptation, this 

work may help identify possible policies (e.g cash transfers) that should be promoted to enhance 

the adaptive capacity of communities to future change (Burton et al. 2002, Vincent 2007). I 

specifically focus this work in India, given that this is one of the regions that is currently most 

impacted by weather variability and is predicted to be one of the nations that will be most 

impacted by future climate change (Lobell et al. 2008, Fishman 2012). This is of concern given 

that over 50% of livelihoods are dependent on agriculture as a primary source of income, and 

most farmers are smallholder and may not have access to technologies necessary to cope with 

weather variability and change (Morton 2007). Furthermore, these changes are coupled with 

natural resource degradation, particularly severe groundwater depletion across much of northern 

India, which is worrisome given that groundwater provides 40% of irrigation for India’s 

agriculture (Rodell et al. 2009, Shah 2009). Thus, the third issue this dissertation addresses is 

assessing which alternate forms of irrigation may be promoted in lieu of groundwater in India to 

help buffer agricultural production against weather variability.  

To assess the current state of the literature on agricultural adaptation, I conduct a 

quantitative and systematic review of studies that examine climate adaptation and vulnerability 

in the agricultural sector and identify research themes, current gaps and biases in knowledge, and 
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future research needs (Chapter 2). I specifically focus on papers that examine which social, 

economic, biophysical, and perceptional factors are associated with the ability of farmers to 

adapt to climate variability and change (n = 122) as these studies may help identify the processes 

that lead to enhanced adaptive capacity in agricultural systems. Through this review I find that it 

is difficult to assess which factors are associated with adaptation in the literature because few 

studies 1) consider multiple factors within the same analysis, 2) assess the outcomes of decision-

making in order to identify whether changes in cropping practices are adaptive, and 3) conduct 

comparative work. Based on these findings, the chapter concludes with recommendations for 

future research that may result in a more process-based understanding of adaptation to climate 

variability and change in social agro-ecological systems.  

Furthermore, I use the findings from the systematic review to design a study in Gujarat, 

India that examines how farmers alter their cropping strategies in response to a delayed monsoon 

onset, which is one of the predominant weather stimuli farmers use to inform cropping decisions 

during the monsoon season (Chapter 3). Gujarat is an ideal location to ask these questions given 

that it is a semi-arid region where farmers are dependent on monsoon rainfall and the region 

faces high inter-annual variability in the timing of the monsoon (Table 2 in Chapter 3), which 

allows one to assess how farmers respond to this variability over short time scales. In this study, 

I examine how multiple social (e.g. information networks), economic (e.g. assets), biophysical 

(e.g. soil fertility), and perceptional (e.g. perceptions of weather variability) factors influence 

how farmers respond to a delayed monsoon onset in the year 2011, and identify which farmers 

made the most adaptive cropping decisions that year by considering self-reported yield and profit 

data at the end of the growing season. This study shows the importance of measuring the 

outcomes of decision-making, in order to more accurately assess whether alteration strategies 
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were adaptive. I find that farmers altered their cropping practices in response to a delayed 

monsoon onset in several ways: by shifting planting date, switching crop type, and increasing the 

amount of irrigation used during periods with little to no rainfall. These results show that the 

most profitable strategy was to increase the amount of irrigation used during a late rainfall year, 

however, it is likely that this strategy is unsustainable over the long-term (e.g. decades) since 

groundwater reserves are rapidly declining across this region (Dubash 2002, Shah 2009).  

Given the importance of irrigation as an effective adaptation strategy, Chapter Five 

focuses on the ability of irrigation to buffer agricultural production against rainfall variability 

across all of India. Specifically, I identify the impact of different types of irrigation, including 

deep well, shallow well, and canal irrigation, on crop production, which is important given that 

groundwater reserves are declining and additional forms of irrigation, like surface water sources, 

may need to be promoted as an alternative strategy. To do this, I created a unique remote sensing 

product that maps the amount of agricultural production at a 1 x 1 km scale in the winter and 

summer seasons across all of India from 2000 to 2013 (Chapter 4). To date, it has been difficult 

to obtain fine scale measures of crop production across India using satellite imagery because the 

majority of farms are smallholder (< 2 ha) and thus are smaller than the spatial resolution of 

readily-available satellite imagery, like MODIS (250m). I developed an algorithm that quantifies 

the amount of cropped area in a MODIS pixel, which allows for the measurement of sub-pixel 

heterogeneity resulting in fine scale measures of cropped area across smallholder farms in India 

(Chapters 4 and 5). I link this cropped area dataset with rainfall data and village-level irrigation 

data for each village in India (Chapter 5). These fine resolution data more directly link measures 

of agricultural production with the specific type of irrigation that is being used in a given region, 
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and allows for the assessment of how well different types of irrigation buffer cropped area 

against rainfall variability through time.  

My dissertation brings together a multi-disciplinary, multi-scale analysis to understand  

how farmers are affected by short-term weather variability in India, and the ability of farmers to 

alter their cropping practices to reduce the negative impacts of weather variability on agricultural 

production. This work highlight the importance of considering adaptation in climate impact 

assessments, and possible policies, like improving the management of groundwater or enhancing 

the efficacy of canals, that may be promoted by the Indian government to reduce the 

vulnerability of agriculture to climate variability and change. More broadly, the following 

chapters assess the processes that may enhance the adaptive capacity of communities to global 

environmental change, and also show the importance of adaptation research in the broader field 

of sustainability science.  
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CHAPTER TWO 

Adapting Adaptation Research: A Systematic Review of Climate Adaptation and 
Vulnerability Literature in the Agricultural Sector 
 
Meha Jain, Ruth S. DeFries, Shahid Naeem, Amir S. Jina, Stephen A. Wood, Paige West, Ben 
Orlove 
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Abstract 

Numerous studies have examined the influence of social, economic, biophysical, and 

perceptional factors on agro-ecosystem functioning providing a complex picture of how famers 

may or may not be able to cope with or adapt to impending climate change. This research may 

help identify the processes (e.g. poverty) that lead to vulnerability, and the factors (e.g. assets) 

that policymakers can target to aid adaptation. We conduct a quantitative, synthetic review of 

this literature on agriculture and climate change and develop four recommendations for future 

research. Future studies may better assess the processes that lead to vulnerability or adaptive 

capacity in agricultural systems by 1) simultaneously considering multiple social and biophysical 

factors, 2) quantifying the vulnerability and adaptive capacity of communities to current weather 

variability and change, and 3) conducting more multi-site, comparative work. Furthermore, 

certain regions that are likely to experience some of the largest climate change impacts (e.g. sub-

Saharan Africa, Southeast Asia) are underrepresented in the literature and we argue that 4) future 

studies should target these vulnerable regions.   
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Introduction 

Climate change is predicted to negatively impact agricultural production across the 

tropics, threatening to reduce crop yields by up to 30% in some regions (Rosenzweig and Parry 

2002, IPCC 2007, Lobell et al. 2011). These impacts will affect both regional food security as 

well as local community livelihoods (Gregory et al. 2005, Schmidhuber and Tubiello 2007). 

However, the impacts of climate change on agricultural production are not expected to be 

uniform across households, communities, regions, and nations (Tol et al. 2004, Lobell et al. 

2008) due to differences in vulnerability, where some individuals or regions will be more greatly 

impacted by climate change because of differences in their biophysical exposure, their 

sensitivity, and their ability to adapt to changes in climate (Table 1; Adger 2006, Smit and 

Wandel 2006, Costa and Kropp 2012). Farmers can reduce their vulnerability to climate change 

by adapting their cropping practices to better withstand climate variability (Table 1; Adger et al. 

2005); for example, if a region is becoming more arid, farmers may adapt by switching to more 

drought tolerant crops (Smit et al. 1996). Whether farmers are able to adapt to climate change is 

influenced by their adaptive capacity, or the ability to cope with and adapt to change (Table 1; 

Folke et al. 2002, Fazey et al. 2007). In order to more accurately predict the vulnerability of 

individuals and communities to climate variability and change and the possible ways to enhance 

their adaptive capacity, a large body of research has attempted to identify the social (e.g. 

institutions), economic (e.g. assets), biophysical (e.g. land quality), and perceptional (e.g. risk 

aversion) factors associated with vulnerability or adaptation in a system (Janssen et al. 2006). 

Yet it remains unclear whether there are any generalities in findings across these studies – 

identifying common results and differences in findings across case studies may help identify the 

processes that lead to vulnerability or adaptive capacity in agricultural systems. Furthermore, an 
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understanding of the factors (e.g. assets) that are most frequently cited as contributing to adaptive 

capacity in agricultural systems may allow policymakers to design adaptation policies that target 

these key processes (Vincent 2007, Stringer et al. 2009).  

We provide a quantitative and synthetic review of the literature that assesses the social, 

economic, biophysical, and perceptional factors associated with climate adaptation in agricultural 

systems across the globe. We focus on literature from the agricultural sector for two reasons: 

agriculture is one of the fields most widely examined in adaptation research and it is the largest 

sector that is currently experiencing and is predicted to experience the negative impacts of 

climate change, particularly in poorer, developing nations across the tropics (Morton 2007, 

Lobell et al. 2011). To date, few if any studies have systematically assessed this literature to 

quantitatively identify research themes, current gaps or biases in knowledge, and future research 

needs (Fazey et al. 2007). A synthetic review is particularly important for vulnerability and 

adaptation research because of the disparate nature of this body of literature, which spans 

multiple disciplinary boundaries, covers a range of biophysical and social scales, and adopts a 

wide array of research methodologies. In this review we specifically examine: 

1) which social, economic, biophysical, and perceptional factors are most 

associated with vulnerability and adaptation in the literature – this can help 

elucidate key processes that are associated with vulnerability and adaptive 

capacity across disparate agricultural systems; 

2) how studies quantify and assess vulnerability and adaptive capacity – 

understanding the range of methods used in the literature is important given 

that there are no universal methods or metrics to quantify vulnerability and 

adaptive capacity (Hinkel 2011);  
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3) if there are any scale, geographic, and disciplinary biases in the existing 

literature – examining these associations can help identify possible biases in 

current study findings and possible gaps in knowledge that may be targeted 

with future research. 

Based on our findings, we provide an assessment of the state of the art of adaptation 

science as it applies to agro-ecosystems.  We also conclude with specific recommendations for 

future research that can address critical research gaps in climate vulnerability and adaptive 

capacity in social agro-ecological systems. 

 

Methods 

Literature Review 

Using the ISI Web of Knowledge Database (www.webofknowledge.com), we conducted 

twelve separate literature searches for papers related to climate change, adaptation, vulnerability, 

and agriculture. We used a wide range of search terms that have similar meanings to ensure that 

our literature search covered papers that were similar in topic but may use different, often 

discipline-specific terminology (Table S1). These searches resulted in 1,513 papers, which we 

then classified into topical categories based on each paper’s title and abstract (Table S2 lists the 

categories, categorization criteria, and the number of papers in each category). Since we are 

interested only in those papers that examine the social, economic, biophysical, and perceptional 

factors associated with vulnerability and adaptive capacity, we focused on this subset of studies 

for the remainder of our analyses (Table S2; n = 122). For these papers, we collected a set of 

variables about the focal discipline of the senior author, the social, economic, biophysical, and 
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perceptional factors associated with vulnerability or adaptive capacity, the methods used to 

collect and analyze data, and the spatial, temporal, and geographic scope of the study (Table S3).  

Statistical Analyses  

We quantitatively analyzed six characteristics of the literature on agro-ecosystem adaptation: 1) 

the social, economic, perceptional, and biophysical factors which were most cited, 2) the 

methods used to assess vulnerability and adaptive capacity, 3) the spatial and temporal scale of 

analysis, 4) the geographic scope of authorship and study locations, 5) the discipline of the first 

author of each study, and 6) the types of data collected (e.g. quantitative versus qualitative; Table 

S3). We then assessed whether there were any scale, geographic, or disciplinary biases in the 

literature by testing for statistically significant associations between the scale, geographic 

location, and discipline of study and the six variables of interest listed above (Table S4). When 

both variables were categorical, we used Pearson’s chi-square tests to identify if there were any 

statistically significant associations. When one variable was continuous and the other was 

categorical, we used ANOVAs to test for association. All analyses were conducted using R 

Project Software 2.15.2 (www.r-project.org).  

 

Results and Discussion 

Few Studies Consider Multiple Factors Simultaneously 

Our main questions of interest were to identify the social, economic, biophysical, and 

perceptional factors that are most commonly cited as influencing vulnerability or adaptive 

capacity in social agro-ecological systems. However, through our review, we discovered that 

identifying the relative importance of various factors is difficult because multiple factors were 

rarely considered simultaneously within the same study. Studies ranged from examining one to 
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five factors, with an average of 2.3 factors per study. It is thus difficult to know whether factors 

were cited in a given study because they were relatively the most important factors in a system, 

or simply because they happened to be the factors that researchers examined more frequently. 

For example, since the late 1990s, several funding agencies like the World Bank and USAID 

sought to determine the effectiveness of climate information as an adaptation strategy, which led 

to a notable increase in research on the effectiveness of providing climate information (Dilley 

2000, Meinke and Stone 2005). It is therefore unclear whether climate information is a highly 

cited factor across the literature because it is one of the most effective ways to enhance adaptive 

capacity or simply because funding supported more research on the topic.  

Keeping this caveat in mind, we found that the five most frequently identified factors out 

of the 16 factors examined were (1) assets (38.5%), (2) access to climate information (23.8%), 

(3) social capital (20.5%), (4) local perceptions about previous weather and climate patterns 

(13.9%), and (5) diversified livelihood strategies (11.2%; Figure 1). The frequency with which 

assets were shown to be important across studies suggests that poverty may play an important 

role in the vulnerability of farmers to weather variability. Based on the belief and support in the 

literature that assets enhance adaptive capacity, programs and policies have employed strategies 

that improve farmers’ access to credit, provide low-interest loans, or offer subsidies for new 

adaptive technologies (e.g. drought-tolerant seed varieties) that may otherwise be prohibitively 

costly, and these programs have been shown to be effective in a variety of different locales 

(Feder and Umali 1993, Cole et al. 2012, Jehu-Appiah et al. 2012). Furthermore, frequent 

citation of climate information and local peoples’ perceptions about previous weather and 

climate suggests that increasing knowledge and predictability about upcoming weather patterns 

may be an important way to enhance local farmers’ abilities to adapt. In fact, several studies have 
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shown that providing farmers with upcoming weather information can effectively enhance 

adaptation (Deressa et al. 2009, Rosenzweig and Udry 2014). Finally, our analyses found that 

social capital, or the institutions, relationships, and norms that shape the quality and quantity of a 

society’s social interactions, was a frequently cited factor (Adger 2003). Several studies have 

shown that adaptive capacity may be enhanced by strengthening informal and formal institutions 

that support adaptation, like community-based institutions that manage key natural resources or 

social networks that aid the diffusion of new agricultural technologies (Tompkins and Adger 

2004, Vasilaky 2013).  

 

Studies Lack Assessments of Vulnerability or Adaptive Capacity 

Considering the definitions of vulnerability (degree to which a system is susceptible to 

harm) and adaptive capacity (the ability to adapt to better suit change; Table 1), it is clear that 

some measure of well-being is required to understand whether individuals or communities are 

vulnerable (i.e. at risk of being harmed) or are able to adapt (i.e. become better suited) to climate 

variability and change. However, we found that fewer than 50% of the studies considered in our 

review qualitatively or quantitatively examined well-being in order to assess the vulnerability or 

adaptive capacity of the agricultural communities in question. For example, when studying 

vulnerability, many studies (7%) instead made a priori assumptions about which factors were 

associated with vulnerability based on previous literature (e.g. assets, household size, crop 

diversity) and then used these variables to construct a vulnerability index for their study sample 

(Adger 2006). Yet without actually assessing the impact of weather variability and change on 

these households’ well-being (e.g. profit, food security), it is difficult to say which households 

were the most vulnerable.  
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Furthermore, when considering adaptation and adaptive capacity, most studies assumed 

that any change in cropping behavior that occurred in response to climate was beneficial without 

measuring the impacts of the behavior on farmer welfare. For example, if farmers were found to 

switch crops due to warmer temperatures, it was assumed that switching crops was an adaptive 

strategy that conferred some benefit to farmer well-being (e.g. higher profits). However, because 

the impacts of these strategies were not measured, it is possible that some coping strategies that 

were assumed to be adaptive in reality conferred no benefit (e.g. no increase in profit) or were 

maladaptive (Allison and Hobbs 2004). Furthermore, even fewer studies (5.7%) considered the 

environmental impacts of adaptation strategies. Examining environmental impacts is important 

because it is possible that some strategies that are adaptive over the short-term are maladaptive 

over the long-term because they have unsustainable impacts on the environment (e.g. increasing 

irrigation can lead to groundwater depletion; (Turner et al. 2003, Shah 2009, Wada et al. 2010). 

While the metric of well-being (e.g. food security, profits, consumption, environmental impacts) 

may vary based on the goal and question of each study, it is clear that future studies would 

benefit from using well-being metrics to accurately assess the vulnerability and adaptive capacity 

of agricultural systems to climate variability and change.  

 

Most Research is Conducted as Case Studies 

We find that a large proportion of research was conducted as case studies at the local (e.g. 

village or community; 33.6%) or regional scale (e.g. district or state; 34.4 %) during a single year 

(75.4%). Case studies offer invaluable, in-depth insight into the factors that are associated with 

vulnerability and adaptation within a specific region (Gerring 2004, Flyvbjerg 2006). However, 

this heavy bias towards case studies in the literature makes it difficult to draw general 
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conclusions about adaptation and vulnerability across different study systems. For example, we 

may find that providing access to climate information in one region is the most effective way to 

enhance adaptation, but it is unclear how generalizable this strategy is across disparate study 

sites. Comparative studies not only help identify the generalizability of specific findings across 

study systems, but they also help elucidate the processes that may give rise to vulnerability and 

adaptation more generally (Lijphart 1975, Gerring 2004). For example, if we are interested in 

understanding how poverty is associated with vulnerability, conducting a case study gives insight 

into the influence of poverty in one study site. However, if we examine the same question across 

multiple sites with varying levels of poverty, we may be able to identify how poverty 

mechanistically results in increased vulnerability across different study systems.  

 

Research is Concentrated in North America 

The majority of studies in our review were concentrated in agricultural systems in North 

America (Figure 2A), a surprising finding given that climate impacts are predicted to be most 

severe in arid to semi-arid regions in the tropics (Rosenzweig and Parry 2002, Lobell et al. 

2011). Studies in some of these regions, which include Sub-Saharan Africa, Southeast Asia, and 

the Middle East, are surprisingly few in comparison to North American studies. Furthermore, 

some temperate regions are also underrepresented, such as Eastern and Western Europe. We 

believe that this bias in study location may occur due to main authors’ preferences in study 

location – we found significant associations between the country of the main author’s research 

institution and the location where adaptation and vulnerability research occurred. For example, a 

large proportion of research was led by North American authors from the US (31.1%), Canada 

(9.0%), and Mexico (4%; Figure 2B), and these authors were more likely to carry out research 



! 17 

within the nation of their home institution (35% in the United States, 90% in Canada, and 100% 

in Mexico conduct research within the same country; Figure 2A). There was also a large number 

of researchers from the UK (13.9%; Figure 2B), but these authors were more likely to work 

abroad (92.6% of authors from Europe conducted research outside of the country of their 

research institution), particularly in Africa, leading to little research concentrated within Europe 

itself (Figure 2A). It is possible that studies are conducted in these regions, but they were not 

found in our literature review because there may be a bias in where authors publish their 

research. Instead of publishing in peer-reviewed journals that are indexed by large databases, like 

ISI, it is possible that studies conducted by authors outside of North America and Europe are 

published in peer-reviewed regional journals or in gray literature produced by home research 

institutions (Carpenter and Narin 1981, May 1997).  

 

Disciplinary Biases Influence the Way Adaptation and Vulnerability Studies are Designed 

We examined associations between the discipline of the main author, the types of data 

collected (e.g. qualitative vs quantitative), and the scale of analysis. We found that research was 

concentrated within a few disciplines – geography (18.8%), economics (18.0%), and 

environmental sciences (16.4%) – and it is possible that this concentration led to biases in the 

way that studies on adaptation and vulnerability were designed and interpreted. For example, 

there was a significant divide in the types of data (e.g. qualitative vs quantitative) that were 

collected across disciplines, the ways that these data were analyzed, and the spatial scale at 

which studies were conducted (Table S4, Table 2, Figure 3). The economics literature was 

significantly more likely than geographic and environmental studies to use quantitative 

techniques, particularly regression analyses and modeling, at larger spatial and temporal scales 
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(F(12, 104) = 1.92, p <0.05; Table S4, Table 2, Figure 3). Studies in anthropology and 

geography, however, were more likely to use qualitative research methods, such as 

ethnographies and reviews of recent literature at smaller spatial scales and shorter time intervals 

(χ2(22, N = 116) = 55.28, p <0.001; Table S4, Table 2, Figure 3). This disciplinary bias is 

particularly important because qualitative and quantitative techniques produce different forms of 

knowledge about adaptation and vulnerability (Adger 2006, O'Brien et al. 2007, Vogel et al. 

2007). For example, quantitative data analyses, such as regressions, may allow the assessment of 

the relative importance of various social, economic, perceptional, and biophysical factors that are 

associated with vulnerability and adaptive capacity (Jain et al. 2014). However, qualitative 

methods, such as ethnographies, focus groups, or key informant interviews that obtain in-depth 

knowledge from local communities, may be more appropriate to understand the possible 

mechanisms that shape these relationships (Harvey and Myers 1995, Pope and Mays 1995). We 

did not find any disciplinary divides in whether studies were framed within the lens of 

vulnerability or adaptation (Table S4, Table 2).  

 

Conclusions and Framework for Future Research  

The agricultural climate adaptation literature revealed the complexity inherent in 

identifying the likely causal processes for vulnerability, but generalizations are hampered by 

significant biases.  Geographic, disciplinary, and methodological biases are prevalent in 

adaptation research, which leads us to make the following recommendations for future research 

on climate adaptation and vulnerability in social agro-ecological systems. 

There are certain regions that are currently understudied in vulnerability and adaptation 

research, including several regions in the tropics that are predicted to be the most negatively 
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impacted by climate change. The field of adaptation would benefit if future studies focused more 

research efforts on those regions that are currently understudied, such as Eastern and Western 

Europe, the Middle East, sub-Saharan Africa, and Southeast Asia; it is particularly important to 

focus efforts on underrepresented agricultural regions in the tropics, which are predicted to be 

the most impacted by climate change.  

There is a shortage of studies that address how multiple social, economic, biophysical, 

and perceptional factors interact to influence vulnerability and adaptive capacity of a system. 

However, the processes that lead to vulnerability and adaptive capacity are complex, and it is 

likely that multiple factors interact with one another and influence vulnerability and adaptive 

capacity simultaneously. For example, studies have shown that the effectiveness of climate 

information is mediated both by an individual’s social capital as well as his or her income 

(Deressa et al. 2009, Wood et al. 2014). Thus, future studies that assess multiple factors 

simultaneously would contribute to a more accurate and nuanced understanding of the processes 

that are associated with vulnerability or adaptive capacity in a given agricultural system. When 

identifying which factors to examine in a system, one can use a “top down” approach, where 

existing literature guides decisions about which factors may be important in a given system, as 

well as a “bottom up” approach, where discussions with local community members and key 

informant interviews can help elucidate which factors should be considered (Smit and Wandel 

2006, Brooks et al. 2009).  

Studies would benefit from an increased understanding of how weather variability and 

change influences well-being, in order to more accurately identify which individuals, 

households, or communities are the most vulnerable or the best able to adapt to climate change. 

To do this, some studies (15.3%) in our review used social surveys with farmers self-reporting 
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how current well-being compares to past well-being in order to assess whether farmers are 

harmed by current changes in climate. Other studies (2.5%) followed the same farmers over 

multiple years and quantified the impacts of weather variability on well-being (as measured by 

variables such as income or crop yields) through time. Following these approaches would 

enhance our understanding of which individuals, households, and communities are the most 

vulnerable or able to adapt to climate variability and change.  

There is a need for more comparative work, possibly using a mixed methods approach. A 

majority of current studies are local-level case studies that collect data for one study season. 

However, research that takes a comparative approach is crucial to assess how and why the 

factors associated with vulnerability and adaptive capacity vary across multiple regions (Below 

et al. 2012, Wood et al. 2014). Understanding the reasons for this variability across systems will 

help researchers develop a more process-based understanding of vulnerability and adaptive 

capacity. One way to do this would be to increase the amount of research that uses a mixed 

methods approach that combines quantitative and qualitative data analysis, possibly in a 

hierarchical study design (Lieberman 2005). Less time-intensive data collection methods, like 

using readily available census data or conducting structured household surveys, can be used for 

comparative work across large spatial and temporal scales. However, more in-depth qualitative 

techniques, including focus groups and ethnographies, in targeted regions can give a more 

detailed understanding of the processes that give rise to vulnerability and adaptation in a local 

region (Morgan 1998, Johnson and Onwuegbuzie 2004).  

 We believe future studies that address some or all of the four findings described in this 

review will benefit the formation of effective vulnerability assessments and practical policies to 

aid climate adaptation. There has been an increased call for a more process-based understanding 
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of the factors that are associated with vulnerability, as this will help inform which individuals, 

communities, regions, and nations will be the most impacted by climate variability and change 

(Kelly and Adger 2000, Downing and Patwardhan 2005, Füssel and Klein 2006). Furthermore, 

an increasingly process-based understanding of the factors that are associated with vulnerability 

or adaptive capacity can help identify ways and policies to reduce the exposure-sensitivity or 

increase the adaptive capacity of a social agro-ecological system (Burton et al. 2002, Adger et al. 

2005, Smit and Wandel 2006).  
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Tables and Figures 

Table 1. Definitions of vulnerability, adaptation, and adaptive capacity. Definitions are from  
the IPCC 4th Assessment Report (2007). 
 
Term Definition 

Vulnerability Vulnerability is the degree to which a system is susceptible to, and unable to cope 
with, injury, harm, and the adverse impacts of climate change, including climate 
variability and extremes. Vulnerability is a function of the character, magnitude, 
and rate of climate change and variation to which a system is exposed, its 
sensitivity, and its adaptive capacity.  

Adaptation Adjustment in natural or human systems in response to actual or expected climatic 
stimuli, or their effects, which moderates harm or exploits beneficial opportunities. 

Adaptive Capacity The ability of a system to adjust to climate change (including climate variability 
and extremes) to moderate potential damages, to take advantage of opportunities, 
or to cope with the consequences. It is the potential or capability of a system to 
adapt to (to alter to better suit) climatic stimuli or their effects or impacts.  
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Table 2. Disciplinary divides in the literature. Specifically we examine disciplinary divides in 
the number of papers found through our review, whether the study was examined within the lens 
of adaptation or vulnerability, and the types of data that were collected. We list results for only 
the 10 most represented disciplines in our study.  
 

Discipline Number 
of Studies 

Adaptatio
n Vulnerability Mixed 

Methods Qualitative Quantitative 

Geography 
 24 12 7 0 19 4 

Economics 
 22 15 6 0 3 19 

Environment 
 20 13 6 0 12 8 

Interdisciplinary 
 14 6 6 0 8 6 

Development 
 10 6 2 0 5 5 

Anthropology 
 6 3 2 1 5 0 

Public Policy 
 6 2 3 1 3 0 

Atmospheric 
Sciences 5 3 2 0 2 3 

Agricultural 
Sciences 5 3 1 0 4 1 

Hydrology 
 3 2 1 0 3 0 
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Figure 1. The number of times each category of factor was cited to be important for 
reducing vulnerability or enhancing adaptive capacity. The list of all categories of factors 
that we considered can be found in Table S3. We find that the top five cited categories across all 
studies are assets, climate information, social networks, knowledge of previous weather and 
climate, and livelihood diversity.  
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Figure 2. Study location and country of main author’s institution. Maps highlighting the 
study location (A) as well as the country of the main author’s institution (B) of the 122 studies 
that were examined in this review. The number of studies in each country is depicted using a 
white to red scale, with white equaling zero studies and red equaling the greatest number of 
studies conducted in a given region (Panel A = 38, Panel B = 12). 
  

 

A. 

B. 
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Figure 3. Spatial and temporal scale of analysis across disciplines. The spatial and temporal 
scale of analysis for each paper that fell within the seven most represented disciplines 
(Anthropology, Development, Economics, Interdisciplinary, Geography, Policy, and 
Environment) across the studies considered in this review. Each circle represents an individual 
study, and the discipline of each study is highlighted in a different color.  
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Supplementary Information 

Table S1. Sets of search terms used in our twelve literature searches in ISI Web of 
Knowledge. These led to a total of 1,513 papers considered in our study. 
 

Set of Search Terms 

Climate + Adapt + Agriculture 

Climate + Vulnerable + Agriculture 

Climate + Mitigate + Agriculture 

Climate + Shock + Agriculture 

Rainfall + Adapt + Agriculture 

Rainfall + Vulnerable + Agriculture 

Rainfall + Mitigate + Agriculture 

Rainfall + Shock + Agriculture 

Temperature + Adapt + Agriculture 

Temperature + Vulnerable + Agriculture 

Temperature + Mitigate + Agriculture 

Temperature + Shock + Agriculture 
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Table S2. Top five categories of papers found through the literature review on climate, 
adaptation, vulnerability, and agriculture. This systematic review focuses on studies that 
examined the social, economic, perceptional, and biophysical factors associated with adaptation 
(N=122). 
 

Category of Papers Categorization Criteria Number of 
Papers 

Current Climate Impacts on 
Agricultural Production 

Studies that used crop models or yield data to 
understand the impacts of current weather and 
climate variability on agricultural production 

162 

Future Climate Impacts on 
Agricultural Production 

Papers that used modeling to predict future 
climate impacts on agricultural production 158 

Specific Techniques and 
Technologies for Adaptation 

Studies that examined the ability of specific 
technologies, such as drip irrigation or new 
drought-tolerant crop varieties, to help 
communities adapt to climate change 

134 

Social, Economic, 
Perceptional, and Biophysical 
Factors Associated with 
Vulnerability and Adaptive 
Capacity 

Studies that examined the social (e.g. institution), 
economic (e.g. assets), perceptional (e.g. risk 
aversion), and biophysical (e.g. soil fertility) 
factors that are associated with vulnerability or 
adaptive capacity in agricultural communities. 

122 

Environmental Impacts of 
Agriculture 

Papers that quantified the environmental impacts 
of agricultural practices, including fertilizer 
impacts on water quality, crop intensification on 
soil health, etc.  

75 
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Table S3. Specific variables that were collected from each study that was classed as 
identifying the social, economic, and biophysical factors associated with adaptation and 
vulnerability. Each variable was collected manually by skimming each research article (n = 
122). In order to compare across studies using meta-analysis techniques, we grouped variables 
into different categories when appropriate. We defined a journal or a department as inter-
disciplinary if the website for the department of journal self-described it as inter-disciplinary. It 
is important to note that for location of study region we did not consider studies that very 
generically discussed vulnerability at a continental scale (e.g. Africa, Europe) as there were few 
if any concrete descriptions of how social, economic, biophysical, and perceptional factors were 
associated with vulnerability or adaptive capacity in these studies.   
 

Variable Categories (if applicable) 

Publication Journal - 

Discipline of the Publication Journal Agriculture; Anthropology; Biological 
Sciences; Development; Earth Sciences; 
Economics; Environment; Geography; 
Hydrology; Inter-disciplinary; Natural 
Hazards; Policy 

Department of the Main Author - 

Discipline of the Main Author’s Department Agriculture; Anthropology; Atmospheric 
Sciences; Development; Economics; 
Engineering; Environmental Sciences; 
Geography; Geology; Inter-disciplinary; 
Meteorological Sciences; Policy; Public 
Health; Hydrology 

Country of the Main Author’s Institution - 

Number of Authors - 

Number of Institutions for All Authors - 

Article Keywords - 

Factors Considered to be Associated with Adaptive 
Capacity or Vulnerability 

Assets; Biophysical; Demographic; Increased 
Development; Livelihood Diversity; 
Education; Climate Information; Institution; 
Irrigation; Labor; Land Tenure; Access to 
Market; Perception; Policy; Social Capital; 
Local Knowledge of Climate Variability 

Study Examines Adaptation or Vulnerability Adaptation; Vulnerability; Both 

Does the Study Quantify Adaptation or Vulnerability?  Yes; No 
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If so, how? - 

Location of Study Region - 

Climate Parameter Considered Rainfall; Temperature; Climate 

Are environmental impacts considered? Yes; No 

If so, how? - 

Spatial Scale of Study Case Study; Regional; National; Multi-
country; Global 

Temporal Scale of Study One Time Period; Multi-Year; Modeling 

Data Type Used Census Data; Economic Game; Focus Group; 
Structured Household Survey; Unstructured 
Key-Informant Interview; Participatory 
Approaches; Review of Existing Literature 

Does the study use quantitative or qualitative modes of 
analysis? 

Quantitative; Qualitative; Both 

Analysis Method Ethnography; Modeling; PCAs and Clustering 
Analyses; Regression; Review of Existing 
Literature; Ricardian; Socio-linguist; 
Summary Statistics; Vulnerability Index 
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Table S4. Statistical associations between scale, geographic location and discipline of study 
and our six variables of interest. We consider: 1) the factors associated with vulnerability or 
adaptive capacity, 2) methods used to assess vulnerability and adaptive capacity, 3) the spatial 
and temporal scale of analysis, 4) the geographic scope of authorship and study location, 5) the 
discipline of the first author of the study, and 6) the types of data collected. When both variables 
were categorical, we used Pearson’s chi-square tests to identify if there were any statistically 
significant associations. When one variable was continuous and the other was categorical, we 
used ANOVAs to test for association. Significant relationships are starred (p < 0.05*, p < 0.01**, 
p <0.001***). We were unable to run statistical analyses to compare geographic location and the 
discipline of the study given low sample size across different categories.  
 
 Scale Geographic Location Discipline 
Factors Associated with 

Adaptation 
F(23, 581) = 1.06 

p = 0.39 
χ2(851, N = 248) = 

1103.58, p <0.001*** 
χ2(176, N = 265) = 
158.85, p = 0.82 

Methods F(3, 117) = 0.98 
p = 0.41 

χ2(111, N = 121) = 
132.35, p = 0.08 

χ2(55, N = 146) = 
61.29, p = 0.26 

Scale NA - - 

Geographic Location F(33, 87) = 0.92 
p = 0.60 NA - 

Discipline F(12, 104) = 1.92 
p <0.05* - NA 

Data Collected F(2, 118) = 3.75 
p <0.05* 

χ2(74, N = 121) = 
76.06, p = 0.41 

χ2(22, N = 116) = 
55.28, p <0.001*** 
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CHAPTER THREE 

Farmers’ Cropping Decisions in Response to Weather Variability in Gujarat India: Coping 
with a Delayed Monsoon Onset 
 
Meha Jain, Shahid Naeem, Ben Orlove, Vijay Modi, Ruth S. DeFries 
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Abstract 

Weather variability poses risk to agricultural communities, particularly in India where 

agricultural production is significantly tied to the timing and amount of monsoon rainfall in a 

given year. Farmers may, however, be able to reduce their vulnerability to weather variability by 

adapting their cropping practices, but the extent to which this might be possible is relatively 

poorly studied. To explore this issue, we interviewed 750 farmers across fifteen villages in 

central Gujarat, India and examined farmer cropping strategies during the 2011 monsoon season, 

when the monsoon onset was delayed by three weeks. We found that farmers adopted three 

strategies to cope with a delayed monsoon onset: increasing the amount of irrigation used during 

the dry period before monsoon onset, switching to more drought-tolerant crops that have a later 

sowing window, and/or pushing back the date of planting to better match a delayed monsoon 

onset. We found that which strategies farmers had access to and which strategies farmers 

employed varied based on assets, access to irrigation, perceptions of weather, and risk aversion. 

Richer farmers with more irrigation access used high levels of irrigation, and this strategy was 

associated with the highest yields across farmers in our survey sample. Poorer farmers with less 

secure access to irrigation, however, were more likely to push back planting date or switch crop 

type, and yield and profit data suggest that these strategies were beneficial for those who did not 

have access to irrigation. Interestingly, after controlling for more cited factors like assets and 

irrigation access, we found that in some of our study regions, farmers who perceived that the 

monsoon onset had recently changed or were more risk averse were more likely to switch crop 

type during the year of our study. These results highlight the importance of considering farmer 

behavior in climate impact assessments as farmers alter decision-making in response to weather, 

which can reduce some of the negative impacts of weather variability on production.  
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Introduction 

 Weather variability poses a significant risk to agricultural production, since crop yields 

are directly tied to the rainfall and temperature experienced in a given year (Schlenker and 

Roberts 2006, Lobell et al. 2011). India is one region where agricultural production is 

particularly sensitive to weather variability, as a large proportion of its agriculture is rain-fed and 

a majority of farmers are smallholder and may not have access to the technologies needed to 

ameliorate the impacts of adverse weather conditions (Kumar and Parikh 2001, Kumar et al. 

2004, Morton 2007, Fishman 2012). Climate change is likely to exacerbate this vulnerability to 

weather variability, with studies estimating up to a 30% reduction in the yields of staple crops 

like wheat and rice in India by mid-century (Kumar et al. 2006, Lobell et al. 2008, Ortiz et al. 

2008). Yet these studies often do not take into account that farmers may be able to adapt, or 

adjust their cropping decisions in response to weather stimuli, which reduces their vulnerability 

to climate variability and change (Mendelsohn et al. 1996, Adger 2003, IPCC 2007). Weather 

variability has always posed a risk to agricultural communities and many studies have 

documented how farmers shift their cropping practices in response to weather parameters 

(Thomas et al. 2007, Mertz et al. 2009, Laube et al. 2011). Thus, to more accurately assess the 

impacts of climate variability and change on agricultural communities, it is important to account 

for the capacity of farmers to adapt their cropping strategies to fluctuations in weather (Burton et 

al. 2002, Eriksen and Kelly 2006, Smit and Wandel 2006, Fazey et al. 2007, Stringer et al. 2009).  

 One way to better identify the ability of individuals to adapt to change, or their adaptive 

capacity, is to understand how farmers respond to current weather variability and which factors 

influence farmers’ decisions to adapt (Deschenes and Greenstone 2007, Below et al. 2012, Wood 

et al. 2014). Yet previous studies on adaptation have been limited because they often assume that 
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any coping strategy, or change in behavior in response to weather is adaptive, or beneficial 

regarding yield and profit at the end of the growing season (Jain et al., in prep.). Furthermore, 

previous studies have shown that decisions to adapt are complex, and are influenced by multiple 

social, economic, biophysical, and perceptional factors (Feola et al., submitted). For example, 

farmers who have stronger social networks have been shown to be more likely to adapt because 

they receive more goods (e.g. new seed varieties) or information (e.g. weather information) 

through social ties than those who are less connected (Tompkins and Adger 2004, Vasilaky 

2013). Other studies have shown that perceptional factors, like perceptions of weather or 

perceptions of one’s ability to adapt, are some of the strongest drivers of decision-making 

(Grothmann and Patt 2005). Yet a majority of studies on adaptation rarely consider multiple 

factors that influence decision-making simultaneously (Jain et al., in prep.). We thus develop a 

framework to study agricultural adaptation to weather variability that both considers the multiple 

social, economic, biophysical, and perceptional factors that may influence decision-making, and 

also quantifies the outcomes of these decisions to assess if they are adaptive (Figure 1).  

Using this framework, we examine how farmers in Gujarat, India alter their cropping 

strategies in response to monsoon variability during the monsoon cropping season. There are 

three main cropping seasons across India: the monsoon season (kharif), which occurs from June 

until the end of October, the winter season (rabi), which lasts from November until March, and 

the summer season (garmi), which spans from April until May (Ministry of Agriculture 2010). In 

this study, we focus on the monsoon season because it is the main growing season in this region 

and also because production during this season is directly tied to the quality and quantity of 

monsoon rains in a given year. We specifically examine how farmers respond to a delayed 

monsoon onset, which is one of the predominant weather stimuli farmers use to inform cropping 
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decisions during the monsoon season. In this region, monsoon rains typically arrive by June 15, 

however, there is high inter-annual variability in monsoon onset date (Figure 2), and farmers 

state that they alter their cropping strategies if the monsoon rains are delayed (Murakami and 

Matsumoto 1994, Wu and Wang 2000). We ask farmers how they generally respond to a delayed 

monsoon onset, and then examine specific cropping decisions during the monsoon season of 

2011, when the monsoon was delayed by three weeks and occurred in mid-July (Figure 2). We 

use these data to ask the following questions: 

1) How do farmers state they generally respond to a delayed monsoon onset? 

2) Which social and biophysical factors are associated with farmer cropping 

decisions during the monsoon season of 2011, when the monsoon onset was 

delayed by three weeks?  

3) Which cropping decisions were the most beneficial considering yield and profit 

at the end of the 2011 growing season?  

Understanding how farmers are impacted by and cope with monsoon variability can help us 

better understand which farmers are the most vulnerable to current weather variability, and may 

shed light on adaptation strategies for future change (Burton et al. 2002, Fazey et al. 2007). For 

example, if we find that poorer, rain-fed farmers are the ones who are the most sensitive and the 

least able to adapt to variability in the monsoon, then these farmers may be the ones who should 

be targeted with policies to help them adapt to future changes in weather. 

 

Methods 

Village Selection 
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 We collected data across fifteen villages in central and northern Gujarat, India, 

specifically in Kheda, Ahmedabad, Mehsana, Gandhinagar, Sabarkantha, and Patan districts 

(Figure 3), which lie in a hot dry semi-arid eco-region (Gajbhiye and Mandal 2000). We selected 

five different clusters of villages at random across a rainfall gradient (i.e. 300 mm to 1800 mm 

per year) and an irrigation gradient (i.e. no irrigation, canal irrigation, groundwater irrigation), 

and each cluster comprised three villages. We selected one cluster in a low-rainfall, rain-fed 

region (i.e. Patan district), one cluster in a high rainfall, canal irrigated region (i.e. Kheda 

district), and three clusters in a medium rainfall, groundwater irrigated (i.e. spanning 

Ahmedabad, Mehsana, Gandhinagar, and Sabarkantha districts) region. We concentrated our 

survey sampling in groundwater-irrigated regions because we were particularly interested in 

understanding how differential access to groundwater influenced cropping decisions. This is 

because water tables are declining rapidly across this region, and examining decision-making 

across a gradient of access to groundwater may suggest how decision-making may change as 

access to groundwater becomes increasingly scarce (Mall et al. 2006a, Rodell et al. 2009, Shah 

2009). These clusters of villages vary in their soil type, main crop types planted during the 

monsoon season, and the type and amount of irrigation that farmers have access to (Table 1).  

 

Survey Data Collection 

Focus groups and Key Informant Interviews: We used a mixed methods approach to collect 

information on how farmers respond to a delayed monsoon onset. First, we visited each of the 

fifteen villages and conducted a series of informal interviews with community members and 

focus groups to assess farmers’ perceptions of the monsoon and whether they generally alter 

their cropping strategies in response to inter-annual monsoon variability. These preliminary visits 
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were conducted during the monsoon seasons of 2010 and 2011. In these interviews, we found 

that many farmers stated they altered their cropping practices in response to a delayed monsoon 

onset by switching crop type, delaying the date of sowing, and/or increasing the number of 

irrigations used. We used the knowledge derived from these focus groups and key informant 

interviews to construct structured household surveys (described below), which we administered 

once per year to each farmer in our survey sample during the monsoon seasons of 2011, 2012, 

and 2013.  

 

Structured Household Surveys: In each of the fifteen villages, we interviewed approximately 50 

to 60 households, which resulted in a total sample of 779 farmers. To survey households that 

were a representative sample of each community that we visited, we selected households at 

random stratified across landholding size and caste – landholding size may be a proxy for the 

wealth of a household, and caste has been shown to be associated with differences in cropping 

practices, social capital, and income in a given community (Deshpande 2000, Borooah 2005). 

For each household, we asked all family members present in the household who the main 

decision-maker was regarding agricultural decisions, including which crops to plant, the timing 

of planting, and when to sell crops. We then only conducted our survey with this main decision-

making farmer; in the rare case where two individuals were mentioned, we conducted the survey 

with both farmers. It is important to note that we did not survey any agricultural laborers who did 

not own their own land. These farmers typically do not make their own cropping decisions, and 

instead carry out the decisions of the farmer whose land they are cultivating. We surveyed the 

main decision-making farmer three times in each monsoon season of 2011, 2012, and 2013. This 

allowed us to assess cropping decisions, the yield of each crop, and the profit earned for each 
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crop for the 2011-2013 agricultural seasons. For the purposes of this study, we focus on survey 

results for the monsoon season of 2011, when the monsoon was delayed by three weeks. Each 

structured interview was approximately thirty minutes in length and was conducted orally in 

Gujarati, the local dialect, by local field assistants. In these surveys, we collected data on 

farmers’ cropping decisions, yield, and profit data for each crop, as well as various social, 

economic, biophysical, and perceptional factors that have been posited to be important in the 

literature (Table 2).  

 

Alteration Strategies to a Delayed Monsoon Onset 

 Through our initial focus groups and informal interviews, we identified how farmers 

generally respond to a delayed monsoon onset. We found that the main types of crops planted 

and possible strategies to cope with a delayed monsoon onset varied across our three regions. 

Some farmers stated that during late monsoon onset years they switch crop type. Others stated 

that they continue to plant the same crop but delay the date of sowing and/or increase the amount 

of irrigation used during times of no to low rainfall (Table 1). We describe possible alteration 

strategies for each region below, which are supported by data from our structured household 

surveys (Tables 1 and 3). We then use this information to inform hypotheses regarding farmers’ 

cropping decisions for 2011, when the monsoon onset was delayed by three weeks, and we run 

statistical analyses to test these hypotheses in the next section.   

 

Groundwater region: In this region, most farmers state that they prefer to plant cotton, the main 

cash crop in the region because it earns the greatest amount of profits in the market and also has 

a relatively short growing season, allowing farmers to sow a subsequent winter crop (Table 3). 
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However, during delayed monsoon onset years, some farmers may switch away from cotton to 

castor, a cash crop that requires less irrigation and has a later sowing date window (August) 

compared to cotton (June; Table 3). Yet because castor is typically harvested in February, it 

precludes the opportunity for farmers to plant a subsequent winter crop (Table 2). Thus, during 

late monsoon onset years, farmers may alternatively continue to plant cotton but delay the date of 

sowing to limit its exposure to the dry period before monsoon onset and/or increase the amount 

of irrigation used during this period with no rainfall. However, sowing cotton early and 

increasing the amount of irrigation used is likely only an option for those who have secure access 

to groundwater, particularly those who own their own bore-well or are part of a shareholder 

cooperative. Farmers who do not own their own well have less secure access to irrigation, given 

that they are able to purchase irrigation for an hourly rate if bore-well owners are willing to sell 

excess irrigation (see Supplementary Information for more details).   

 

Canal region: Farmers prefer to plant rice in this region given that the majority of soils are clay-

like and become easily flooded during periods of high rainfall, which results in crop failure for 

most other crop types (Table 1). Despite this, during late monsoon onset years, some farmers 

switch from planting rice to planting sorghum, which can be planted later in the growing season 

and also requires less irrigation than rice (Table 3). Alternatively, farmers may continue to plant 

rice but either delay its date of sowing to match the onset of the monsoon, or increase the amount 

of irrigation used during the dry period before monsoon onset. Yet, because most farmers rely on 

canal irrigation and this form of irrigation is sensitive to the timing of monsoon onset (the 

government only releases canal water once the source reservoir has stored enough monsoon 

rains), planting rice and using irrigation before the start of the monsoon is only an option for 
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those who have access to additional shallow well groundwater irrigation (see Supplementary 

Information for more details).  

 

Rain-fed region: In this region, soils are predominantly clay-like and become easily flooded 

during periods of high rainfall (Table 1). Unlike in the canal region, however, farmers cannot 

plant rice because they do not have access to irrigation to supplement the flooding of rice during 

periods of no to low rainfall. Therefore, farmers prefer to plant cotton, castor, or sorghum. 

Farmers state that the main alteration strategy to a delayed monsoon onset is switching away 

from cotton, which requires early sowing (i.e. June), to castor or sorghum, which can be sown 

later in the growing season (i.e. July and August; Table 3). Alternatively, some farmers continue 

to plant cotton during late monsoon onset years but push back the date of sowing to match the 

onset of the monsoon (Table 1; see Supplementary Information for more details).  

 

Statistical Analyses 

We use structured survey data from the monsoon season of 2011 to identify how farmers 

responded to the delayed monsoon onset, which social, economic, biophysical, and perceptional 

factors were associated with cropping decisions, and whether alteration strategies were adaptive 

considering yield and profit. We measured crop switching by asking farmers what crop they 

would have planted had the monsoon rains arrived on time, and compared that to the crop type 

they actually planted during the year of our study. To examine delayed planting date and 

increased irrigation use, we asked farmers the date of sowing of their crop and the number of 

irrigations they used during the year of our study; thus, discussions of late planting date and 

increased irrigation are in comparison to other farmers in our survey sample during the year of 
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our study. Since alteration strategies and factors influencing decision-making, like soil type and 

irrigation access, varied across each of our three regions (Table 1), we conducted our statistical 

analyses separately for each region. For all analyses, we dropped covariates that had a correlation 

> 0.5 to avoid parameter tradeoffs. Based on this criterion, we dropped caste from our analysis, 

since it was significantly correlated with assets. Furthermore, village was considered as a random 

effect in all models to control for possible differences in decision-making caused by unobserved 

variables that vary at the village level. We then conducted stepwise variable selection using AICc 

to select the best model (Hurvich and Tsai 1989). To facilitate the interpretation of effect 

magnitudes among covariates, all continuous predictors were standardized by subtracting their 

mean and dividing by twice their standard deviation (Gelman and Hill 2007). We used R Project 

Software (R Statistical computing 2012, Version 2.14.1) and the lme4 package for all analyses.  

 

Groundwater Region 

 Using data for the monsoon season of 2011, we assessed which social, economic, 

biophysical, and perceptional factors were associated with those farmers who 1) switched from 

cotton to castor, 2) continued to plant cotton but sowed cotton later in the growing season, and 3) 

continued to plant cotton but used more irrigation. To understand which strategies were the most 

beneficial, we identified 1) the difference in profit between cotton and castor, 2) the influence of 

planting date on cotton yield, and 3) the influence of irrigation on cotton yield for the 2011 

growing season. Since decision-making options may differ based on whether farmers have 

secure access to irrigation, we additionally conducted separate analyses for those who owned 

their own bore-well (either personally or as a shareholder) and those who did not (but could 

purchase water at an hourly rate).  
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 We hypothesize that farmers who are poorer and have less access to irrigation are more 

likely to switch to planting castor, because these farmers may not be able to plant and irrigate 

cotton before monsoon onset, during the ideal sowing window for cotton (June). On the other 

hand, we hypothesize that richer farmers who have more secure access to irrigation will continue 

to plant cotton and increase the amount of irrigation used during the dry period prior to monsoon 

onset. Finally, we predict that farmers who have secure access to irrigation but are more risk 

averse will continue to plant cotton but delay the date of sowing to reduce the amount of time 

that cotton is exposed to the dry period before monsoon onset. 

 

Canal Region 

 We examined which factors were associated with farmers who 1) switched from rice to 

sorghum, 2) continued to plant rice but sowed rice later in the growing season, and 3) continued 

to plant rice but used more irrigation during the monsoon season of 2011. To assess which 

strategies were the most beneficial during this year, we quantified 1) the influence of planting 

date on rice yield, and 2) the influence of irrigation on rice yield. We could not assess the impact 

of crop switching on profits because sorghum was rarely sold to the market and was instead used 

as personal livestock feed. Since decision-making options may vary between those who have 

access to a shallow well, which allows farmers to plant rice before the onset of the monsoon, we 

conducted separate analyses for those who had access to shallow wells and those who did not.  

 We hypothesize that those farmers who have sandier soils will be more likely to switch 

from rice to sorghum because these soils have less risk of flooding during periods of high 

rainfall, which would result in crop failure for sorghum. Considering planting date, we 

hypothesize that poorer farmers who rely more on canal irrigation will be more likely to delay 
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their date of sowing because they will not be able to afford shallow well irrigation that is 

necessary to irrigate rice before the start of the monsoon. Finally, we predict that richer farmers 

who have shallow well irrigation will be more likely to continue planting rice but will increase 

the amount of irrigation used.  

 

Rain-fed Region 

We identified which social, economic, biophysical, and perceptional factors were 

associated with farmers who 1) switched from cotton to castor or sorghum or 2) continued to 

plant cotton but sowed the crop later in the monsoon 2011 growing season. To identify which 

strategies were the most beneficial during 2011, we examined 1) the difference in profit between 

those who planted cotton or castor and 2) the influence of planting date on cotton yield. We 

could not assess the profit of sorghum because this crop was rarely sold to the market and was 

instead used as personal livestock feed. 

In this region, we hypothesize that farmers who are less risk-taking and have more clay-

like soils that become easily flooded will be more likely to switch from planting cotton to sowing 

castor or sorghum, as these crops have a later sowing window and also are more resilient to 

flooding than cotton. Considering cotton planting date, we hypothesize that farmers who are less 

risk taking will be more likely to delay the sowing date of cotton to ensure that adequate soil 

moisture is stored for the germination of cotton after the onset of the monsoon. 

 
Results 

Groundwater Region 

 Richer farmers who have access to groundwater irrigation were more likely to continue to 

plant cotton, sow cotton earlier, and irrigate cotton more compared to other farmers in our survey 
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sample during 2011 (Table 4). Considering those who did not own their own well, farmers were 

more likely to switch to castor if they owned more land and if they perceived that the monsoon 

onset date had changed (Table 4). These results confirm our hypotheses that richer farmers who 

have access to irrigation are likely to continue to plant cotton and irrigate it during periods of no 

rainfall prior to monsoon onset, whereas poorer farmers who do not own their own well are more 

likely to switch to castor. Interestingly, weather perceptions were also significant drivers of crop 

switching. Considering yield and profit, we find that increasing irrigation had a positive impact 

on cotton yields, suggesting that this is a beneficial alteration strategy (Table 7). For planting 

date, we find that sowing week is present in the final statistical model that predicts cotton yield 

with a negative sign, suggesting that an earlier sowing date may have a positive relationship with 

yield; this relationship however is not significant (Table 7). Finally, considering crop switching, 

we find that the profits of cotton and castor for the monsoon season are not statistically different 

after accounting for the higher input costs required to plant cotton. This result holds true when 

we consider all farmers, only those who own wells, only those who do not own wells, and only 

those who use few irrigations for their crops (< 3). However, farmers are unable to sow a winter 

crop after planting castor since it is a long-duration crop, and therefore it is more profitable for 

those farmers who have access to irrigation and are able to sow a winter crop to plant cotton 

during the monsoon season; cotton leads to significantly greater profits considering both the 

monsoon and winter seasons together (Table 7). 

 

Canal Region 

 We were unable to run statistical models predicting which factors were associated with 

crop switching because only two farmers in our sample switched crop type during the monsoon 
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2011 season. Our results, however, suggest that richer farmers were more likely to irrigate rice 

more, while poorer farmers were more likely to sow rice later, corroborating our hypotheses 

(Table 5). We also found that climate perceptions played a strong role in decision-making, 

particularly for those farmers who did not have access to shallow wells, which allow farmers to 

sow rice prior to monsoon onset (Table 5). In addition, risk aversion played a significant role in 

decision-making, with more risk-averse farmers irrigating rice more (Table 5). Considering the 

impact of alteration strategies on yield, increasing irrigation led to higher yields (Table 8). 

Sowing date, on the other hand, did not appear to be significant in any of our models, though 

there is evidence that a later sowing date led to higher yields for those who had access to shallow 

wells (Table 8).  

 

Rain-fed Region 

 In this region, we find that farmers who have sandier soils and are more risk-taking were 

more likely to continue to plant cotton in the 2011 growing season despite the delayed monsoon 

onset (Table 6). Risk-averse farmers, on the other hand, were more likely to switch to castor, 

confirming our hypothesis that risk aversion plays a strong role in crop switching. Considering 

planting date, farmers who were poorer and thought that monsoon rainfall had changed were 

more likely to plant cotton later (Table 6). In the year of our study, a large proportion of crops 

failed due to heavy monsoon rainfall towards the end of the growing season. Thus, we were 

unable to assess the impact of sowing date and crop switching on yield and profit in this region. 

Those farmers who planted castor, however, had a lower rate of crop failure (65%) compared to 

those who planted cotton (95%), suggesting that switching to castor may be a beneficial strategy 

to cope with the flooding of agricultural fields that have clay-like soils.  
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Discussion and Conclusion 

 We find that farmers responded to a delayed monsoon onset in a variety of ways and, 

based on self-reported yield and profit data, these strategies were adaptive in the year of our 

study. Some farmers switched crop type, while others continued to plant the same crop they plant 

in normal onset years, but delayed the date of sowing or increased the amount of irrigation used 

to cope with the extended period of no rainfall prior to monsoon onset. Overall our results 

highlight the importance of considering the capacity of farmers to cope with and adapt to 

weather variability, in order to more accurately identify which farmers may be the most 

vulnerable or the best able to adapt to future climate variability and change. However, which 

alteration strategies were available to a given farmer and which alteration strategies farmers 

adopted were mediated by a variety of economic, biophysical, and perceptional factors. While 

some factors and findings were generalizable across our three study regions, there are many 

drivers of decision-making that were location specific. Understanding why and when factors 

were important across these disparate sites can help us identify possible mechanisms for why 

certain factors are important drivers of decisions to adapt to weather variability. 

 Across our three study regions, we find that assets, access to irrigation, perceptions of 

changes in weather, and risk aversion were the strongest drivers of decision-making in the year 

of our study. The most preferred alteration strategy across these regions was planting the same 

crop type typically planted in normal monsoon years (i.e. cotton or rice) but increasing the 

amount of irrigation used during the dry period prior to monsoon onset (Table 1). Our yield and 

profit results suggest that this alteration strategy was the most adaptive, and allowed farmers to 

maintain high yields and profits despite a delayed monsoon onset. It is important to note, 

however, that this option was not available to all farmers, particularly poorer farmers who had 
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little to no access to irrigation. In these cases, farmers either continued to plant the same crop 

type and pushed back the date of planting, or switched to more drought-tolerant, later seasons 

crops like sorghum and castor. While these farmers typically had lower yields than those who 

used more irrigation, we found that delaying sowing date had no effect on yields and switching 

crop type may have been a beneficial strategy in the year of our study. In the groundwater 

region, castor had lower input costs and required fewer irrigations than cotton, yet still provided 

similar profits after controlling irrigation, suggesting that switching to castor was a beneficial 

strategy for poorer farmers who had less access to irrigation. In the rain-fed region, our results 

suggest that those farmers who switched to castor had less crop failure during the year of our 

study, possibly because it was more resilient than cotton to flooding. Broadly, these results 

suggest that both the richer farmers who had more access to irrigation made the most adaptive 

decision, increasing irrigation, given their choice set, while poorer farmers who had less access 

to irrigation also made adaptive decisions, like switching crop type, considering the constrained 

set of choices that they had access to. 

 Interestingly, we found that perceptional and risk factors played a strong role in farmers’ 

cropping decisions during the year of our study. Generally, farmers’ perceptions of whether the 

monsoon had changed over the past five years was a significant driver of decision-making, 

particularly for those farmers who had less access to irrigation. We found that in the groundwater 

region, farmers were more likely to switch to castor in the year of our study if they thought that 

the monsoon onset had recently changed, and the effect of this perception was stronger for those 

farmers who did not own their own well. In the canal region, we found that farmers who believed 

the monsoon onset had changed were more likely to plant cotton later, particularly those farmers 

who did not have access to shallow well irrigation. However, in the rain-fed region, we found 



! 49 

that farmers who perceived that onset had changed were less likely to switch to castor. Instead, 

decisions to switch crop type were driven by risk preferences, with more risk-averse farmers 

switching to castor and more risk-taking farmers planting cotton. These results make sense given 

that the predominant soil type in this region is clay-like soils that become easily flooded during 

periods of high rainfall. Farmers consider castor to be a less risky crop than cotton during late 

monsoon onset years because it has a later sowing window and also because it is able to 

withstand periods of flooding better than cotton. These results highlight the importance of 

weather perceptions and risk preferences in decisions to adapt, even after controlling for more 

cited factors like assets and access to irrigation.  

Across our three study regions, for those who are able to, increasing irrigation was the 

preferred alteration strategy to a delayed monsoon onset, and increasing irrigation was associated 

with higher yields. However, it is important to think about the long-term ability of irrigation to 

serve as an adaptation strategy in this region. Water tables are rapidly declining across this area 

of Gujarat (current water tables are 200 to 300 meters below ground and farmers say they are 

declining at a rate of 2 to 3 meters per year) and it is likely that more farmers will become 

irrigation insecure over the upcoming decades (Dubash 2002, Shah et al. 2009). Furthermore, 

while canals may serve as an alternative form of irrigation, farmers in our canal region stated that 

access to canal irrigation is unpredictable since the amount of and timing of irrigation depends 

on the amount and timing of monsoon rains. As we saw in our study, during a delayed monsoon 

onset year, the delivery of canal irrigation was also delayed and those who did not have access to 

shallow well irrigation were forced to delay the sowing of rice. Future studies should examine 

how well these different types of irrigation mitigate risk and whether canal irrigation may serve 

as a suitable alternative to groundwater irrigation.  
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 While these results offer important insights into the ability of different groups of farmers 

to adapt to weather variability, there are several important caveats that should be considered. It is 

important to note that we do not attempt to make agronomic recommendations about which crop 

type should be planted, ideal sowing dates, or the amount of irrigation that should be used during 

late monsoon onset years. Our yield data are self-reported, and there are likely inaccuracies and 

biases in these measures. We simply report these data to highlight that farmers do shift their 

cropping behavior based on weather parameters, and our coarse-resolution yield data suggest that 

these alteration strategies may have been adaptive during the year of our study. Furthermore, we 

only look at short-term adaptation strategies during the monsoon season for one year. Future 

studies should examine decision-making over multiple years to assess whether these results are 

generalizable, and also consider possible longer-term adaptation strategies that farmers in this 

region may employ, like switching to livestock or migrating out of agriculture.   
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Tables and Figures  

Table 1. Summary statistics for each region. We list the percent of farmers in each region that 
reported the following in our survey data. Categories do not always add to 100% in each region 
because some farmers may have listed another option that we do not list here or may not have 
responded to our question. 

 

 Canal Region Rain-fed Region Groundwater 
Region 

Cotton 3.17% 13.68% 61.70% 

Castor 3.97% 17.99% 66.97% 

Sorghum 3.97% 63.93% 45.61% 

Predominant 
Monsoon Season  

Crop Types in 
2011 

Rice 91.37% 0% 0% 

Switch Crop Type 13.68% 17.46% 40.64% 

Main Crop 
Change Rice to Grass Cotton to Castor 

or Sorghum Cotton to Castor  

Shift Planting 
Date 16.67% 21.37% 36.84% 

General 
Adaptation 
Strategies 

Increase Irrigation 86.51% 0% 88.30% 

Rain-fed 3.17% 100% 10.52% 

Shallow Well 67.46% 0% 0.29% 

Canal 75.40% 0% 9.65% 

Bore Owner 0% 0% 11.53% 

Bore Shareholder 0% 0% 27.41% 

Irrigation Access 

Bore Water Buyer 0% 0% 48.29% 

Sandy 27.78% 36.75% 61.40% 

Loamy  16.24% 7.93% 28.85% Soil Type 

Clay 63.49% 47.01% 9.94% 
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Table 6. Factors associated with cropping decisions in the rain-fed region. Factors associated 
with general alteration strategies and specific cropping decisions in 2011 for the rain-fed region. 
The parameter estimate and standard error (in parentheses) are recorded for each variable in our 
model, and those variables that dropped out during model selection are marked with a dash. 
Significance values are starred (+ denotes p < 0.10, * denotes p <0.05, ** denotes p < 0.01, and 
*** denotes p < 0.001). Since farmers do not have access to irrigation, we did not assess 
increasing irrigation as an alteration strategy for these farmers.   
 

Crop Switching Delay Planting 
 Plant Cotton  

2011 
Switch to Castor 

2011 
Cotton Planting Date 

2011 

Asset Index 0.415 
(0.382) 

-0.427 
(0.315) 

-3.535+ 
(1.586) 

Own Land - - 2.345 
(1.644) 

Total Rain Change - 0.839 
(0.708) 

6.156+ 
(2.463) 

Onset Change - -1.593* 
(0.692) 

-6.596* 
(2.585) 

Social -0.889 
(1.417) - - 

Farm info 
Government 3.582** 

(1.186) - - 

Soil Type -1.031* 
(0.449) - -2.404 

(1.982) 

Risk 0.738* 
(0.297) 

-0.872* 
(0.413) - 

Village RE Y Y Y 
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Table 8. Factors associated with the yield and profit of crops in the canal region. The impact 
of irrigation is captured with the variables “Number of Irrigations”, “Shallow Well Irrigation”, 
and “Canal Irrigation.” The impact of sowing date is captured by the variable “Sow Week.” The 
parameter estimate and standard error (in parentheses) are recorded for each variable in our 
model, and those variables that dropped out during model selection are marked with a dash. 
Significance values are starred (+ denotes p < 0.10, * denotes p <0.05, ** denotes p < 0.01, and 
*** denotes p < 0.001). We could not assess the effect of crop switching because sorghum, the 
main crop farmers switch to, was not sold to the market for profit, and few farmers actually 
switched to sorghum during 2011 (n = 2).  
 

Yield  
(Impact of Sowing Date and Increasing Irrigation) 

Rice Yield (mand per bhiga)  

All Farmers No Shallow 
Well Shallow Well 

Number of Irrigations 1.285+ 
(0.756) 

2.454* 
(1.926) - 

Shallow Well Irrigation - NA NA 

Canal Irrigation 9.308** 
(3.649) - 7.049+ 

(4.179) 
Number of Fertilizer 

Applications - 8.256** 
(2.811) 

-2.991 
(2.417) 

Number of Pesticide 
Applications - - - 

Soil Type 2.609 
(1.664) - 3.502+ 

(1.950) 

Sow Week - - 0.407 
(0.581) 

Asset Index - -1.761 
(1.621) 

3.204* 
(1.463) 

Village RE Y Y Y 
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Figure 1. Framework used to understand decisions to alter cropping strategies in response 
to weather variability. We consider a variety of different perceptional, social, economic, and 
biophysical factors that have been shown to be important for agricultural decision-making in the 
previous literature. We also quantify the outcomes (e.g. yields and profits) of cropping strategies 
to identify if alterations were adaptive in the year of our study. 
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Figure 2. Monsoon onset date for each year from 2000 to 2012 derived for our study region 
using the NASA TRMM 3B42 daily precipitation product. Monsoon onset date was 
calculated as the first wet day (> 1 mm daily rainfall) that is not immediately followed by a 10 
day dry spell (< 10 mm total rainfall; Mondal et al., submitted). Each date is standardized to the 
mean arrival date (June 15) of the monsoon in this region. The monsoon onset was delayed by 
approximately 3 weeks during the year of our study (2011).   
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Figure 3. Map of villages considered in this study. The state of Gujarat is highlighted in the 
map of India, and districts where we conducted our research, Ahmedabad, Kheda, Gandhinagar, 
Mehsana, and Patan, are highlighted in the map of Gujarat. Each gray circle in the Gujarat map 
represents a cluster of three villages where we conducted our focus groups and structured 
household surveys.  
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Supplementary Information 

Detailed Study Site Description 
Rain-fed Region  
Rainfall and Irrigation: This region is the driest of all the areas considered in our study (300 mm 
of rainfall per year), and is located near the arid Kutch region in northern Gujarat. The three 
villages selected in this district have almost no access to irrigation, though some farmers have 
access to canal irrigation during years with high levels of rainfall. Farmers do not rely on 
groundwater irrigation in this region because groundwater is heavily saline due to salt-water 
intrusion from coastal aquifers and the proximity of these aquifers to the Kutch salt flats.  
Cropping Seasons and Crop Type: The primary cropping seasons in this area are the monsoon 
season, when crops are watered only by monsoon rainfall, and the winter season, when crops 
grow primarily based on soil moisture stored from the monsoon rains. The predominant soil type 
in this region is dark, clay-like soils that become easily flooded during heavy monsoon rains yet 
are able to store a significant amount of soil moisture which is beneficial during the winter 
season. Flooded soils from high amounts of rainfall lead to fairly high levels of crop failure 
during the monsoon season (approximately two to three failures every five years). Because of 
this, most farmers primarily depend on the winter crop as their main source of income. During 
the monsoon season, farmers will typically plant cotton or castor, the two primary cash crops in 
this area. In the winter season, farmers who have soils that store moisture from the monsoon 
rains will primarily plant chickpeas, which earns a high price in the market.  
 
Canal Region 
Rainfall and Irrigation: This site is the wettest region considered in our study (1800 mm of 
rainfall per year) and most farmers have access to canal irrigation to water their crops. The 
timing and amount of irrigation provided by these canals in a given year is ultimately determined 
by the government, which manages the dams that release stored rainfall into canals during the 
monsoon season. Farmers draw water from canals to their fields using diesel pumps. However, 
not all farmers own these pumps and will instead rent pumps from other farmers at an hourly 
rate, which leads to variability in irrigation access across the landscape. Some farmers have 
access to groundwater through shallow wells (kuas), but constructing these wells is relatively 
expensive and thus fewer farmers have access to this type of irrigation. 
Cropping Seasons and Crop Type: All farmers in this region grow crops during the monsoon 
season, and some farmers will additionally grow crops in the winter and summer seasons if there 
is sufficient canal irrigation or if they have access to shallow wells that provide groundwater 
irrigation. The type of crop that farmers plant in each season is dependent on the type of soil that 
they have. A large proportion of farmers in the region have dark, clay-like soils that become 
easily flooded with monsoon rainfall and/or irrigation. Because of this, farmers predominately 
plant rice, which is a crop that requires flooding for high yields, in all growing seasons. The 
minority of farmers who do not have dark clay-like soils and instead have sandy to loamy soils 
will typically plant vegetables, which have a high market value, particularly compared to rice.  
 
Groundwater Region 
Rainfall and Irrigation: This region receives a medium amount of rainfall (800 mm of rainfall 
per year) compared to our other study regions and has a high proportion of farmers with 
groundwater irrigation. Because of heavy groundwater use over the past several decades, 
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groundwater tables currently range from 300 to 1000 feet below ground across these three sites. 
Constructing one tubewell costs approximately $20,000 US in the regions with the deepest 
groundwater levels. Due to this high cost, many farmers are unable to construct personal 
tubewells, and instead form shareholder cooperatives ranging from two to one hundred farmers 
to collectively build a tubewell – farmers in the cooperative then receive a share of irrigation 
equal to the share of money that they paid to construct the well. Alternatively, some farmers do 
not pay to construct tubewells and instead purchase water at an hourly rate from other farmers 
who are willing to sell excess water from their own tubewells, or many farmers are rain-fed and 
do not use any irrigation to water their crops. This variation in irrigation strategies results in a 
gradient of irrigation access across these communities, from rain-fed farmers with no access to 
irrigation, water buyers with occasional and intermittent access to groundwater, shareholders 
with frequent access to irrigation, and personal tubewell owners with consistent access to 
irrigation. 
Cropping Seasons and Crop Type: All farmers in these regions plant crops during the monsoon 
season, regardless of irrigation access, but farmers who have access to irrigation will additionally 
grow crops during the winter and summer seasons when there is little to no rainfall. During the 
monsoon season, farmers prefer to plant cotton and castor, the main cash crops in the region. 
Farmers will additionally plant sorghum and millet, which are typically used as feed for 
livestock. In the winter season, farmers will plant a variety of crops ranging from mustard, 
wheat, to tobacco. Finally, if farmers have secure access to irrigation, they will plant crops in the 
summer season, including sorghum and millet that do well even in hot and dry conditions.  
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Abstract 

The food security of smallholder farmers is vulnerable to climate change and climate variability. 

Cropping intensity, the number of crops planted annually, can be used as a measure of food 

security for smallholder farmers given that it can greatly affect net production. Current 

techniques for quantifying cropping intensity may not accurately map smallholder farms where 

the size of one field is typically smaller than the spatial resolution of readily available satellite 

data. We evaluated four methods that use multi-scalar datasets and are commonly used in the 

literature to assess cropping intensity of smallholder farms: 1) the Landsat threshold method, 

which identifies if a Landsat pixel is cropped or uncropped during each growing season, 2) the 

MODIS peak method, which determines if there is a phenological peak in the MODIS Enhanced 

Vegetation Index (EVI) time series during each growing season, 3) the MODIS temporal mixture 

analysis, which quantifies the sub-pixel heterogeneity of cropping intensity using phenological 

MODIS data, and 4) the MODIS hierarchical training method, which quantifies the sub-pixel 

heterogeneity of cropping intensity using hierarchical training techniques. Each method was 

assessed using four criteria: 1) data availability, 2) accuracy across different spatial scales (at 

aggregate scales 250 x 250 m, 1 x 1 km, 5 x 5 km, and 10 x 10 km), 3) ease of implementation, 

and 4) ability to use the method over large spatial and temporal scales. We applied our methods 

to two regions in India (Gujarat and southeastern Madhya Pradesh) that represented diversity in 

crop type, soils, climatology, irrigation access, cropping intensity, and field size. We found that 

the Landsat threshold method is the most accurate (R2 ≥ 0.71 and RMSE ≤ 0.14), particularly at 

smaller scales of analysis. Yet given the limited availability of Landsat data, we find that the 

MODIS hierarchical training method meets multiple criteria for mapping cropping intensity over 

large spatial and temporal scales. Furthermore, the adjusted R2 between predicted and validation 
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data generally increased and the RMSE decreased with spatial aggregation ≥ 5 x 5 km (R2 up to 

0.97 and RMSE as low as 0.00). Our model accuracy varied based on the region and season of 

analysis and was lowest during the summer season in Gujarat when there was high sub-pixel 

heterogeneity due to sparsely cropped agricultural land-cover. While our results specifically 

apply to our study regions in India, they most likely also apply to smallholder agriculture in other 

locations across the globe where the same types of satellite data are readily available. 
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Introduction  

 Smallholder farmers, who grow crops using low-intensity practices on small parcels of 

land (typically ≤ 2 ha), comprise approximately 50% of rural populations in developing nations 

and contribute up to 90% of developing nations’ staple food production (Singh et al. 2002, 

Morton 2007). These smallholder farmers are particularly vulnerable to global and 

environmental change, including climate change and variability, falling water tables, and market 

volatility, because they typically do not have access to appropriate technologies to mitigate 

vulnerability, such as crop insurance, nutrient inputs, and capital for improved seed stock 

(Leichenko and O'Brien 2002, Morton 2007, Lobell et al. 2008). This vulnerability results in 

high inter-annual variability in cropping practices of many smallholder farmers across the globe 

(O'Brien et al. 2004, Tao et al. 2006). In order for scientists and policymakers to develop and 

target effective strategies for farmers to cope with this variability, it is necessary to identify 

which farmers and agricultural regions are the most vulnerable to global and environmental 

changes. One important first step in doing this is to identify cropping patterns of smallholder 

farmers and determine how and why they change through time. Satellite image analyses offer a 

way to feasibly do this over large areas and in multiple regions across the globe (Brisco et al. 

1998, Lobell et al. 2012).  

Over the last several decades, many remote sensing approaches have been developed to 

identify cropping practices, such as crop type and cropping intensity (i.e. whether a farm is 

single, double, or triple cropped in a given year), across large spatial and temporal scales (e.g. 

Collins 1978, Quarmby et al. 1992, Xiao et al. 2005, Biradar and Xiao 2011). However, current 

techniques may not be appropriate for mapping cropping practices of smallholder farms where a 

field is typically smaller than the spatial resolution of readily available satellite data such as 
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MODIS (250 m resolution) and sometimes Landsat (30 m resolution). Identifying appropriate 

techniques to map smallholder farms is important, however, given that over fifty percent of rural 

populations in developing nations are smallholder farmers who are particularly vulnerable to 

global and environmental change (Morton 2007). 

 Previous methods have relied on high temporal-resolution datasets like MODIS to assess 

crop type and cropping intensity based on crop phenologies (e.g. Sakamoto et al. 2005, Wardlow 

et al. 2007, Galford et al. 2008). Vegetation index phenologies from MODIS have been used to 

detect crop type based on a crop’s unique temporal signature (Morton et al. 2006, Macedo et al. 

2012); this technique is especially powerful given that it is typically difficult to distinguish crops 

based purely on spectral signatures (Maxwell et al. 2004). For example, Sakamoto et al. (2009) 

found that rice can be accurately distinguished from other monsoon crops in South Asia based on 

the unique phenological signature of field flooding and rice transplanting early in the growing 

season. Phenologies have also been used to quantify the cropping intensity of an agricultural 

pixel by counting the number of peaks in a pixel’s vegetation index time series (e.g. Biradar and 

Xiao 2011). While these studies offer the potential for MODIS to assess crop type and cropping 

intensity, the authors of these studies acknowledge that the reported high accuracy of these 

methods is due to the large size of the farms that were monitored; typically, individual farm plots 

in these studies spanned ten to fifteen MODIS pixels. It is unclear whether high accuracies will 

hold true for smallholder fields that are typically smaller than the size of one MODIS pixel and 

have highly heterogeneous cropping practices that may result in sub-pixel heterogeneity.   

To overcome possible sub-pixel heterogeneity of MODIS pixels, other studies have used 

Landsat data to assess crop type and cropping intensity. Landsat images have a higher spatial 

resolution (30 m) that is more similar in size to an individual smallholder field. To identify crop 
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type, unique spectral signatures that represent individual crops can be used to classify 

agricultural Landsat pixels (Ozdogan et al. 2006). The accuracy of this method, however, 

depends on several different factors. The crops to be mapped must have a detectable difference 

in spectral signatures, which becomes more difficult when crop types are from the same family 

and have similar flowering, heading, and leaf out signatures (Lobell and Asner 2004). In 

addition, Landsat images must be available at the appropriate time period during the crops’ 

growth cycles when these key differences can be detected (Odenweller and Johnson 1984, 

Martínez-Casasnovas et al. 2005). To quantify cropping intensity, a season-specific Normalized 

Difference Vegetation Index (NDVI) threshold can be used to identify whether an agricultural 

pixel is cropped or uncropped in a given season (Lenney et al. 1996). This method, however, 

requires that at least one Landsat image is available during each of the growing seasons of 

interest. Due to the low temporal resolution of Landsat and its susceptibility to missing values 

due to cloud cover, the coverage required to assess crop type and cropping intensity is not 

assured in most agricultural regions across the globe, particularly in the tropics where there are 

often periods of intense cloud cover (Fang et al. 1998). Thus while Landsat offers improved 

spatial resolution over MODIS, it is possible that Landsat will not offer the necessary temporal 

resolution to assess crop type and cropping intensity. 

Finally, several studies have attempted to quantify MODIS sub-pixel heterogeneity by 

using mixture models that identify the percent of each pixel that is under different cropping 

strategies. For example, Lobell and Asner (2004) identified the percent of each MODIS pixel 

that was under two different crop types by using a temporal mixture model where unique crop-

specific phenologies were the defining end-members. This method had high accuracy (R2 > 0.8) 

across the study region at coarse scales (≥ 10 km2), yet the accuracy of the method was greatly 
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reduced (R2 = 0.5) when assessing the mixture fraction of individual pixels (250 x 250 m). This 

suggests that temporal mixture models may not be appropriate for a detailed understanding of 

sub-pixel heterogeneity at a localized scale.  

A second mixture approach is to use hierarchical training techniques, where higher-

resolution satellite data (e.g. Landsat) are used to identify the relationship between sub-pixel 

heterogeneity and the spectral signature of lower-resolution satellite data (e.g. MODIS; Dai and 

Khorram 1998, Braswell et al. 2003). The identified scaling relationship is then used to quantify 

the percent of each pixel that is comprised of different land-cover classes in the lower-resolution 

image. While this technique has shown promise in previous studies that map forest cover (e.g. 

Braswell et al. 2003), it is unclear how well this technique can be applied to agricultural regions 

with heterogeneous cropping patterns. In these regions, it may be difficult to quantify consistent 

and predictable scaling relationships between the lower and higher resolution spectral data.      

The goal of this study is to apply each of the four broad techniques described above to 

map cropping intensity of smallholder farms in two study regions in India, and assess the 

benefits and problems with each method. These techniques have been shown to accurately map 

cropping patterns of medium to large scale farms, but it is unclear how well they assess cropping 

intensity of smallholder farms (≤ 2 ha). Our study focuses only on mapping cropping intensity 

and not crop type given that cropping intensity is a critical factor for production as well as food 

security of smallholder farmers, and is highly sensitive to inter-annual rainfall and irrigation 

availability (Mahtab and Karim 1992, Pretty et al. 2003). Furthermore, it will be difficult to 

assess crop type in our study region due to the high heterogeneity in crops planted across 

agricultural fields (Jain, unpublished data). We chose India to assess the feasibility of mapping 

cropping intensity because over fifty percent of the population is smallholder farmers, a majority 
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of the land use is agriculture, and previous studies have shown that food production in this region 

is particularly variable with climate, making it one of the most important areas to map accurately 

(Foster and Rosenzweig 2004, Lobell et al. 2008). Given that agricultural practices are highly 

variable throughout the country and range from nearly subsistence to highly commercial cash 

crop production, we selected study regions in the states of Madhya Pradesh and Gujarat that 

represent these two extremes.   

Using data for the cropping season from 2009 to 2010, we compare four methods: 1) the 

Landsat threshold method, which identifies if a Landsat pixel is cropped or uncropped during 

each growing season, 2) the MODIS peak method, which determines if there is a phenological 

peak in the MODIS EVI time series during each growing season, 3) the MODIS Temporal 

Mixture Analysis (TMA), which quantifies the sub-pixel heterogeneity of cropping intensity by 

conducting a TMA of phenological data, and 4) the MODIS hierarchical training method, which 

quantifies the sub-pixel heterogeneity of cropping intensity using hierarchical training techniques 

(Fig. 1). The results of each model were validated and compared using higher-resolution 

Quickbird, WorldView-2, or Google Earth and Landsat imagery, which represented ground-truth 

data of cropped versus uncropped farms. We then assessed the generalize-ability of our 

techniques by applying each of our four methods to a new region within the same agro-

ecological zone for each of our study regions. We assessed each method’s accuracy in this 

validation region to ensure that our methods are applicable over larger areas than simply the 

region used to train our four models. Finally, we assessed the overall utility of each method 

based on multiple criteria (DeFries and Chan 2000): 1) the availability of data, 2) the accuracy of 

the method (at aggregate scales of 250 x 250 m, 1 x 1 km, 5 x 5 km, and 10 x 10 km), 3) the ease 

of implementation, and 4) the ability to use the method over large spatial and temporal scales. By 
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comparing these four techniques, our study identifies which methods meet our four criteria for 

mapping cropping intensity of smallholder farms. While our results specifically apply to our 

study regions in India, they most likely also apply to smallholder agriculture in other locations 

across the globe where the same types of satellite data are readily available.  

 

Methods 

Study Sites 

 There is a large amount of diversity in cropping pattern across all of India due to factors 

such as climate, soil type, irrigation access, and market dependence (Fan et al. 2000, Gajbhiye 

and Mandal 2000, O'Brien et al. 2004). To represent this diversity, we selected two regions in 

India: one in the arid to semi-arid agro-ecological zone of Northwest India (central Gujarat) and 

one in the sub-tropical agro-ecological zone of central India (eastern Madhya Pradesh, Fig. 2; 

Gajbhiye and Mandal 2000). Both regions are primarily comprised of smallholder agricultural 

land-cover. Central Gujarat has low annual rainfall (approximately 300 mm per year), has 

predominantly sandy to loamy soils, has high access to irrigation (via groundwater or surface 

canals), and is very market-oriented (Gajbhiye and Mandal 2000, Dubash 2002, IRI 2012). In 

contrast, the site in central India receives more annual rainfall (1050 mm per year), has 

predominantly loamy to clayey red and black soils, has little access to irrigation, and agriculture 

is primarily composed of staple crops (e.g. rice and wheat) that are used for local consumption 

and local markets (Gajbhiye and Mandal 2000, IndiaStat 2012, IRI 2012). An algorithm that 

works well in both regions is likely an appropriate method to map cropping intensity of 

smallholder farms across an array of regions with diverse climatic patterns, soil types, irrigation 

access, and crop types. 
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In both regions, there are three possible growing seasons: the monsoon season (kharif) 

that spans from June until late October, the winter season (rabi) that spans from November until 

late March, and the summer season (garmi) that spans from April to late May (Ministry of 

Agriculture 2010). The primary winter crops in Gujarat (e.g. wheat and groundnut) and Madhya 

Pradesh (e.g. wheat, sorghum, pulses, and mustard) are planted as late as November and 

harvested as early as February (Ministry of Agriculture, 2010). Thus remote sensing imagery 

from late December to January should capture all winter crops during their peak growth period 

before harvest. The primary summer crops in Gujarat (e.g. sorghum) are planted as late as 

February and harvested as early as May (Ministry of Agriculture, 2010), making April an ideal 

time for remote sensing imagery to capture all sown summer crops before harvest (Fig. 3). The 

monsoon is the main source of rainfall in both regions, and this rainfall usually lasts from June 

until mid-September, though off-season precipitation occasionally falls in December to January 

(Gadgil 2003, IRI 2012). For farmers to plant an additional crop in the winter or summer 

seasons, they must have access to irrigation or the soils must be able to store water from the 

monsoon or non-seasonal rains (Narain and Roy 1980, Dubash 2002). In our Gujarat site, our 

observations and information from farmers indicate all farms are cropped in the monsoon season 

and, due to high irrigation access, many farms are additionally cropped in the winter and summer 

seasons (Jain, unpublished data). In our Madhya Pradesh site, our observations suggest that 

nearly all farms are cropped during the monsoon season, some farms are cropped during the 

winter season, and even fewer farms are cropped in the summer season due to low access to 

irrigation (DeFries, personal observation). Furthermore, given that irrigation access is not 

consistent over time and space in both regions, there is high heterogeneity in cropping intensity 

across farms, which may result in sub-pixel heterogeneity at the MODIS scale.  
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Mask 

We created a mask to eliminate non-agricultural pixels, including scrubland, forests, bare 

fields, and urban areas, from all of our analyses. The random forest classification algorithm 

(Breiman 2001) was used to differentiate between agricultural and non-agricultural land-cover 

classes, and this analysis was run independently in each of our two study regions. We used only 

MODIS-derived variables in our random forest classifier based on the premise that a MODIS-

derived mask has better applicability over large scales than a Landsat-derived mask given that 

Landsat scenes must be calibrated and mosaicked when used over large areas (Canty and Nielsen 

2008). For our MODIS phenological variables, we downloaded EVI data as well as the 

individual blue, red, NIR, and MIR bands at 250 m resolution (blue and NIR products were 

down-sampled from 500 m observations). All MODIS data were downloaded as sixteen-day 

composites during the length of our study period from 2009-2010. The following variables were 

inputted into our random forest classifier: mean EVI, the standard deviation of the EVI 

phenology, the minimum value in the EVI phenology, the maximum value in the EVI time 

series, mean blue, mean red, mean NIR, and mean MIR. For training data, we used a total of 700 

points in the two study regions that represented the major land-cover classes in each region; 

these data were collected using visual interpretation of Google Earth imagery (Version 

6.1.0.5001, 2012 was used for all analyses) from the date that was closest to our study period. 

We validated our random forest model using 550 additional points from Google Earth and mask 

accuracy was relatively high in both regions (overall accuracy ≥ 77%; see Table S1 in the 

Supplementary Data). It is important to note that we erred on the side of omission rather than 

commission so that we were more certain that the pixels considered in our study were 
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agricultural landcover. We then applied our mask to each high-resolution, Landsat, and MODIS 

image before conducting further analyses. We applied the 250 m x 250 m MODIS mask to 

higher spatial resolution Landsat and Quickbird imagery by downscaling the MODIS pixels to 

30 x 30 m and 2.4 x 2.4 m respectively. If a downscaled pixel was partially assigned a mask 

value (partial assignments occur given that 250 x 250 m pixels are not divisible by 30 x 30 m and 

2.4 x 2.4 m respectively), the pixel was assigned as masked.  

 To assess whether mask accuracy was influencing our results, we created a higher 

accuracy mask using Landsat data for our study region in Gujarat and reassessed our models for 

the winter season. We find that the results from our model comparison are consistent when using 

this higher accuracy mask (Table S2), suggesting that mask accuracy does not strongly influence 

our results. The total cultivated area calculated by our four models, however, will be dependent 

on the accuracy of the mask. Masks with high omission rates will omit agricultural pixels and 

therefore under report cropped area, and masks that have high commission with other green 

vegetation, like forests, will likely over report cropped area.  

 

Methods to Map Cropping Intensity 

We compared four techniques to quantify the cropping intensity of smallholder 

agriculture in our two study regions, which are each the size of one Landsat scene (Fig. 2). We 

ran our analysis for the winter and summer seasons in the Gujarat site, and the winter season in 

the Madhya Pradesh site. We did not run our analyses for the monsoon season in both regions 

since appropriate high-resolution and Landsat imagery were unavailable due to high cloud-cover, 

and for the summer season in Madhya Pradesh given that few crops were planted in this season 

due to little irrigation access. This resulted in three separate study seasons: the winter and 
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summer seasons in Gujarat, and the winter season in Madhya Pradesh. We aimed to assess the 

amount of cropped area only in specific season years when Landsat data were available for our 

two study regions.  

Each method quantifies the fraction of each agricultural pixel that is cropped or 

uncropped in each of the study seasons. Given that we applied a high-accuracy mask to remove 

non-agricultural pixels, we assume that uncropped areas in our estimates represent fallow 

agricultural fields. For the seasons that we did not run analyses, we made two assumptions based 

on our field observations: 1) all agricultural pixels in both sites were cropped during the 

monsoon season given the ability to plant crops solely based on rainfall, and 2) no agricultural 

pixels were cropped during the summer season in the Madhya Pradesh site given little irrigation 

access.  

 

Landsat Threshold Method 

 Our Landsat threshold method (Fig. 1, dotted line boxes) identified whether an 

agricultural pixel was cropped or uncropped in each study season at a 30 m resolution. We 

downloaded available cloud-free Landsat imagery (0% cloud cover in the archive registry) that 

corresponded with each study season from 2009 to 2010 from the United States Geological 

Service (USGS) EarthExplorer database. When possible, we downloaded Landsat 5 TM imagery 

because Landsat 7 ETM+ imagery were incomplete during our study period due to problems 

with scan line correction. One Landsat scene encompassed our study region in Gujarat (Path: 

149, Row: 44) and one scene represented our study region in Madhya Pradesh (Path: 143, Row: 

44). Landsat images were converted to spectral radiance based on each image’s acquisition date 

and sun elevation using ENVI’s built-in Landsat calibration function. We then calculated the 
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NDVI of all agricultural pixels in our image since previous studies have shown a high correlation 

between NDVI and the photosynethic biomass of cropped fields (Benedetti and Rossini 1993, 

Fuller 1998). NDVI was calculated using the NIR (band 4) and red (band 3) band for both 

Landsat 5 TM and Landsat 7 ETM+ imagery.  

 We identified twenty-five homogenous regions of interest that were cropped and twenty-

five homogeneous regions of interest that were uncropped using visual interpretation of high-

resolution satellite imagery (i.e. Quickbird, WorldView-2, and Google Earth). Regions of interest 

ranged from 500 x 500 m to 5 x 5 km in size. We then extracted NDVI values for the associated 

pixels in the Landsat imagery, which we used as training pixels (n ≥ 300) in a regression tree to 

identify the NDVI value that best differentiated between cropped versus uncropped agricultural 

pixels. Regression tree analyses were done separately for each study season, and identified 

thresholds had high accuracy (> 99%) in predicting cropped versus uncropped agriculture. We 

finally applied the NDVI threshold identified for each season to the appropriate Landsat scene to 

classify the remainder of pixels as cropped or uncropped agriculture. The details of all analysis 

software for all methods are outlined in Table S3 in the Supplementary Information. In addition, 

all threshold values for all methods are listed in Table S4 in the Supplementary Information.  

 

MODIS Peak Method 

 For the MODIS peak method (Fig. 1, double lined boxes), we used two criteria to identify 

whether a MODIS 250 x 250 m pixel was cropped in each study season: 1) whether there was a 

peak in the EVI phenology during the season of interest, and 2) if this peak EVI value exceeded 

a threshold that represented cropped agriculture. We downloaded data for two MODIS tiles, one 

for our study region in Gujarat (h24v06) and one for our study region in Madhya Pradesh 
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(h25v06), from January 2001 to December 2011. The data are 16-day composites of the 

LandDAAC MODIS version 5 Enhanced Vegetation Index (EVI) product downloaded from the 

IRI/LDEO Climate Data Library. These data were originally compiled from the United States 

Geological Survey (USGS). By compositing only the clearest, most cloud-free daily values over 

a 16-day period, this product offers relatively cloud-free images (Huete et al. 2002). We use EVI, 

a measure of photosynthetically active vegetation, to detect crop growth in a given pixel 

throughout the entire growing season (Sims et al. 2006). We use EVI rather than NDVI because 

it better corrects for atmospheric contamination by incorporating the blue band in its calculation, 

and is less likely to become saturated at high-levels of biomass given that it better adjusts for 

background soil and canopy reflectance (Huete et al. 1997). In order to correct for any remaining 

high-frequency noise, we smoothed our time series using a cubic smoothing spline function (Fig. 

4).  

  To detect if there was a peak in vegetation growth during the season of interest, we 

identified whether a given EVI value was higher than both of its immediate neighbors in the 

vegetation index time series (Fig. 5). A peak in the EVI time series represents the phase in a 

crop’s growth cycle when vegetation cover is highest prior to senescence and crop harvest 

(Sakamoto et al. 2010). If a peak was identified in the time series, we then determined if the EVI 

value for the date closest to the date of our Landsat imagery was above a threshold that identified 

cropped agriculture. If the EVI value was less than this threshold, the pixel was assumed to be a 

non-agricultural land-cover class that was inaccurately classified in our initial random forest 

mask. To calculate this threshold, we collected twenty-five regions of interest each for cropped 

and uncropped agriculture across each study region through visual interpretation of our Landsat 

classified images. Regions of interest ranged from 500 x 500 m to 5 km x 5 km. All training 
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pixels in the Landsat imagery were homogeneous enough to avoid spectral mixing of cropped 

with uncropped regions in the associated MODIS pixels. We then extracted the EVI value for the 

date closest to the date of our Landsat imagery for the associated MODIS pixels and used them 

to identify a threshold for cropped agriculture, which was calculated using the same methods 

described for the Landsat threshold method. 

  

Temporal Mixture Analysis 

 The MODIS temporal mixture analysis (TMA; Fig. 1, gray boxes) identified the percent 

of each MODIS pixel (250 x 250 m resolution) that was single, double, or triple cropped based 

on a temporal mixture analysis of end-member phenologies that represent each of these three 

classes. To select appropriate end-members, we conducted an empirical orthogonal fractions 

(EOF) analysis by running a Principal Component Analysis (PCA) on our entire MODIS EVI 

time series from 2001 to 2011 (Small 2012). We attempted the same analysis using MODIS data 

that only spanned the time period of our case study, 2009 to 2010, but found that it was difficult 

to select appropriate end-members due to increased variability in phenologies across our dataset. 

In order to identify the temporal end-members that best represented our temporal feature space, 

we examined the two-dimensional plots of each of the first three PCA bands, which represented 

over 90% of the variance in our dataset. We linked the maps produced by our PCA analysis with 

our original EVI time series data and, based on visual interpretation, selected single end-member 

EVI phenologies that were most representative of bare ground, as well as, single, double, and 

triple cropping (Fig. 6A). At the regional scale, our endmembers were very stable, which allowed 

us to use a single phenology as an endmember. We included bare ground as an end-member 
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phenology to account for possible pixels that were misclassified using our random forest mask 

(Section 2.2).  

EVI does not scale linearly in a TMA since it is a ratio. We instead calculated the simple 

Perpendicular Vegetation Index (PVI), which is a linear combination of the NIR and red band 

(Richardson and Weigand 1977, Lobell and Asner 2004).  

 

Equation 1:  simple PVI  = NIR - red  

 

We subsetted each PVI time series for the selected end-members to span from 2009 to 2010. We 

then used these four end-member PVI phenologies in our TMA to identify the percent of each 

MODIS pixel that was bare ground or single, double, or triple cropped (Fig. 6B). Single cropping 

denoted pixels that were cropped only during the monsoon season, double cropping denoted 

pixels that were cropped in both the monsoon and winter seasons, and triple cropping denoted 

pixels that were cropped in all three growing seasons (Fig. 6A). These TMA analyses were 

conducted separately for each of the two study regions.  

 

Hierarchical Training Technique 

The hierarchical training technique (Fig. 1, dashed line boxes) quantified the percent of 

each MODIS pixel (250 x 250 m resolution) that was cropped in each season by calibrating 

MODIS EVI values to the percent of each pixel cropped as defined using higher resolution 

ground-truth imagery. Quickbird and Worldview-2 imagery were used as ground-truth data for 

our Gujarat site and Landsat imagery was used as ground-truth data for our Madhya Pradesh site. 

To calculate the calibration algorithm, we selected random MODIS pixels across the region that 
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overlapped with our higher resolution calibration data and extracted the EVI value from the date 

closest to that of the calibration data for each pixel. Next, we calculated the true percent that each 

of these MODIS pixels was cropped using our higher resolution ground-truth imagery. We 

checked that the relationship between MODIS EVI and the percent that each MODIS pixel was 

cropped was linear for each of our analyses, and used linear regressions to calculate the 

appropriate slope and intercept to calibrate our EVI values. Five hundred random pixels were 

used in Gujarat and 1500 random pixels were used in Madhya Pradesh to establish a consistent 

calibration algorithm. These analyses were independently conducted for each scale of 

aggregation (i.e. 250 x 250 m, 1 x 1 km, 5 x 5 km, and 10 x 10 km) and each study season. 

 

Validation Techniques 

 To validate each of our four models and assess their accuracy in mapping cropping 

intensity, we compared cropped area using our four methods (dependent variables) with cropped 

area defined using higher-resolution Quickbird, WorldView-2, or Landsat ground-truth imagery 

(independent variables). Higher-resolution imagery served as ground-truth data for our study 

regions since it is possible to visually interpret whether a given field is cropped or uncropped 

(Fig. 7). Accuracy was assessed using root mean square error (RMSE), adjusted R2, and the 

Spearman’s rank correlation coefficient. Furthermore, since previous studies (e.g. Lobell and 

Asner 2004, Potgieter et al. 2007) have suggested that the accuracy of crop classification 

algorithms varies based on the spatial aggregation used for analysis, we assess the accuracy of 

our four techniques at four different levels of aggregation: 250 x 250 m, 1 x 1 km, 5 x 5 km, and 

10 x 10 km. While we expect the accuracy of our methods to increase with spatial aggregation 

due to the “averaging out” of errors, we are interested in identifying the lowest spatial scale at 
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which this occurs and leads to relatively high accuracy in detecting cropped area for each of our 

methods.  

 

Validation Imagery 

 As validation data, we downloaded high-resolution Quickbird or Worldview-2 imagery 

(1.8 to 2.4 m resolution) if available during the peak growth period for each of our study seasons 

in 2009-2010: December to January for the winter season and April to May for the summer 

season. Overall one Quickbird image (2.4 m resolution) and two WorldView-2 images (1.84 m 

resolution) from the NASA Cad4nasa database met these criteria. These high-resolution data 

were visually inspected to identify whether a given agricultural pixel was cropped or uncropped 

at the time of acquisition (Fig. 7). For each image, we then selected twenty-five cropped and 

twenty-five uncropped regions of interest, which were each approximately 100 x 100 m, 

extracted the NDVI values for the associated pixels, and identified a threshold for cropped 

agriculture using the methods described for the Landsat threshold method.  

High-resolution data was obtained for the winter and summer seasons in Gujarat, 

however, we could not obtain cloud-free high-resolution data for the winter season in Madhya 

Pradesh. In this case, we used the classified Landsat map produced using the Landsat threshold 

method to validate our MODIS-derived models. While inferior to high-resolution data, Landsat 

is an alternative and has high accuracy for mapping cropped area (R2 ≥ .71; Table 1). 

 

Validation at Different Spatial Scales of Aggregation 

Given the differences in validation imagery available for our two study regions, we 

conducted two sets of validation analyses. For Gujarat, where high-resolution Quickbird and 
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WorldView-2 imagery were available, we conducted validation at three levels of aggregation: 

250 x 250 m, 1 x 1 km, and 5 x 5 km. Since high-resolution data were unavailable for Madhya 

Pradesh, we also conducted validation using Landsat imagery as ground-truth data for both of 

our study sites. For these analyses, we conducted validation at three levels of aggregation: 250 x 

250 m, 1 x 1 km, and 10 x 10 km. The largest scale of aggregation used for high-resolution 

Quickbird and WorldView-2 imagery was only 5 x 5 km and not 10 x 10 km because our high-

resolution imagery had a smaller spatial extent than our Landsat validation imagery. 

Validation was conducted in an automated manner by selecting five hundred MODIS 

pixels at random from the maps produced by the four methods as well as the validation imagery. 

By doing this, we can compare the fraction of area cropped in a 250 x 250 m region predicted by 

our different methods (dependent variables) and the true fraction of area cropped defined by the 

validation data (Quickbird, WorldView-2, or Landsat used as independent variables). Cropped 

area estimates may range from 0% to 100% of a 250 x 250 m region. The same random point 

selection algorithm was used for validation at larger scales of aggregation, however, the regions 

of interest in these cases were 1 x 1 km, 5 x 5 km, and 10 x 10 km respectively. At these larger 

scales of aggregation, cropped area estimates may range from 0% to 100% of a 1 x 1 km, 5 x 5 

km, or 10 x 10 km region respectively. We aggregated to each spatial resolution by calculating 

the mean value within each desired grid cell (Butler 1999). 

To assess accuracy, we calculated the root mean square error (RMSE), the adjusted R2 

and the slope of the relationship (Table S5A and B), and the Spearman’s rank correlation 

coefficient when comparing area cropped predicted by each of our methods and true area 

cropped as defined using our validation imagery. The RMSE identifies how closely points lie 

along the one to one line between our model results and validation data, whereas the adjusted R2 
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is a measure of variance explained by each model. We also calculated the Spearman’s rank 

correlation coefficient, which is a non-parametric test that is less sensitive to outliers. Validation 

was conducted for each scale of aggregation and each study season. The most accurate method 

was the one with the lowest RMSE as well as the highest adjusted R2 and Spearman’s coefficient. 

In cases where a single method did not meet all three criteria (5 out of 24 cases), we selected the 

most accurate method as follows. First, we considered only the RMSE value; if a method’s 

RMSE was greatly lower than the next best RMSE (> 0.05 difference), this method was 

considered to be the most accurate. Out of all three metrics that we considered, we are most 

interested in accuracy with respect to the RMSE since this measure is the most dependent on 

whether our predicted cropped area results match our validation values (as opposed to these 

values simply being correlated). In cases where the RMSE of two methods were within 0.05 of 

one another, we selected the method that had the higher adjusted R2 value (4 out of 24 cases).  

To identify if our model results were biased at any particular range of cropped area, we 

conducted additional validation that statistically compared predicted cropped area from our four 

models with cropped area derived using our validation data. We did this by binning our cropped 

area estimates from the validation data by quartiles (i.e. cropped area < 25%, 25-50%, 50-75%, 

and > 75%) and then assessed whether our models were significantly under or over-predicting 

cropped area in each quartile by using paired Wilcoxon signed-rank tests (Mayer and Butler 

1993). This test is ideal given that comparisons are made in a pairwise fashion and do not assume 

normality, which is unlikely in this case given that the data are percentage estimates. Results of 

this analysis are reported in the Supplementary Information (Tables S6A and B).  

 

Reproducibility of Techniques 
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 To assess whether our four methods were applicable to a wider region than only the area 

used to train our models, we validated our methods within the same agro-ecological zone 

(Gajbhiye and Mandal 2000) for our two study sites using a neighboring Landsat scene (Fig. 2; 

Gujarat: Row 148, Path 44; Madhya Pradesh: Row 143, Path 45). We conducted this additional 

analysis only for the winter season, given that this was the only season for which we had high-

resolution Quickbird and Worldview-2 data in the Gujarat site. For the Madhya Pradesh site, we 

used Landsat imagery for validation since no high-resolution Quickbird and Worldview-2 scenes 

were available. We validated our methods at multiple scales of aggregation (250 x 250 m, 1 x 1 

km, 5 x 5 km, and 10 x 10 km) using the methods described previously. Since Landsat 7 ETM+ 

imagery was the only cloud-free Landsat scene available for the Gujarat site, we masked pixels 

with missing values caused by the Landsat scan line correction problem in all imagery prior to 

validation. This ensured that our datasets were comparable despite the missing data pixels in the 

Landsat 7 ETM+ imagery.  

 

Validation with Indian Agricultural Census Data 

As a second method of validation, we compared cropped area estimates with Indian 

Agricultural Census data (from the Agricultural Census Division, Ministry of Agriculture 2010) 

for several districts during the winter 2010 season. Due to the large scale of this analysis, we 

calculated cropped area using the methods derived for the 10 x 10 km aggregation only. Since 

our original Landsat scene in each study region did not encompass any individual districts fully, 

we mosaicked results produced for our original study regions with results produced for our 

validation study regions. These larger study areas covered three districts in Gujarat and two 
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districts in Madhya Pradesh. We did not consider the results of our summer season analysis 

given that agricultural census data does not exist for this season.  

 

Assessment of Each Method 

 We used four criteria to assess the benefits and problems with each of our methods for 

quantifying cropping intensity: 1) data availability, 2) assessment accuracy, 3) ease of 

implementation, and 4) applicability over large spatial and temporal scales. For each criterion of 

interest, we subjectively assigned each method a rating as high performance (meaning that the 

method performed very well), moderate performance (method performed acceptably well), or 

low performance (method performed poorly). We assessed each method based on our experience 

using the methods in our two study regions. It is possible that our methods perform well 

regarding some criteria but poorly for other criteria. We discuss these criteria in addition to 

accuracy because different algorithms may be more appropriate in different situations depending 

on the main criteria of interest for a given study (DeFries and Chan 2000).  

 

Results 

Accuracy of Crop Mapping Methods Compared to Ground-truth Validation Imagery 

 Of the four methods, the Landsat threshold method has the highest accuracy (R2 from 

0.71 to 0.97, RMSE from 0.01 to 0.14) at all resolutions in both study regions, particularly at 

finer spatial scales (250 x 250 m; Table 1). Of the three MODIS methods, the hierarchical 

training method performed with the highest accuracy (R2 from 0.29 to 0.97 and RMSE from 0.01 

to 0.14 when validated with high-resolution imagery; R2 from 0.16 to 0.71 and RMSE from 0.08 

to 0.23 when validated with Landsat data) at all resolutions in both sites (Tables 1 and 2). The 
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accuracy of the MODIS hierarchical training method was particularly high when results were 

aggregated at scales of 1 x 1 km or greater (R2 up to 0.97 and RMSE as low as 0.00 when 

validated with high-resolution imagery; R2 up to 0.71 and RMSE as low as 0.09 when validated 

with Landsat data). These results suggest that the Landsat threshold method is the most accurate 

for quantifying cropping intensity, particularly at finer spatial resolutions (250 x 250 m), but the 

MODIS hierarchical method is fairly accurate for quantifying cropping intensity when 

aggregated to coarser spatial resolutions (≥ 1 x 1 km). We have included maps of cropped area 

produced by each method in the supplementary information for visual inspection (Fig. S5 and 

S6).  

 Of the two least accurate methods, the MODIS peak method performed fairly well 

considering adjusted R2 and Spearman’s coefficients during the winter season when there is a 

large amount of cropped agricultural land-cover (R2 up to 0.95 and Spearman’s coefficient up to 

0.98 when validated with high-resolution imagery; R2 up to 0.61 and Spearman’s coefficient up 

to 0.87 when validated with Landsat data; Tables 1 and 2). This is particularly true at larger 

scales of aggregation (≥ 5 x 5 km aggregation). Yet this method performs poorly considering 

RMSE measures (RMSE up to 0.41 when validated with high-resolution data; RMSE up to 0.47 

when validated with Landsat data). Furthermore, this method performs very poorly during the 

summer season when there is less and more sparsely cropped agricultural land-cover (R2 as low 

as 0.00 when validated with high-resolution imagery and Landsat data; Tables 1 and 2). During 

the summer season, the MODIS TMA is more accurate (R2 up to 0.60 and RMSE as low as 0.07 

when validated with high-resolution imagery; R2 up to 0.42 and RMSE as low as 0.14 when 

validated with Landsat data), particularly at larger scales of aggregation (≥ 5 x 5 km aggregation; 

Tables 1 and 2). This is likely because the MODIS peak method over-predicts uncropped pixels 
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when there is little cropped agriculture within a given MODIS pixel (see Fig. S1 in the 

Supplementary Information).  

 Each method performed slightly differently based on the growing season and the study 

region of interest. Most methods performed better during the winter than the summer season in 

Gujarat (Tables 1 and 2), most likely because there is little cropped area across the region during 

the summer season resulting in high sub-pixel heterogeneity at the MODIS scale. The analyses 

also performed slightly better in Gujarat than Madhya Pradesh during the winter season (Table 

2). This is likely also because cropped agricultural land-cover is sparser in the Madhya Pradesh 

site than the Gujarat site during the winter season due to less and more heterogeneous access to 

irrigation.  

 Considering the Wilcoxon signed-rank tests on the binned quartile data (Table S6A and 

B), we find that the MODIS peak and the MODIS TMA method typically over-predict cropped 

area, particularly during the winter season when there is a greater amount of cropping in a given 

region. The Landsat threshold method typically under-predicts cropped area, especially at low 

levels of cropped area (< 50% cropped pixels at scales of up to 5 x 5 km). The MODIS 

hierarchical method typically over-predicts cropped area at low levels of cropping (< 50% 

cropped area at scales of up to 10 x 10 km), particularly in Gujarat. In the Madhya Pradesh site, 

where cropped area is much sparser and less spatially clumped, the hierarchical method 

significantly under-predicts cropped area.  

   

Reproducibility of Methods to a Different Region 

 We found that the relative accuracy of each method did not change when used to 

calculate winter cropped area in a new agricultural region for each of our study regions. The 
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overall accuracy of each of our methods, however, decreased for these new areas (Tables 3 and 

4). The Landsat method still performed with the highest accuracy (R2 from 0.83 to 0.85 and 

RMSE from 0.03 to 0.14), especially at finer spatial resolutions of 250 x 250 m (Table 3). The 

MODIS hierarchical technique had relatively high accuracy (R2 from 0.58 to 0.75 and RMSE 

from 0.00 to 0.14 when validated with high-resolution imagery; R2 from 0.52 to 0.71 and RMSE 

from 0.10 to 0.20 when validated with Landsat data) in both Gujarat and Madhya Pradesh, 

particularly at aggregate scales of 1 x 1 km or greater (Tables 3 and 4). Considering our two least 

accurate methods, the MODIS peak method outperformed the TMA during the winter season 

when there is a greater amount of cropped land-cover, however, the TMA outperformed the peak 

method during the summer season when there is little and sparsely cropped agricultural land-

cover (Tables 3 and 4).  

 

Cropped Area Comparisons with Agricultural Census Data 

 Considering comparisons with agricultural census data for the districts encompassed by 

our study regions in Gujarat and Madhya Pradesh, we found that all four of our methods 

calculated a greater amount of cropped area during the winter season than measured using 

agricultural census data (Table S7). Given the high accuracy of our methods compared to high-

resolution validation imagery, we believe that the difference between our estimates and 

government measures is due to underreporting of agricultural cropped area in the census data. 

Previous remote sensing studies have found similar results in India considering the reporting of 

irrigated cropped area (Thenkabail et al. 2009, Dheeravath et al. 2010). 

 

Criteria to Identify the Benefits and Problems with Each Method 
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 Our qualitative analysis of each method found that though the Landsat method had the 

highest accuracy, particularly at finer resolutions of analysis, this method is difficult to 

implement across large spatial and temporal scales. In these cases, the MODIS hierarchical 

method may be most appropriate because it offers moderately high accuracy (particularly at 

aggregate scales ≥ 1 x 1 km), moderate ease of use, and is moderately easy to implement across 

large spatial and temporal scales (Table 5).  

While the Landsat threshold method had the highest accuracy and is easy to implement 

since it only requires the identification of a threshold, it performs poorly with respect to data 

availability and the ability to use the method over large spatial and temporal scales. This is 

because Landsat data may have poor coverage, particularly in the tropics where there is high 

cloud cover, and because it is cumbersome to calibrate and mosaic multiple Landsat images 

across large scales (e.g. Canty and Nielsen 2008).  

The MODIS hierarchical training method performs moderately with respect to all four of 

our criteria. Accuracy is relatively high, particularly at larger scales of aggregation (≥ 1 x 1 km). 

The method is moderately easy to use given that calibration analyses can be done using simple 

linear regressions. Considering the criteria of data availability and the ability to use the method 

over large scales, while the hierarchical training method requires the use of some high-resolution 

(i.e. Quickbird, Worldview-2, or Google Earth imagery) and Landsat imagery to train the 

MODIS model, once the model is trained it is feasible to use only MODIS data to assess 

cropping intensity across larger regions. Based on our reproducibility results, this method can 

likely be used to assess cropping intensity accurately within the same agro-ecological zone 

where crop type, soil type, and topography remain similar, however, it is unclear how much 

further our analyses can extend without having to perform new region-specific calibration.  
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The MODIS TMA method performs well considering the criteria of data availability and 

the ability to use the method over large spatial and temporal scales, however, the analysis 

performs poorly considering accuracy and ease of use. The main benefit of the TMA is that only 

MODIS data are required to quantify cropping intensity. The accuracy of this method, however, 

is much lower compared to the Landsat threshold and MODIS hierarchical models, our two most 

accurate methods (Tables 1 and 2).   

Finally, the MODIS peak method does moderately well considering ease of use over 

large spatial and temporal scales and data availability. Like the hierarchical training technique, 

some high-resolution and Landsat imagery are required to train the model, but once the model is 

trained only MODIS data can be used to conduct the method over larger regions. Our 

reproducibility results suggest that this method can be used without re-calibration within the 

same agro-ecological zone where crop type, soil type, and topography remain constant, however, 

it is unclear how much further analyses can extend without re-calibration. Considering accuracy, 

this method does well in regions and seasons when there is a large amount of cropped 

agricultural land-cover, however, it performs very poorly when there is little and sparsely 

cropped agricultural land-cover given that the method over-predicts uncropped pixels.   

 

Discussion  

 Our study assesses multiple methods to map cropping intensity of smallholder agriculture 

where the spatial resolution of one farm is typically smaller than the spatial resolution of readily 

available satellite imagery. We assessed how each of our four methods performed based on 

several criteria: the accuracy of the method, availability of required data, ease of use, and 

applicability of the method over large spatial and temporal scales (Table 5). There are several 
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broad conclusions that can be drawn from our results. First, we find that the most appropriate 

method depends on the criteria of interest. The most accurate method to map cropping intensity 

across our study seasons and regions is the Landsat threshold method (Table 1). Yet given the 

difficulty of using this method across large spatial and temporal scales, the MODIS hierarchical 

training method that calibrates EVI values to validation imagery may be a more appropriate 

method for large-scale analyses. Considering data availability, the only method that does not 

require high-resolution or Landsat imagery for model training is the MODIS TMA. Thus, even 

though this method has relatively low accuracy, it may be the most appropriate to use in cases 

where there is no access to higher resolution datasets. Second, we find that the accuracy of our 

methods generally increased when the results were aggregated to coarser spatial resolutions 

(Tables 1 and 2). Finally, the accuracy of each method varied based on the growing season and 

region in question (Tables 1 and 2). Our models, particularly the MODIS-derived methods, are 

less accurate in regions and seasons with sparsely cropped agricultural land-cover. This is likely 

due to high sub-pixel heterogeneity at the MODIS scale, which results in over-prediction of 

uncropped agriculture.  

 The Landsat threshold method was uniformly the most accurate across the study regions 

and growing seasons considered in our analyses, particularly at the level of 250 x 250 m. This is 

intuitive given that the size of a Landsat pixel (30 m resolution) most closely matches the spatial 

resolution of individual smallholder agricultural fields, resulting in little sub-pixel heterogeneity. 

These results correspond to previous studies that have found that Landsat most accurately maps 

irrigated area in India compared to coarser resolution sensors (Velpuri et al. 2009). Despite high 

accuracy, the Landsat method is more difficult to use regarding data availability and the ability to 

apply this method over large spatial and temporal scales. Landsat images are often unavailable 



! 94 

during wet growing seasons or in tropical regions when there is high cloud cover, as evidenced 

by missing Landsat scenes for the monsoon season in both regions. Data availability issues are 

exacerbated when using Landsat 7 ETM+ due to problems with the Scan Line Corrector 

malfunction in 2003, which results in stripes of missing values across all but the center of the 

image. Furthermore, Landsat is difficult to use over large spatial and temporal scales since it can 

be cumbersome to mosaic and calibrate images through space and time. Given these concerns, 

the Landsat threshold method is most appropriate for assessing cropped area over small spatial 

and temporal scales in regions with little to no cloud cover.  

For quantifying cropping intensity over large spatial and temporal scales, the hierarchical 

training technique that calibrates MODIS EVI values to higher-resolution ground-truth imagery 

may be the most appropriate method. While the accuracy of this technique is typically lower than 

that of the Landsat threshold method, it was consistently highest across our three MODIS 

methods. Regarding ease of use, this method is moderately difficult because it requires a separate 

analysis to calibrate EVI values. With respect to data availability and the ability to use this 

method over large spatial and temporal scales, though this method uses high-resolution imagery 

and Landsat data to train the calibration algorithm, these data are only required over a small 

spatial scale. Once the hierarchical model is calibrated, it can then be used to calculate cropped 

area using only MODIS imagery. Our reproducibility tests suggest that the same calibrated 

model can be used to accurately quantify cropping intensity for agricultural areas within the 

same agro-ecological zone where crop type, soil type, climatic patterns, and topography are 

similar, however, it is likely that the model should be re-calibrated in new regions where these 

factors vary significantly. This is evidenced by the fact that we had to calculate separate 
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calibration algorithms for our Gujarat and Madhya Pradesh sites. Future studies should assess the 

spatial extent over which these models can be used without re-calibration.  

All of our models require at least one high-resolution or Landsat scene for training and 

calibration, except for the MODIS TMA. End-member phenologies are selected using an EOF 

analysis of only MODIS data, and these phenologies are then used in a linear mixture analysis to 

quantify the percent of each pixel that is single, double, and triple cropped. The accuracy of this 

method, however, is variable, even at coarser spatial aggregations of 10 x 10 km (R2 from 0.23 to 

0.60 when validated with high-resolution imagery and R2 from 0.20 to 0.38 when validated with 

Landsat data). Furthermore, this model did not perform very well in our reproducibility tests (R2  

< .4 at 10 x 10 km aggregation). This may be because the EVI green-up and green-down dates of 

single, double, and triple cropping differ between the region used to select our TMA end-

members and the region used for our reproducibility test. Despite relatively low accuracy, the 

TMA may be appropriate if only MODIS data are available for quantifying cropping intensity 

over the region of interest.  

The MODIS peak method had high accuracy in regions and seasons with a large amount 

of cropped agricultural land-cover, such as the winter season in Gujarat (R2 up to 0.95 at 10 x 10 

km aggregation). Yet the method had the lowest accuracy of all four of our methods considering 

RMSE (RMSE up to 0.47) and when used to quantify cropped area in regions and seasons with 

little, sparsely cropped agriculture (R2 up to 0.02). This is likely because the MODIS peak 

method assigns a binary value to each MODIS pixel (i.e. either cropped or uncropped) and, thus, 

over-predicts uncropped pixels when cropped land-cover is sparse (see Fig. S1 in the 

Supplementary Information). These results are of particular interest since the peak method has 

been the most widely used method in the literature to quantify cropping intensity using MODIS 
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data (e.g. Biradar and Xiao 2011). It is important to note that our MODIS peak method slightly 

differed from those used to calculate cropping intensity in previous studies because we 

additionally applied a threshold constraint to define cropped agriculture, which improved 

accuracy in our study regions.   

All analyses had improved accuracy at coarser spatial aggregations. For example R2 

values were typically low at the 250 x 250 m scale (R2 < .6) but increased at scales of 1 x 1 km 

and greater (R2 as high as .95). This suggests that it is best to quantify cropping intensity at as 

large of spatial aggregation scales as possible (e.g. ≥ 10 x 10 km), where over-prediction and 

under-prediction of cropped area at the pixel level evens out (Potgieter et al. 2007). In cases 

where smaller scale analyses must be conducted, our Landsat method does reasonably well at 

scales greater than or equal to 250 x 250 m, and the MODIS hierarchical training method does 

well at scales greater than or equal to 1 x 1 km.  

It is important to consider how well our models might perform in different regions. Based 

on our reproducibility tests, our methods achieve the same relative accuracy when we apply our 

derived algorithms to another area within the same agro-ecological zone, where crop type, soil 

type, topography, and climate patterns remain constant. This suggests that the scaling 

relationships and cropping algorithms that we derive in one area may be applicable to a wider 

region than simply the scene used to train our models. It is important to note, however, that it is 

unclear how reproducible our algorithms are across very large regions (e.g. multiple Landsat 

scenes). The fact that we had to calculate different threshold values and calibration relationships 

for each of our methods in our two study sites (i.e. Gujarat and Madhya Pradesh) suggests that 

we need to independently derive our models for regions that vary based on factors such as 

climatology, agro-ecological zone, and topography. It is also important to consider how our 
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models might perform in regions of smallholder farming outside of India where agriculture 

landcover may be more sparsely cropped and there is high heterogeneity in landcover classes. 

All models performed best during the winter season, when there was a large amount of cropped 

agriculture and there was little confusion between cropped agriculture and other land-cover 

classes (since scrubland remains bare in non-monsoon seasons). Our models performed the least 

well during the summer season, when cropped fields are sparse and disaggregated due to little 

and heterogeneous irrigation access. This made it more difficult to accurately quantify cropped 

area using Landsat and MODIS sensors due to the higher chance of sub-pixel heterogeneity. The 

relative performance of our models, however, remained constant. This suggests that increased 

heterogeneity in crop cover may reduce the accuracy of our models, but the relative accuracy and 

decision for which model to use will likely remain the same. In addition, in regions that have 

high spatial heterogeneity in landcover classes (i.e. agriculture mixed with bushes and forests), 

we argue that higher resolution imagery (i.e. Quickbird or Landsat) should be used to create the 

non-agricultural mask that is applied before analysis. This will improve accuracy of all models 

since it will apply our four crop detection methods to mostly agricultural pixels. 

Our analyses focused on using readily available Landsat and MODIS data, however, 

there are other remote sensing products available for our study region that may be used to 

classify cropped area. For example, many studies use microwave RADAR data to detect 

cropping patterns; this is because RADAR uses relatively long wavelengths that can easily pass 

through cloud cover as well as atmospheric particulate matter, resulting in high quality data even 

during periods of high cloud cover. Current commercial global products are available at 

relatively fine spatial (approximately 10 m x 10 m; e.g. ALOS-PALSAR) and temporal 

resolutions (approximately every 45 days for some regions; e.g. ALOS-PALSAR). Previous 
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studies have found that RADAR products, both airplane and satellite derived, can discriminate 

crop type by up to 60% to 96% (Bouvet et al. 2009). While RADAR appears to be a relevant step 

forward, there are several issues that make its use more difficult than readily available imagery 

like Landsat and MODIS. First, the temporal coverage of RADAR products may not be optimal 

depending on the location of the study, particularly if image dates do not align with crop 

calendars of a given region. Second, a significant amount of processing may be required to 

accurately geo-reference and co-register multiple images (Chakraborty et al. 1999). Finally, the 

cost of RADAR products is typically high (i.e. several hundred dollars per image) making its use 

over large areas and timescales prohibitive. In addition, for India specifically, several remote 

sensing products are available from the Indian Space Research Organization (ISRO). These 

include RADAR products as well as multi-spectral passive satellites. While these data have been 

used to accurately classify cropped area in India with up to 95% accuracy (Panigrahy and 

Sharma 1997, Sahoo et al. 2012), these products are not readily available for use and are difficult 

to obtain if not affiliated with an Indian government or educational institution. We therefore did 

not consider these data in our analyses. 

 

Conclusion 

Though quantifying cropping intensity is an important step in assessing food security, 

current remote sensing techniques may not accurately map the cropping intensity of smallholder 

farms where the size of one field (typically ≤ 2 ha) is typically smaller than the spatial resolution 

of readily available satellite data like Landsat and MODIS. To identify the best ways to quantify 

cropping intensity of smallholder farms, our study assessed how well four classification methods 

from the literature performed based on multiple criteria: the accuracy of the method, availability 
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of required data, ease of use, and applicability of the method over large spatial and temporal 

scales (Table 5). The four methods considered in our study are a Landsat threshold technique, a 

method that identifies peaks in MODIS time series, a temporal mixture analysis (TMA) using 

MODIS data, and a hierarchical technique that trains MODIS data using higher resolution 

imagery. In conclusion, our results suggest that it is possible to accurately map cropping intensity 

of smallholder agriculture using Landsat and MODIS. The method that is most appropriate for a 

given area depends on the goals of the study, the scale of analysis, and the characteristics of the 

agricultural system in question. Our Landsat threshold method is most appropriate to quantify 

cropping intensity of individual farm plots over small spatial and temporal scales, particularly in 

arid to semi-arid regions where cloud contamination does not pose a problem for data 

availability. For studies that analyze cropping intensity over large spatial and temporal scales, we 

suggest that the MODIS hierarchical training method may be the most appropriate analysis. This 

method had moderately high accuracy, especially at spatial aggregations greater than or equal to 

1 x 1 km, had moderate ease of use, and was moderately easy to implement over large spatial 

scales, at least within the same agro-ecological zone where calibration relationships remained 

constant. In cases where no Landsat or high-resolution data are available, we suggest that 

researchers use the MODIS TMA method. Yet given the low accuracy of this method, 

particularly at smaller scales, we suggest that this method only be used to map cropping intensity 

at aggregate scales of at least 10 x 10 km.    
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Tables and Figures 

Table 1. R2, RMSE, and Spearman’s rank correlation coefficient of cropped area derived 
from each of our methods for each study season in Gujarat using cropped area derived 
from high-resolution Quickbird or WorldView-2 imagery as validation data. All cropped 
areas are defined as fraction of area cropped, and thus range from 0 to 100%. A higher R2, lower 
RMSE, and higher rank coefficient indicate that the model was more accurate in predicting 
cropped area when compared to validation data. The most accurate method for each spatial scale 
of analysis and study season is highlighted in bold.  
 

250 x 250 m 1 x 1 km 5 x 5 km 
Region Season Method 

R2 RMSE Rank R2 RMSE Rank R2 RMSE Rank 

Landsat 0.85 0.11 0.92 0.93 0.08 0.96 0.97 0.07 0.98 

MODIS 
Peak 

- - - 0.71 0.41 0.90 0.96 0.29 0.98 

TMA 0.16 0.44 0.41 0.46 0.40 0.68 0.60 0.43 0.80 

Winter 

 

Hierarchical 0.59 0.19 0.78 0.86 0.07 0.93 0.97 0.01 0.99 

Landsat 0.71 0.10 0.62 0.78 0.05 0.65 0.86 0.01 0.92 

MODIS 
Peak 

- - - 0.00 0.05 0.10 - 0.01 - 

TMA 0.00 0.15 -0.11 0.00 0.13 -0.24 0.23 0.07 -0.55 

Gujarat 

Summer 

Hierarchical 0.30 0.08 0.72 0.45 0.04 0.71 0.50 0.01 0.70 
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Table 2. R2, RMSE, and Spearman’s rank correlation coefficient of cropped area derived 
from each of our methods for each study season in Gujarat and Madhya Pradesh using 
cropped area derived from Landsat imagery as validation data. All cropped areas are 
defined as fraction of area cropped, and thus range from 0 to 100%. A higher R2, lower RMSE, 
and higher rank coefficient indicate that the model was more accurate in predicting cropped area 
when compared to validation data. The most accurate method for each spatial scale of analysis 
and study season is highlighted in bold. 
 

250 x 250 m 1 x 1 km 10 x 10 km 
Region Season Method 

R2 RMSE Rank R2 RMSE Rank R2 RMSE Rank 

MODIS 
Peak 

- - - 0.61 0.49 0.87 0.60 0.37 0.74 

TMA 0.15 0.50 0.43 0.42 0.47 0.67 0.38 0.44 0.59 Winter 

Hierarchical 0.53 0.23 0.76 0.83 0.10 0.92 0.58 0.16 0.70 

MODIS 
Peak 

- - - 0.02 0.09 0.16 0.00 0.41 0.29 

TMA 0.00 0.19 0.04 0.00 0.14 0.04 0.21 0.32 0.30 

Gujarat 

  Summer 

Hierarchical 0.16 0.14 0.59 0.34 0.07 0.72 0.51 0.26 0.64 

MODIS 
Peak 

- - - 0.26 0.39 0.43 0.45 0.28 0.63 

TMA 0.14 0.36 0.36 0.33 0.26 0.57 0.51 0.17 0.69 Madhya 
Pradesh 

Winter 

Hierarchical 0.51 0.23 0.73 0.66 0.15 0.83 0.71 0.09 0.87 
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Table 3. R2, RMSE, and Spearman’s rank correlation coefficient of each of our methods 
for the reproducibility test for the winter season in Gujarat. High resolution WorldView-2 
imagery is used for validation data. All cropped areas are defined as fraction of area cropped, and 
thus range from 0 to 100%. A higher R2, lower RMSE, and higher rank coefficient indicate that 
the model was more accurate in predicting cropped area when compared to validation data. The 
most accurate method for each spatial scale of analysis is highlighted in bold. 
 

250 x 250 m 1 x 1 km 5 x 5 km 
Region Season Method 

R2 RMSE Rank R2 RMSE Rank R2 RMSE Rank 

Landsat 0.85 0.14 0.86 0.83 0.07 0.91 0.94 0.03 0.99 

MODIS 
Peak 

- - - 0.50 0.18 0.64 0.87 0.09 0.98 

TMA 0.00 0.39 0.04 0.00 0.36 0.04 0.57 0.38 0.78 

Gujarat Winter 

Hierarchical 0.59 0.14 0.70 0.75 0.05 0.85 0.98 0.00 0.99 
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Table 4. R2, RMSE, and Spearman’s rank correlation coefficient of each of our methods 
for the reproducibility test for the winter season in Gujarat and Madhya Pradesh. Landsat 
imagery is used for validation data. All cropped areas are defined as fraction of area cropped, and 
thus range from 0 to 100%. A higher R2, lower RMSE, and higher rank coefficient indicate that 
the model was more accurate in predicting cropped area when compared to validation data. The 
most accurate method for each spatial scale of analysis and study region is highlighted in bold. 
 

250 x 250 m 1 x 1 km 10 x 10 km 
Region Season Method 

R2 RMSE Rank R2 RMSE Rank R2 RMSE Rank 

MODIS 
Peak 

- - - 0.50 0.17 0.68 0.42 0.22 0.71 

TMA 0.00 0.43 0.07 0.00 0.36 0.10 0.37 0.17 0.66 Gujarat 

Hierarchical 0.56 0.20 0.67 0.70 0.08 0.81 0.77 0.11 0.89 

MODIS 
Peak 

- - - 0.19 0.35 0.45 0.14 0.31 0.44 

TMA 0.35 0.27 0.53 0.34 0.21 0.50 0.43 0.14 0.60 Madhya 
Pradesh 

Winter 

Hierarchical 0.65 0.20 0.77 0.76 0.14 0.79 0.70 0.10 0.84 
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Table 5. The performance of each of our four methods based on the four criteria we use to 
assess our models. These criteria are accuracy of method, data availability, ease of use, and 
ability to use over large spatial scales. Each method is ranked as high (highest rank), moderate, 
or low (lowest rank) for each of these four criteria. Calibration data refer to Quickbird, 
Worldview-2, or Landsat imagery. Considering the ability to use the method over large areas, 
mosaic is defined as whether Landsat mosaics are required for analysis and calibration data 
required suggests that some high resolution or Landsat data must be available to calibrate the 
model  
 

Accuracy Data Availability Ease of use Ability to use over large 
areas 

Method 
R2 

Range 
Rank Data 

Required Rank Technique Rank 
Mosaic/ 
Calibration 
data required 

Rank 

Landsat 0.71 – 
0.97 

 
High 
 

Landsat Low Threshold High Yes/Yes Low 

MODIS 
Peak 

0.00 – 
0.95 

 
Low 
 

Calibration 
data, 
MODIS 

Moderate 
Count 
peaks, 
Threshold 

Moderate No/Yes Moderate 

TMA 0.01 – 
0.60 

 
Low 
 

MODIS High 
Temporal 
mixture 
analysis 

Low No/No High 

Hierarchical 0.16 – 
0.97 

 
Moderate 
 

Calibration 
data, 
MODIS 

Moderate 

 
Calibrate 
EVI value 
 

Moderate No/Yes Moderate 
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Figure 1. Diagram outlining the different steps in each of the four methods used in our 
study. Various inputs required for each model (e.g. type of satellite data) are highlighted with 
dashed arrows. The linear order of steps to conduct each method and its validation are outlined 
with shaded block arrows. Classification of high-resolution data is highlighted in bold, the 
Landsat threshold method is highlighted with dotted boxes, the MODIS hierarchical method is 
highlighted with dashed boxes, the MODIS peak method is highlighted with double line boxes, 
and the MODIS Temporal Mixture Analysis (TMA) is highlighted with gray boxes.  
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Figure 2. Data coverage of our two study areas in India. Landsat scenes used for original 
analysis are highlighted in red while Landsat scenes used for the reproducibility test are 
highlighted in blue. The Gujarat site (Path 149, Rows 44 and 45) represents an agricultural 
region that has low annual rainfall, has high access to irrigation, and is very market-oriented. The 
Madhya Pradesh site (Path 143, Rows 44 and 45) represents an agricultural region that has 
higher annual rainfall, has varied access to irrigation, and grows crops for subsistence or local 
markets. The false color composites (R = band 3, G = band 4, and B = band 2) of the original 
Landsat scenes for Gujarat (A) and Madhya Pradesh (B) are shown for winter 2009 – 2010.  
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Figure 3. Data availability during each of our three study seasons for the analyses 
considered in our study from June 2009 to May 2010. Gujarat imagery dates are highlighted 
with circles while Madhya Pradesh imagery dates are highlighted with squares. Daily rainfall 
values (mm/day) for the same year are plotted on the second y-axis, with Gujarat rainfall 
represented in a gray dashed line and Madhya Pradesh rainfall represented in a black solid line.  
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Figure 4. Smoothing technique applied to an example EVI time series from an agricultural 
pixel in our Gujarat site. The spline smoothing technique does not result in any phase shifts 
and only removes large peaks within the dataset that are likely due to cloud cover or other high-
frequency noise.  



! 110 

Figure 5. Spline-smoothed EVI time series during our study period (2009 – 2010) from two 
agricultural pixels in our Gujarat site. In the first panel (A), there are two peaks suggesting 
that the pixel was cropped during the monsoon and summer seasons. In the second panel (B), 
only one peak exists suggesting that this pixel was only cropped during the monsoon season. 
After identifying whether there was a peak or not during each growing season, we then applied a 
threshold method that identified if the peak EVI value was greater than the threshold that 
identified cropped area. For all seasons, this threshold value was 0.6 or lower suggesting that all 
peaks in these time series represent cropped agricultural pixels.  
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Figure 6. End-member phenologies used for our Temporal Mixture Analysis (TMA) in 
Gujarat. Panel A represents EVI end-members for bare ground (purple), single crop (red), 
double crop (green), and triple crop (blue), which are plotted for the time period of our analysis 
(June 2009 to 2010). The same end-member pixels’ PVI values are plotted in Panel B, which 
were the actual phenologies used as end-members in the TMA.  
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Figure 7. High-resolution imagery were visually inspected to identify if agricultural fields 
were cropped or uncropped as validation for our model results. False color composite; R = 
band 3, G = band 4, B = band 2 – panel A. An NDVI threshold was identified using a regression 
tree analysis to classify cropped versus uncropped agriculture across our entire high-resolution 
image (classified map – panel B). This threshold was separately calculated for each study region 
during each growing season of interest.  
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Figure 8. Classified model results for a subset of our Gujarat (Panels A – F) and Madhya 
Pradesh (Panels G – K) study sites during the winter season of 2009 – 2010. In our Gujarat 
site, high-resolution Quickbird data were used for validation, however, in our Madhya Pradesh 
site, Landsat imagery was used for validation since higher-resolution data were unavailable. The 
panel includes: the false color composite of the validation Quickbird image for Gujarat (Panel A; 
R = band 3, G = band 4, B = band 2) and for the validation Landsat image for Madhya Pradesh 
(Panel G; R = band 3, G = band 4, B = band 2); cropped area defined using validation high-
resolution imagery in Gujarat (Panel B) and validation Landsat data in Madhya Pradesh (Panel 
H); cropped area defined using the Landsat threshold technique in Gujarat (Panel C); area 
cropped as identified by the binary MODIS threshold-peak model in Gujarat (Panel D) and 
Madhya Pradesh (Panel I); area cropped using the MODIS TMA in Gujarat (Panel E) and in 
Madhya Pradesh (Panel J); and area cropped as defined using the MODIS hierarchical method in 
Gujarat (Panel F) and in Madhya Pradesh (Panel K). Panels E, F, J, and K plot percent area 
cropped within a 250 m pixel since these methods assess sub-pixel heterogeneity in MODIS 
datasets.  
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Supplementary Information 

Table S1. Validation of random forest mask for each study region. We use MODIS EVI, 
blue, red, NIR, and MIR phenological variables.  
 

Region Class Agriculture Other Overall 
Accuracy 

Gujarat 
Agriculture 

Other 

77.54 

27.32 

22.46 

72.68 
74.27 

Madhya 
Pradesh 

Agriculture 

Other 

89.93 

25.49 

10.07 

74.51 
82.12 

 



! 116 

Table S2. Comparison of results for winter 2009-2010 in our Gujarat study region when 
using two different accuracy masks. Specifically, we use a MODIS-derived mask (with 77% 
accuracy) and a Landsat-derived mask (with 81% accuracy). The creation of the MODIS mask is 
described in the main manuscript text (Section 2.2) and the Landsat mask was created using 
random forest of the seven Landsat bands, three tasseled cap bands, NDVI, and the first three 
PCA components with 200 points to train the model. We compared results when using high-
resolution WorldView-2 imagery as validation data. We find that the relative model accuracy of 
each of our four models remains constant regardless of the mask used – the Landsat threshold 
method has highest accuracy at 250 x 250 m and 1 x 1 km scales, whereas the hierarchical 
technique has the highest accuracy at 5 x 5 km scales.  
 

250 x 250 m 1 x 1 km 5 x 5 km 
Region Mask Method 

R2 RMSE Rank R2 RMSE Rank R2 RMSE Rank 

Landsat 0.85 0.11 0.92 0.93 0.08 0.96 0.97 0.07 0.98 

MODIS 
Peak 

- - - 0.71 0.41 0.90 0.96 0.29 0.98 

TMA 0.16 0.44 0.41 0.46 0.40 0.68 0.60 0.43 0.80 

MODIS-

derived 

 

Hierarchical 0.59 0.19 0.78 0.86 0.07 0.93 0.97 0.01 0.99 

Landsat 0.74 0.13 0.74 0.89 0.08 0.91 0.82 0.06 0.89 

MODIS 
Peak 

- - - 0.70 0.38 0.86 0.84 0.28 0.90 

TMA 0.11 0.88 0.45 0.11 0.34 0.49 0.10 0.13 0.52 

Gujarat 

winter 

Landsat-

derived 

Hierarchical 0.50 0.26 0.66 0.79 0.09 0.87 0.83 0.04 0.90 
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Table S3. Each step of analysis is described for each of our four methods. In addition, we list 
the software and function or package used to conduct each analysis. For R Project, Version 
2.14.1 64 bit was used for all analyses. For ENVI, Version 4.8 32 bit was used for all analyses.     
 
Method Analysis Software Function or Packages used 

Region of interest 
selection ENVI region of interest 

Regression tree R Project rpart (Version 3.1-52) Landsat 

Threshold R Project 
raster (Version 1.9-70) 

rgdal (Version .7-8) 

Spline R Project stats (Version 2.13.2) 

Peak calculation R Project 
msProcess (Version 1.0.6) 

timeSeries (Version 2160.93) 

Region of interest 
selection ENVI region of interest 

Regression tree R Project rpart (Version 3.1-52) 

MODIS Peak 

Threshold R Project 
raster (Version 1.9-70) 

rgdal (Version .7-8) 

PCA analysis ENVI forward PC rotation 
TMA 

Linear unmixing ENVI linear mixture analysis 

Hierarchical Re-scaling data 
extraction R Project 

raster (Version 1.9-70) 

rgdal (Version .7-8) 

Random Forest 
Mask 

Random Forest 
classification R Project randomForest (Version 4.6-6) 

Validation Extract random 
polygons R Project 

raster (Version 1.9-70) 

rgdal (Version .7-8) 
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Table S4. Threshold values used for the validation data, Landsat threshold method and the 
MODIS peak method for each study region and each season. Given that all analyses were 
conducted during the peak of each growing season (Fig. 3), threshold values likely differ across 
region and season due to differences in crop type and spatial homogeneity of crop cover. Madhya 
Pradesh generally has lower threshold values than Gujarat, and the summer season typically has 
lower threshold values than the winter season. This is likely because there is reduced crop cover 
and more spatial heterogeneity in cropped area in Madhya Pradesh compared to Gujarat and 
during the summer season compared to the winter season due to reduced access to irrigation.  
 
Method (Data) Region Season Threshold Value 

Winter 0.310 High Resolution  
Validation (NDVI) Gujarat 

Summer 0.256 

Winter 0.310 
Gujarat 

Summer 0.063 
Landsat (NDVI) 

 
Madhya Pradesh Winter 0.260 

Winter 0.183 
Gujarat 

Summer 0.154 MODIS (EVI) 

Madhya Pradesh Winter 0.164 
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Table S5. Slope and R2 values for each of our four methods, in each study region, and in 
each study season when using cropped area derived from higher resolution satellite 
imagery. Table S4A uses Quickbird or WorldView-2 imagery for validation, and Table S4B 
uses Landsat imagery for validation. R2 values are also reported in the main manuscript (Tables 
1-4). Results from calibration (Cal.) and validation (Val.) scenes are reported.  
 
A. Results validated using high-resolution Quickbird or WorldView-2 imagery 

Region Season Method 250 x 250 m 1 x 1 km 5 x 5 km 

   Slope R2 Slope R2 Slope R2 

Landsat 0.89 0.85 0.85 0.93 0.81 0.97 

MODIS 
Peak 

- - 1.91 0.71 2.89 0.96 

TMA 0.30 0.16 0.55 0.46 0.48 0.60 

Winter 

(Cal.) 

Hierarchical 0.93 0.59 1.00 0.86 1.25 0.97 

Landsat 1.79 0.71 1.91 0.78 1.56 0.86 

MODIS 
Peak 

- - 0.04 0.00 - - 

TMA -0.01 0.00 0.07 0.00 -2.68 0.23 

Summer 

Hierarchical 0.66 0.30 0.81 0.45 0.36 0.50 

Landsat 1.41 0.85 1.34 0.83 1.87 0.94 

MODIS 
Peak 

- - 1.71 0.50 1.56 0.87 

TMA 0.06 0.00 0.01 0.00 0.33 0.57 

Gujarat 

Winter 

(Val.) 

Hierarchical 0.83 0.59 0.98 0.75 2.09 0.98 

 

 

 

 

 

 



! 120 

B. Results validated using Landsat imagery 

Region Season Method 250 x 250 m 1 x 1 km 10 x 10 km 

   Slope R2 Slope R2 Slope R2 

MODIS 
Peak 

- - 1.99 0.61 1.24 0.60 

TMA 0.30 0.15 0.59 0.42 0.42 0.38 
Winter 

(Cal.) 

Hierarchical 0.92 0.53 1.11 0.83 0.86 0.58 

MODIS 
Peak 

- - 0.04 0.02 0.01 0.00 

TMA 0.05 0.00 0.09 0.00 0.16 0.21 Summer 

Hierarchical 0.23 0.16 0.32 0.34 0.86 0.51 

MODIS 
Peak 

- - 1.16 0.50 0.86 0.42 

TMA 0.04 0.00 0.02 0.00 0.38 0.37 

Gujarat 

Winter 

(Val.) 

Hierarchical 0.53 0.56 0.64 0.70 0.94 0.77 

MODIS 
Peak 

- - 0.66 0.26 0.95 0.45 

TMA 0.34 0.14 0.63 0.33 1.02 0.51 
Winter 

(Cal.) 

Hierarchical 0.50 0.51 0.65 0.66 0.77 0.71 

MODIS 
Peak 

- - 0.63 0.19 0.63 0.14 

TMA 0.43 0.35 0.45 0.34 0.61 0.43 

MP 

Winter 

(Val.) 

Hierarchical 0.58 0.65 0.69 0.76 0.80 0.70 
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Table S6. P values from Wilcoxon signed-rank analyses comparing predicted cropped area 
versus validation cropped area for each method, at each scale, and each study region. 
Analyses were conducted for each quartile of cropped area (validation cropped area < 25% [Q1], 
25-50% [Q2], 50-75% [Q3], > 75% [Q4]) to see if biases in predicted data occur at a particular 
range of cropped area. Significant over-predicted areas are highlighted in dark gray and 
significant under-predicted areas are highlighted in light gray. Table A highlights 250 x 250 m, 1 
x 1 km, and 5 x 5 km results validated using high resolution imagery. Table B highlights 250 x 
250 m, 1 x 1 km, and 10 x 10 km results validated using Landsat imagery. Results from 
calibration (Cal.) and validation (Val.) scenes are reported.  
 
 A. Results validated using high-resolution Quickbird or WorldView-2 imagery 

Region Season Method 250 x 250 m 1 x 1 km 5 x 5 km 

   Q1 Q2 Q3 Q4 Q1 Q2 Q3 Q4 Q1 Q2 Q3 Q4 

Landsat 0.00 0.00 0.00 0.33 0.00 0.00 0.00 - 0.00 0.00 - - 

MODIS 
Peak 

- - - - 0.00 0.00 0.00 - 0.00 0.00 - - 

TMA 0.00 0.00 0.00 0.04 0.00 0.00 0.00 - 0.00 0.00 - - 

Winter 

(Cal.) 

Hierarchical 0.00 0.02 0.08 0.14 0.06 0.65 0.30 - 0.00 0.03 - - 

Landsat 0.42 0.50 - - 0.02 - - - 0.00 - - - 

MODIS 
Peak 

- - - - 0.00 - - - 0.00 - - - 

TMA 0.00 0.50 - - 0.00 - - - 0.00 - - - 

Summer 

Hierarchical 0.00 0.50 - - 0.05 - - - 0.00 - - - 

Landsat 0.00 0.03 0.00 0.25 0.00 0.00 0.63 - 0.00 - - - 

MODIS 
Peak 

- - - - 0.00 0.00 0.25 - 0.00 - - - 

TMA 0.00 0.00 0.04 0.50 0.00 0.00 0.80 - 0.00 - - - 

Gujarat 

Winter 

(Val.) 

Hierarchical 0.08 0.02 0.06 0.80 0.48 0.17 0.13 - 0.00 - - - 
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B. Results validated using Landsat imagery 

Region Season Method 250 x 250 m 1 x 1 km 10 x 10 km 

   Q1 Q2 Q3 Q4 Q1 Q2 Q3 Q4 Q1 Q2 Q3 Q4 

MODIS 
Peak 

- - - - 0.00 0.00 0.00 - 0.00 0.00 0.00 - 

TMA 0.00 0.00 0.00 0.44 0.00 0.00 0.00 - 0.00 0.00 0.00 - 
Winter 

(Cal.) 

Hierarchical 0.00 0.00 0.00 0.22 0.00 0.00 0.00 - 0.00 0.37 0.60 - 

MODIS 
Peak 

- - - - 0.00 - - - 0.00 0.00 0.00 0.00 

TMA 0.00 0.50 - - 0.00 - - - 0.00 0.00 0.00 0.00 Summer 

Hierarchical 0.01 0.50 - - 0.00 - - - 0.00 0.01 0.10 0.10 

MODIS 
Peak 

- - - - 0.00 0.42 0.38 - 0.00 0.04 0.21 0.00 

TMA 0.00 0.00 0.00 0.25 0.00 0.00 0.63 - 0.00 0.00 0.68 0.00 

Gujarat 

Winter 

(Val.) 

Hierarchical 0.02 0.00 0.00 0.50 0.00 0.00 0.13 - 0.99 0.04 0.00 0.22 

MODIS 
Peak 

- - - - 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

TMA 0.35 0.45 0.01 0.00 0.00 0.87 0.00 0.00 0.00 0.04 0.00 0.00 
Winter 

(Cal.) 

Hierarchical 0.00 0.00 0.10 0.44 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

MODIS 
Peak 

- - - - 0.00 0.00 0.00 0.00 0.25 0.00 0.00 0.00 

TMA 0.05 0.00 0.00 0.00 0.04 0.00 0.00 0.00 0.50 0.00 0.00 0.00 

MP 

Winter 

(Val.) 

Hierarchical 0.26 0.34 0.76 0.02 0.00 0.00 0.00 0.00 0.25 0.00 0.00 0.00 
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Table S7. Table comparing predicted crop area with Indian census data. We compare 
cropped area estimates for the districts encompassed by our two study regions (Gujarat and 
Madhya Pradesh) with cropped area estimates from Indian agricultural census data for Winter 
2010. 
 

Cropped Area Estimate (ha per district) 
Region District 

Census data Landsat MODIS 
Peak TMA Hierarchical 

Gandhinagar 39,600 104,415 108,806 106,981 78,282 

Kheda 110,100 232,512 288,219 275,330 199,869 

Mahesana 125,300 205,486 371,756 316,147 237,068 

Gujarat 

 

Panch Mahals 30,800 137,585 122,013 165,106 99,319 

Dindori 76,103 141,187 91,713 136,476 145,674 
Madhya Pradesh 

Mandla 76,103 178,015 118,819 156,425 185,601 
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Figure S1. Validation results for all four methods using high-resolution Quickbird or 
WorldView-2 imagery as validation imagery. Results are validated at aggregate scales of 250 
x 250 m, 1 x 1 km, and 5 x 5 km for our Gujarat winter analysis (A) and summer analysis (B).  
A. Gujarat Winter 

 

B. Gujarat Summer 
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Figure S2. Validation results for all three MODIS methods using Landsat imagery as 
validation data. Results are validated at aggregate scales of 250 x 250 m, 1 x 1 km, and 10 x 10 
km for our Gujarat winter analysis (A), Gujarat summer analysis (B), and Madhya Pradesh 
winter analysis (C). 
 
A. Gujarat Winter 

 

B. Gujarat Summer 
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C. Madhya Pradesh Winter 

 

 

 



! 127 

Figure S3. Validation results for all four methods in the reproducibility test using high-
resolution WorldView-2 imagery as validation imagery. Results are validated at aggregate 
scales of 250 x 250 m, 1 x 1 km, and 5 x 5 km for our Gujarat winter analysis. 
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Figure S4. Validation results for all three MODIS methods in the reproducibility test using 
Landsat imagery as validation imagery. Results are validated at aggregate scales of 250 x 250 
m, 1 x 1 km, and 10 x 10 km for our Gujarat winter analysis (A) and Madhya Pradesh winter 
analysis (B). 
 
A. Gujarat Winter 

 

B. Madhya Pradesh Winter 
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Figure S5. Maps of cropped area for the main study region in Gujarat. Maps for the Landsat 

threshold (A), MODIS Peak (B), MODIS hierarchical (C), and MODIS TMA (D) methods.  
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Figure S6. Maps of cropped area for the main study region in Madhya Pradesh. Maps for 
the Landsat threshold (A), MODIS Peak (B), MODIS TMA (C), and MODIS hierarchical (D) 
methods.  
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The Relative Influence of Groundwater and Canal Irrigation on Winter Crop Production 
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Abstract 

 India is one of the regions that is predicted to be a hotspot for food security issues over 

the upcoming decades, given growing population pressures, severe groundwater depletion, and 

climate change. One way to bolster food security may be to develop and invest in additional 

irrigation infrastructure, however, the relative impact of different types of irrigation (e.g. 

groundwater versus canal) on agricultural production remains unclear. We assess the relative 

impact of deep wells, shallow wells, dug wells, and canal irrigation on winter (non-monsoon 

season) cropped area and its sensitivity to rainfall variability in India from 2000 to 2006 using 

cropped area maps that we produced using MODIS data, rainfall data from TRMM satellites, and 

village-level census irrigation data. We find that overall, deep well irrigation is both associated 

with the greatest amount of winter cropped area, and is also the least sensitive to monsoon and 

winter rainfall variability. However, the relative increase in winter cropped area with deep well 

irrigation varies across India, with the greatest benefits seen in the northwestern part of the 

country. Yet this region has the highest rates of groundwater depletion and is the most at risk for 

losing groundwater as a possible source of irrigation over the upcoming decades. Our results also 

suggest that possible alternative sources of irrigation, like canals, are currently not as effective as 

groundwater in increasing winter cropped area and reducing its sensitivity to rainfall variability, 

particularly in the regions where groundwater use is most intensive. This work highlights the 

need to develop ways to use remaining groundwater more efficiently, possibly by increasing the 

adoption of drip irrigation and less water-intensive crops.  
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Introduction 

Growing population pressures, increasing consumption levels, and environmental 

degradation have increased deliberations concerning potential changes in food security for many 

regions across the globe, particularly those in the tropics (Godfray et al. 2010, Hanjra and 

Qureshi 2010, Foley et al. 2011). India is one region that is predicted to be a hotspot for food 

security issues for several reasons including projected increases in population, the prevalence of 

smallholder farming systems that may not have access to the technologies necessary to improve 

yields, and high sensitivity of agricultural production in rain-fed regions (Kumar et al. 2006, 

Morton 2007, Bongaarts 2009). India is also one of the nations that is predicted to be negatively 

impacted by climate change, with models estimating up to a 30% decline in the yield of some 

staple crops like wheat in the absence of adaptation (Schmidhuber and Tubiello 2007, Lobell et 

al. 2008, Ortiz et al. 2008). Intensifying the production of existing agricultural landscapes and 

reducing its vulnerability to weather variability and change may bolster food security (Gadgil et 

al. 1999, Lobell et al. 2008, Foley et al. 2011). For example, increasing access to irrigation has 

been shown to effectively increase agricultural production, reduce the sensitivity of crop 

production to inter-annual variability in the monsoon, and improve regional food security and 

farmer welfare due to increased and more consistent yields through time (Fan et al. 2000, 

Fishman 2012). Thus enhancing access to irrigation may be an effective strategy to increase 

agricultural production and reduce its sensitivity to changes in weather over the upcoming 

decades.  

While irrigation is generally thought to be an effective technology to increase agricultural 

production and reduce its sensitivity to weather variability, the relative impact of different types 

of irrigation on agricultural production remains unclear (Shah and Singh 2004). This is especially 
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important to understand in the Indian context since approximately 40% of the nation’s irrigation 

is currently provided by groundwater, yet groundwater tables are falling rapidly, particularly in 

the northern part of the country, and may not remain a reliable source of irrigation over the 

upcoming decades (Dubash 2002, Rodell et al. 2009, Shah 2009). Because of this, the Indian 

government has begun promoting alternate forms of irrigation, including surface water sources 

like canals, ponds, and rainwater storage tanks that do not depend on groundwater reserves (Shah 

et al. 2003). However, previous studies have suggested that these surface irrigation sources may 

be highly sensitive to the amount of precipitation in a given year and thus may not effectively 

buffer agricultural production against weather variability (Wade 1984, Gaur et al. 2008). It is 

therefore unclear how effective different types of irrigation are in both increasing crop 

production and reducing its sensitivity to inter-annual weather variability.  

One reason that the relative impact of different irrigation strategies on agricultural 

production has not been analyzed across India is because national-scale data on crop production 

and the types of irrigation technologies used are typically available at too coarse of spatial and 

temporal resolutions to answer this question adequately. For example, available data are 

predominately at the district level (which range in size from 200 to 40,000 km2) where there is 

high heterogeneity in irrigation type, making it difficult to directly link measures of crop 

production with specific types of irrigation (Biggs et al. 2006). To more accurately match crop 

production statistics with the type of irrigation employed, we exploit an irrigation dataset 

available at the village-level for all of India, and use remote sensing of satellite imagery to 

quantify cropped area at the village scale. We derive cropped area statistics over multiple years, 

which will allow us to assess how sensitive cropped area is to weather variability through time. 

For decades researchers have used remote sensing to quantify agricultural production at fine 
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spatial and temporal scales, particularly using free and readily-available satellite imagery like 

MODIS (Xiao et al. 2005, Wardlow et al. 2007, Galford et al. 2008, Macedo et al. 2012). 

Mapping agricultural production, however, has been difficult in regions like India where 

agriculture is primarily smallholder (< 2ha) and the size of individual farms is typically smaller 

than the spatial resolution of an individual satellite pixel, which is the spatial scale at which a 

given satellite can collect data (Jain et al. 2013). Thus, to overcome this issue of mixed pixels, 

we develop an automated method that quantifies the percent of cropped area in a 250 m pixel 

using MODIS data. These fine-scale datasets allow us to more accurately link the type of 

irrigation in a given region with its associated agricultural production, which will allow us to 

assess the impact of irrigation type (e.g. deep wells, shallow wells, dug wells, and surface 

sources) on the amount of cropped area in each season and the sensitivity of this cropped area to 

inter-annual rainfall variability.  

 In this study, we map cropped area across India at the village scale from 2000 to 2013, 

and link these cropped area data with rainfall and irrigation data to ask the following questions: 

1) Which types of irrigation are associated with the greatest percent of agricultural land 

that is cropped during the winter cropping season? 

2) How does the sensitivity of winter cropped area to rainfall variability differ among 

these different types of irrigation? 

3) How does the impact of irrigation type on winter cropped area vary across different 

states in India that employ multiple types of irrigation? 

This work will allow us to assess how effective different types of irrigation are in 

increasing winter cropped area and reducing its sensitivity to weather variability, which has 

important implications for which types of irrigation should be promoted to enhance food security 



! 136 

in India, particularly in the face of groundwater depletion and increasing climate variability and 

change (Kumar et al. 2004, Mall et al. 2006b).  

 

Methods 

Study Site 

 We conducted this study across all of India, excluding the northeastern part of the 

country due to data quality issues (Figure 1; explained in the methods section below). Across 

India there are three main cropping seasons: the monsoon (kharif) season, which spans from June 

to October, the winter (rabi) season, which lasts from November to March, and the summer 

(garmi) season, which spans from April to May (Figure 2, Ministry of Agriculture 2010). The 

main southwestern monsoon, which typically arrives in June and ends in September, is critical 

for agricultural production across India and provides over 80% of annual rainfall across the 

country (Gadgil 2003, Kumar et al. 2004). Due to the large amount of rainfall provided by the 

monsoon, almost all farmers grow crops during the monsoon season since they are not water 

limited; we thus excluded the monsoon season from our analyses since there is little 

heterogeneity in cropped area during this season. There is, however, high heterogeneity in 

cropped area during the dry winter and summer seasons, as farmers can only grow crops during 

these seasons if they have soils that store moisture from the monsoon rains or if they have access 

to irrigation to water crops during periods of no to low rainfall (Narain and Roy 1980, Dubash 

2002). For some parts of India, particularly the northeast and the south, there is a second 

northeastern monsoon that brings additional rainfall from October to November (Gadgil 2003). 

Thus, farmers in these regions may plant crops during the winter season based on rainfall 

received from this second monsoon. 
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There is large variation in agricultural practices across India. Specifically, crop type 

varies across the country, with the predominant winter crops including wheat, barley, mustard 

and rice and the predominant summer crops including rice, maize, pulses and millets (Fan et al. 

2000, Ministry of Agriculture 2010). A majority of farmers across the country are smallholder, 

yet these farmers vary in their access to market, type and amount of irrigation access, overall 

mechanization, and crop type planted (Kumar et al. 2004, O'Brien et al. 2004, Amarasinghe and 

Xenarios 2009). Furthermore, there is significant variability in soil type and weather parameters 

across the country, with semi arid to arid regions in the northwest to heavy rainfall, tropical 

regions in the south (Gajbhiye and Mandal 2000). By conducting our analyses across all of India, 

we can identify which regions are the most sensitive to rainfall variability and which types of 

irrigation best increase production and reduce its sensitivity to rainfall across these 

heterogeneous sites.  

   

Datasets 

Cropped Area Data 

 We developed an algorithm to quantify cropped area in the winter and the summer 

seasons across all of India at a 1 x 1 km scale from 2000 to 2013. This algorithm relies on the 

MODIS Enhanced Vegetation Index (EVI) product, which is a measure of photosynthetically 

active vegetation and has been shown to be an accurate measure of crop growth (Huete et al. 

2002, Sims et al. 2006). We prefer the use of EVI over NDVI, an alternate vegetation index, 

since it more effectively corrects for atmospheric contamination (Huete et al. 1997). Specifically, 

we downloaded 16-day composited, 250 m resolution, mosaicked images for all of India from 

June 2000 to January 2013 from the IRI/LDEO Climate Data Library 
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(http://www.climatedatalibrary.cl/). These data are LandDAAC MODIS version 5 EVI products 

compiled originally from the United States Geological Survey (USGS). Following methods 

developed in Jain et al. (2013), we used a cubic smoothing spline function on our EVI phenology 

data to remove any high-frequency noise. We then identified agricultural pixels by examining 

EVI phenology during the non-monsoon agricultural seasons when there is little to no rainfall to 

facilitate the growth of natural vegetation. Specifically, we assessed whether there was a peak in 

the EVI phenology, which represents the phase in a crop’s growth cycle when vegetation cover is 

highest prior to senescence and crop harvest, that occurred during the winter season, from mid-

October to mid-February, and the summer season, from early March to early June (Figure 2; 

Wardlow et al. 2007, Sakamoto et al. 2010).  

Due to the small size of farms across India (<2 ha), it is likely that there is sub-pixel 

heterogeneity in cropped area at the scale of a 250 x 250 m MODIS pixel (Jain et al. 2013). Our 

algorithm builds off of previous work that quantifies the percent of each MODIS pixel that is 

cropped in each season (Jain et al. 2013). Jain et al. (2013) showed that peak EVI values in a 

given season can be linearly scaled to the percent that a pixel is cropped if the end-member EVI 

values that represent 0% and 100% cropped are identifiable. To identify these EVI end-member 

values, we assumed that the largest EVI value in a region represented a pixel that was 100% 

cropped and the smallest EVI value in a region represented a pixel that was 0% cropped. We 

base these assumptions on knowledge of vegetation growth in this region and on previous studies 

that have shown 1) bare soil typically has the lowest EVI values in an agricultural phenology and 

2) peak EVI values represent the maximum growth stage for crop cover (Figure 2; Xiao et al. 

2005, Wardlow et al. 2007, Sakamoto et al. 2010). To reduce the chance of selecting erroneously 

high and low EVI values, which may occur due to cloud contamination or other remaining high 
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frequency noise in our dataset, we selected the EVI values that were the 90% largest and the 10% 

smallest in a given region. We then linearly scaled all peak EVI values for each pixel between 

these end-member minimum and maximum EVI values. Given that different crops, soil types, 

and weather conditions may lead to varying EVI values, we recalculated this scaling relationship 

across each sub-agroecological region across India (Figure S1), where crop type, soil type, and 

weather are relatively homogeneous (Gajbhiye and Mandal 2000). Furthermore, we calculated 

new scaling relationships for each individual year in our study to account for inter-annual 

variability in yield that may lead to differences in EVI values (Ren et al. 2008, Becker-Reshef et 

al. 2010).  

We validated these cropped area maps (Figure 3) using high-resolution Quickbird and 

WorldView-2 imagery across five different agricultural regions in India that represent a wide 

range in crop type, irrigation access, integration with market, and soil type (Figure S1; Gajbhiye 

and Mandal 2000, Dubash 2002, O'Brien et al. 2004). If our algorithm accurately quantifies 

cropped area in these disparate regions, it is likely an accurate way to map agricultural 

production across all of India. Furthermore, since we developed new scaling relationships each 

year, we also validated our cropped area measure across different years from 2000 to 2013 

(Table 1). We followed validation techniques in Jain et al. (2013) where we compared cropped 

area values estimated from our MODIS product with cropped area values extracted from high-

resolution Quickbird or WorldView-2 imagery. We conducted validation at a 1 x 1 km scale 

given that previous work has shown that this is the finest scale at which MODIS can accurately 

measure smallholder production (Jain et al. 2013). Our MODIS method was highly accurate in 

the validation sites considering RMSE and R2 values between cropped area calculated from our 

validation high-resolution imagery and our MODIS product, though accuracy was higher in the 
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winter season than the summer season (Table 1; Figures S2 and S3). Given the high accuracy of 

our winter cropped area product, we focus the remainder of our analyses on the winter season. 

We did not include northeast India in our analysis as it was difficult to find cloud-free, high-

resolution imagery for validation, and this region is significantly different in topography, soil 

type, and climate compared to our other validation sites (Figure 1; Gajbhiye and Mandal 2000). 

To quantify the variability in cropped area across India and its sensitivity to rainfall variability, 

we estimated the coefficient of variation as well as the R2 from a linear regression predicting 

cropped area based on total annual rainfall (Figure S4). All analyses were conducted in R Project 

Software Version 3.0.2 using the raster, rgdal, sp, and spline packages (www.r-project.org).  

 

Rainfall Data 

 To quantify annual rainfall, we used the NASA TRMM 3B42 v7 daily precipitation 

product from May 2000 to November 2013 downloaded from the IRI/LDEO Climate Data 

Library (http://www.climatedatalibrary.cl/). The product provides highly accurate daily 

precipitation values (mm/day) at a scale of 0.25º across the globe (Nicholson et al. 2003, 

Huffman et al. 2007). Since we are interested in the influence of monsoon rainfall on cropped 

area, we calculated two measures of annual rainfall to capture the impact of the main northwest 

and the secondary southwest monsoon: total rainfall during the monsoon season and rainfall 

during the early winter season (Table 2). For total rainfall during the monsoon season, we 

calculated the total amount of rain that fell from May 15th (the earliest date of monsoon onset 

across the country) to September 30th (typically the latest date for monsoon withdrawal). To 

capture the effect of the winter northeast monsoon or off-season winter rains, we also calculated 

the total amount of rainfall from October 15th (typically the earliest date of monsoon onset for 
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the winter monsoon) to November 30th; since farmers typically plant their winter crop by 

December and it is unlikely that rainfall after this date would affect whether farmers decide to 

sow a winter crop or not, we limited our analyses of winter rainfall to the end of November.  

 

Village Boundaries 

 To match our cropped area estimates and rainfall data with our village-level irrigation 

dataset, we extracted the percent cropped area in the winter season, the total amount of monsoon 

rainfall, and the total amount of early winter rainfall for each year from 2000 to 2013 for each 

village in India (n = 600,000). For each village, we did not have village boundary shapefiles and 

instead only had a single GPS value that fell within the boundary of each village (2001 Census of 

India, Ministry of Home Affairs). Thus, to construct village boundary shapefiles, we 

circumscribed Thiessin polygons around the GPS value for each village. These polygons are 

generated by using a Voronoi diagram, where each point in space is assigned to the closest 

village GPS point based on Euclidean distances (Figure S5; Brassel and Reif 1979, Boots 1980). 

In addition, we used a 3 km radius buffer, which is the average size of a village in India (Singh et 

al. 2006) to constrain the maximum radius of each village polygon. Using these constructed 

village boundary shapefiles, we then extracted the percent of each village area that was cropped 

in the winter season from 2000 to 2013 (assuming that the entire village area was cropland), as 

well as its associated monsoon and winter rainfall. We created village boundaries using the 

Thiessen polygon and buffer functions in ArcGis (Version 10.0 was used for all analyses), and 

conducted extractions using the raster package in R project software.  

 

Irrigation Data 
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 For our measures of irrigation, we used data from the third micro-irrigation census 

conducted by the Indian government in 2000 to 2001 (2001 Micro-irrigation Census, Ministry of 

Water Resources). These data were available at the village scale for all of India and provide 

information on the type of irrigation, the cultivatable command area for each type of irrigation, 

and whether the irrigation is currently in use (Table 2). Specifically there are five types of 

irrigation considered in this census: deep wells, shallow wells, dug wells, surface flow, and 

surface lift, each of which are described in more detail below. 

Dug wells: This category considers open wells of varying dimensions that are dug from the 

ground surface into a water-bearing stratum. They consist of masonry wells and kuchcha (mud), 

makeshift wells (Ministry of Water Resources 2005).  

Shallow wells: These wells use a borehole to reach groundwater from porous zones and typically 

do not exceed depths of 60 to 70 meters. Shallow wells yield approximately 100 to 300 cubic 

meters of water per day, which is approximately two to three times more than dug wells 

(Ministry of Water Resources 2005).  

Deep wells: These wells typically extend to depths of at least 100 meters, though in some regions 

they reach depths of 300 meters, and typically discharge 100 to 200 cubic meters per hour. Their 

annual output is roughly fifteen times that of an average shallow tubewell (Ministry of Water 

Resources 2005).  

Surface flow: These canals use rainwater for irrigation, either by storing it in tanks and reservoirs 

or diverting it from streams. The command areas of such schemes are typically twenty hectares 

or less, however, large-scale projects that are generally constructed by government bodies can 

reach up to 2000 hectares in command area (Ministry of Water Resources 2005).  

Surface lift: These canals are constructed in regions where the topography does not permit the 
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direct flow of irrigation from rivers or streams; water instead is lifted into irrigation channels 

using pumps. These schemes are costly, and thus only occur in regions where gravity flow 

irrigation is not possible, there is keen demand for irrigation from farmers, and cheap electricity 

is available (Ministry of Water Resources 2005).  

Since this dataset was not spatially referenced, we matched this dataset with our village 

boundary shapefiles by matching the village, sub-district, district, and state names associated 

with each village between these two datasets. Specifically, to do this we used generalized 

Damerau-Levenshtein distances, which find the best match between two vectors of character 

names after allowing for the insertion, deletion, substitution, and transposition of adjacent 

characters (Bard 2007, Miller et al. 2009). Using this method we matched approximately 

200,000 out of 600,000 villages across India. Even though we were only able to find matches for 

one third of the villages in India, we do not expect this partial matching to bias our results 

because our final dataset had good representation across all of India and irrigation type (Table 

S1) and matches well with the overall distribution of irrigation across India (Figure 4). We had a 

low success rate matching villages in Kerala and thus dropped this state from our analysis. To 

more accurately match irrigation type with cropped area measures, we subsetted our data to only 

include villages that had one type of irrigation and had irrigation projects that were still in use, 

leaving 130,000 villages in our final dataset (Table S1). Matching was conducted using the agrep 

package in R Project Software. 

 

Statistical Analyses 

Since irrigation data are available for only one year (2000-01) and it is possible that the 

type of irrigation in a given village may change over time (e.g. the addition of canal irrigation 
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due to a new canal project), we constrained our analyses from 2000 to 2006 instead of using our 

entire cropped area dataset from 2000 to 2013. We assume that the type of irrigation in each 

village remained constant throughout this six-year period. To broadly understand the impacts of 

different irrigation types on cropped area, we conducted all-India regressions that considered all 

of the villages in our dataset together. However, given the heterogeneity across India regarding 

agricultural cropping practices and the type of irrigation employed (Figure 4), we also conducted 

analyses at the state level to understand the differential impact of irrigation across the country. 

Both sets of these regressions are described in detail below. 

 

All-India Analysis 

Our village cropped area data was zero-inflated poisson distributed. Since we believe 

these zeros are occurring due to two different processes, we conducted two separate regressions. 

First, to account for villages that are unable to ever plant a winter crop, we conducted a logit 

analysis where we predicted whether a village ever had winter crop or not from 2000 to 2006. 

Our predictor variables were the average monsoon rainfall from 2000 to 2006, the average winter 

rainfall from 2000 to 2006, and the type of irrigation in a given village. We use deep well as a 

reference value to understand how different types of irrigation compare to deep wells. We 

included the cultivatable command area of irrigation, soil type, agro-ecological zone, population 

variables, and political boundaries as controls (Table 2).  

Second, to account for zeros that occur only in some years in villages that are able to 

plant a winter crop, we conducted a poisson regression where we predicted the total amount of 

cropped area in the winter season for each year from 2000 to 2006. Our predictor variables 

included total monsoon rainfall for each year from 2000 to 2006, total early winter rainfall for 
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each year, and irrigation type. To assess whether the effect of irrigation type on cropped area 

varies with rainfall, we also included interaction terms between irrigation type and monsoon and 

winter rainfall. We use deep well as a reference value to understand how different types of 

irrigation compare to deep wells. As controls, we included cultivatable command area of 

irrigation, soil type, agro-ecological zone, population variables, and political boundaries (Table 

2). Furthermore, to account for the panel nature of the dataset, we also included village and time 

fixed effects. We treated time only as a fixed effect and did not include interactions between our 

weather variables and time because we do not believe that there are any time trends in the effect 

of weather on winter cropped area (i.e. a general increase or decrease in rainfall through time); 

instead, we only wanted to control for possible exogenous factors, like market prices or changes 

in electricity regulations, that may change in a single year and alter the amount of winter cropped 

area farmers decide to plant that year (Baltagi 2008).    

Due to computational constraints, we conducted these all-India analyses using one 

random subset of 50,000 villages of the 130,000 total villages in our dataset. For future analyses, 

we will either run a model that includes all 130,000 villages at once or, if this is too 

computationally intensive, run ten randomly generated subsets of 50,000 villages to ensure our 

results do not change based on the subset. All regression analyses were conducted in Stata 13 64-

bit using the xtgee function.   

 

State-level Analysis 

 Given the high heterogeneity in cropping practices and irrigation management across all 

of India, we also conducted regressions at the state level to assess whether the impact of 

irrigation on winter cropped area varies across different states. Specifically we conduct the same 
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poisson regressions described above with cropped area as the dependent variable, and monsoon 

rainfall, winter rainfall, and irrigation type as the predictor variables. With this analysis, we are 

interested in identifying which type or types of irrigation are significantly associated with the 

greatest amount of cropped area in a given state. We also include interactions between rainfall 

metrics and irrigation type, soil type, agro-ecological region, population, and political boundary 

controls, and village and time fixed effects (Table 2).  

 

Results 

All-India Analysis 

 For our logit analysis that examines whether villages have a winter crop or not, we find 

that dug wells and surface flow canals are significantly more associated with villages that never 

have winter cropped area. In other words, villages are more likely to plant a winter crop if they 

have deep well, shallow well, or surface lift irrigation (Figure 5A; Table S2). Considering our 

poisson regression that quantifies the influence of irrigation on the percent area of winter crop, 

we find that all irrigation types are significantly associated with less cropped area when 

compared to deep wells (Figure 5B). However, surface lift irrigation and shallow wells result in 

significantly more cropped area than dug well and surface flow irrigation (Figure 5B). Finally, 

considering the interaction terms between monsoon and winter rainfall with irrigation type, we 

find that all irrigation types have larger interaction terms than deep well irrigation (Figure 5C). 

This suggests that all irrigation types are more sensitive to monsoon and winter rainfall than is 

deep well irrigation. It appears as if dug well irrigation is the most sensitive to monsoon rainfall, 

given that it has the largest interaction term, and dug well and surface lift irrigation are the most 

sensitive to early winter rainfall (Figure 5C). The parameter estimates of monsoon and winter 
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rainfall (-0.001 to 0.001) as well as the interaction terms between irrigation type and rainfall 

(range from 0.0001 to 0.0012) are much smaller than the main parameter estimates of irrigation 

type (range from -0.8 to -0.1), suggesting that the influence of irrigation is much stronger than 

the influence of rainfall on the total percent of winter crop planted in a given year.  

 

State-level Analysis 

For our state-level analyses, we identified which type of irrigation was associated with  

the greatest amount of winter cropped area in each state. We find wells and canals have a similar 

impact on the total amount of winter cropped area in seven states, wells (either deep, shallow, or 

both) result in significantly more cropped area than canal irrigation in nine states, and canals 

(both surface and lift) result in significantly more winter cropped area than wells in one state 

(Figure 6). It appears as if these results are spatially clustered, most notably that wells perform 

significantly better than canals in northwest India, which is currently a hotspot for groundwater 

depletion in India (Rodell et al. 2009).  

 

Discussion 

 We assessed the relative impact of different irrigation types on winter cropped area, and 

how sensitive the influence of these different types of irrigation are to rainfall variability. We 

found that overall, deep well irrigation is both associated with the greatest amount of winter 

cropped area, and is also the least sensitive to monsoon and winter rainfall variability (Figure 5). 

However, the relative benefit of deep well irrigation varies across India, with the greatest 

benefits seen in states in the northwestern part of the country, particularly Rajasthan, Gujarat, 

and Madhya Pradesh (Figure 6). This is particularly interesting to note given that northwest India 
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is the region that is facing the greatest levels of groundwater depletion across the country and is 

the most at risk for losing groundwater as a possible source of irrigation over the upcoming 

decades due to the unsustainable use of this resource (Shah et al. 2003, Jha and Sinha 2009, 

Rodell et al. 2009, Tiwari et al. 2009). These results highlight the importance of groundwater 

irrigation for food security in India, and suggest that current alternative forms of irrigation, like 

surface flow or surface lift canals, may not be as effective at increasing winter crop production 

and reducing its sensitivity to rainfall in the regions where groundwater is likely to become the 

most scarce.  

 Considering canal irrigation, surface lift irrigation leads to increased winter crop cover 

compared to surface flow irrigation, however, both are significantly impacted by the amount of 

rainfall in a given year, particularly early winter season rainfall (Figure 5). This is not surprising 

given that canals rely on rainfall as their main water source, and it is likely that years with more 

rainfall will result in increased irrigation available for agriculture (Ministry of Water Resources 

2005). Interestingly, we find that canal irrigation only outperforms groundwater irrigation in one 

state in our analysis, Karnataka, yet it performs similarly to wells in seven states, particularly 

those in the east and south of India where there has been less development of and investment in 

groundwater as an irrigation source (Figures 4 and 6; Amarasinghe and Xenarios 2009, Mukherji 

et al. 2013). While we examined canal irrigation as a uniform irrigation type in this study, it is 

important to acknowledge the heterogeneity in canal management across the country, which 

likely leads to variability in the effectiveness of canals across India. Unlike wells, which are 

typically managed by individual farmers or cooperatives, canal irrigation is generally 

implemented by top-down government or private agencies and studies have suggested that 

different management practices and institutions result in varying levels of irrigation provided by 
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canals (Shah et al. 2003, Hussain 2005, Meinzen-Dick 2007). Future studies should examine the 

heterogeneity in the efficacy of canals across the country and identify if there are any canal 

projects that perform as well or better than groundwater sources; this may help identify possible 

ways to enhance the effectiveness of canals and make them a more viable alternative to 

groundwater irrigation. 

 Out of all the irrigation types considered in our study, dug well irrigation resulted in the 

least amount of winter cropped area and also was the most sensitive to both monsoon and winter 

rainfall (Figure 5). This is not surprising given that dug wells provide approximately one-third 

the amount of irrigation of shallow wells and one forty-fifth the amount of irrigation as deep 

wells (Ministry of Water Resources 2005). They also rely on water tables that are close to the 

surface and thus are heavily influenced by recharge in a given year. Dug well irrigation is the 

predominant form of irrigation across India, with over 50% of villages using dug wells as a 

primary source of irrigation, primarily in the central part of the country (Figure 4). Studies have 

shown, however, that farmers are already transitioning away from dug wells, particularly in 

south India, where there has been a large increase in the total number of shallow and deep wells 

since the mid 1990s (Mukherji et al. 2013).  

 Given the importance of groundwater irrigation in both its ability to increase cropped 

area in the winter season as well as reduce is vulnerability to rainfall variability, strategies should 

be developed that recharge groundwater reserves or identify ways to use groundwater more 

efficiently. This is particularly important given that groundwater irrigation outperforms canal 

irrigation in a large proportion of states across India, particularly those that are in the regions 

with the greatest levels of groundwater depletion (Jha and Sinha 2009, Rodell et al. 2009). 

Possible strategies to enhance the sustainability of groundwater use include recharging 
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groundwater via canals and dug wells, switching to less water-intensive crops, and utilizing more 

efficient irrigation strategies like drip irrigation (Postel et al. 2001, Shah et al. 2003, Ministry of 

Water Resources 2005, Sharda et al. 2006). Despite the clear importance of groundwater for 

enhancing food security across India, canal irrigation was positively influenced by the total 

amount of monsoon and winter rainfall (Figure 5), and future climate projections suggest that 

monsoon and winter rainfall will likely increase over the upcoming decades across India (Kumar 

et al. 2004, Mall et al. 2006b, Tiwari et al. 2009). Thus, it is possible that the effectiveness of 

canal irrigation may be enhanced by increased rainfall that is able to be stored in rivers and tanks 

for irrigation in the winter season. Future studies should assess the possible impact of changing 

weather patterns on the efficacy of different irrigation strategies across India.    
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Tables and Figures 

Table 1. Validation of the cropped area product at a 1 x 1 km scale when compared to 
high-resolution Quickbird and WorldView-2 imagery. The MODIS cropped area product is 
more accurate during the winter season (R2 ranging from 0.69 to 0.88) than the summer season.   
 

Region Season Agricultural 
Year 

Pearson’s 
Correlation Adjusted R2 RMSE 

Gujarat Winter 2009-2010 0.917 0.877 11.171 

Madhya Pradesh Winter 2009-2010 0.924 0.803 13.651 

Punjab Winter 2010-2011 0.870 0.786 17.365 

Tamil Nadu Winter 2003-2004 0.933 0.869 11.070 

West Bengal Winter 2007-2008 0.832 0.692 9.554 

Gujarat Summer 2009-2010 0.709 0.845 2.110 

Punjab Summer 2010-2011 0.804 0.463 1.752 

Tamil Nadu Summer 2008-2009 0.808 0.668 11.040 

West Bengal Summer 2008-2009 0.870 0.892 6.135 
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Table 2. Description of each of the variables included in our regression models.  
 

Variable 
Type 

Variable Description Coded 

Winter Binary 
Cropped 

Whether a village was ever cropped or 
not from 2000 to 2006 

Dependent Binary 
Variable (1 = 
Cropped, 0 = 
Uncropped) 

Dependent 
Variable 

Winter Cropped Area Percent of village area that was 
cropped in each year from 2000 to 
2006 

Dependent 
Continuous Variable 
(Integers ranged 
from 0 to 100) 

Monsoon Rainfall Total amount of monsoon rainfall in 
each year from 2000 to 2006 – this was 
calculated as the sum of daily rainfall 
from May 15th to September 30th 

Continuous variable 

Winter Rainfall Total amount of early winter rainfall in 
each year from 2000 to 2006 – this was 
calculated as the sum of daily rainfall 
from October 15th to November 30th 

Continuous variable 

Predictor 
Variables 

Irrigation Type Type of irrigation in a given village – 
deep well, shallow well, dug well, 
surface flow, or surface lift  

Categorical – deep 
wells were used as 
the reference 
category in all 
regressions 

Monsoon 
Rainfall*Irrigation 
Type 

Interaction between monsoon rainfall 
in each year and the type of irrigation 
in a village – this identified how 
sensitive irrigation’s impact on 
cropped area was to monsoon rainfall 

Interaction term Interaction 
Terms 

Winter Rainfall* 
Irrigation Type 

Interaction between winter rainfall in 
each year and the type of irrigation in a 
village – this identified how sensitive 
irrigation’s impact on cropped area 
was to winter rainfall 

Interaction term 

Cultivatable 
Command Area of 
Irrigation 

Percent of village area that was under 
irrigation 

Continuous 

Soil Type The type of soil in each village (FAO 
Soil Database) 

Categorical 

Agro-Ecological Zone The agro-ecological zone of each 
village (Gajbhiye and Mandal 2000) 

Categorical 

Population Controls Percent of the population that was 
literate, agricultural labor, and 
cultivators  

Continuous 

State, District, Village 
Fixed Effects 

Fixed effects to control for state, 
district, and village 

Categorical 

Controls 

Time Fixed Effects Fixed effects for each year from 2000 
to 2006 

Categorical 
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Figure 1. Study region highlighted with measures of the Enhanced Vegetation Index (EVI) 
during the winter season for the year 2001. Black represents low EVI values and light gray 
represents high EVI values. The northeastern states that were not considered in our study due to 
data quality issues are denoted with white.  
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Figure 2. Phenology of EVI during the growing seasons considered in this study. These 
include the winter (rabi) season and the summer (garmi) season. A rise in EVI at the start of the 
growing season is attributed to crop growth, a peak in EVI value represents the time when there 
is the greatest amount of photosynthetic biomass, and a decline in EVI is likely due to crop 
senescence and harvest at the end of the growing season. We use the peak EVI value for each 
season to identify the percent that each MODIS pixel is cropped in each season. 
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Figure 6. Map showing which type of irrigation was significantly associated with more 
winter cropped area in each state. “Deep or Shallow Well” highlight regions where both deep 
wells and shallow wells equally outperformed other irrigation types, “Canal or Well” highlight 
regions where well irrigation and canal irrigation had equal influences on the total amount of 
winter cropped area, and “Canal Irrigation” highlight states where surface flow and surface lift 
irrigation equally outperformed all other irrigation types.   
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Table S2. Regression results from the analyses we conducted for all villages across India. 
We identified which rainfall and irrigation variables were associated with 1) villages that had 
winter crop at least once from 2000 to 2006, and 2) total winter crop cover for each year from 
2000 to 2006. Results for irrigation type are presented using deep wells as a reference value. All 
continuous predictors were standardized by subtracting their mean and dividing by twice their 
standard deviation. Monsoon and winter rainfall were treated as mean values over 2000 to 2006 
for the analysis that predicted whether a village was ever cropped, and as annual values for the 
analysis that predicted the percent of winter crop each year. Parameter estimates for each 
variable are listed along with standard errors in parentheses. Significance is starred at the 
<0.001***, <0.01**, and <0.05* levels. 
 

Variable Ever Cropped Percent Winter Crop 

Monsoon Rainfall -0.00*** 
(0.00) 

0.00*** 
(0.00) 

Winter Rainfall 0.00*** 
(0.00) 

-0.00*** 
(0.00) 

Shallow Well -0.02 
(0.04) 

-0.25*** 
(0.01) 

Dug Well 0.21*** 
(0.02) 

-0.71*** 
(0.01) 

Surface Flow -0.52*** 
(0.03) 

-0.61*** 
(0.01) 

Irrigation 
Type 

Surface Lift -0.03 
(0.04) 

-0.14*** 
(0.01) 

Shallow Well * Monsoon Rain NA 0.00*** 
(0.00) 

Dug Well * Monsoon Rain NA 0.00*** 
(0.00) 

Surface Flow * Monsoon Rain NA 0.00*** 
(0.00) 

Surface Lift * Monsoon Rain NA 0.00*** 
(0.00) 

Shallow Well * Winter Rain NA 0.00*** 
(0.00) 

Dug Well * Winter Rain NA 0.00*** 
(0.00) 

Surface Flow * Winter Rain NA 0.00*** 
(0.00) 

Interaction 
Term 

Surface Lift * Winter Rain NA 0.00*** 
(0.00) 

Cultivatable Command Area Y Y 

Soil Type Y Y 

Agro-ecological Zone Y Y 

Controls 

Population Controls (% Literate, 
% Agricultural Labor, % Y Y 
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Cultivators) 

Political Boundaries (State, 
District) Y Y 

 

Time and Village Fixed Effects NA Y 
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Figure S1. Map of sub-agroecological zones across India. These regions are defined as in 
Gajbhiye and Mandal (2000). We selected five regions across the country that represent 
differences in crop type, integration to market, access to irrigation, total amount of rainfall, and 
soil type for validation – these validation regions are highlighted with black squares. Since our 
algorithm performs well in all five heterogeneous regions, it likely is an accurate algorithm to 
calculate cropped area across all of India. We also conducted validation across multiple years 
ranging from 2002 to 2011, as highlighted in Table 1.  
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Figure S2. Scatter plots for winter cropped area for each of the five test regions used for 
validation. We validate our MODIS winter cropped area product at a 1 x 1 km scale when 
compared to winter cropped area estimates from high-resolution Quickbird or Worldview-2 
imagery. One to one lines are plotted as a dotted line. We used 1000 randomly selected 1 x 1 km 
grids in each of our five test sites for validation.  
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Figure S3. Scatter plots for summer cropped area for each of the five test regions used for 
validation. We validate our MODIS summer cropped area product at a 1 x 1 km scale when 
compared to summer cropped area estimates from high-resolution Quickbird or Worldview-2 
imagery. One to one lines are plotted as a dotted line. We used 1000 randomly selected 1 x 1 km 
grids in each of our five test sites for validation. We were unable to obtain high-resolution 
Quickbird or WorldView-2 imagery for our test site in Madhya Pradesh in the summer season 
and thus have omitted that site from our validation.  
 

 
 
 
 



! 166 

Figure S4. Coefficient of Variation and R2 for winter cropped area.  Map highlighting the 
coefficient of variation of winter cropped area and the R2 from a linear regression predicting 
winter crop cover using total annual monsoon rainfall and total annual winter rainfall, aggregated 
at the state level. We see the highest CV in eastern India, and the highest R2 values in northwest 
India.   
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Figure S5. Village boundaries. Diagram showing Thiessin polygons (black lines) that were 
created around each village GPS point (yellow dots) to construct village shapefiles.  
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CHAPTER SIX 

Conclusion, Synthesis, and Implications  

 Variability is an inherent part of any living system, yet organisms and individuals may be 

able to adapt, or modify behavior, in order to reduce or negate the adverse impacts of change. 

Adaptation is particularly important to consider in the face of contemporary climate change, as 

individuals and communities may be able to adapt their behavior in response to weather 

variability and reduce or possibly eliminate predicted adverse impacts. To gain a more 

mechanistic understanding of which factors may lead to enhanced adaptive capacity of 

individuals and communities to future change, this dissertation broadly examined which social, 

economic, biophysical, and perceptional factors are associated with agricultural adaptation to 

current weather variability. I focused this research on agricultural systems, as these are one of the 

social-ecological systems that are currently and predicted to be the most impacted by climate 

variability and change, and in India, as a large proportion of this nation’s population practices 

smallholder agriculture and may be particularly vulnerable to climate variability and change. 

Furthermore, I conducted this work using a multi-disciplinary, multi-scale approach, which 

allowed me to understand the local-level drivers of decision-making as well as broader, more 

generalizable patterns of adaptation at regional and national scales. The results from the 

preceding chapters generally show how adapting agricultural practices, like changing cropping 

patterns or increasing irrigation, can reduce the vulnerability of farmers to weather variability. 

Importantly, however, we show that adaptation is not simply about adopting the appropriate 

technical solutions like sowing weather-appropriate crops or irrigating optimally, it is also about 

the complex set of economic, social, and perceptional factors that influence farmer decision-

making and adaptive capacity. In this concluding section, I summarize the main findings of each 
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chapter, discuss the results from this dissertation in the context of climate adaptation research 

and possible adaptation policies for India, and suggest possible avenues for future research. 

The systematic review conducted in Chapter Two highlights important biases and gaps in 

our current knowledge about climate change adaptation in the agricultural sector. Most notably, 

there is a geographic bias in where studies on the factors associated with adaptation take place – 

studies are concentrated in North America, particularly the United States, and there is a dearth of 

studies in some regions in the tropics that are predicted to be the most negatively impacted by 

climate change, including North Africa, the Middle East, and Southeast Asia. I also find that 

given the way that many adaptation studies are designed, it is difficult to develop a process-based 

understanding of adaptation in the current literature. Based on these findings, four 

recommendations for future research are offered that may result in a more process-based 

understanding of adaptation, which may help better inform adaptation policy. Future studies 

would benefit from 1) simultaneously considering the multiple social, economic, biophysical, 

and perceptional factors that are associated with adaptation, 2) understanding how weather 

variability and change influence well-being to more accurately identify which individuals, 

households, or communities are the most vulnerable or the best able to adapt, 3) conducting more 

comparative work, possibly using a mixed methods approach, and 4) focusing more research 

efforts on those underrepresented regions in the tropics that are predicted to be the most 

impacted by climate change.  

I used the recommendations developed in this literature review to design the case study in 

Chapter Three, which examined how farmers altered their cropping strategies in response to a 

delayed monsoon onset in 2011 in Gujarat, India. I find that there are three main coping 

strategies farmers employed: increasing the amount of irrigation used during periods of no to low 
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rainfall, switching to more drought-tolerant, late season crops, and shifting back the date of 

planting. Which alteration strategies farmers adopted were related to a variety of social (e.g. 

information networks), economic (e.g. assets), biophysical (e.g. soil type), and perceptional (e.g. 

climate perceptions) factors. In general, richer farmers who had access to irrigation were more 

likely to increase the amount of irrigation used instead of switching crop type or shifting planting 

date, whereas poorer farmers with less access to irrigation were more likely to push back the date 

of planting. Yet we also found that after controlling for more cited factors like assets and access 

to irrigation, weather perceptions and risk preferences were also important drivers of decision-

making. For the year of our study, these strategies were beneficial considering yield and profit at 

the end of the growing season, particularly increasing the amount of irrigation used, which 

suggests that farmers were able to reduce some of the negative impacts of a delayed monsoon 

onset on production. These results highlight the importance of considering farmer behavior and 

decision-making in models that estimate future weather and climate impacts on agricultural 

production. Furthermore, the results from this study may be generalizable to other regions in 

India, particularly as agricultural communities become increasingly dependent on groundwater 

reserves (there has been a large increase in shallow and deep well construction in south and east 

India over the past decade) and integrated with markets (Mukherji et al. 2013). Finally, multi-

year studies are important to derive more general findings and to consider the importance of 

year-to-year variation, and results from a panel study where we interviewed these same farmers 

for three years are forthcoming. Preliminary results suggest that the findings from this one-year 

study are qualitatively similar, but different factors, particularly the market price of crops, 

become stronger drivers of decision-making in years with normal monsoon onset. 
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While household-level surveys allow one to assess individual-level decision-making, they 

are difficult to implement over large spatial and temporal scales. Thus, in Chapter Four, I 

developed a remote sensing product to quantify agricultural production of smallholder farms 

over large spatial and temporal scales using readily-available satellite imagery, like MODIS. 

This work contributes to the field of using MODIS imagery to map agricultural production as 

this method provides higher resolution and more accurate estimates of cropped area than 

previous studies conducted in smallholder agricultural systems (e.g. Sakamoto et al. 2005, 

Biradar and Xiao 2011). By accounting for sub-pixel heterogeneity in MODIS pixels, this 

method more accurately estimates the amount of cropped area at a scale of 1 x 1 km when 

compared to high-resolution validation imagery (e.g. Quickbird). While this algorithm was 

developed to quantify crop production in India, it is likely that the algorithm may be applicable 

to smallholder systems more broadly across the tropics. This is because validation of the remote 

sensing product was conducted across a wide range of heterogeneous agricultural landscapes in 

India that varied in their annual rainfall, mechanization, integration to market, crop type, and soil 

type (Chapter 5), and I found that the algorithm performed accurately in all regions, particularly 

during the winter season (R2 > 0.80). Future work should assess if this algorithm can be 

accurately applied to agricultural systems outside of South Asia. 

In Chapter Five, I linked these cropped area data with rainfall and irrigation data at the 

village-scale to assess the relative impact of different types of irrigation (e.g. deep well, shallow 

well, canal irrigation) on winter cropped area and its sensitivity to rainfall variability. This is 

especially important to understand in the Indian context since approximately 40% of the nation’s 

irrigation is currently provided by groundwater, yet groundwater tables are falling rapidly and 

may not remain a reliable source of irrigation over the upcoming decades (Shah et al. 2003, 
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Tiwari et al. 2009). Overall, deep well irrigation is both associated with the greatest amount of 

winter cropped area, and is also the least sensitive to monsoon and winter rainfall variability. 

However, the relative benefit of deep well irrigation varies across India, with the greatest 

benefits seen in states in northwest India. This is interesting to note given that northwest India is 

the region that is facing the greatest levels of groundwater depletion and is the most at risk for 

losing groundwater as a possible source of irrigation (Jha and Sinha 2009, Rodell et al. 2009). 

These results highlight the importance of groundwater irrigation for food security in India, and 

suggest that current alternative forms of irrigation, like surface flow or surface lift canals, may 

not be as effective at increasing winter crop production and reducing its sensitivity to rainfall in 

the regions where groundwater is likely to become scarce.  

Considering this work more broadly within the lens of climate adaptation research, the 

results from this dissertation highlight the importance of conducting multi-disciplinary (e.g., 

natural and social science) research, estimating the outcomes of decision-making to assess 

whether alteration strategies are adaptive, and using a mixed methods approach implemented at 

multiple scales. Given that farmer decision-making is complex and is influenced by a variety of 

different factors, it is important to bring together hypotheses and literature from multiple 

disciplines, including the social science fields of economics, psychology, sociology, and 

anthropology as well as natural science fields of climate science, remote sensing, ecology, and 

agronomy. Without considering the theories derived in these multiple disciplines simultaneously, 

it is possible to overlook the factors that may be the most important for decision-making in a 

given system. For example, I found that not only were economic variables, like assets and access 

to irrigation, important for decision-making, but psychological variables, like farmers’ 

perceptions of weather variability and change, were also significant factors. Second, this research 
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shows the importance of considering the outcomes of farmer decision-making in order to assess 

whether alteration strategies were adaptive and beneficial to farmer welfare. Without examining 

outcomes, like yields and/or profits, it is difficult to assess which farmers, households, or 

communities are the most vulnerable or the best able to adapt to weather variability and change. 

Future work should also consider how longer-term alteration strategies, like switching to 

livestock, investing in children’s education, or migrating out of agriculture, influence farmer 

welfare (ongoing work with Ram Fishman and Avinash Kishore). Finally, this work shows the 

importance of conducting multi-site, comparative research at multiple scales. Through fieldwork, 

I found that increasing the amount of irrigation used, particularly from deep wells, was the most 

adopted alteration strategy during times of no to low rainfall. Yet, it is difficult to generalize 

these results over larger spatial scales given the difficulty in conducting household-level surveys 

across broad regions. Thus, I used remote sensing and census datasets to examine the importance 

of irrigation as a way to buffer agricultural production against rainfall variability across all of 

India, and found that deep wells both increase production and reduce its sensitivity to rainfall in 

broader regions than where I conducted household-level fieldwork. 

 The results from this dissertation also have important implications for understanding how 

vulnerable agricultural production is to weather variability in India and possible strategies that 

may be promoted to reduce the vulnerability of production to future climate variability and 

change. Specifically, these results highlight the importance of groundwater irrigation as a way to 

both increase cropped area during the winter season and reduce its sensitivity to rainfall 

variability. Yet, groundwater is being exploited across much of the northern part of the country 

and may not remain a reliable source of irrigation over the upcoming decades. These results 

show that in the regions that are facing the highest levels of groundwater exploitation (e.g. 
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northwest India, Andhra Pradesh; Jha and Sinha 2009, Rodell et al. 2009), other forms of 

irrigation, like surface lift and flow canals, lead to significantly less cropped area in the winter 

season than groundwater sources. This dependency of stable and effective agricultural 

production on groundwater suggests that in order to maintain current levels of production over 

the upcoming decades, it is important to identify ways to use groundwater more efficiently, 

increase the recharge rate of groundwater, or improve the performance of canal irrigation in the 

regions where groundwater use is currently unsustainable. Possible ways to more efficiently use 

groundwater include adopting new technologies, like drip irrigation, that use less groundwater 

per area cropped (ongoing work with Ram Fishman, Alicia Hartley, and Avinash Kishore) and 

also switching to more weather-tolerant crops that require less water and are better able to 

withstand weather extremes (e.g droughts and heat-stress; future work with David Lobell). 

Furthermore, anecdotal evidence suggests that in addition to being unsustainable, overuse of 

groundwater may be leading to negative environmental impacts, including increased water and 

soil salinity, which may have negative impacts on crop yields (ongoing work with Shahid 

Naeem). Finally, these results suggest that while farmers may be able to make small adjustments 

to reduce the negative impact of weather variability on yields and income, like shifting planting 

date, studies suggest that these autonomous adaptation strategies will not be enough to 

ameliorate the predicted negative impacts of climate change (Kalra et al. 2008, Ortiz et al. 2008). 

Thus, future work should assess how well autonomous adaptation can reduce the negative 

impacts of future climate variability and change and identify possible top-down policy solutions, 

like introducing more weather-tolerant crop varieties, to help those farmers who are the most 

vulnerable, such as poor farmers who have little access to irrigation (future work with David 

Lobell).  



! 175 

 While my previous and ongoing work have focused on agricultural adaptation to weather 

variability in India, the methods and implications derived from this dissertation are applicable 

more broadly to the study of resilience and adaptive capacity of social-ecological systems to 

global environmental change. Methodologically, this work highlights the importance of 

conducting research using a mixed methods approach. Larger scale analyses that use remote 

sensing and census datasets allow one to assess broad patterns of global environmental change, 

while detailed household-level work and time spent in local communities allow one to better 

identify and understand the mechanistic relationships between human decision-making, land use, 

and environmental change. Furthermore, considering both the social and natural dimensions of 

adaptation allow one to assess the coupled relationship between societies and the natural systems 

on which they depend, and contribute to the rapidly emerging field of sustainability science 

(Clark 2007, Kauffman 2009, Jerneck et al. 2011). For example, certain cropping strategies that 

were found to be adaptive over the short-term, like increasing irrigation, may in fact have 

negative environmental consequences (e.g. irreversible groundwater depletion and increased soil 

salinization) that make their use unsustainable over longer time scales, and these effects can only 

be understood by considering the long-term environmental impacts of human decision-making. 

In a rapidly changing global system, using a multi-disciplinary, multi-scale, and coupled systems 

approach similar to the one employed in this dissertation will help better understand and identify 

possible sustainable solutions to enhance the ability of societies to adapt to global environmental 

change.  



! 176 

REFERENCES 

Adger, W. N. 2003. Social Capital, Collective Action, and Adaptation to Climate Change. 
Economic Geography 79:387–404. 

 
Adger, W. N. 2006. Vulnerability. Global Environmental Change 16:268–281. 
 
Adger, W. N., and K. Vincent. 2005. Uncertainty in adaptive capacity. Comptes Rendus 

Geoscience 337:399–410. 
 
Adger, W. N., N. W. Arnell, and E. L. Tompkins. 2005. Successful adaptation to climate change 

across scales. Global Environmental Change 15:77–86. 
 
Allison, H. E., and R. J. Hobbs. 2004. Resilience, adaptive capacity, and the lock-in trap of the 

Western Australian agricultural region. Ecology and Society 9:3. 
 
Amarasinghe, U. A., and S. Xenarios. 2009. Strategic Issues in Indian Irrigation: overview of the 

proceedings. International Water Management Institute. 
 
Baltagi, B. 2008. Econometric analysis of panel data. John Wiley & Sons. 
 
Bard, G. V. 2007. Spelling-error tolerant, order-independent pass-phrases via the Damerau-

Levenshtein string-edit distance metric. 
 
Becker-Reshef, I., E. Vermote, M. Lindeman, and C. Justice. 2010. A generalized regression-

based model for forecasting winter wheat yields in Kansas and Ukraine using MODIS data. 
Remote Sensing of Environment 114:1312–1323. 

 
Below, T. B., K. D. Mutabazi, D. Kirschke, C. Franke, S. Sieber, R. Siebert, and K. Tscherning. 

2012. Can farmers’ adaptation to climate change be explained by socio-economic household-
level variables? Global Environmental Change 22:223–235. 

 
Benedetti, R., and P. Rossini. 1993. On the Use of NDVI Profiles as a Tool for Agricultural 

Statistics: The Case Study of Wheat Yield Estimate and Forecast in Emilia Romagna. 
Remote Sensing of Environment 45:311–326. 

 
Biggs, T. W., P. S. Thenkabail, M. K. Gumma, C. A. Scott, G. R. Parthasaradhi, and H. N. 

Turral. 2006. Irrigated area mapping in heterogeneous landscapes with MODIS time series, 
ground truth and census data, Krishna Basin, India. International Journal of Remote Sensing 
27:4245–4266. 

 
Binswanger, H. P., and D. A. Sillers. 1983. Risk aversion and credit constraints in farmers' 

decision-making: A reinterpretation. The Journal of Development Studies:5–21. 
 
Biradar, C. M., and X. Xiao. 2011. Quantifying the area and spatial distribution of double- and 

triple- cropping croplands in India with multi-temporal MODIS imagery in 2005. 



! 177 

International Journal of Remote Sensing 32:367–386. 
 
Bongaarts, J. 2009. Human population growth and the demographic transition. Philosophical 

Transactions of the Royal Society B: Biological Sciences 364:2985–2990. 
 
Boots, B. N. 1980. Weighting Thiessen Polygons. Economic Geography 56:248–259. 
 
Borooah, V. K. 2005. Caste, inequality, and poverty in India. Review of Development 

Economics 9:399–414. 
 
Bouvet, A., T. Le Toan, and Nguyen Lam-Dao. 2009. Monitoring of the Rice Cropping System 

in the Mekong Delta Using ENVISAT/ASAR Dual Polarization Data. IEEE Transactions on 
Geoscience and Remote Sensing 47:517–526. 

 
Brassel, K. E., and D. Reif. 1979. A procedure to generate Thiessen polygons. Geographical 

Analysis 11:289–303. 
 
Braswell, B. H., S. C. Hagen, S. E. Frolking, and W. A. Salas. 2003. A multivariable approach 

for mapping sub-pixel land cover distributions using MISR and MODIS: Application in the 
Brazilian Amazon region. Remote Sensing of Environment 87:243–256. 

 
Breiman, L. 2001. Random forests. Machine Learning 45:5–32. 
 
Brisco, B., R. J. Brown, T. Hirose, H. McNairn, and K. Staenz. 1998. Precision Agriculture and 

the Role of Remote Sensing: A Review. Canadian Journal of Remote Sensing 24:315–327. 
 
Brooks, N., N. Grist, and K. Brown. 2009. Development futures in the context of climate change: 

Challenging the present and learning from the past. Development Policy Review 27:741–
765. 

 
Burton, I., S. Huq, B. Lim, O. Pilifosova, and E. L. Schipper. 2002. From impacts assessment to 

adaptation priorities: the shaping of adaptation policy. Climate policy 2:145–159. 
 
Butler, L. B. A. R. 1999. Comparing Effects of Aggregation Methods on Statistical and Spatial 

Properties of Simulated Spatial Data. Photogrammetric engineering and remote sensing 
65:73–84. 

 
Canty, M. J., and A. A. Nielsen. 2008. Automatic radiometric normalization of multitemporal 

satellite imagery with the iteratively re-weighted MAD transformation. Remote Sensing of 
Environment 112:1025–1036. 

 
Carpenter, M. P., and F. Narin. 1981. The adequacy of the Science Citation Index (SCI) as an 

indicator of international scientific activity. Journal of the American Society for Information 
Science:430–439. 

 
Census of India. 2001. Ministry of Home Affairs.  



! 178 

 
Chakraborty, M., J. S. Parihar, and S. Panigrahy. 1999. Operational Use of SAR Images for Crop 

Surveillance - Issues Regarding Congruency Accuracy. Pages 1–7. Toulouse, France. 
 
Clark, W.C. 2007. Sustainability Science: A room of its own. Proceedings of the National 

Academy of Sciences of the United States of America 104:1737-1738 
 
Cole, S., X. Giné, J. Tobacman, R. R. Townsend, P. Topalova, and J. Vickery. 2012. Barriers to 

Household Risk Management: Evidence from India. Harvard Business School: Working 
Paper:1–55. 

 
Collins, W. 1978. Remote sensing of crop type and maturity. Photogrammetric engineering and 

remote sensing 44:43–55. 
 
Costa, L., and J. P. Kropp. 2012. Linking components of vulnerability in theoretic frameworks 

and case studies. Sustainability Science. 
 
Dai, X., and S. Khorram. 1998. A hierarchical methodology framework for multisource data 

fusion in vegetation classification. International Journal of Remote Sensing 19:3697–3701. 
 
DeFries, R. S., and J. C. W. Chan. 2000. Multiple Criteria for Evaluating Machine Learning 

Algorithms for Land Cover Classification from Satellite Data. Remote Sensing of 
Environment 74:503–515. 

 
Deressa, T. T., R. M. Hassan, C. Ringler, T. Alemu, and M. Yesuf. 2009. Determinants of 

farmers' choice of adaptation methods to climate change in the Nile Basin of Ethiopia. 
Global Environmental Change-Human and Policy Dimensions 19:248–255. 

 
Deschenes, O., and M. Greenstone. 2007. The economic impacts of climate change: evidence 

from agricultural output and random fluctuations in weather. The American Economic 
Review 97:354–385. 

 
Deshpande, A. 2000. Does caste still define disparity? A look at inequality in Kerala, India. The 

American Economic Review 90:322–325. 
 
Dheeravath, V., P. S. Thenkabail, G. Chandrakantha, P. Noojipady, G. P. O. Reddy, C. M. 

Biradar, M. K. Gumma, and M. Velpuri. 2010. Irrigated areas of India derived using MODIS 
500 m time series for the years 2001-2003. Isprs Journal of Photogrammetry and Remote 
Sensing 65:42–59. 

 
Dilley, M. 2000. Reducing vulnerability to climate variability in southern Africa: the growing 

role of climate information. Climatic Change 45:63–73. 
 
Downing, T. E., and A. Patwardhan. 2005. Assessing vulnerability for climate adaptation. 

Adaptation policy frameworks. 
 



! 179 

Dubash, N. K. 2002. Tubewell capitalism: groundwater development and agrarian change in 
Gujarat. Oxford University Press. 

 
Eriksen, S. H., and P. M. Kelly. 2006. Developing Credible Vulnerability Indicators for Climate 

Adaptation Policy Assessment. Mitigation and Adaptation Strategies for Global Change 
12:495–524. 

 
Fan, S., P. Hazell, and T. Haque. 2000. Targeting public investments by agro-ecological zone to 

achieve growth and poverty alleviation goals in rural India. Food Policy 25:411–428. 
 
Fang, H., B. Wu, H. Liu, and X. Huang. 1998. Using NOAA AVHRR and Landsat TM to 

estimate rice area year-by-year. International Journal of Remote Sensing 19:521–525. 
 
Fazey, I., J. A. Fazey, J. Fischer, K. Sherren, J. Warren, R. F. Noss, and S. R. Dovers. 2007. 

Adaptive capacity and learning to learn as leverage for social-ecological resilience. Frontiers 
in Ecology and the Environment 5:375–380. 

 
Feder, G., and D. L. Umali. 1993. The adoption of agricultural innovations: a review. 

Technological forecasting and social change 43:215–239. 
 
Filmer, D., and L. H. Pritchett. 2001. Estimating wealth effects without expenditure data--or 

tears: an application to educational enrollments in states of India. Demography 38:115–132. 
 
Fishman, R. M. 2012. Climate Change, Rainfall Variability, and Adaptation through Irrigation: 

Evidence from Indian Agriculture. Job Market Paper. 
 
Flyvbjerg, B. 2006. Five Misunderstandings About Case-Study Research. Qualitative Inquiry 

12:219–245. 
 
Foley, J. A., N. Ramankutty, K. A. Brauman, E. S. Cassidy, J. S. Gerber, M. Johnston, N. D. 

Mueller, C. O’Connell, D. K. Ray, P. C. West, C. Balzer, E. M. Bennett, S. R. Carpenter, J. 
Hill, C. Monfreda, S. Polasky, J. Rockström, J. Sheehan, S. Siebert, D. Tilman, and D. P. M. 
Zaks. 2011. Solutions for a cultivated planet. Nature 478:337–342. 

 
Folke, C. 2006. Resilience: The emergence of a perspective for social–ecological systems 

analyses. Global Environmental Change 16:253–267. 
 
Folke, C., S. Carpenter, T. Elmqvist, L. Gunderson, C. S. Holling, and B. Walker. 2002. 

Resilience and sustainable development: building adaptive capacity in a world of 
transformations. AMBIO: A Journal of the Human Environment 31:437–440. 

 
Foster, A. D., and M. R. Rosenzweig. 2004. Agricultural Productivity Growth, Rural Economic 

Diversity, and Economic Reforms: India, 1970–2000. Economic Development and Cultural 
Change 52:509–542. 

 
Fuller, D. O. 1998. Trends in NDVI time series and their relation to rangeland and crop 



! 180 

production in Senegal, 1987-1993. International Journal of Remote Sensing 19:2013–2018. 
 
Füssel, H.-M., and R. J. T. Klein. 2006. Climate Change Vulnerability Assessments: An 

Evolution of Conceptual Thinking. Climatic Change 75:301–329. 
 
Gadgil, S. 2003. The Indian Monsoon and its Variability. Annual Review of Earth and Planetary 

Sciences 31:429–467. 
 
Gadgil, S., Y. P. Abrol, and P. S. Rao. 1999. On growth and fluctuation of Indian foodgrain 

production. Current Science 21. 
 
Gajbhiye, K. S., and C. Mandal. 2000. Agro-Ecological Zones, their Soil Resource and Cropping 

Systems. 
 
Galford, G. L., J. F. Mustard, J. Melillo, A. Gendrin, C. C. Cerri, and C. E. P. Cerri. 2008. 

Wavelet analysis of MODIS time series to detect expansion and intensification of row-crop 
agriculture in Brazil. Remote Sensing of Environment 112:576–587. 

 
Gaur, A., T. W. Biggs, and M. K. Gumma. 2008. Water scarcity effects on equitable water 

distribution and land use in a major irrigation project—case study in India. Journal of 
Irrigation and Draining Engineering 134:26–35. 

 
Gelman, A., and J. Hill. 2007. Data Analysis Using Regression And Multilevel/Hierarchical 

Models. Cambridge University Press. 
 
Gerring, J. 2004. What is a case study and what is it good for? American political science review 

98:341–354. 
 
Godfray, H. C. J., J. R. Beddington, I. R. Crute, L. Haddad, D. Lawrence, J. F. Muir, J. Pretty, S. 

Robinson, S. M. Thomas, and C. Toulmin. 2010. Food Security: The Challenge of Feeding 9 
Billion People. Science 327:812–818. 

 
Gregory, P. J., J. S. I. Ingram, and M. Brklacich. 2005. Climate change and food security. 

Philosophical Transactions of the Royal Society B: Biological Sciences 360:2139–2148. 
 
Grothmann, T., and A. Patt. 2005. Adaptive capacity and human cognition: The process of 

individual adaptation to climate change. Global Environmental Change 15:199–213. 
 
Hanjra, M. A., and M. E. Qureshi. 2010. Global water crisis and future food security in an era of 

climate change. Food Policy 35:365–377. 
 
Harvey, L. J., and M. D. Myers. 1995. Scholarship and practice: the contribution of ethnographic 

research methods to bridging the gap. Information Technology & People 8:13–27. 
 
Hassan, R., and C. Nhemachena. 2008. Determinants of African farmers' strategies for adapting 

to climate change: Multinomial choice analysis. African Journal of Agricultural and 



! 181 

Resource Economics 2:83–104. 
 
Hinkel, J. 2011. “Indicators of vulnerability and adaptive capacity”: Towards a clarification of 

the science–policy interface. Global Environmental Change 21:198–208. 
 
Holling, C. S. 1973. Resilience and stability of ecological systems. Annual Review of Ecology 

and Systematics 4:1–23. 
 
Huete, A. R., H. Q. Liu, K. Batchily, and W. van Leeuwen. 1997. A Comparison of Vegetation 

Indices over a Global Set of TM Images for EOS-MODIS. Remote Sensing of Environment 
59:440–451. 

 
Huete, A., K. Didan, T. Miura, E. P. Rodriguez, X. Gao, and L. G. Ferreira. 2002. Overview of 

the radiometric and biophysical performance of the MODIS vegetation indices. Remote 
Sensing of Environment 83:195–213. 

 
Huffman, G. J., D. T. Bolvin, E. J. Nelkin, D. B. Wolff, R. F. Adler, G. Gu, Y. Hong, K. P. 

Bowman, and E. F. Stocker. 2007. The TRMM Multisatellite Precipitation Analysis 
(TMPA): Quasi-Global, Multiyear, Combined-Sensor Precipitation Estimates at Fine Scales. 
Journal of Hydrometeorology 8:38–55. 

 
Hurvich, C., and C. Tsai. 1989. Regression and Time-Series Model Selection in Small Samples. 

Biometrika 76:297–307. 
 
Hussain, I. 2005. Pro-poor intervention strategies in irrigated agriculture in Asia. International 

Water Management Institute. International Water Management Institute. 
 
Indiastat (2012). State-wise Area Under Crops. < http://www.indiastat.com/> 

Intergovernmental Panel on Climate Change (IPCC) Climate Change 2007: The Physical 
Science Basis. Contribution of Working Group I to the Fourth Assessment Report of the 
Intergovernmental Panel on Climate Change. Cambridge University Press, Cambridge. 

 
IRI/LDEO Climate Data Library. (2012). Columbia University. <http://iridl.ldeo.columbia.edu/> 

Jain, M., P. Mondal, R. S. DeFries, C. Small, and G. L. Galford. 2013. Remote Sensing of 
Environment. Remote Sensing of Environment 134:210–223. 

 
Jain, M., Y. Lim, J. A. Arce-Nazario, and M. Uriarte. 2014. Perceptional and Socio-

Demographic Factors Associated with Household Drinking Water Management Strategies in 
Rural Puerto Rico. PLoS One 9:e88059. 

 
Janssen, M. A., M. L. Schoon, W. Ke, and K. Börner. 2006. Scholarly networks on resilience, 

vulnerability and adaptation within the human dimensions of global environmental change. 
Global Environmental Change 16:240–252. 

 



! 182 

Jeffrey, C. 2001. “A fist is stronger than five fingers”: caste and dominance in rural north India. 
Transactions of the Institute of British Geographers 26:217–236. 

 
Jehu-Appiah, C., G. Aryeetey, I. Agyepong, E. Spaan, and R. Baltussen. 2012. Household 

perceptions and their implications for enrolment in the National Health Insurance Scheme in 
Ghana. Health Policy and Planning 27:222–233. 

 
Jerneck, A., L. Olsson, B. Ness, S. Anderberg, M. Baier, E. Clark, T. Hickler, A. Hornborg, A.  

Kronsell, E. Lövbrand, and J. Persson. 2011. Structuring sustainability science.  
Sustainability Science 6:69-82. 

 
Jha, B. M., and S. K. Sinha. 2009. Towards Better Management fo Ground Water Resources in 

India. Pages 1–21. Ministry of Water Resources. 
 
Johnson, R. B., and A. J. Onwuegbuzie. 2004. Mixed Methods Research: A Research Paradigm 

Whose Time Has Come. Educational Researcher 33:14–26. 
 
Kalra, N., D. Chakraborty, A. Sharma, H. K. Rai, M. Jolly, S. Chander, P. R. Kumar, S. 

Bhadraray, D. Barman, R. B. Mittal, M. Lal, and M. Sehgal. 2008. Effect of increasing 
temperature on yield of some winter crops in northwest India. Current Science 94. 

 
Kauffman, J. 2009. Advancing sustainability science:  report on the International Conference on  

Sustainability Science (ICSS) 2009. Sustainability Science 4:233-242. 
 
Kelly, P. M., and W. N. Adger. 2000. Theory and practice in assessing vulnerability to climate 

change and facilitating adaptation. Climatic Change 47:325–352. 
 
Kolenikov, S., and G. Angeles. 2004. The use of discrete data in PCA: theory, simulations, and 

applications to socioeconomic indices. Carolina Population Center MEASURE Evaluation, 
University of North Carolina at Chapel Hill. 

 
Kumar, K. K., K. Rupa Kumar, R. G. Ashrit, N. R. Deshpande, and J. W. Hansen. 2004. Climate 

impacts on Indian agriculture. International Journal of Climatology 24:1375–1393. 
 
Kumar, K. R., A. K. Sahai, K. K. Kumar, S. K. Patwardhan, P. K. Mishra, J. V. Revadekar, K. 

Kamala, and G. B. Pant. 2006. High-resolution climate change scenarios for India for the 
21st century. Current Science 90. 

 
Kumar, K. S., and J. Parikh. 2001. Indian agriculture and climate sensitivity. Global 

Environmental Change 11:147–154. 
 
Laube, W., B. Schraven, and M. Awo. 2011. Smallholder adaptation to climate change: 

dynamics and limits in Northern Ghana. Climatic Change 111:753–774. 
 
Leichenko, R. M., and K. L. O'Brien. 2002. The Dynamics of Rural Vulnerability to Global 

Change: the Case of Southern Africa. Mitigation and Adaptation Strategies for Global 



! 183 

Change 7:1–18. 
 
Lenney, M. P., C. E. Woodcock, J. B. Collins, and H. Hamdi. 1996. The Status of Agricultural 

Lands in Egypt: The Use of Multitemporal NDVI Features Derived from Landsat TM. 
Remote Sensing of Environment 56:8–20. 

 
Lieberman, E. S. 2005. Nested analysis as a mixed-method strategy for comparative research. 

The American Political Science Review 99:435–452. 
 
Lijphart, A. 1975. The comparable-cases strategy in comparative research. Comparative political 

studies 8:158–177. 
 
Lobell, D. B., A. Sibley, and J. I. Ortiz-Monasterio. 2012. Extreme heat effects on wheat 

senescence in India. Nature Climate Change 2:186–189. 
 
Lobell, D. B., and G. P. Asner. 2004. Cropland distributions from temporal unmixing of MODIS 

data. Remote Sensing of Environment 93:412–422. 
 
Lobell, D. B., M. B. Burke, C. Tebaldi, M. D. Mastrandrea, W. P. Falcon, and R. L. Naylor. 

2008. Prioritizing Climate Change Adaptation Needs for Food Security in 2030. Science 
319:607–610. 

 
Lobell, D. B., W. Schlenker, and J. Costa-Roberts. 2011. Climate Trends and Global Crop 

Production Since 1980. Science 333:616–620. 
 
Macedo, M. N., R. S. DeFries, D. C. Morton, C. M. Stickler, G. L. Galford, and Y. E. 

Shimabukuro. 2012. Decoupling of deforestation and soy production in the southern 
Amazon during the late 2000s. Proceedings of the National Academy of Sciences of the 
United States of America 109:1341–1346. 

 
Mahtab, F. U., and Z. Karim. 1992. Population and Agricultural Land Use: Towards a 

Sustainable Food Production System in Bangladesh. Ambio 21:50–55. 
 
Mall, R. K., A. Gupta, R. Singh, R. S. Singh, and L. S. Rathore. 2006a. Water resources and 

climate change: an Indian perspective. Current Science 90:1610–1626. 
 
Mall, R. K., R. Singh, A. Gupta, G. Srinivasan, and L. S. Rathore. 2006b. Impact of Climate 

Change on Indian Agriculture: A Review. Climatic Change 78:445–478. 
 
Marra, M., D. J. Pannell, and A. A. Ghadim. 2003. The economics of risk, uncertainty and 

learning in the adoption of new agricultural technologies: where are we on the learning 
curve? Agricultural Systems 75:215–234. 

 
Martínez-Casasnovas, J. A., A. Martín-Montero, and M. Auxiliadora Casterad. 2005. Mapping 

multi-year cropping patterns in small irrigation districts from time-series analysis of Landsat 
TM images. European Journal of Agronomy 23:159–169. 



! 184 

 
Matuschke, I., and M. Qaim. 2009. The impact of social networks on hybrid seed adoption in 

India. Agricultural Economics 40:493–505. 
 
Maxwell, S. K., J. R. Nuckols, M. H. Ward, and R. M. Hoffer. 2004. An automated approach to 

mapping corn from Landsat imagery. Computers and Electronics in Agriculture 43:43–54. 
 
May, R. M. 1997. The scientific wealth of nations. Science 275:793–796. 
 
Mayer, D. G., and D. G. Butler. 1993. Statistical validation. Ecological Modelling 68:21–32. 
 
Meinke, H., and R. C. Stone. 2005. Seasonal and inter-annual climate forecasting: the new tool 

for increasing preparedness to climate variability and change in agricultural planning and 
operations. Climatic Change 70:221–253. 

 
Meinzen-Dick, R. 2007. Beyond panaceas in water institutions. Proceedings of the National 

Academy of Sciences of the United States of America 104:15200–15205. 
 
Mendelsohn, R., W. Nordhaus, and D. Shaw. 1996. Climate impacts on aggregate farm value: 

Accounting for adaptation. Agricultural and Forest Meteorology 80:55–66. 
 
Mertz, O., C. Mbow, A. Reenberg, and A. Diouf. 2009. Farmers’ Perceptions of Climate Change 

and Agricultural Adaptation Strategies in Rural Sahel. Environmental Management 43:804–
816. 

 
Micro-irrigation Census. 2001. Ministry of Water Resources.  
 
Miller, F. P., A. F. Vandome, and J. McBrewster. 2009. Levenshtein Distance: Information 

theory, Computer science, String metric, Damerau-Levenshtein distance, Spell checker, 
Hamming distance. Alpha Press. 

 
Ministry of Agriculture. 2010. Crop Calendar of Major Crops. Government of India. 
 
Ministry of Water Resources. 2005. Concept and Definition: Micro-Irrigation Census. 
 
Morduch, J. 2002. Consumption smoothing across space: Testing theories of risk-sharing in the 

ICRISAT study region of South India. World Institute for Development Economics Working 
Paper 55. 

 
Morgan, D. L. 1998. Practical Strategies for Combining Qualitative and Quantitative Methods: 

Applications to Health Research. Qualitative Health Research 8:362–376. 
 
Morton, D. C., R. S. DeFries, Y. E. Shimabukuro, L. O. Anderson, E. Arai, F. Del Bon Espirito-

Santo, R. Freitas, and J. Morisette. 2006. Cropland expansion changes deforestation 
dynamics in the southern Brazilian Amazon. Proceedings of the National Academy of 
Sciences of the United States of America 103:14637–14641. 



! 185 

 
Morton, J. F. 2007. The impact of climate change on smallholder and subsistence agriculture. 

Proceedings of the National Academy of Sciences 104:19680–19685. 
 
Mukherji, A., S. Rawat, and T. Shah. 2013. Major Insights from India’s Minor Irrigation 

Censuses: 1986-87 to 2006-07. Economic & Political Weekly 48:1–10. 
 
Murakami, T., and J. Matsumoto. 1994. Summer monsoon over the Asian continent and western 

North Pacific. Japanese progress in climatology:3–29. 
 
Narain, D., and S. Roy. 1980. Impact of Irrigation and Labor Availability on Multiple Cropping: 

A Case Study of India. Pages 1–41. International Food Policy Research Institute. 
 
Nicholson, S. E., B. Some, J. McCollum, E. J. Nelkin, D. Klotter, Y. Berte, B. M. Diallo, I. 

Gaye, G. Kpabeba, O. Ndiaye, J. N. Noukpozounkou, M. M. Tanu, A. Thiam, A. A. Toure, 
and A. K. Traore. 2003. Validation of TRMM and other rainfall estimates with a high-
density gauge dataset for West Africa. Part II: Validation of TRMM rainfall products. 
Journal of Applied Meteorology 42:1355–1368. 

 
O'Brien, K., R. Leichenko, U. Kelkar, H. Venema, G. Aandahl, H. Tompkins, A. Javed, S. 

Bhadwal, S. Barg, L. Nygaard, and J. West. 2004. Mapping vulnerability to multiple 
stressors: climate change and globalization in India. Global Environmental Change 14:303–
313. 

 
O'Brien, K., S. Eriksen, L. P. Nygaard, and A. Schjolden. 2007. Why different interpretations of 

vulnerability matter in climate change discourses. Climate policy 7:73–88. 
 
Odenweller, J. B., and K. I. Johnson. 1984. Crop Identification Using Landsat Temporal-Spectral 

Profiles. Remote Sensing of Environment 14:39–54. 
 
Ortiz, R., K. D. Sayre, B. Govaerts, R. Gupta, G. V. Subbarao, T. Ban, D. Hodson, J. M. Dixon, 

J. Iván Ortiz-Monasterio, and M. Reynolds. 2008. Climate change: Can wheat beat the heat? 
Agriculture, Ecosystems and Environment 126:46–58. 

 
Ozdogan, M., C. Woodcock, G. Salvucci, and H. Demir. 2006. Changes in summer irrigated crop 

area and water use in Southeastern Turkey from 1993 to 2002: Implications for current and 
future water resources. Water Resources Management 20:467–488. 

 
Panigrahy, S., and S. A. Sharma. 1997. Mapping of crop rotation using multidate Indian Remote 

Sensing Satellite digital data. Isprs Journal of Photogrammetry and Remote Sensing 52:85–
91. 

 
Pope, C., and N. Mays. 1995. Reaching the parts other methods cannot reach: an introduction to 

qualitative methods in health and health services research. BMJ (Clinical research ed.) 
311:42–45. 

 



! 186 

Postel, S., P. Polak, F. Gonzales, and J. Keller. 2001. Drip Irrigation for Small Farmers. Water 
International 26:3–13. 

 
Potgieter, A. B., A. Apan, P. Dunn, and G. Hammer. 2007. Estimating crop area using seasonal 

time series of Enhanced Vegetation Index from MODIS satellite imagery. Australian Journal 
of Agricultural Research 58:316–325. 

 
Pretty, J. N., J. I. L. Morison, and R. E. Hine. 2003. Reducing food poverty by increasing 

agricultural sustainability in developing countries. Agriculture, Ecosystems and Environment 
95:217–234. 

 
Quarmby, N. A., J. R. G. Townshend, J. J. Settle, K. H. White, M. Milnes, T. L. Hindle, and N. 

Silleos. 1992. Linear mixing modelling applied to AVHRR data for crop area estimation. 
International Journal of Remote Sensing 13:415–425. 

 
Ren, J., Z. Chen, Q. Zhou, and H. Tang. 2008. Regional yield estimation for winter wheat with 

MODIS-NDVI data in Shandong, China. International Journal of Applied Earth Observation 
and Geoinformation 10:403–413. 

 
Richardson, A. J., and C. L. Weigand. 1977. Distinguishing vegetation from soil background 

information. Photogrammetric engineering and remote sensing 43:1541–1552. 
 
Rodell, M., I. Velicogna, and J. S. Famiglietti. 2009. Satellite-based estimates of groundwater 

depletion in India. Nature 460:999–1002. 
 
Rosenzweig, C., and M. L. Parry. 2002. Potential impact of climate change on world food 

supply. Nature 367:1–6. 
 
Rosenzweig, M. R., and C. Udry. 2014. Rainfall Forecasts, Weather and Wages over the 

Agricultural Production Cycle. NBER Working Paper Series. 
 
Sahoo, P. M., A. Rai, T. Ahmad, R. Singh, and B. K. Handique. 2012. Estimation of Acreage 

Under Paddy Crop in Jaintia Hills District of Meghalaya Using Remote Sensing and GIS. 
International Journal of Agricultural and Statistical Sciences 8:193–202. 

 
Sakamoto, T., B. D. Wardlow, A. A. Gitelson, S. B. Verma, A. E. Suyker, and T. J. Arkebauer. 

2010. A Two-Step Filtering approach for detecting maize and soybean phenology with time-
series MODIS data. Remote Sensing of Environment 114:2146–2159. 

 
Sakamoto, T., C. V. Phung, A. Kotera, K. D. Nguyen, and M. Yokozawa. 2009. Analysis of 

rapid expansion of inland aquaculture and triple rice-cropping areas in a coastal area of the 
Vietnamese Mekong Delta using MODIS time-series imagery. Landscape and Urban 
Planning 92:34–46. 

 
Sakamoto, T., M. Yokozawa, H. Toritani, M. Shibayama, N. Ishitsuka, and H. Ohno. 2005. A 

crop phenology detection method using time-series MODIS data. Remote Sensing of 



! 187 

Environment 96:366–375. 
 
Schlenker, W., and M. Roberts. 2006. Nonlinear effects of weather on crop yields: implications 

for climate change. Review of Agricultural Economics 28:391–398. 
 
Schmidhuber, J., and F. N. Tubiello. 2007. Global food security under climate change. 

Proceedings of the National Academy of Sciences 104:19703–19708. 
 
Shah, T. 2009. Climate change and groundwater: India’s opportunities for mitigation and 

adaptation. Environmental Research Letters 4:035005. 
 
Shah, T., A. D. Roy, A. S. Qureshi, and J. Wang. 2003. Sustaining Asia's groundwater boom: An 

overview of issues and evidence. Natural Resources Forum 27:130–141. 
 
Shah, T., and O. P. Singh. 2004. Irrigation development and rural poverty in Gujarat, India: A 

disaggregated analysis. Water International 29:167–177. 
 
Sharda, V. N., R. S. Kurothe, D. R. Sena, V. C. Pande, and S. P. Tiwari. 2006. Estimation of 

groundwater recharge from water storage structures in a semi-arid climate of India. Journal 
of Hydrology 329:224–243. 

 
Sims, D. A., A. F. Rahman, V. D. Cordova, B. Z. El-Masri, D. D. Baldocchi, L. B. Flanagan, A. 

H. Goldstein, D. Y. Hollinger, L. Misson, R. K. Monson, W. C. Oechel, H. P. Schmid, S. C. 
Wofsy, and L. Xu. 2006. On the use of MODIS EVI to assess gross primary productivity of 
North American ecosystems. Journal of Geophysical Research 111:G04015. 

 
Singh, A., S. Chakraborty, and T. K. Roy. 2006. Village size and Development in India. 

International Institute for Population Sciences. 
 
Singh, R. B., P. Kumar, and T. Woodhead. 2002. Smallholder Farmers in India: Food Security 

and Agricultural Policy. Pages 1–55. FAO Regional Office for Asia and the Pacific, 
Bangkok, Thailand. 

 
Small, C. 2012. Spatiotemporal dimensionality and time-space characterization of multitemporal 

imagery. Remote Sensing of Environment 124:793-809. 
 
Smale, M., M. R. Bellon, and J. A. Aguirre Gomez. 2001. Maize Diversity, Variety Attributes, 

and Farmers’ Choices in Southeastern Guanajuato, Mexico. Economic Development and 
Cultural Change 50:201–225. 

 
Smit, B., and J. Wandel. 2006. Adaptation, adaptive capacity and vulnerability. Global 

Environmental Change 16:282–292. 
 
Smit, B., D. McNabb, and J. Smithers. 1996. Agricultural adaptation to climatic variation. 

Climatic Change 33:7–29. 
 



! 188 

Smit, B., I. Burton, R. Klein, and J. Wandel. 2000. An anatomy of adaptation to climate change 
and variability. Climatic Change 45:223–251. 

 
Stringer, L. C., J. C. Dyer, M. S. Reed, A. J. Dougill, C. Twyman, and D. Mkwambisi. 2009. 

Adaptations to climate change, drought and desertification: local insights to enhance policy 
in southern Africa. Environmental Science & Policy 12:748–765. 

 
Tao, F., M. Yokozawa, Y. Xu, Y. Hayashi, and Z. Zhang. 2006. Climate changes and trends in 

phenology and yields of field crops in China, 1981-2000. Agricultural and Forest 
Meteorology 138:82–92. 

 
Thenkabail, P. S., C. M. Biradar, P. Noojipady, V. Dheeravath, Y. Li, M. Velpuri, M. Gumma, 

O. R. P. Gangalakunta, H. Turral, X. Cai, J. Vithanage, M. A. Schull, and R. Dutta. 2009. 
Global irrigated area map (GIAM), derived from remote sensing, for the end of the last 
millennium. International Journal of Remote Sensing 30:3679–3733. 

 
Thomas, D. S. G., C. Twyman, H. Osbahr, and B. Hewitson. 2007. Adaptation to climate change 

and variability: farmer responses to intra-seasonal precipitation trends in South Africa. 
Climatic Change 83:301–322. 

 
Tiwari, V. M., J. Wahr, and S. Swenson. 2009. Dwindling groundwater resources in northern 

India, from satellite gravity observations. Geophysical Research Letters 36:L18401. 
 
Tol, R. S. J., T. E. Downing, O. J. Kuik, and J. B. Smith. 2004. Distributional aspects of climate 

change impacts. Global Environmental Change 14:259–272. 
 
Tompkins, E. L., and W. N. Adger. 2004. Does adaptive management of natural resources 

enhance resilience to climate change? Ecology and Society 9:10. 
 
Turner, B. L., P. A. Matson, J. J. McCarthy, R. W. Corell, L. Christensen, N. Eckley, G. K. 

Hovelsrud-Broda, J. X. Kasperson, R. E. Kasperson, A. Luers, M. L. Martello, S. Mathiesen, 
R. Naylor, C. Polsky, A. Pulsipher, A. Schiller, H. Selin, and N. Tyler. 2003. Illustrating the 
coupled human-environment system for vulnerability analysis: three case studies. 
Proceedings of the National Academy of Sciences of the United States of America 
100:8080–8085. 

 
Vasilaky, K. 2013. Female Social Networks and Farmer Training: Can Randomized Information 

Exchange Improve Outcomes? American Journal of Agricultural Economics 95:376–383. 
 
Velpuri, N. M., P. S. Thenkabail, M. K. Gumma, C. Biradar, V. Dheeravath, P. Noojipady, and 

L. Yuanjie. 2009. Influence of Resolution in Irrigated Area Mapping and Area Estimation. 
Photogrammetric engineering and remote sensing 75:1383–1395. 

 
Vincent, K. 2007. Uncertainty in adaptive capacity and the importance of scale. Global 

Environmental Change 17:12–24. 
 



! 189 

Vogel, C., S. C. Moser, R. E. Kasperson, and G. D. Dabelko. 2007. Linking vulnerability, 
adaptation, and resilience science to practice: Pathways, players, and partnerships. Global 
Environmental Change 17:349–364. 

 
Wada, Y., L. P. H. van Beek, C. M. van Kempen, J. W. T. M. Reckman, S. Vasak, and M. F. P. 

Bierkens. 2010. Global depletion of groundwater resources. Geophysical Research Letters 
37:L20402. 

 
Wade, R. 1984. Managing a drought with canal irrigation: A south Indian case. Agricultural 

Administration 17:177–202. 
 
Wardlow, B. D., S. L. Egbert, and J. H. Kastens. 2007. Analysis of time-series MODIS 250 m 

vegetation index data for crop classification in the U.S. Central Great Plains. Remote 
Sensing of Environment 108:290–310. 

 
Wood, S. A., A. S. Jina, M. Jain, P. Kristjanson, and R. S. DeFries. 2014. Smallholder farmer 

cropping decisions related to climate variability across multiple regions. Global 
Environmental Change. 

 
Wu, R., and B. Wang. 2000. Interannual variability of summer monsoon onset over the western 

North Pacific and the underlying processes. Journal of Climate 13:2483–2501. 
 
Xiao, X., S. Boles, J. Liu, D. Zhuang, S. Frolking, C. Li, W. Salas, and B. I. Moore. 2005. 

Mapping paddy rice agriculture in southern China using multi-temporal MODIS images. 
Remote Sensing of Environment:480–492. 

 


