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Executive Summary 

 

The Ganges Basin is the breadbasket of South Asia, which is also a densely populated area. 

The rapid expansion of cities in this region has created tremendous pressure on limited 

arable land. Forest and wetland ecosystems are under increasing threats from intensified 

agricultural land use and urban spatial expansion. Thus, this research investigated dominant 

land cover and land use (LCLU) types, LCLU changes, crop intensity, and cropping system 

changes in the basin for the past 20 years. It further aims to investigate the major 

socioeconomic drivers of LCLU changes and the impact of such changes on ecosystem 

services. Monitoring LCLU changes over vast areas is challenging. This research utilized 

remote sensing-based Earth observation data for mapping multi-temporal LCLU. The 

utilization of Earth observation data is crucial for developing countries because of the 

scarcity of data to analyze drivers of LCLU changes and the impacts of such changes.  
 

Land covers of the study area were mapped for 2000, 2005, 2010, and 2015 using Landsat 

5 and 8 surface reflectance T1 products. Advanced machine learning algorithms such as 

Random Forest were used for land cover mapping.  Results show that cropland is the most 

dominating land cover type which accounts for more than 80% of the land area. The major 

land cover changes were found in grassland, shrubland, waterbody, and forest. Around 20% 

and 18% of grassland were converted to cropland and forest during the study period. 

Around 62% of shrublands were converted to forest, which accounts for 1733 km2. Major 

LCLU changes have been taken place around medium and large cities. Thus, this study 

further investigated land cover changes in the Delhi National Capital Region (NCR) in 

India as a selected case study. The dominant LULC type is farmland, covering 7925.86 

km2 or 78.98% of NCR in 2014. The urban area has a very similar size to grassland during 

1990’s but increased dramatically from 461.35 km2 (4.60%) in 1994 to 1273.55 km2 

(12.69%) in 2014. The prediction results showed that urban expansion is likely to continue 

to year 2030, though the rate of increase will slow down from year 2020. The area of 

farmland has decreased and will continue to decrease at a relatively stable rate. The most 

“active” landscapes are farmland and impervious surface, as the major landscape change 

(41.46%) is found in the transition from farmland landscape to an impervious surface. This 

research confirms the effectiveness and applicability of a combination of remote sensing, 

geographic information systems, and landscape metrics in revealing spatio–temporal 

patterns of landscape change throughout rapid growth periods. 
 

Inland aquaculture in Bangladesh has been growing fast in the last decade. This research 

studied farming system change from crop cultivation to fish farming in selected study areas. 

Inland fishponds in Bangladesh are generally extremely small, and little previous work has 

mapped such small water objects without high-resolution images. Thus, this research filled 

the knowledge gap by developing and evaluating an automatic fishpond mapping workflow 

with Sentinel-2 images that is implemented on Google Earth Engine (GEE) platform. The 

workflow includes two main steps: the spectral filtering phase that uses a pixel selection 

technique and an image segmentation method to automatically identify all-year-inundated 

water bodies and spatial filtering phase to further classify all-year-inundated water bodies 

into fishponds and non-fishponds using object-based features (OBF). The proposed method 

can efficiently map inland fishponds with a precision score of 0.788.  



 3 

Crop intensity was detected from time-series imagery using harmonic regressions. Typical 

approaches to identify crop intensity are to analyze the time series of NDVI values in crop 

fields. Therefore, Moderate Resolution Imaging Spectroradiometer (MODIS) data product 

was used because of its high temporal resolution compared to Landsat and Sentinel data. 

Results show that the dominant crop frequency in Bangladesh is two seasons, followed by 

one season. Three seasons are relatively rare. The most common cropping system in 

Bangladesh is the double cropping one with a Kharif season and a Rabi season. The Kharif 

season extends from May to October, and the Rabi season, from November to April. 
 

The intensification of crop production has been identified as one of the major drivers of 

environmental degradation. While significant advances could still be made with more 

widespread adoption of sustainable intensification technologies that address the agronomic 

efficiency of nitrogen fertilizers, the dynamic use of agricultural land across seasons and 

associated crop-specific responses to fertilizer applications has so far been largely 

overlooked. This project developed a spatially explicit integrated modeling approach to fill 

this research gap through seasonal and spatial reallocation of crop cultivation and fertilizer 

application. The modeling framework consists of 1) an econometric land use model for 

empirically examining the determinants of cultivated area for each of two main crop groups 

(rice and non-rice crops) for each of three cropping seasons—spring, summer, and winter; 

2) a spatially explicit nutrient delivery ratio (NDR) model from the InVEST (Integrated 

Valuation of Ecosystem Services and Tradeoffs) model suite for assessing the impact of 

the cropping intensity and fertilizer application rate on the disservice of nutrient runoff; 

and 3) a seasonal-spatial optimization model to discover how to make crop area and 

fertilizer application rate choices that improve the environmental performance while 

maintaining agricultural revenue and food security. Results show that there is substantial 

potential to improve the overall economic-environmental performance of crop production 

by factoring in crop-specific, seasonal and spatial variations in crop nitrogen use efficiency 

and nitrogen transport. First, there is an opportunity for substantial efficiency gain (96%) 

in the economic-environmental performance of crop production through optimizing 

seasonal allocation of crop cultivation and nitrogen fertilizer use. The total nitrogen runoff 

would decline by 80% from the baseline to the seasonal optimization, under which both 

crop area and nitrogen input are allowed to be chosen, and drop further by 3% when spatial 

reallocation is considered (i.e., seasonal-spatial optimization). Second, the total nitrogen 

runoff would decline by 46% from the baseline when only per-acre nitrogen input is 

optimized, and by 37% if only cropping area is optimized. This result indicates that 58% 

of the inefficiency arises from inefficient use of nitrogen fertilizer, whereas 46% comes 

from misallocation of seasonal rice and non-rice crop cultivation, yielding a small 

overlapping residual of 4%. Third, when endogenizing crop net prices within the 

optimization and solving for the optimal net price change (instead of crop areas), the 

efficiency gain is not as large as the case in which crop areas are optimized. While price 

may serve as a policy instrument to incentivize crop reallocations, there are limitations with 

respect to its effect. An increase in the price of winter rice, for instance, would increase the 

cropping area of winter rice while reducing the cropping area of winter non-rice crops 

which compete with winter rice for the limited arable land. As such, the price effect is 

composed of both direct and indirect effects, which jointly drive the outcome. This 

complex relationship between crop prices and cropping areas imposes constraints on the 

effect of using a price instrument. 
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The approach should complement other policy analysis and decision-support tools to assess 

alternative options for maximizing the positive outcomes of nitrogen fertilizers with regard 

to farm income and food security, while maintaining environmental sustainability.  

The NDR model results show strong seasonal and spatial variations in the nitrogen NDRs 

and highlight the potential to seek improvement in the economic-environmental 

performance by optimization. The NDR shows lower values in the winter because less 

rainfall is observed. Relatively high NDRs are also observed for the southeastern region, 

where few croplands and a low fertilizer application rate are observed, but the slope is 

higher compared to other regions in Bangladesh. The spatial distribution of land use and 

land use intensity is one of the key determinants of NDR. The differences in fertilizer 

applications among the three growing seasons also contribute to the distinct spatial patterns 

of NDR in the country. Furthermore, land use types and intensity also influence the nutrient 

retention efficiency, which will lead to spatial heterogeneities of NDR distribution.   

Natural shocks drive rural migration, but there is no significant correlation between 

migration and the number of occurrences of shocks. The effect of (per capita) landholding 

on rural migration is nonlinear and non-monotonic. Results indicate that migration in the 

landless group is uncorrelated with natural shocks, whereas the effect of natural shocks on 

migration in the landholding group is statistically significant with expected signs.  

A web portal was developed for the dissemination of the data and products from this project. 

This web-based application was developed mainly to provide stakeholders and the public 

with visualization and downloading of the LCLU products derived from satellite images 

and model-derived geospatial information data within this project. The web application is 

hosted on a server at the Center for Spatial Information Science and Systems (CSISS), and 

it can be visited at http://cloud.csiss.gmu.edu/ganges-lulc. 
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Understanding Changes in Agricultural Land Use and Land Cover 

in the Breadbasket Area of the Ganges Basin 2000-2015: A 

Socioeconomic-ecological Analysis 

1 Introduction 

1.1 Project Background  

In South Asia, agriculture faces the remarkable challenge of feeding an increasing population 

projected to rise 43.8% by 2050  [1] with extremely limited per capita arable land (Figure 1). 

Adding to the complexity of the challenge is the rapid economic development and urbanization 

over recent years, which competes for land with the agricultural sector and threatens the remaining 

forest cover and wetlands. The Ganges Basin is the breadbasket of the South Asia [2]. The densely 

populated region is home to numerous cities, which have undergone rapid expansion in recent 

decades [3]. Forest and wetland ecosystems are under increasing threats from intensified 

agricultural land use and pressure from urban spatial expansion. South Asia plays a central role in 

the global effort (such as the United Nations Sustainable Development Goals (SDG)) to achieve 

sustainable development and food security. A deeper understanding of the drivers and 

socioeconomic and ecological impacts of land cover and land use change (LCLUC) in the Ganges 

Basin is essential in order to better inform land use and development policies. 

 
Figure 1. Per capita arable land area in Bangladesh, India, South Asia, the United States, and the 

world average.  Source: World Development Indicators, World Bank. 

1.2 Project Objectives  

The goal of this research is to assess LCLUC in the main agricultural production area of the Ganges 

Basin, known as the “breadbasket” of South Asia, and to better understand the drivers, dynamic 

feedbacks, and impacts of these changes, with a clear motivation of drawing policy-relevant 

implications. Toward this goal, the project focuses the following specific objectives: I) to identify 

and assess LCLUC occurred in the major agricultural area of the Ganges Basin (including India 

and Bangladesh) during 2000‒2015; II) to identify and quantify the primary socioeconomic drivers 

of LCLUC; III) to develop scenarios of future LCLUC based on projected changes of key drivers 
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till 2030, which matches the timeframe of the UN 2030 SDGs; iv) evaluate the main impacts of 

current and projected LCLUC on key indicators of food and nutrition security, income, ecosystem 

services, land degradation, and resilience; v) disseminate the research results to stakeholders and 

engage with decision-makers to ensure that the research helps to inform sustainable development 

strategies and responds to the needs of policy makers.  

In this research context, we broadly define LCLUC to include changes in agricultural land 

cover/use at three levels: 1) change of land use from agricultural to non-agricultural use, or vice 

versa; 2) change in cropping systems, such as from rice to aquaculture; and 3) change in 

agricultural intensity, such as fallow, and two crops to three crops. It is important to note that 

changes in agricultural practices or farming systems are thus part of the LCLUC defined here. The 

project combined remote sensing and geographic information system (GIS) techniques with an 

integrated modeling framework to address the following questions: 

1) What are the dominant LCLUCs, including agricultural intensity and cropping system 

changes, in the breadbasket region of the Ganges Basin during 2000‒2015?  

2) What are the major socioeconomic drivers of LCLUCs during 2000‒2015 and how did 

economic development, population growth, and the accompanying structural 

transformation such as urbanization affect the changes?  

3) What are the factors driving intra-annual (seasonal) crop choices and cultivation areas in 

Bangladesh and what are the ecological impact of nitrogen application by season and across 

districts? 

4) What are the potentials for improving the economic-environmental performance of crop 

production through integrated modeling and seasonal-spatial optimization, as applied to 

Bangladesh? 

This project contributed to NASA’s LCLUC program. First, it helps to develop state-of-art remote-

sensing techniques to identify level-2 and -3 changes in the context of developing countries where 

farm and field sizes tend to be small. While a large body of prior work has examined level-1 

changes, only a few published methods are capable of identifying level-2 or -3 changes with remote 

sensing and have only been tested in the US, such as the one developed by this research team [4]–

[6]. Second, this project employed economic theories and methods, particularly an integrated 

modeling framework, to identify major drivers and impacts of LCLUC in the study area. In the 

literature of land use change in South Asia, most studies address the research questions from the 

landscape perspectives but lack quantitative analyses to explore the mechanism underlying 

LCLUC.  

1.3 Study Area 

Our study area is the agricultural region in the Ganges Basin, also known as the “breadbasket” of 

South Asia (Figure 2). It covers ~600,000 km2 and is home to nearly one-tenth of the world’s 

population [7]. The study area consists of seven states in northern India and the major part of 

Bangladesh. Dominant cropping systems in the region are rice and the rice-wheat cropping systems. 

The rice cropping system covers most of Bangladesh and the Tamil Nadu and Kerala states of 

India, whereas the rice-wheat cropping system dominates the rest [8]. In the past decades the region 

has experienced rapid population growth and urbanization, resulting in the loss of fertile 

agricultural land to urban expansion around metropolises as well as conversion of grasslands/shrub 

lands to agricultural production [9], [10]. There is a large number of river and wetland ecosystems 
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in the Ganges basin [11], [12]. Environmental disturbances caused by human activities, 

particularly agricultural activities, such as habitat loss, water extraction for irrigation, and intensive 

use of chemical fertilizer and pesticides [13], threaten biodiversity and ecosystem services 

provided to people residing in the basin, impairing the basin’s long-term capacity to sustain high 

agricultural output and its population.  

 

Figure 2. Study area — the "breadbasket" region of South Asia (Figure adopted from UNFAO) 

  
Figure 3. Area and yield for wheat and oilseed crops in the Ganges Basin, India 

Government policies play an important role in agricultural production, cropping patterns, and 

agricultural technology adoption in the region. For example, the production of wheat and oilseeds 

has expanded rapidly since 2000 in India, partly due to Indian government’s support price policy 

[14]–[17](Figure 3). Overall, rice production stayed relatively stable in the study area during 2001‒

2011, except for the eastern states of India where government implemented rice programs to 
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promote rice cultivation [14], [15]. These LCLUCs have substantial influences on land use pattern, 

farm income, and the environment.  

1.4 Overall Framework of the Research Approach 

This research integrates remote sensing, GIS, econometric land use model, and ecological model 

(nutrient runoff) to achieve the project objectives outlined in the 1.2 section. This sub-section 

discusses the synopsis on overall research methods employed in this project. The sub-section 1.4.1 

addresses overall data requirements, collections, and utilizations. Sub-sections 1.4.2 – 1.4.6 

discuss the methods for achieving each of the five objectives of the project, respectively. The sub-

section 1.4.2 primarily focuses on the land cover mapping and change monitoring in the study area 

to for addressing objective I. 

The integrated modeling framework provides the fundamental methods for addressing objectives 

II-IV of the project. The modeling framework contains three components (Figure 4): 1) an 

econometric land use model, in this case a logistic form, for empirically examining the 

determinants of cultivated area for each of two main crop groups (rice and non-rice crops) for each 

of three cropping seasons—spring, summer, and winter; 2) a spatially explicit nutrient delivery 

ratio (NDR) model from the InVEST (Integrated Valuation of Ecosystem Services and Tradeoffs) 

model suite for assessing the impact of the cropping intensity and fertilizer application rate on the 

disservice of nutrient runoff [113-115], while taking into account abiotic factors (e.g., elevation, 

slope, rainfall, and nitrogen fertilizer application rate) and biotic ones (e.g., vegetation type and 

crop intensity); 3) a seasonal-spatial optimization model to discover how to make crop area and 

fertilizer application rate choices that improve the environmental performance while maintaining 

agricultural revenue and food security. The mathematical optimization problem is characterized as 

one that minimizes the country’s total nitrogen runoff across three crop growing seasons of a year 

through changing the nitrogen application rate and reallocating cultivation between rice and non-

rice crops across seasons (and districts), subject to a set of economic and physical constraints 

concerning total annual output value, food security, and season-specific cropland availability.  

Figure 4. Workflow of the modeling approach 
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A standard-compliant geospatial portal will be developed to disseminate the research data and 

results to stakeholders and the broader LCLUC community. The project team and researchers at 

CSISS have tremendous experience in developing such portals. Figure 5 illustrates the overall 

workflows of the research. 
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Figure 5. Workflow of the proposed research 

1.4.1 Overview on data utilization 

The primary NASA Earth Observation (EO) assets used in this project include time-series satellite 

remote sensing images from Landsat, MODIS, and ASTER. we also collected other supplementary 

EO data: Terra ASTER at 15 meter spatial resolution as supplementary data source for the Landsat; 

MODIS daily surface reflectance data since 2000, daily VIIRS NPP since 2012; MODIS 

NDVI/EVI/LAI 16-day composite data to help develop the phenological index for further 

classification, and MODIS GPP/NPP data for validation. Primary mapping products of land use 

and land cover in the study area will be mapped and classified at 30-m spatial resolution. To ensure 

sufficient number of repetitions of satellite imageries that cover the main crop growing seasons, 
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we will search and utilize freely available satellite imagery with resolution between 10 and 30 

meters to obtain cloud-free coverage of the study area. The imagery will include Landsat, ASTER, 

and Sentinel.  

Socioeconomic data for India and Bangladesh is obtained to estimate land use change drivers using 

econometric approach. For India, the primary socioeconomic data are district-level annual 

agricultural statistics for 2000‒2014, provided by the Directorate of Economics and Statistics, 

Ministry of Agriculture of India (DESMOA). There are approximately 138 districts in the seven 

states of India in the study area. India has a well-established and internationally recognized 

Agricultural Statistics System. It is a decentralized system with the state governments, specifically 

the State Agricultural Statistics Authorities, leading the implementation of the collection and 

compilation of agricultural statistics at the state level while the DESMOA is the pivotal federal 

agency that compiles statistics at the national level. The Agricultural Statistics System provides 

data on a wide range of topics such as crop area, yield and production, land use, irrigation, input 

use, land holdings, and agricultural prices, etc. A number of household survey datasets have also 

been explored, including the Village Dynamics in South Asia (VDSA) data collected by the 

International Crops Research Institute for the Semi-Arid Tropics (ICRISAT), the ARIS-REDS 

data collected by the National Council of Applied Economic Research in Delhi, and the Socio-

Economic Surveys data collected by the National Sample Survey Office (NSSO). These household 

data either are relatively narrow in scope or lack relevance to agriculture, and thus will not be used 

for model estimation. They will be consulted with as needed. 

The estimated econometric land use model for Bangladesh relies on district-level agricultural 

statistics for two years, 2013 and 2017, supplemented with other ancillary data collected from the 

Bangladesh Integrated Household Survey (BIHS) (Ahmed 2016) and rainfall data from Climate 

Hazards group InfraRed Precipitation with Stations (CHIRPS) [106]. The BIHS is the most 

comprehensive, nationally representative household survey to date conducted by IFPRI’s 

Bangladesh PRSSP to address specific food security and agricultural development issues. The total 

BIHS sample includes 6,500 households in 325 primary sampling units (PSUs). The sample design 

followed a stratified sampling in two stages―selection of PSUs and selection of households within 

each PSU. The BIHS questionnaires include household characteristics, employment, assets, land 

ownership and tenure (plot-level data), agricultural production and costs (plot-level data), livestock, 

fisheries, and nonfarm enterprises/activities, etc.  

1.4.2 Remote sensing-based assessment of land cover/land use change 

The socioeconomic and ecosystem service analyses require that the time-series land use/cover 

maps detect three levels of LCLUC, including level-1: changes from agricultural to non-

agricultural use or vice versa; level-2: changes in farming/cropping systems, such as crop to 

aquaculture; level 3: changes in agricultural intensity, such as irrigation, single/double/triple 

cropping, and fallowing. 

To detect LCLUC in the study area during the last 15 years, the project first produced land 

use/cover time-series maps for the study area for year 2000, 2005, 2010, and 2015 at 30-m spatial 

resolution. To detect the three levels of LCLUC, the project adopted the classification schema of 

operational USDA Cropland Data Layer (CDL) [4]–[6], which includes the classes of crop types 

and cropping intensity (e.g., fallowing land, double cropping, etc.). The CDL classification 
algorithms will be adapted and validated to suit the small field size in the study area. The project 

team has rich experience in both the CDL product and algorithm.   
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The algorithm for land cover/land use classification is primarily an ensemble decision tree 

classifier [4], [23]–[25]. Decision tree is the base decision tree algorithm. The boosting algorithm 

is AdaBoost.M1 [25]. Training samples will be mainly established using very high-resolution 

multispectral images as the land cover classification maps are to be produced back to 2000. 

Stratification sampling will be adopted to collect balanced and sufficient samples [4]. The remotely 

sensed imagery at very high resolution, i.e. 0.5‒3.0 meters, will be used to visually interpret land 

cover and crop types. The visually interpreted sample maps will be used to train and validate the 

ensemble decision tree classifier. To adapt the algorithm and classification scheme to land 

cover/land use classification in the South Asian context, the project addresses overcomes the 

following challenges: 

Cloud coverage: The summer crops grow between March and June, which is in the monsoon 

season. Cloud coverage is a potential issue that can cause difficulty in acquiring clear satellite 

images. We will collect imageries from multiple sensors to get more than one clear images per 

growing season. The use of multiple sensors enhances temporal resolution although the effort in 

training and classifying imageries increases.  

Mixture of pixels: Crop fields in South Asian countries are more fragmented than those in the USA. 

Even with 30-meter resolution, pure crop pixels may be limited. To assure the accuracy of crop 

classification, we will add classes of mixed pixels determined by using very high-resolution 

imageries. Sub-pixel mapping algorithms will be adopted to determine the memberships of mixed 

pixels in cropland areas [26], [27]. 

Validation: The classification of remotely sensed imageries in South Asian countries do not have 

as many ground truth data as those available to CDL generation in the USA [28], [29]. Extensive 

fieldwork to collect ground truth data is not feasible in this project, especially for historical land 

cover/use. In this study, none of the land cover mapping in 2000, 2005, 2010, and 2015 can be 

validated by current fieldwork. Very high images from Google Earth and other available land cover 

products are utilized for the validation of level-1 land cover products. Some ground truth generated 

from google earth image interpretation and from Global land30 products are used to train image 

classification models. Accuracy will be evaluated for both training and validation. This method 

was successfully used by the project team in mapping the plastic-mulched land cover in China, 

which has similar problems of small field size and pixel mixture [30].   

Impact of aerosol and particulates in the urban areas of South Asia: It is well recognized that 

aerosol and particulate pollution are seriously high in many South Asian cities and urban 

areas[31]–[33], which may distort Earth Observation and increase the difficult to properly classify 

urban areas. To achieve the reasonably accurate delineation of urban areas in South Asian countries, 

we will adopt a specific urban delineation algorithm – Improved Urban Extent Extraction 

Procedure (IUEEP) [34]. The procedure is based on Normalized Difference Spectral Vector 

(NDSV) [35]. NDSV groups different normalized difference indices, e.g. Normalized Difference 

Vegetation Index (NDVI) [36], Normalized Difference Water Index (NDWI) [37], and Normalized 

Difference Built-up Index (NDBI) [38].  

1.4.3 Land use model 

Consider a farm that has �̅� acres of cropland. Let r denote three cropping seasons: spring, summer, 

and winter, indexed by 1, 2, and 3, respectively. Let j denote three types of cropland use: rice, non-

rice crops, and idle, indexed by 1, 2, and 0, respectively. Let 𝜋(𝑝𝑟𝑗 , 𝐿𝑟𝑗) be the restricted profit 
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function for crop 𝑗 in season r, where 𝑝𝑟 = (𝑝𝑟1, 𝑝𝑟2, 0) is exogenous net prices for rice, non-rice 

crops, and idle use the farmer faces, and 𝐿𝑟𝑗 is the amount of land the farmer chooses for land use 

𝑗 in season r. The farmer’s objective is to choose the land allocation that maximizes total profit 

max
{𝐿𝑟𝑗}

∑ ∑ 𝜋(𝑝𝑟𝑗 , 𝐿𝑟𝑗)
2
𝑗=0

3
𝑟=1 ,        (1) 

subject to 

 ∑ 𝐿𝑟𝑗
2
𝑗=0 = �̅�,   for r = 1, 2, 3.        (2) 

 

The solution to this problem gives the optimal land allocation 𝐿𝑟𝑗
∗ = 𝐿𝑟𝑗(𝑝𝑟, �̅�). Assume that the 

function 𝐿𝑟𝑗(𝑝, �̅�) is homogeneous of degree one in �̅�. Then 

𝐿𝑟𝑗
∗ = 𝐿𝑟𝑗(𝑝𝑟, �̅�) = 𝐿𝑟𝑗(𝑝𝑟, 1)�̅�,   ∀ 𝑟, 𝑗.      (3) 

Equation (3) can be written in share form as 

𝑠𝑟𝑗
∗ ≡

𝐿𝑟𝑗
∗

�̅�
= 𝐿𝑟𝑗(𝑝𝑟 , 1),   ∀ 𝑟, 𝑗.       (4) 

 

The optimal land allocation in reason r depends on the net prices for rice and non-rice crops in that 

season. The system of share equations (4) serves as the theoretical basis for the development of an 

empirical land use model. The model treats temporarily idle cropland as a residual choice and 

therefore captures the evolution of cropping intensity in response to changes in seasonal crop net 

price and precipitation. Previous models often use the ratio of the annual total harvested area to 

the total physical area to do such work, such as [116] and [117] among others. The mechanism 

that cropping intensity is jointly determined by seasonal crop allocation is generally neglected. 

Unlike the intra-seasonal allocation, it is not conceptually clear how crop allocation correlates 

across seasons. This correlation will be captured in the empirical estimation. 
A common practice in the land use modeling literature is to assume that the share equations 

take the logistic form, which will guarantee that the predicted shares lie within a zero-one interval. 

In the context of this study, however, the presence of inter-seasonal correlation prohibits the use 

of standard logistic regression to estimate equation (4). While a multivariate probit model allows 

for the joint estimation of multiple correlated outcomes, it works only for binary choices, rather 

than for continuous outcomes as in this study. To overcome this estimation challenge, this study 

takes advantage of the generalized linear property of logistic form and converts the nonlinear share 

equations to a system of linear equations.  

Specifically, assume that the share equations take the logistic form: 

 

𝑠𝑟𝑗
∗ =

exp(𝑠𝑟𝑗
0 𝛼𝑟+𝑥𝑟𝑗𝛽𝑟𝑗+𝐳𝑟𝜸𝑟𝑗)

∑ exp(𝑠𝑟𝑘
0 𝛼𝑟+𝑥𝑟𝑘𝛽𝑟𝑘+𝐳𝑟𝜸𝑟𝑘)

2
𝑘=0

,   ∀ 𝑟, 𝑗,      (5) 

 

where exp(∙)  is the exponential function. The term 𝑠𝑟𝑗
0  represents a lagged crop share in the 

previous period (i.e., in 2013)—an inertia variable which captures the incentive-based variables 

such as net price, market accessibility, and land use conversion costs as well as the location-

specific characteristics such as land suitability, soil properties, topography, and weather conditions. 

Including an inertia variable is an empirical strategy to absorb unobserved factors affecting land 

use choice [116] and is vital to model agricultural land use in Bangladesh. Characterized by highly 

diversified agroclimatic conditions and soil taxonomy, Bangladesh is composed of thirty 

agroecological zones. It is practically challenging to observe all variables related to this 

agroecological diversity. Moreover, cost associated with land use conversion is difficult to 
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measure, because such cost depends on individual farmers’ ability to adopt new practices, and their 

attitudes towards risk. Those factors are generally unobservable. Since 𝑠𝑟𝑗
0  has captured the net 

price for choice j for the previous period, 𝑝𝑟𝑗 is replaced with 𝑥𝑟𝑗, representing the change in net 

price from the previous period to the current period (i.e., from 2013 to 2017). Analogously, the 

term 𝐳𝑟 represents a vector of changes in other time-varying variables that may potentially drive 

land use change and 𝐳𝑟 = (change in road density, change in seasonal precipitation). Road density 

measures market accessibility, which is important to transport perishable crops such as vegetables 

to a market. Precipitation change has different implications in different seasons. Higher rainfall 

may increase the risk of floods and crop failure in monsoon season but reduce irrigation cost in 

dry season. The terms 𝛼𝑟, 𝛽𝑟𝑗, and 𝜸𝑟𝑗 are coefficient parameters on 𝑠𝑟𝑗
0 , 𝑥𝑟𝑗, and 𝐳𝑟. 

Let the idle use be a residual category (j = 0) and define 𝜼𝑟𝑗 ≡ 𝜸𝑟𝑗 − 𝜸𝑟0. Equation (5) implies 

that 

ln(𝑠𝑟𝑗
∗ 𝑠𝑟0

∗⁄ ) = (𝑠𝑟𝑗
0 − 𝑠𝑟0

0 )𝛼𝑟 + 𝑥𝑟𝑗𝛽𝑟𝑗 + 𝐳𝑟𝜼𝑟𝑗,   for r =1, 2, 3 and j = 1, 2.   (6) 

 

By taking the logarithm of the odds of crop j against idle, the logistic form is transformed to a set 

of six linear equations. The method of seemingly unrelated regression (SUR) is applied to estimate 

the systems of equations (6) using the cross-sectional district-level data. The SUR method is a 

generalization of ordinary least squares (OLS) for multi-equation systems and allows the 

correlation among the errors in different equations to improve the regression estimates[119] 

Admittedly, this estimation approach will not, in general, be fully efficient, but its great advantage 

lies in its ability to retain the important feature of the share equations for intra-season allocation 

while allowing for inter-season correlation of land use decision. Such an estimation strategy has 

been applied by political scientists to model election returns in multiparty elections [118]. 

The estimated econometric land use model relies on district-level agricultural statistics for two 

years, 2013 and 2017, supplemented with other ancillary data collected from the Bangladesh 

Integrated Household Survey [119] and rainfall data from Climate Hazards group InfraRed 

Precipitation with Stations (CHIRPS) [106]. More details about the data sources and data structure 

are provided in the supplementary information. Outputs from the land use model include a system 

of six equations that establishes the relationship of rice and non-rice crop shares and the 

aforementioned factors for each season. 

1.4.4 Ecological impacts of crop cultivation and nitrogen application  

InVEST (Integrated Valuation of Ecosystem Services and Tradeoffs) is a suite of spatially explicit 

models for evaluating tradeoffs associated with land use induced ecosystem service changes, 

developed by the partners of the Natural Capital Project 

(https://naturalcapitalproject.stanford.edu/software/invest). The NDR model of InVEST produces 

a nutrient budget based on spatial representation of nitrogen sources, land cover and land use 

(LCLU) class-specific loadings and sinks (or “retention”, which represents the processes of 

denitrification or sediment trapping by a given land use type), using three types of input data—the 

LCLU datasets, geospatial attributes at various spatial resolution, and tabular datasets. The NDR 

model calculates the total nitrogen load from both anthropogenic sources (e.g. fertilizer 

applications) and natural ones (e.g. rainfall) for each pixel, and the amount of nitrogen retained by 

vegetation and topographic features and eventually delivered to water outlets, i.e., nitrogen runoff. 

The spatial information is used to evaluate the ecosystem services of nutrient retention by 

vegetation coverage and their changes. This paper maps nutrient sources from districts and their 
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transport to the waterbodies. It extends the literature on applications of the NDR model by 

assessing nitrogen retention and delivery by season. 

The main characteristics of the model include the following. First, surface and subsurface flow 

paths are identified from the digital elevation model, and the nutrient load and retention parameters 

of the land use types are used to represent the transport process. Second, the loads are routed along 

topographically defined flow paths, with a proportion of the load being removed on each cell 

between the nutrient load and the stream. At the watershed/subwatershed outlet, the nutrient export 

is computed as the sum of the pixel-level contributions. The NDR model simulates nutrient 

movement across space, taking into account both abiotic and biotic factors [121]. For each growing 

season, the model assesses: total nutrient load, nutrients retained by vegetation and topographic 

features, and nutrients delivered to the water outlet. The model first estimates the pixel-level 

nutrient delivery ratios (the total nutrient exported from the district divided by the nutrient load 

from the district), which are then aggregated to the district level. There are two sources of nutrient 

loads. One is from fertilizer application of cropland and the other is from natural resources, such 

as rainfall. Since the paper focuses on the first one, it is necessary to exclude the nutrients from 

natural resources while modeling the delivery ratio. The NDRs are replicated twice. In the first 

run, nutrient loads from both are used in the simulation. In the second iteration, the fertilizer 

application in the crop land is set to 0, so all the nutrient load is from natural resources.  

1.4.5 Seasonal-spatial optimization model 

The optimization problem presents an objective of minimizing total annual nitrogen runoff 

aggregated across districts and seasons, subject to a set of economic and physical constraints 

concerning total annual output value and cropland availability. 

Assume that the central government is concerned about national agricultural runoff pollution 

and attempts to minimize the total nitrogen runoff while maintaining the value of total crop 

production and guaranteeing food security in the country. The government’s problem can be 

written as 

 

min
{𝑁𝑖𝑟𝑗,𝐿𝑖𝑟𝑗}

∑ ∑ ∑ 𝜃𝑖𝑟𝑁𝑖𝑟𝑗𝐿𝑖𝑟𝑗
2
𝑗=1

3
𝑟=1

64
𝑖=1        (7a) 

s.t. ∑ ∑ ∑ 𝐿𝑖𝑟𝑗𝑦𝑖𝑟𝑗(𝑁𝑖𝑟𝑗)𝑝𝑖𝑟𝑗
2
𝑗=1

3
𝑟=1

64
𝑖=1 ≥ 𝑣𝑏     (7b) 

∑ ∑ 𝐿𝑖𝑟1𝑦𝑖𝑟1(𝑁𝑖𝑟1)
3
𝑟=1

64
𝑖=1 ≥ 𝑌1

𝑏      (7c) 

∑ 𝐿𝑖𝑟𝑗
2
𝑗=1 ≤ �̅�𝑖𝑟,     𝑖 = 1,… , 64;  𝑟 = 1, 2, 3     (7d) 

∑ ∑ 𝐿𝑖𝑟𝑗
2
𝑗=1

3
𝑟=1 ≤ 𝐶𝐼𝑖�̅�𝑖,     𝑖 = 1,… , 64,     (7e) 

 

where 𝐿𝑖𝑟𝑗 represents the total harvested area of crop 𝑗 in season 𝑟, district 𝑖, and 𝑁𝑖𝑟𝑗 represents 

the associated per acre nitrogen input; 𝐿𝑖𝑟𝑗 and 𝑁𝑖𝑟𝑗 are decision variables that the government 

jointly controls. The parameter 𝜃𝑖𝑟 is a district-specific, season-wise ratio of the nitrogen runoff to 

the nitrogen input. A linear relationship is assumed between the runoff and the input and this 

relationship varies by season and over space. Therefore, the term 𝜃𝑖𝑟𝑁𝑖𝑟𝑗𝐿𝑖𝑟𝑗  in the objective 

function (7a) represents the nitrogen runoff from growing crop 𝑗 in season 𝑟, district 𝑖. 
The economic constraint in (7b) states that the farmers as a whole would not be worse off from 

the reallocation of crop production and nitrogen application in order to minimize agricultural 

runoff pollution. The parameter 𝑝𝑖𝑟𝑗 represents the price of crop 𝑗 grown in season 𝑟, district 𝑖. 

The parameter 𝑣𝑏 is the value of total agricultural production in the baseline. It is assumed that 
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crop yield 𝑦𝑖𝑟𝑗 is a function of nitrogen input, denoted as 𝑦𝑖𝑟𝑗(𝑁𝑖𝑟𝑗), where technology and other 

inputs are implicitly captured in the function.  

The food security constraint in (7c) states that the country’s total rice production would be 

maintained at least at the baseline level, denoted as 𝑌1
𝑏. As the dominant food crop of Bangladesh, 

rice provides about two-third of total calorie supply and about one-half of the total protein intake 

of an average person in the country (BRRI). This constraint indicates that national food security is 

not compromised as a result of the environmental initiative. 

The constraints in (7d) and (7e) are physical constraints, where �̅�𝑖𝑟 is the area of cropland 

potential in season 𝑟, district 𝑖; �̅�𝑖 is the area of cropland available in district 𝑖; 𝐶𝐼𝑖 is the annual 

cropping intensity in district 𝑖 under the baseline. Constraint (7d) states that in each season the 

total cropping area cannot exceed the land area potentially suitable for crop production. Constraint 

(7e) states that the annual harvested area in each district cannot exceed the baseline annual 

harvested area at the current cropping intensity. 

1.5 Summary of Accomplishments  

The followings are the highlights of accomplishments during the project period. 

 Collect the EO data from 2000 to 2015, mainly in Landsat data. 

 Investigate the Landsat scenes one by one to find cloud-free images.  

 Collect and compare other Globe data, including Globe Land 30 (GLC30) and USGS 

Worldwide Croplands maps.   

 Perform the initial agricultural LULC classification. 

 Validation of the results using historical and surveyed data. 

 Design and perform the first scoping visit to India and Bangladesh. Met with national 

researchers and stakeholders; Held research seminars.  

 Compile socio-economic data from local institute and farmers. 

 LULC maps from 2000 to 2015 using supervised classification method on Google Earth 

Engine (GEE) Platform. 

 The historical and future farmland loss in the most rapidly urbanized areas in the selected 

study site (Delhi metropolitan area) using multi-temporal Landsat images, Markov-

Cellular automation (CA) model.  

 Analyze nutrient retention capacity of a land parcel by season using InVEST model. 

 Farming system change in selected area in Bangladesh, such as cropping to aquaculture 

and cropping intensity change. Detecting farming system change in both types and intensity 

in selected study sites. 

 Estimating the land use models for India and Bangladesh  

 Modeling seasonal changes in nutrient export using the InVEST nutrient delivery ratio 

(NDR) model 

 Conduct seasonal-spatial optimization analysis to explore the potential for improving the 

economic-environmental performance of crop cultivation and nitrogen application rates in 

Bangladesh 

 Exploring the effect of natural shocks, farm size, and landholding on migration in 

Bangladesh 

 Designing and refining online portal for research dissemination.   
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 Presenting research findings at professional conferences. Following findings are presented 

in three different conferences during the project period:  

Li, M., Z. Guo & W. Zhang. (2020). Balancing Food Security and Environmental 

Sustainability through Seasonal Crop Allocation in Bangladesh. Abstract submitted 

for selected paper presentation at the 2020 Agricultural and Applied Economics 

Association (AAEA) annual meeting, Kansas City, MO, USA. July 26-28, 2020. 

Li, M., W. Zhang. 2020. Does ‘Landless’ Stimulate Bangladesh Rural Migration under 

Weather Risk? Selected paper for presentation at the 2020 Agricultural and Applied 

Economics Association (AAEA) annual meeting (virtual), August 10-11, 2020. 

Guo, Z. W. Zhang, M. Li, J. Tang, Z. Yu, L. Di (2019). Impacts of land cover changes to 

nutrient delivery in Bangladesh: A spatially explicit ecosystem service assessment 

using InVEST model. The 8th International Conference on Agro-Geoinformatics, 

July 16-19, 2019, Istanbul, Turkey. 

Yu, Z., Di, L., Tang, J., Yu, E., Sun, Z., Zhang, C. Lin, L, Rahman, M. S. & Gaigalas J. 

(2019, April). Fish Ponds Detection in Bangladesh on Google Earth Engine: A case 

study of Singra Upazila. In AAG 2019, Washington D.C, USA. 

Zhiqi Yu, Liping Di, Junmei Tang, Chen Zhang, Li Lin, Eugene Yu, Md. Shahinoor 

Rahman, Juozas Gaigalas and Ziheng Sun. 2018.  Land use and Land cover 

classification for Ganges Basin 2005 on Google Earth Engine. The Seventh 

International Conference on Agrogeoinformatics, Aug. 7-10, 2018, Hangzhou, 

China. 

Yu, Z., Di, L., Yang, R., Tang, J., Lin, L., Zhang, C.,Rahman, M.S., Zhao, H., Gaigalas, J., 

Yu, E.G., & Sun, Z. (2019). Selection of Landsat 8 OLI Band Combinations for 

Land Use and Land Cover Classification. In 2019 8th International Conference on 

Agro-Geoinformatics, July 16-19, Istanbul, Turkey. IEEE. 

 

 Research outputs are published in high impact factors journals. The publishes articles are 

as follows:   

Yu, Z., Di, L., Rahman, M. S., & Tang, J. (2020). Fishpond Mapping by Spectral and 

Spatial-Based Filtering on Google Earth Engine: A Case Study in Singra Upazila 

of Bangladesh. Remote Sensing, 12(17), 2692; https://doi.org/10.3390/rs12172692 

Tang, J., & Di, L. (2019). Past and future trajectories of farmland loss due to rapid 

urbanization using Landsat imagery and the Markov-CA model: a case study of 

Delhi, India. Remote Sensing, 11(2), 180. DOI: 

https://doi.org/10.3390/rs11020180 

Tang, J., Di, L., Rahman, M. S., & Yu, Z. (2019). Spatial–temporal landscape pattern 

change under rapid urbanization. Journal of Applied Remote Sensing, 13(2), 

024503. DOI: https://doi.org/10.1117/1.JRS.13.024503 

 Research manuscript under peer review 

https://doi.org/10.3390/rs12172692
https://doi.org/10.1117/1.JRS.13.024503
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Li, M., Z. Guo, W. Zhang. Balancing Food Security and Environmental Sustainability by 

Optimizing Seasonal-Spatial Crop Production in Bangladesh. Under review at 

Environmental Research Letters. 

2  Research and Development Outcomes  

2.1 LULC Mapping and Change Monitoring  

2.1.1 Earth Observation Data Collection and Processing  

As our project during the 1st project year mainly investigates the agricultural land use land cover 

(LULC) changes every five years from 2000 to 2015, we collected the Landsat images in 2000, 

2005, 2010, and 2015 respectively. We inspected the availability of Landsat images during this 

studying period, and the result is shown in Table 1. Specially, Landsat 5 and 7 were collected for 

year 2000, Landsat 5 was collected for 2005 and 2010, and Landsat 8 was collected for year 2015. 

Figure 6 shows the footprints of Landsat images super imposed over study area.    

 
Figure 6. Landsat Scenes need to cover study area 

Table 1. The available Landsat images for the studying period 

 

Besides the Landsat image, we also collected other supplementary EO data: Terra ASTER at 15 

meter spatial resolution as supplementary data source for the Landsat; MODIS daily surface 

reflectance data since 2000, daily VIIRS NPP since 2012; MODIS NDVI/EVI/LAI 16-day 

2000 2005 2010 2015 

Landsat 5 

Landsat 7 
Landsat 5 Landsat 5 Landsat 8 
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composite data to help develop the phenological index for further classification, and MODIS 

GPP/NPP data for validation.  

Other than the satellite images, we also collected data from the Globe Land 30 (GLC30) and the 

Global Good Security-support Analysis Data 30 meter (GFSAD30). GLC30 provides world-wide 

land cover data in 30-meter resolution for 2000 and 2010. Specifically, this data used a 10-class 

classification system, namely cultivated land, forest, grassland, shrubland, wetland, water bodies, 

tundra, artificial surfaces, bare land, permanent snow and ice. The Cropland Extent data product 

as of GFSAD30 was recently released. The GFSAD30 collection provides cropland extent data 

across the globe, divided and distributed into 7 separate regional datasets, for the nominal year 

2015 (2010 for North America) at 30-meter resolution. South Asia is one of the 7 regions, and we 

downloaded the data for South Asia. This data used a 3-class classification system, namely 

water/no-data, non-cropland areas and cropland areas. 

Landsat and MODIS data/products are the major data utilized in land cover mapping. The high 

spatial resolution of Landsat image could be used to identify the spatial distribution of farmland 

while the high temporary resolution of MODIS will be used to interpret phenology information to 

identify the crop types and cropping intensity. Atmospheric correction was first performed on 

Landsat images on six reflectance bands (blue, green, red, near infrared, and two shortwave 

infrared bands). All images were geo-referenced into the UTM-WGS84 map projection. Due to 

the variation of sensor-target-illumination geometry, it is necessary to conduct image-to-image 

radiometric normalization between the adjacent images, particular before the image mosaic for the 

Landsat data to make the distribution of brightness values with two adjacent images as close as 

possible. To implement this idea, we performed a histogram matching between adjacent scenes for 

the same year.        

2.1.2 LULC Mapping  

In this project, Landsat 5 and 8 surface reflectance T1 product and Landsat 8 surface were selected 

for land use classification. In order to perform a better classification, three indexes, e.g. 

Normalized Difference Vegetation Index (NDVI), Normalized Difference Built-up Index (NDBI), 

were computed using surface reflectance values of Landsat data [43], [44]. To acquire Landsat 

Surface Reflectance product from USGS, traditionally users need to send request to the USGS and 

wait for the server side to prepare and send back the requested datasets. Such process requires 

frequent interaction between users and clients, which is inconvenient for large scale land use and 

land cover classification. GEE, on the contrary, has catalogued various remote sensing and 

scientific datasets on their server, and provides an online programming interface for users to write 

customized program in web browsers. On the server side, GEE utilized its cloud infrastructure 

which provided high performance computing powers for users [45]. Therefore, GEE provides a 

much more time-efficient way to handle and process large geospatial datasets. To acquire LULC 

maps, we used Landsat 5 Surface Reflectance Tier 1 dataset and Landsat 8 Surface Reflectance TI 

product stored on the GEE. Specifically, we used 66 Landsat scenes that cover the entire study 

area for 2000, 2005, 2010 and 2015 respectively.  

The reference data we used include (1) GlobeLand30 (GLC30) product; (2) MODIS Land Cover 

Type product (MCD12Q1); (3) ESA CCI Land Cover product and (4) The global land cover 

facility (GLCF): Landsat Tree Cover Continuous Fields. The GLC30, comprising of global LULC 
maps in 2000 and 2010 at 30-meter resolution, was the major reference in our work. The GLC30 

product was donated to United Nations by China and was freely available to public [46]. The ten 
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classification types were remapped to match our classification results and other reference data. 

The detailed land cover type description is shown in Table 2.  

The MODIS Land Cover Type product is a yearly released product that provides land cover 

dynamics at 500-m spatial resolution from 2001 to present. In this product, several classification 

schemas were used and were stored in different bands. We used the IGBP classification schema, 

which is the primary land cover schema in this product.  

The ESA CCI Land Cover product is a 300-m resolution land cover product provided by the ESA. 

This product is obtained from processing of the full archives of 300-m MERIS, 1-km SPOT-

VEGETATION, 1-km PROBA-V and 1-km AVHRR. The temporal coverage starts from 1992 to 

2015 at 1-year gap. This product used the 22-class United Nation Land Cover Classification 

System.  

The GLCF: Landsat Tree Cover Continuous Fields layers contain estimates of the percentage of 

horizontal ground in each 30-m pixel covered by woody vegetation greater than 5 meters in height. 

The data represent three nominal epochs, 2000, 2005 and 2010, compiled from the NASA/USGS 

Global Land Survey (GLS) collection of Landsat data. The product is derived from all seven bands 

of Landsat-5 Thematic Mapper (TM) and/or Landsat-7 Enhanced Thematic Mapper Plus (ETM+), 

depending on the GLS image selection. In addition to the Continuous Fields layers which only 

cover 2000, 2005 and 2010, we added the Hansen Global Forest Change v1.3 (2000-2015) layer 

to cover the year of 2015.  

Table 2. Globeland30 Classification Schema 

LULC type Value Remap Description 

Cultivated 

Land 
10 1 

Lands used for agriculture, horticulture and gardens, including paddy 

fields, irrigated and dry farmland, vegetation and fruit gardens, etc. 

Forest 20 2 

Lands covered with trees, with vegetation cover over 30%, including 

deciduous and coniferous forests, and sparse woodland with cover 10 - 

30%, etc. 

Grassland 30 3 Lands covered by natural grass with cover over 10%, etc. 

Shrubland 40 4 
Lands covered with shrubs with cover over 30%, including deciduous and 

evergreen shrubs, and desert steppe with cover over 10%, etc. 

Wetland 50 5 

Lands covered with wetland plants and water bodies, including inland 

marsh, lake marsh, river floodplain wetland, forest/shrub wetland, peat 

bogs, mangrove and salt marsh, etc. 

Water bodies 60 6 
Water bodies in the land area, including river, lake, reservoir, fishpond, 

etc. 

Tundra 70 7 

Lands covered by lichen, moss, hardy perennial herb and shrubs in the 

polar regions, including shrub tundra, herbaceous tundra, wet tundra and 

barren tundra, etc. 

Artificial 

surfaces 
80 8 

Lands modified by human activities, including all kinds of habitation, 

industrial and mining area, transportation facilities, and interior urban 

green zones and water bodies, etc. 

Bareland 90 9 
Lands with vegetation cover lower than 10%, including desert, sandy 

fields, Gobi, bare rocks, saline and alkaline lands, etc. 

Permanent 

snow and ice 
100 10 

Lands covered by permanent snow, glacier and icecap. 

Ocean 255 6 Oceans. 
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2.1.2.1 Data Pre-processing 

In this project, the grow pattern or phenology information were used to improve classification 

through multi-temporal image sequence [46], [47]. Instead of using singe image for a given 

Landsat path-row pair, we used all the images that satisfy our requirement to fully extract 

phenology information for classification. Specifically, for each Landsat scene, we used filters on 

the GEE Landsat 5 Surface Reflectance T1 image collection in a year and the cloud cover to be 

less than 10%. For the selected images, all bands were chosen to perform the classification. In 

addition to the above bands, three normalized indexes were computed, namely Normalized 

Difference Vegetation Index (NDVI), Normalized Difference Built Index (NDBI) and MNDWI 

(Modified Normalized Difference Water Index). The MNDWI is calculated as follows: 

𝑀𝑁DWI =
GREEN−MIR

GREEN+MIR
         (8) 

Where NDVI, NDBI are generally been used to quantify the density of vegetation and built-up 

area, NDWI is applied to detect water body and MNDWI performs better than NDWI when water 

body is mixed with vegetation [48]. All three indexes were calculated and added to each image as 

single bands. The stacked image was then classified using a trained classifier. 

To acquire training samples for 2005, we first remapped the pixel values of GLC30 product from 

double digits to single digits as shown in Table 3. The landscape type ocean was reclassified as 

water bodies. We then overlaid the remapped GLC30 2010 product on the remapped GLC30 2000 

product to get the unchanged regions. This was done by using a raster calculator as: 

𝑜𝑢𝑡𝑝𝑢𝑡 =  10 ∗ 𝑔𝑙𝑐2000 + 𝑔𝑙𝑐2010               (9) 
 

Where glc2000 and glc2010 represent the LCLU types in 2000 and 2010, respectively. Specifically, 

the unchanged area was reclassified to class “1” and changed area was reclassified to class “0”. 

Empirically, the land use and land cover types, especially the artificial surfaces and farmland, 

either expands or decreases over time. Thus, for the unchanged area between 2000 and 2010, it is 

highly possible that they stay unchanged from 2000 to 2010. Therefore, we randomly generated 

around 4000 sample points from the unchanged area. The points that were close to the perimeter 

of the unchanged regions were deleted. On GEE, the above process was accomplished by applying 

a minimum and a maximum reducer on the neighbor of each pixel to get min and max values from 

neighbor pixels which were added to the unchanged layer as two new bands. For each sample point, 

we examined if the min and max values from its neighbor pixels were equal to its class value and 

deleted points that did not satisfy the above condition. The neighbor radius controls how far sample 

points should be away from the boundaries, which was set to 4 pixels in this work.  

To increase the number of sample points, we converted the point class feature collection to a 

polygon class feature collection by generating buffers around existing sample points. We set the 

buffer radius as one pixel less than the neighbor radius we mentioned above so that the generated 

buffer polygons would not exceed the boundaries of their class. The buffer polygon collection was 

then used as our training dataset. 

2.1.2.2 Classification method 

With the stacked image and training samples, we trained a Random Forest (RF) classifier [49] on 

GEE with fixed hyperparameters. The RF classifier trains a series of Decision Tree (DT) classifiers 
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with different bootstrap sample of the data. For each tree, randomness is introduced in choosing 

features to split to reduce similarities between trees. By training a bunch of weak classifiers (DTs 

in RF) and combine classification result from each tree, the RF achieves better overall performance 

and is robust against overfitting comparing to using the DT classifier. The random forest classifier 

parameters were listed in Table 3.  

Table 3. Random Forest Classifier Parameters 

Parameters Value Description 

Number of Trees 15 Number of trees to create per class 

Variables Per Split 0 Split using square root of the number of variables 

Min Leaf Population 2 The minimum size of a terminal node 

 

2.1.2.3 Post-classification process 

The classification result was post-classification processed to remove the error during the 

classification. These processes remove the error in two major classes: artificial surface and forest 

cover, using the following steps:  

i) Incremental artificial surface area update: 

The F1 score was used to determine the performance of classifier using the precision and recall 

score derived from confusion matrix. The F1 score was calculated using the following formula as: 

𝐹1 =
2∗𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
                                                                                                                 (10) 

The F1 scores of artificial surface class among different years were calculated and compared. The 

year with the highest score were identified and applied to update other years based on the 

classification result of high score year. The update rules are: 

 If previous year is artificial surface and the highest score, the following years 

will be previous surface; 

 If the following year is not artificial surface and the highest score, the previous 

year will be cropland instead of artificial surface.  

 

ii) Forest cover update based on the GLCF: Landsat Tree Cover Continuous Fields 

product: 

In this step, we used the GLCF (Landsat Tree Cover Continuous Fields product) as reference to 

update the forest class in our classification. This product provides tree cover percentage at 30-m 

resolution for three nominal epochs: 2000, 2005 and 2010. For 2015, we used another product 

called Hansen Global Forest Change (2000-2015) [50], which provide forest change information 

from 2000 to 2015.  

As the continuous fields product provide information about tree cover percentage of each pixel, 

we adopted the forest definition provided by the United Nation1 which states that forests are land 

covers that are at least 0.5 ha and with more than 10% area covered by trees that are least 5-m high. 

                                                 
1 https://unstats.un.org/unsd/environment/forestarea.htm 
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Therefore, we used 10% as the threshold on the continuous field product to derive forest area for 

2000, 2005 and 2010.  

We updated the forest class based on the GLCF and GLC30 products. Specifically, for 2000 and 

2010, the pixel was updated to forest cover if the pixel was forest in both GLCF and GLC30 

products. For 2005, only the GLCF product was used while for 2015 the update was based on the 

forest class in 2000 and the Hansen Global Forest Change (2000 - 2015) product. Specifically, the 

Hansen Global Forest Change product has two layers, gain and loss which provide pixel-wise 

forest gain and loss from 2000 to 2015. The forest cover in 2015 was updated using the 2000 forest 

cover and change product from 2000 to 2015.  

2.1.3 Time-series LCLU maps  

Four LCLU maps are generated through Landsat image classification for study area between 2000 

and 2015 at 5 years interval. Figures 7, 8, 9, and 10 are illustrated LCLU maps for 2000, 2015, 

2010, and 2015 respectively. Eight different land cover types are identified across the study area 

including cropland, forest, grassland shrubland, wetland, water, artificial surface and bare land. 

The study area is dominated by croplands. Forests are located as patches in different parts of the 

study areas. A large part of forest is visible at the eastern edge of the study area located at the 

boarder of Himalaya. A large patch of wetland located at the coast of Bay of Bengal. It should be 

noted that this wetland is actually the world largest mangrove forest.  

 
Figure 7. LULC classification results for 2000 
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Figure 8. LULC classification results for 2005 

 

 
Figure 9. LULC classification results for 2010 
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Figure 10. LULC classification results for 2015 

Table 4 shows LULC distribution in the study area. Cropland is the most dominating land cover 

type which accounts for more than 80% of land area. The second dominating land cover type is 

forest followed by cropland, which represent around 8% of the study area. Shrub land, grass land, 

and wetland have only tiny share more or less 1% of the area for each of these three categories. 

Bare land has the lowest share only 0.06% in 2000 while only 0.02% in 2015. The net overall 

percentage share of land cover types is nearly consistent between 2000-2015. However, LULC 

change may occurred in different locations.  

Table 4. Distribution of LULC types in the Ganges Basin area 

  2000 2005 2010 2015 

  Sq. Km Percent Sq. Km Percent Sq. Km Percent Sq. Km Percent 

Cropland 903182 84.01 905061 84.18 893896 83.14 901291 83.83 

Forest 83663 7.78 86686 8.06 88654 8.25 85675 7.97 

Grassland 20119 1.87 16990 1.58 21496 2.00 18466 1.72 

Shrub land 2761 0.26 426 0.04 2856 0.27 943 0.09 

Wetland 7439 0.69 7272 0.68 7523 0.70 7068 0.66 

Water 12626 1.17 11876 1.10 11672 1.09 10556 0.98 

Artificial 

Surface 
44690 

4.16 45908 4.27 48732 4.53 50945 4.74 

Bare land 665 0.06 873 0.08 289 0.03 218 0.02 

Total 1075145 100 1075092 100 1075118 100 1075162 100 
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2.1.4 Validation  

The accuracy assessment for our land cover mapping results was conducted using samples that 

were acquired by the same method as we used for selecting training samples. Specifically, 150,000 

samples were generated from the unchanged area between 2000 and 2010 and the accuracy and 

kappa scores were calculated as: 

𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
        (11) 

𝑘𝑎𝑝𝑝𝑎 =
𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦−𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦

1−𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦
        (12) 

After the observed accuracy is calculated by equation 4 and 5, and the expected accuracy is 

calculated as follows: 

𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
1

(#𝑠𝑎𝑚𝑝𝑙𝑒𝑠)2
∑ #𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑𝑖 ∗ #𝑔𝑟𝑜𝑢𝑛𝑑𝑡𝑟𝑢𝑡ℎ𝑖
𝑐𝑙𝑎𝑠𝑠 𝑛
𝑖= 𝑐𝑙𝑎𝑠𝑠 1      (13) 

Where the #samples refers to the total number of samples, the #classifiedi refers to the number of 

samples classified as class i by the classifier, and the #groundtruthi refers to the true number of 

samples that belong to class i. 

Table 5 shows the overall accuracy and Kappa value of LULC mapping for four different years. 

The overall accuracies of remote sensing image classification are 0.957, 0.953, 0.953, and 0.946 

for the years 2000, 2005, 2010, and 2015 respectively. The very high and consistent overall 

accuracy show the capability of selected land cover mapping techniques for accurate mapping of 

land cover types using earth observation. The corresponding kappa values are 0.807, 0.796, 0.796, 

and 0.768 for the years 2000, 2005, 2010, and 2015 respectively. The high kappa values show the 

agreement between LULC types and ground truth. 

Table 5. The overall accuracy and Kappa for LCLU maps from 2000 to 2015 

 2000 2005 2010 2015 

Overall accuracy 0.957 0.953 0.953 0.946 

Kappa 0.807 0.796 0.796 0.768 

2.2 Agricultural Land Use Change between 2000 and 2015 

The first agriculture LULC change was analyzed based on the change from 2000 to 2015 (Figure 

11). Obviously, the farmland is the dominant land use type in the study area, covering almost 80% 

of the entire study area. Although impervious surface has small fraction, it has obvious increasing 

pattern from 2000 to 2015 (from 4.16% to 4.74%) which mainly transferred from farmland and 

forest. Figure 11 illustrates the conversion of crop area to built-up area mainly occurred around 

cities. The eastern parts of the study area (Mostly in Bangladesh) went through many changes in 

land cover types. A very vivid land cover change has been taken place around the large 

agglomeration of the capital of India, Delhi metropolitan area, which is appeared as pink color in 

the north-western part of the study area. Another major land cover change cropland to grassland 

was dominant in the south-western parts of the study area. Although, many different land cover 

changes were occurred in the eastern part of the study area, forest to cropland is one of the major 
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changes in this part. A linear land cover change can be seen along the major rivers, this change is 

mainly the conversion of waterbody to cropland. This change is the result of erosion and siltation 

in Ganges channels. Many new land areas were developed over the time because of the siltation 

process. Farmers grows crops on these newly developed lands. The conversion from cropland to 

water were taken place because of two reasons: conversion from crop field to aquaculture and loss 

of croplands due to river erosion.  

 
Figure 11. Agricultural LULC change between 2000 and 2015 

Table 6 shows the detailed change among classes from 2000 to 2015. The dominant cropland 

mostly remains unchanged; around 97% of croplands of 2000 have the same use in 2015. About 

only 1% of croplands were changed to artificial surface. The total change from impervious surface 

to croplands is 8604 km2 while the croplands to impervious surface is 2936 km2 which means that 

farmland is losing its area to urban expansion and population growth in recent 15 years. Although 

the loss of croplands to forest is relatively small, we can also find that some part of croplands was 

slightly changed back to forest, especially along the river area. Major land cover change was found 

in grass land, shrubland, waterbody, and forest. Around 20% and 18% of grassland were converted 

to cropland and forest in the study period. Around 62% of shrublands were converted to forest, 

which accounts for 1733 km2 area. Another 390 km2 shrublands were converted to croplands. 

Another mentionable cropland gain occurred in the study area, which is account for 5502 km2 from 

waterbody. This change from waterbody to cropland indicates filling up waterbodies for crop 

cultivation. The migration and international food market and price are important factor that 

influencing the cultivated of farmland. This further confirm that the loss of fertile agricultural land 

to urban expansion and forest. A further detail about the interchange among farmland is needed to 
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identify such as the crop types and cropping intensity (fallowing land, double cropping etc). The 

classification schema of operational UADA cropland data layer (CDL) will be adopted in the 

further crop type identification.         

 

Table 6.The LULC change from 2000 to 2015 for the study area in percentage 

         2015 

2000 

Cropland Forest Grassland Shrubland Wetland Water 

body 

Artificial 

Surface 

Bare 

land 

Cropland 97.31 0.81 0.51 0.01 0.03 0.37 0.95 0.01 

Forest 10.30 86.87 1.89 0.46 0.01 0.09 0.38 0.00 

Grassland 20.76 18.80 59.50 0.60 0.00 0.07 0.23 0.03 

Shrubland 14.11 62.76 8.59 13.16 0.00 0.08 1.23 0.05 

Wetland 4.26 0.37 0.09 0.00 90.68 3.46 1.14 0.00 

Water 

body 

43.58 0.92 0.11 0.02 0.63 53.33 1.11 0.30 

Artificial 

Surface 

6.57 0.02 0.00 0.00 0.00 0.05 93.36 0.00 

Bare land 70.04 1.08 1.25 0.19 0.00 16.78 0.19 10.47 

2.2.1 Case study for historical LCLUC and future pattern 

2.2.1.1  Case Study Area 

The Delhi metropolitan area, one of the most populous metropolitan area in India, was selected as 

a typical study site to study the agricultural LCLUC in this project (Figure 12). According to the 

Registrar General and Census Commissioner of India, the National Capital Region (NCR) had a 

total population around 45 million in 2017, covering an area of 34,144 km2. Delhi metropolitan 

area has experienced rapid urbanization with a large number of migrants from other parts of India 

[51]. The total population in Delhi increased from 10 million in 1990 to 25 million in 2014, 

however, the rural population decreased from 10.07% in 1991 to 2.50% in 2012 [51], [52]. As a 

result, the Delhi area experienced rapid LULC change during the last two decades, especially 

farmland loss.  

 
Figure 12. Case study – National Capital Region (NCR) of India 
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2.2.1.2 Markov-CA (Cellular Automata) model for historical construction and future 

prediction 

A systematic framework for the Markov-CA model was illustrated in Figure 13. The Markov-CA 

model was controlled by four driving forces: transition probability fp, neighboring effect fn, 

suitability driver fs, and constrain factor fc. The transition probability fp was derived from 

historical transition Markov model and neighboring effect fn was derived from the current cell 

status. The constrain factor fc was based on the constrain layer, including the water, elevation and 

slope (Figure 14) while the suitability driver fs is the driving forces such as population and road 

density (Figure 14). 

Figure 13.  Flowchart of the Markov-CA model 

 

A critical step in the Markov-CA model is the calibration of model to assign appropriate 

parameters for each input variable. In this research, two LCLU maps classified from Landsat 

images acquired in 1998 and 2009 were used as empirical data. Each combination of four variables 

as 𝑆𝑖𝑗
𝑡+1 = 𝑓(𝑃𝑖𝑗

𝑡 ,  𝑁𝑖𝑗
𝑡 ,  𝑆𝑖𝑗

𝑡 ,  𝐶𝑖𝑗
𝑡 ). Each parameter denotes one solution and the weights are integers 

ranging from 0 to 100. Once the initial data and model code was chosen by the Monte Carlo 

random selection, the model was run at yearly intervals to represent one solution combination till 

the calibration years. The calibration data was the classified maps from the year 1998 and 2009. 

The parameter with the highest match was ranked and selected for the next year simulation. The 

detailed operation about this calibration method could be further found in the paper by Shan et al. 



 26 

[53] and Al-Ahmadi et al. [54]. This step was repeated until the years of two calibration maps and 

the best parameters with the lowest discrepancy will be selected as the model parameter. 

The other factors that impact LCLUC were defined and included in the transition rules as 

suitability drivers (e.g. elevation, distance to road, road density, and population growth) and 

constrain factors (e.g. lake, river, and reservoir) (Figure 13). For the census data, the city or town 

with population more than 10,000 were collected for years 1991, 2001, 2011 and population maps 

were generated using Kriging function in Geostatistical Analysis of ArcGIS. 

 
Figure 14. The example maps that used to create the suitability drivers and constrain layers 

 

The validation of Markov-CA model was performed by comparing the predicted LCLU map with 

the empirical map in the same year. The predicted LULC map was then overlaid with the empirical 

map at the year 2017 to visualize the spatial distribution of errors and to develop the error matrix 

for each class. The root-mean-square-error (RMSE) was used to evaluate the accuracy of model 

as: 

𝑅𝑀𝑆𝐸 = √
1

𝑁
∑ (𝑃𝑒𝑖 − 𝑃𝑝𝑖)

2𝑁
𝑖=1          (14) 

Where Pe is the percentage of each class from the classified map while the Pp is the percentage of 

each class from the empirical map and N is the total number of LULC classes. 

2.2.1.3 Past and future trajectories of farmland loss  

The first set of historical annual maps was reconstructed using only Markov-CA model (Figure 

15). As indicated in the figures, the urban area will continue to grow in the same pattern since the 

expansion area would be located next or close to the existing urban area. During the last two 

decades, the dominant LULC class was farmland, as it covers more than 70% of the study area. 

The initial predicted results showed that the increasing urban area from 1995 to 2005 were 401 

km2, which was less than the increased urban area (455 km2) from 2005 to 2015. This might be 

caused by the rapid urbanization in New Delhi after 2000s. Urbanization and its subsequent 

landscape change are usually driven by many other factors, such as population growth, economic 
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development, and government policies. Incorporating more drivers will help to develop better 

prediction results. 

 
Figure 15. The simulated LULC maps from 1994 to 2015 

 

In order to validate our model, the simulated map was overlaid with the empirical map for the 

same year and a confusion matrix was developed (Table 7). The table shows the comparison result 

and agreement between the simulated result and empirical map and both user’s accuracy and 

producer’s accuracy were calculated and listed in Table 7. In this research, the best predicted class 

is Farmland (with 89.08 user’s accuracy and 95.07% producer’s accuracy), followed by the urban 

area (user’s accuracy 82.60% and producer’s accuracy 74.04%). The natural LULC classes, 

particularly the classes with small area, have relative low accuracy. 

Table 7. Confusion matrix and model validation for Markov-CA model 

 

Empirical 

Map 

(km2) 

Predicted map (km2) User’s 

Accuracy 

(%) 

Producer’s 

Accuracy 

(%) 
Urban Forest Farmland Grassland 

water 
Wetland Bareland 

Urban 1174.78 5.35 393.19 12.51 0.41 0.08 0.42 82.60 74.04 

Forest 62.30 62.43 326.41 125.74 0.61 0.31 0.15 34.93 10.80 

Farmland 172.60 102.12 7031.78 75.32 5.33 1.66 7.52 89.08 95.07 

Grassland 10.63 7.78 104.64 101.50 0.29 0.14 0.11 32.01 45.09 

Wetland 0.22 0.26 10.71 0.16 1.33 0.02 0.45 15.67 10.10 

Water 1.46 0.72 22.36 1.63 0.20 0.06 0.38 2.71 1.43 

Bareland 0.33 0.06 4.54 0.19 0.31 0.06 0.23 1.67 3.96 

Overall accuracy: 0.75; Kappa: 0.59; RMSE: 6.74  
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Figure 16. The predicted urban and farmland from 1995 to 2030 

 

As the national capital city of India, Delhi has experienced rapid LULC change as the result of 

population growth and numerous migrants. Our model was used to predict the LULC change from 

1995 to 2030 at yearly step. From each predict map, the area of two dominant LULC classes, 

farmland and urban area, was calculated to analyze the past and future trajectories of farmland loss 

due to rapid urbanization. In the simulated result, the farmland has a consistent decreasing trend 

from 1990s and the trend continues to 2030 while the urban area, on the other hand, keeps on 

increasing from 1995 to 2030. Specifically, the urban area will increase from 504.13 km2 to 

2679.54 km2 and farmland will decrease from 8778.19 km2 to 7242.94 km2. Over the last two 

decades and next two decades, the rapid urbanization is still the dominant change in the study area, 

this opposite trend in urban and farmland indicates that the major reason for the farmland loss is 

the rapid urbanization. 

Although the change patterns are opposite between urban and farmland, their change rates are 

different from each other. The farmland has relative stable decease pattern from 1995 to 2030 

while the increase rate of urban area was larger during 2000s to 2020 than the other periods (Figure 

16). This predicted result is consistent with the intensive urbanization in Delhi from 2000s. The 

rapid urbanization leads to the development of urban forms with the destruction of other land use, 

particularly the farmland from 2000s [55]. Based on the predicted result, this rapid urbanization in 

Delhi will continue to 2020 and be slowed down from 2020 to 2030.   

2.3 Farming System Change Analysis 

During the project period, the farming system change was further detected in the selected study 

areas in Bangladesh. More specifically, our work focused on detecting changes from agriculture 

land use to aquaculture land use in Bangladesh. The following sections introduce a novel workflow 

for detecting fishponds from Sentinel-2 optical images. Singra Upazila, a third administrative level, 

is selected as case study from Northern Bangladesh. Singra Upazila is selected based on the fact 

that this area faces intense agricultural land use change from crop to aquaculture. 
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Fishery in Bangladesh has been increasing rapidly in the last few decades as a major source of 

food and economic growth [56]. According to the International Food Policy Research Institute 

(IFPRI), the fish farming market has grown 25 times in all aspects of the aquaculture industry in 

the last three decades. Shahin et al. [57] also reported that the total fish production increased from 

4.99 Lac MT (100,000 metric tons) in 1998-1999 to 14.47 Lac MT in 2012-2013. Though rice is 

still the major food source for Bangladesh, the booming aquaculture is bringing diversity to the 

dietary structure of people in Bangladesh and gradually improving people’s health conditions [58]. 

However, the growing aquaculture puts pressure on already limited croplands. In recent years, a 

great portion of croplands has gradually transformed to other land use types, such as fishponds, 

brickyards, and residential area in Bangladesh [59]. With Earth Observation (EO) data, especially 

newly published Sentinel-2 MSI 10m resolution images, mapping and monitoring individual 

fishponds become feasible.  

Some key features of fishponds in Bangladesh are that:  

1) they are usually filled with water all year round,  

2) they are small, and  

3) like many other man-made objects, they have relatively simple shapes such as rectangles.  

To address 1), multi-temporal and multi-spectral remote sensing images should be used. High-

resolution images are the most suitable data to address 2). Specifically, based on the research 

conducted by Belton and Azad [60], the average size of homestead fishponds in Bangladesh is 

between 0.08 to 0.1 ha, the median value can be even less due to the skewness towards a few large 

fishponds, which can go up to over 100 ha each. Fishponds with such small size are challenging 

to detect on medium-resolution (2 – 30m) remote sensing images, and it is almost not feasible to 

do with low-resolution (> 30m) images. However, high-resolution images such as SPOT (Satellite 

Pour l’Observation de la Terre) and IKONOS are usually not available free of charges. Sentinel-2 

MSI L1C data has become increasingly popular for land use and land cover (LULC) mapping in 

recent years mainly because of its finer spatial resolution (10m) and temporal resolution (10 days 

before Sentinel-2B launches and 5 days after) [61]–[63]. The significant improvement of both 

spatial resolution and temporal resolution offered great potentials of improving existing 

applications and enabling new missions such as object detections [62]. Therefore, this research 

uses Sentinel-2 MSI L1C data for fishpond mapping.  

Water indexes (WI) such as Normalized Difference Water Index (NDWI) [64], Modified 

Normalized Difference Water Index (MNDWI) [65], and Automated Water Extraction Index 

(AWEI) [66] have been developed to enhance water features on multi-spectral images. Most of the 

WIs utilize low reflectance of water in near-infrared (NIR) and shortwave-infrared (SWIR) 

spectrum [63], [64], [67], [68]. NDWI takes the difference between the green band and the NIR 

band, which produce positive values for water and negative values for other LULC types [64]. To 

address false positives from built-up using NDWI, Xu introduced MNDWI, which is calculated 

with green and SWIR bands [65]. Previous research reported that MNDWI generally has a more 

stable threshold than NDWI [67], [69], [70]. Aside from the NDWI and MNDWI that use 2 bands 

to compute, AWEI uses 5 bands to compute, and it aims to reduce false positives coming from 

shadow pixels [66]. The AWEI consists of two formulas, AWEIsh for areas that are contaminated 

by shadows, and AWEInsh for areas that are not [71]. Feyisa et al. reported that AWEI has much 

more stable optimal thresholds than MNDWI [66]. Table 8 summarized the aforementioned three 

WIs.  
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Table 8. Formula of widely used three WIs 

WI Formula Reference 

𝑁𝐷𝑊𝐼 =
ρ𝐺𝑟𝑒𝑒𝑛 − ρ𝑁𝐼𝑅
ρ𝐺𝑟𝑒𝑒𝑛 + ρ𝑁𝐼𝑅

 [64] 

𝑀𝑁𝐷𝑊𝐼 =  
ρ𝐺𝑟𝑒𝑒𝑛 − ρ𝑆𝑊𝐼𝑅1
ρ𝐺𝑟𝑒𝑒𝑛 + ρ𝑆𝑊𝐼𝑅1

 [65] 

𝐴𝑊𝐸𝐼𝑛𝑠ℎ = 4 ∗ (ρ𝐺𝑟𝑒𝑒𝑛 − ρ𝑆𝑊𝐼𝑅1) − (0.25 ∗ ρ𝑁𝐼𝑅 + 2.75 ∗ ρ𝑆𝑊𝐼𝑅2) 

𝐴𝑊𝐸𝐼𝑠ℎ = 𝜌𝑅𝑒𝑑 + 2.5 ∗ ρ𝐺𝑟𝑒𝑒𝑛 − 1.5 ∗ (𝜌𝑁𝐼𝑅 + ρ𝑆𝑊𝐼𝑅1) − 0.25 ∗ 𝜌𝑆𝑊𝐼𝑅2 
[66] 

 

While water classification on multispectral remote sensing images has been extensively studied, 

most of the research focuses on identifying general water bodies at national or even global scale 

[72], [73], or selected water bodies in small study sites rather than identifying subclasses of water 

bodies. Therefore, how to discern fishponds from other water features is a major challenge in this 

study, and feature 3) of fishponds is utilized to address the problem.  

Object-based features (OBF), also referred to as geometrical features in [74], shape metric in [75], 

have been used in previous research as ancillary features in object-based image analysis. In a 

research conducted by van der Werff and van der Meer [76], shape measures were extracted from 

Landsat image objects and were used to help classify spectrally identical objects, e.g., rivers and 

different shapes of lakes. Jiao et al. [75] used 10 shape metrics to classify 8 LULC classes including 

rivers and ponds on SPOT-5 images. Their results showed that such metrics can well characterize 

all LULC classes quantitatively. For water features specifically, they characterized rivers as 

elongated, concave, and complex, while ponds were round, rectangular, convex, and simple [75]. 

Both research works reported that OBFs significantly improved classification accuracy especially 

when objects are spectrally similar. However, previous research typically works with high-

resolution images or objects that are large compared to the pixel sizes, it is unclear how such OBFs 

will help with classifying small objects on relatively coarse resolution images.  

Therefore, in this research, we introduce a workflow that integrates automatic spectral filtering 

and spatial filtering using OBFs for fishpond classification. The workflow was implemented on 

Google Earth Engine (GEE) [77]. To test the performance of the proposed method, we conducted 

an experimental study in Singra Upazila in Bangladesh. 

2.3.1 Study Area and Dataset  

The study area of the case study we chose is the Singra Upazila (24°30′N, 89°08′E) in Bangladesh 

as shown in Figure 17. It is a sub-district of Natore district in Northern Bangladesh that consists 

of 13 unions. More than three-hundred people live in around 530 square kilometer areas with a 

density of 607 persons per km. Around 80% of people in this area are engaged with agriculture, 

more specifically rice crop farming. Since this area is located within one of the largest flood plains 

of the country, most of the agricultural fields are flooded in the rainy season every year. A recent 

trend of land use change from crop fields to fishponds has been found in this area because of the 

larger profit of fish culturing than growing rice.  

The dataset used in this study is the Sentinel-2 MSI Level-1C product hosted on GEE. It was 

preprocessed by radiometric and geometric corrections. As a result, the Sentinel-2 Level-1C is a 

Top-of-Atmosphere (TOA) reflectance dataset that consists of 100 km by 100 km image tiles 
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projected in UTM/WGS84. The Multi-spectral instrument (MSI) sensors onboard Sentinel-2 

satellites collect images with 13 spectral bands in the visible/near-infrared (VNIR) and SWIR 

spectrums, and the spatial resolutions of the spectral bands vary from 10m to 60m. The bands that 

were used in this study are listed in Table 9. The MGRS tile number of images used in this study 

is 45RYH.  

 

Figure 17. Case study area for farming system change (Upper left: location of the study area in 

Bangladesh. Upper right, lower left, and lower right: example fishponds within the study 

area). 
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Table 9.The Sentinel-2 Level-1C bands used for fishpond detection 

Sentinel-2 Band 

Number 

Band Name in WI 

formula 

Wavelength 

(μm) 

Spatial Resolution 

(m) 

Band 3 Green 0.537 – 0.582 10 

Band 8 NIR 0.767 – 0.908 10 

Band 11 SWIR1 1.539 – 1.681 20 

Band 12 SWIR2 2.072 – 2.312 20 

 

2.3.2 Methodology 

The methodology we used can be roughly divided into two parts, (1) spectral filtering and (2) 

spatial filtering. The spectral filtering part uses multi-temporal images to identify all-year flooded 

water features. The spatial filtering part computes object-based features for vectorized water 

objects from the spectral filtering part and derives thresholds to further identify fishponds from all 

water features. The whole workflow is shown in Figure 18. Details are discussed in the following 

subsections. 

 

Figure 18. Flow diagram of the pond change detection method 
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2.3.2.1  Data Preprocessing 

Multi-temporal images are first prepared for the detection of all-year flooded water features rather 

than seasonal water features such as rice paddy and flooding [63], [78], [79]. Specifically, all 

Sentinel-2 Level-1C images with less than 10% cloud cover in 2016 were collected. Here we 

denote the image collection as {𝑇𝑖}, 𝑖 = 1,2,… , 𝑛, where n is the total number of images. Due to 

extremely high cloud cover during monsoon seasons, no images are available between May and 

September.  

Three WIs, i.e., NDWI, MNDWI, and AWEInsh were calculated for each selected image 𝑇𝑖. We 

denote the three WI image collections as {𝑁𝐷𝑊𝐼𝑖}, {𝑀𝑁𝐷𝑊𝐼𝑖}, {𝐴𝑊𝐸𝐼𝑖}. AWEIsh was not used 

because most fishponds are in rural areas where the noise from shadow is minimal. For the 

convenience of notation, the rest of the paper use AWEI to refer to the AWEInsh. 

2.3.2.2 Spectral Filtering 

The threshold selection of WIs is the key factor of accurately mapping water on multispectral 

images [62], [70]. An empirical threshold 0 is chosen by default for many WIs [64], [67], [80]. 

However, due to mixed pixels of water and other land cover types, the optimal WI thresholds 

usually depend highly on the scene and locations [66]. Therefore, previous research uses dynamic 

thresholds to adapt to varying situations. Among many automatic thresholding algorithms, the 

Otsu method, which is an automatic grey-level image segmentation algorithm that iteratively finds 

the optimal threshold that maximizes inter-class variance [81], is widely used for water body 

mapping [61], [63], [82]–[85]. In a research conducted by Yin et al. [86], the Otsu method achieves 

the best performance among 8 other automatic thresholding methods, and its performance is on 

par with support vector machine (SVM) and optimal thresholds. The Otsu method is represented 

by the following equations: 

σ2 = 𝑝0(μ0 − μ)
2 + 𝑝1(μ1 − μ)

2 (8) 

𝑝0 =
𝑛0
𝑁
, 𝑝1 =

𝑛1
𝑁

 (9) 

𝑡∗ = 𝑎𝑟𝑔𝑚𝑎𝑥σ2 (10) 

where σ is the between-class variance, 𝑝0 and 𝑝1 are probabilities of two classes respectively, μ0 

and μ1 are mean pixel values of class 0 and class 1 respectively, μ is mean pixel values of the 

whole data, and 𝑡∗ is the optimal threshold.  

Many threshold selection methods favor bimodal histograms because thresholds can be easily 

found in the valley of two peaks without much uncertainty [87], [88]. Therefore, it is reasonable 

to do a pre-masking to reduce the number of non-water pixels in threshold selection for fishponds 

that are typically small and scarcely scattered in a large area. To achieve that, we adapted and 

modified a technique that was used in previous research [82], [87], [88]. Specifically, a preliminary 

thresholding step was conducted using a forgiving threshold to loosely identify water features, and 

then buffers are generated around the water features to include some but not all non-water pixels. 

Detailed steps of this approach are described below:  

a) An empirical threshold 0 was used for all multi-temporal MNDWI images, denoted as 

{𝑀𝑁𝐷𝑊𝐼𝑖}, to loosely classify water features.  
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b) All classified MNDWI images were combined by inserting logical operator AND between 

images to get a single layer mask, denoted as 𝑀, where pixel value 1 represents all-year 

flooded water features.   

c) The mask from b) was then vectorized by connecting neighboring same-value pixels.  

d) Buffer polygons were generated from each water feature. The buffer distance was set to 5 

pixels.  

e) The buffered polygons were then rasterized as a binary mask image for pixel selection. 

In the above steps, step a) and b) were to identify all-year flooded water features, step c) and d) 

aimed to generate a pixel selection mask that includes only a portion of all pixels, the masking 

operation is illustrated as follows: 

{𝑊𝐼𝑖 ⊕𝑀} = {𝑊𝐼𝑖
′}, 𝑊𝐼 ∈ [𝑁𝐷𝑊𝐼,𝑀𝑁𝐷𝑊𝐼, 𝐴𝑊𝐸𝐼] 

Masked WI image collections {𝑊𝐼𝑖
′} were then used as input to the Otsu method, which produces 

thresholds for all images 𝑊𝐼𝑖
′  within each collection {𝑊𝐼𝑖

′}. The thresholds were then used to 

segment original WI images 𝑊𝐼𝑖 into binary classes, the segmented image collections are denoted 

as {𝑊𝐼𝑖
∗}. Then, each segmented WI image collection, i.e., {𝑁𝐷𝑊𝐼𝑖

∗}, {𝑀𝑁𝐷𝑊𝐼𝑖
∗}, {𝐴𝑊𝐸𝐼𝑖

∗} is 

self-combined by inserting logical operator AND between pairs of images, which produces single-

layer consensus results where pixel value 1 represents all-year flooded water features. With all 

three single-layer results, the final all-year flooded water feature classification result was generated 

by conducting majority vote among all three layers, pixels that get more than 1 vote will be labeled 

as 1, the rest are labeled 0.  

2.3.2.3 Spatial Filtering 

The binary image generated from the spectral filtering part was firstly vectorized by connecting 

neighboring homogeneous pixels, which groups connecting pixels into objects. For each water 

feature vector object, several OBFs were computed using its perimeter, area, and the perimeter and 

area of its convex hull. The OBFs were then used to further classify all water features into 

fishponds and non-fishponds.  

OBFs are representations of geometries which are usually used as auxiliary features in object 

detection [89], [90]. OBFs are effective in measuring the shape complexity of polygons [91], [92]. 

In this research, we mainly used OBFs that can be conveniently calculated with perimeters and the 

area of the target object and its convex hull. Table 10 summarized the OBFs that we used in this 

research. 

IPQ, also known as FORM (form factors), SI (shape index), is a widely used measurement of shape 

compactness [74]–[76], [91], [93]. The IPQ measures similarities between an object and the most 

compact shape, i.e., circles, and it is scale invariant. The range of IPQ is 0 to 1 with 1 being full 

circles and 0 being infinitely complex shapes. SOLI (Solidity) measures the extent to which an 

object is convex or concave [75]. The range of solidity is between 0 and 1 with 1 being completely 

convex. PFD (patch fractal dimensions) or simply fractal dimension is another widely used 

measurement of shape complexity [75], [91]. In the equation in 错误!未找到引用源。0, the 

perimeter of the geometry is divided by 4, which accounts for the raster bias in perimeters. PFD 

values are close to 1 when geometry shapes are simple, e.g. squares and rectangles. It approaches 

2 when shapes become complex. CONV (convexity) is a measurement of the convexity of a 

geometry similar to SOLI. The value range for CONV is between 0 and 1 with 1 being convex 
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shapes, and values less than 1 for objects with irregular boundaries [76]. Lastly, SqP (Square pixel 

metric) is a very similar metric with IPQ, it measures the shape convexity of an object. SqP is 0 

for a square and approaches 1 as the shape becomes more complex [94]. 

Table 10.OBFs that were used in this research 

OBF ID Full Name Formula 

IPQ Iso-Perimetric Quotient 𝐼𝑃𝑄 =
4π𝐴

𝑃2
 

SOLI Solidity 𝑆𝑂𝐿𝐼 =
𝐴

𝐴𝑐
 

PFD Patch Fractal Dimensions 
𝑃𝐹𝐷 =

2 ln
𝑃
4

ln 𝐴
 

CONV Convexity 𝐶𝑂𝑁𝑉 =  
𝑃𝑐
𝑃
  

SqP Square pixel metric 𝑆𝑞𝑃 = 1 −
4√𝐴

𝑃
 

 

2.3.2.4 Fishpond Classification 

To classify fishponds based on OBFs, we first manually digitized fishponds in randomly selected 

7 of 13 unions that are within the Singra Upazila as ground truth data. Of the 7 unions, 3 randomly 

selected unions were then used to derive positive samples for training purposes, and the rest 4 

unions were used to evaluate the method. Note that positive samples were simply a subset of water 

feature objects generated from the spectral filtering process that intersects with ground truth 

fishpond polygons. The reason why ground truth polygons were not used directly for training 

purpose is that OBFs was calculated using the shape of polygons, thus over-simplified boundaries 

of manually digitized polygons may not represent the true shapes of machine-generated polygons 

on remote sensing images.  

In addition to positive samples, i.e., fishponds, negative samples of non-fishpond water features 

were collected using the JRC Yearly Water Classification dataset [72]. The JRC dataset provides 

30-m resolution images of seasonal and permanent water features every year since 1984. 

Permanent water features from a region on Tibetan Plateau were extracted as negative samples. 

The reasons to select a region on Tibetan Plateau rather than inside Bangladesh include: 

a) Bangladesh does not include enough permanent water bodies for classification.  

b) Tibetan Plateau has over 1200 lakes larger than 1 sq. km, and multiple river streams [95]. 

c) Tibetan Plateau has over 4000 m average altitude, which significantly limited human 

activities such as fishery. Therefore, there are rarely any artificial water features in the area. 
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The JRC dataset is a 30-m resolution dataset, which is 9 times the resolution of Sentinel-2 MSI in 

terms of the pixel area. As a result, same-area objects on the JRC layer should have much simpler 

boundaries than on Sentinel-2 images. More specifically, same-shape objects on Landsat images 

should be 9 times as large as they are on Sentinel-2 images. According to Belton and Azad  [60], 

fishponds in Bangladesh are typically within a range of 0.02 ha and 100 ha. Therefore, to 

compensate for the simplification of shapes caused by the difference of spatial resolutions between 

the JRC dataset and Sentinel-2 images, water features that are 9 times the size of fishponds, i.e., 

water features that are within 0.18 ha to 900 ha in the region were selected.  

With both positive and negative samples, a decision tree (DT) classifier and a Logistic Regression 

(LR) were built to classify fishponds.  

DT is a widely used classifier that recursively partitions feature space to form purer small 

subspaces [96]. DTs are easy to interpret as decision rules are no more than a few chained 

thresholds on features. Moreover, DT provides feature importance score that can help with feature 

selection. LR is a widely used binary classifier. It has a solid theoretical background, and it is very 

fast to run due to its simplicity [97]. It is also very simple to implement. These two classifiers were 

chosen because it is very convenient to transplant the fitted models to GEE to facilitate automatic 

fishpond detection in other areas. Because LR can be implemented as a weighted sum of feature 

values that is thresholded at 0 and DT can be implemented as a set of nested IF-ELSE statements.  

2.3.2.5 Accuracy Assessment 

As mentioned in the previous section, we manually digitized fishponds in our test site for 2016, 

which is the study year of this research, based on Google Earth historical satellite images. Among 

all digitized fishponds, a small portion was used for training purpose and the rest are used as testing 

samples. As we only have positive samples for testing, the evaluation was then based on the ‘hit’ 

rate. Specifically, an identified fishpond is considered correctly identified if its centroid is within 

a ground truth polygon, hence a ‘hit’. A partial confusion matrix can be constructed with 1) TP 

(true positives), number of ‘hits’, 2) FP (false positive), number of all classified fishponds minus 

the number of ‘hits’, 3) FN (false negative), number of all ground truth polygons minus the number 

of ‘hits’. Precision, Recall, and F1 score can then be calculated. The equations to calculate the 

evaluation metrics were shown in equation (11) to (13): 

𝑃𝑟𝑒𝑐 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
                          (11) 

 

𝑅𝑒𝑐 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
                            (12) 

 

 

𝐹1 = 2 ×
𝑃𝑟𝑒𝑐×𝑅𝑒𝑐

𝑃𝑟𝑒𝑐+𝑅𝑒𝑐
                    (13) 

 

2.3.3 Result 

2.3.3.1 Multi-temporal WI images  

Multi-spectral images are needed to map fishponds. As shown in Figure 19, WI values for non-

fishpond types show great variance throughout a year while fishponds have consistently high WI 

values. Seasonal water features such as croplands show high WI values in January due to the 



 37 

irrigation in the rice-growing seasons and show low WI values at the end of April as crop ripe and 

are harvested. In mid-October, a flash flood caused by the high precipitation during monsoon 

seasons can be identified in the selected region in Figure 19. Fishponds, on the contrary, show 

consistent high WI values throughout the year.  

 

 
Figure 19. WI images of four dates in 2016 in an example area within the study area. Value ranges 

for NDWI and MNDWI are -1 to 1 and -2 to 2 for AWEInsh. No color stretches are applied. 

Higher WI values are shown in darker colors. 
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2.3.3.2 Threshold Selection with the Otsu Method 

Figure 20 shows the comparison of histograms of WI values with and without pixel selection as 

well as optimal thresholds derived by the Otsu method. From the figure, we can see that most of 

the histograms show bimodal distributions. One peak on the high-value side indicates water types 

and the peak on the lower WI value side indicates other land cover types. The shape of the 

histogram and the heights of peaks indicate the dynamics of seasonal waters corresponding to 

Figure 19. Comparing thresholds derived using the Otsu method with and without pixel selection 

step, we can find that most threshold values are close such that whether to use pixel selection may 

not result in much difference. However, there are a few exceptions that the thresholds derived with 

pixel selection are quite different from that without. Specifically, thresholds derived with pixel 

selection on the NDWI image on Jan 1st and MNDWI and AWEI images on Apr 30th all fall out 

the valleys of the histograms, which significantly changes the class distributions of the segmented 

images.  

 
Figure 20. Histograms of WIs for four image dates within the study area. (blue histograms: 

without pixel selection technique; orange histograms: with pixel selection technique) 

Figure 21 shows an example of such differences for the MNDWI image on Apr 30th. Specifically, 

the threshold derived with pixel selection is -0.117 and -0.269 for without pixel selection mask. 

From Figure 21, it is clear that the segmentation result with pixel selection is much better than 
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without because the latter includes a lot of false positives, especially in the southwest region of the 

study area where a lot of other LULC types are misclassified as water as shown in the upper left 

subfigures. Moreover, the boundaries of fishponds cannot be clearly identified due to the false 

positives as shown in the upper right subfigures. The pixel selection is especially effective when 

the target class is scarce that the difference between the target class and other classes is shadowed 

by variations within other classes. For example, the histograms of NDWI on Jan 1st and MNDWI 

on Apr 30th in Figure 20 show two peaks, and the Otsu method finds the threshold in the valley if 

no pixel selection is applied. However, such peaks just represent the internal variations of non-

water types instead of between water class and non-water class. By applying the pixel selection 

technique, the number of non-water type pixels is significantly reduced to the same level as water 

features and thus produce better segmentation results.  

 

 
Figure 21. Comparison of water feature segmentation results for the MNDWI image on Apr 30th. 

(Left side: with pixel selection technique; right side: without pixel selection technique.) 

 

The thresholds derived using the Otsu method are shown in Table 11. 

 

Table 11.Otsu method derived thresholds for WIs (left column: with pixel selection; right 

column: without pixel selection) 

      NDWI       MNDWI        AWEI 

2016-01-01 0.067 -0.141 0.118 0.082 -0.148 -0.328 

2016-01-31 
-0.033 -0.052 0.235 0.243 0.100 0.132 

2016-04-30 -0.165 -0.203 -0.117 -0.269 -0.830 -1.172 

2016-10-17 
-0.138 -0.078 0.162 0.242 0.216 0.520 
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2.3.3.3 Fishpond Classification 

i) Sample Collection  

To classify fishponds, we manually digited both positive and negative samples of fishponds. Due 

to the sheer number of fishponds within the study area, we only managed to digitize fishponds 

within 7 out of 13 unions in the study area. Among the 7 unions, 3 were used for training purposes, 

and the rest 4 unions were saved for evaluation. As discussed in the methodology section, positive 

samples were collected by taking the subset of vectorized all-year flooded water features that 

intersect with ground truth polygons within the 3 unions. For negative samples, we selected all-

year flooded water bodies whose area is within a similar range of fishponds from an area on the 

Tibetan plateau using the JRC yearly water classification history dataset. The geographic area used 

to select training samples is shown in Figure 22. In total 708 positive samples and 1086 negative 

samples were used in the training process.  

 
Figure 22. Locations of region used to select training and test samples (Upper left: the region on 

Tibetan Plateau for selecting negative samples; upper right: blue unions are for training 

positive samples; grey unions are for testing samples). 

ii) Object-Based Features 

Five OBFs, i.e., IPQ, SOLI, PFD, CONV, and SqP were calculated for all vectorized all-year 

flooded water features. Figure 23 shows the paired scatter plot of OBF values of training data 

samples. Specifically, the diagonal subfigures show the distribution of each OBF values for 

fishponds and non-fishpond types, and the off-diagonal subfigures show the scattered points on 

the 2D space of the corresponding OBF features. From the diagonal subfigures, we can see that 

IPQ, CONV, and SqP provide good class separability because the peaks of distributions are well 
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separated while the distributions of SOLI and PFD have a lot of overlap. From the most upper-

right subplot, we can also see that SqP and IPQ show a near quadratic relationship as all points 

align on a simple curve. This can be deducted using the formula of the two features. From all 

subfigures, the most likely feature pairs that may provide linear separability is the pair of PFD and 

SqP because the positive samples and negative samples roughly align along the opposite sides of 

the 𝑦 = 𝑥 line visually. Other pairs of features do not show clear separability between the two 

classes.  

 

 
Figure 23. Paired scatter plots of OBFs. Diagonal plots are histograms of each OBF for fishpond 

and non-fishpond classes. Off-diagonal plots are scatter plots of corresponding feature pairs 

of fishponds and non-fishponds samples. 

iii) Fishpond Classification Results 

An LR classifier and a DT classifier were built using training samples. The classifiers were built 

and validated using a 5-fold cross-validation scheme. Specifically, the training dataset was split 

into 5 parts, and for each of the 5 iterations, 4 of them were used to train a model and the last one 
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was used to validate the model. To avoid building an overcomplicated DT classifier such that it is 

inconvenient to transplant the model on GEE and also to reduce overfitting, we limited the max 

depth of the DT to 3. Moreover, to further reduce overfitting, the minimum samples in the leaf 

node is set to 50. Table 12 shows the cross-validation results for both LR and DT. From the table 

we can see that DT generally performs slightly better than LR as the average training and validation 

scores of DT are both around 3-4% higher than LR. The training score and validation scores are 

close, which means the models are not overfitting. The weights of the trained LR model is shown 

in 错误!未找到引用源。 13. and the tree structure of the trained DT model is shown in Figure 

24. From the figure, we can see that the leaf nodes of the left branch of the tree are all fishpond 

class, thus, the tree can be simplified by representing all leaf nodes on the left branch as one node 

with splitting criteria 𝑆𝑞𝑃 ≤  0.134, which simplified the transplantation of the model on GEE. 

Fishpond Classification  

Table 12. 5-fold cross validation score of implemented LR and DT models. 

Iterations 
LR DT 

Training score Validation score Training score Validation score 

1 0.824 0.827 0.858 0.840 

2 0.819 0.839 0.866 0.850 

3 0.819 0.842 0.856 0.880 

4 0.831 0.791 0.870 0.847 

5 0.825 0.816 0.869 0.839 

Average 0.824 0.823 0.864 0.851 

 
Table 13. Coefficients of OBFs using the optimal LR model 

Intercept IPQ SOLI PFD CONV SqP 

-10.216 4.667 2.454 2.102 4.816 -3.552 

      

 
Figure 24. DT tree structure (blue nodes indicate fishpond class and orange nodes indicate other 

water types). 
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Figure 25. Fishpond classification results of three example subarea. Red polygons represent 

fishponds and yellow polygons represent water bodies identified by spectral filtering and 

rejected by spatial filtering. From top to bottom row: AWEI image on Apr 30th , ground truth 

data, classification results by DT, classification results by LR. Green circles in subfigure (g) – 

(l) highlights difference of results between DT and LR. 

The trained LR model and the DT model were then transplanted to GEE for fishpond classification. 

Figure 25 shows examples of three subareas of the fishpond classification results. The first subarea 

(left column) is a small village that contains densely located fishponds. By comparing the AWEI 

image in Fig. 25(a) and the ground truth layer in Fig. 25(d) we can see that the majority of fishpond 

boundaries are visually clear to identify while some fishponds are too close and small to identify 

individually. The second subarea (middle column) is a village with more scattered fishponds. Due 
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to increased gaps between fishponds, their boundaries are easier to identify, and thus most of the 

fishponds are correctly identified. The third subarea (right column) is a village beside a river. As 

shown in Fig. 25(i) and Fig. 25(l), both LR and DT successfully rejected river body objects due to 

their elongated and concave shapes. For all three subareas, the results produced by LR (last row) 

is slightly better than DT (third row) because LR results have less false negatives such as the 

circled fishponds in Fig. 25(g) – (l).   

 

 
Figure 26. Examples of unsatisfactory classification results. Red polygons represent fishponds and 

yellow polygons represent water bodies identified by spectral filtering and rejected by spatial 

filtering. From left to right: AWEI image on Apr 30th, ground truth data, classification results 

by DT, classification results by LR. 

Figure 26 shows another village with a few irregular-shaped fishponds, e.g., the ‘L’ shaped 

fishpond on the left side of the region labeled as 1. Both LR and DT misclassified most of the 

fishponds in this region. Specifically, fishpond ‘1’ was misclassified because of its concave shape. 

As discussed in the methodology, OBFs are mostly designed to measure shape compactness and 

convexity, and the primary assumption of using OBFs to classify fishponds is that fishponds have 

relatively simpler shapes than other water objects. Fishpond ‘2’ is in fact a group of small 

fishponds according to the ground truth data shown in Figure 26(b). The overly small gaps between 

such small fishponds cannot be identified and thus they were recognized as one giant fishpond 

with complex shapes. Lastly, fishpond ‘3’ was misclassified due to its elongated shape. As a result, 

any small fluctuations on the longer side can significantly affect convex hull based OBFs such as 

SOLI and CONV. The misclassification of fishpond ‘2’ and ‘3’ indicate the huge influence of 

spatial resolution on the fishpond recognition. Fishponds are generally small, some of them are as 

small as 200 sq. meters, which is roughly 2 pixels on a Sentinel-2 image. The relatively coarse 

spatial resolution not only over-simplified boundaries of small fishponds but also amplifies the 

differences of OBFs caused by tiny changes to the shapes.  

2.3.3.4 Accuracy assessment for fishpond mapping  

The proposed method was evaluated using the holdout testing dataset in 4 of the unions within the 

study area. The results are shown in 错误!未找到引用源。14. Specifically, the LR model 

identified in a total of 841 fishponds within the test unions, and the DT model identified 789 

fishponds. Of all the classified fishponds, LR correctly classified 663 of the 841, the precision 

score is 0.788. DT correctly classified 610 of 789, the precision score is 0.773. As a comparison, 

the ground truth data contains in total 1232 fishponds within the test region. From the table, we 

can see that LR has dominantly better performance on the test dataset with all metric scores higher 

than DT even though DT performed better during training. The precision score of LR is 1.5% 

higher than DT, and the recall rate of LR is over 4% higher than DT. The overall F1 score of LR 
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is 3.6% higher than DT. Therefore, LR is recommended to be implemented as the classifier for 

fishponds.  

Table 14.Evaluation of LR and DT on the test dataset. 

 LR DT 

# of ‘hits’ 663 610 

# of classified fishponds 841 789 

# of ground truth fishponds 1232 1232 

Precision 0.788 0.773 

Recall 0.538 0.495 

F1 score 0.640 0.604 

 

2.4 Crop Intensity Mapping and Change Analysis  

In this section, we present our progress on detecting crop intensity changes in the study area. 

Specifically, a research work was conducted to detect crop intensity from time series imagery 

using harmonic regressions. In the following sub-sections, we will discuss about the data we 

collected, challenges we encountered, methodologies we used, and the preliminary results we got. 

2.4.1 Data 

In this section, we describe the imagery and ground truth data we used for this research. The 

reference data we used was from the Global Food Security Analysis-Support Data at 30m 

(GFSA30) project. The data was collected from the Global croplands data portal2. After filtered 

by our study area and study period, the reference data we end up using consists of 124 ground truth 

points that were collected in 2010 in Bangladesh. All ground truth points contain longitude, 

latitude, crop type and crop intensity information as attributes. The spatial distribution of ground 

truth points is shown in Figure 27. 

Aside from spatial reference data, we also incorporated statistical data as reference. Specifically, 

the Statistical-Yearbook and Yearbook of Agricultural Statistics from Bangladesh Bureau of 

Statistics were used. The specific numbers about crop intensity is listed in Table 15. 

Table 15. Zone wise cropping area and intensity in Bangladesh  

Name of Regions Total area 

(000) 

Net area 

(000) 

Total Cropped area 

(000) 

Intensity of 

cropping 

Bandarban  1107 64 88 138 

Chittagong  2035 605 1203 199 

Comilla  1660 1078 1957 182 

Khagrachhari  667 72 153 212 

Noakhali  1525 689 1457 211 

Rangamati  1511 84 121 144 

Sylhet  3113 1502 2314 154 

Dhaka  1838 946 1626 172 

Faridpur  1726 1084 2086 192 

Jamalpur  839 684 1337 229 

Kishoreganj  1380 880 1538 175 

                                                 
2 Croplands.org 
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Mymensingh  1078 724 1556 215 

Tangail  844 540 1039 192 

Barisal  2040 1154 2033 176 

Jessore  1623 1088 2482 228 

Khulna  3062 968 1297 134 

Kushtia  861 552 1412 256 

Patuakhali  1245 751 1119 149 

Bogra  960 714 1682 235 

Dinajpur  1644 1220 2577 211 

Pabna  1201 762 1547 203 

Rajshahi  2333 1728 3116 180 

Rangpur  2377 1579 3186 202 

Bangladesh  36669 19368 36926 191 

 

Typical approaches to identify crop intensity are to analyze the time series of NDVI values in crop 

fields. Therefore, Moderate Resolution Imaging Spectroradiometer (MODIS) data product was 

used due to its high temporal resolution. Though the Landsat product from USGS and the Sentinel-

2 product from ESA provide much higher spatial resolution than MODIS product, their availability 

during the study period, i.e. 2000 – 2015, is not consistent. The specific MODIS products we used 

are the MODIS Terra/Aqua Surface Reflectance 8-Day L3 Global 250 m products. The 8-day 

product was used instead of the daily product because the daily product has too many images in 

one year such that processing of those data become difficult. The quality assessment bands were 

used to mask cloud contaminated pixels.  
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Figure 27. Spatial distribution of ground truth points  
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2.4.2 Methodology 

2.4.2.1  Data Preprocessing 

As discussed in the previous section, we used the MODIS Terra/Aqua Surface Reflectance 8-Day 

L3 Global 250 m products. Images from 2010 were collected from both the Terra and Aqua product 

and cloud mask was applied to all images. NDVI was then calculated using the band 1 and band 2 

of the MODIS products. 

Due to high cloud cover in monsoon seasons, a large portion of the study area have no clear pixels 

from June to September. Thus, the Terra and Aqua products were combined to help with the 

missing value problem because Terra and Aqua collect images at different local time, which 

statistically increased the chance of getting clear pixels for a given day. The mathematical 

illustration of how Terra and Aqua products were combined was shown below. 

Vcombined =

{
 

 
𝑉𝑇𝑒𝑟𝑟𝑎 + 𝑉𝐴𝑞𝑢𝑎

2
, 𝑖𝑓 𝑉𝑇𝑒𝑟𝑟𝑎, 𝑉𝐴𝑞𝑢𝑎 ≠ 𝑁𝑎𝑁

𝑉𝑇𝑒𝑟𝑟𝑎 | 𝑉𝐴𝑞𝑢𝑎,      𝑖𝑓 {𝑉𝑇𝑒𝑟𝑟𝑎, 𝑉𝐴𝑞𝑢𝑎}  =  𝑁𝑎𝑁

𝑁𝑎𝑁, 𝑖𝑓 𝑉𝑇𝑒𝑟𝑟𝑎, 𝑉𝐴𝑞𝑢𝑎 = 𝑁𝑎𝑁

 

  

 

            (14) 

 

In the above equation, 𝑁𝑎𝑁 represents missing value, 𝑉𝑇𝑒𝑟𝑟𝑎 means NDVI values calculated with 

the Terra product, 𝑉𝐴𝑞𝑢𝑎 means NDVI values calculated with the Aqua product, 𝑥|𝑦, 𝑖𝑓{𝑥, 𝑦} =

𝑁𝑎𝑁 means if either x or y is missing, then the other one that is not missing will be assigned.  

2.4.2.2 Harmonic Regression 

Typical approaches to identify crop intensity is by smoothing or fitting functions to the time series, 

and then count the number of peaks. Similarly, we used the harmonic regression, also known as 

Harmonic ANalysis of Time Series (HANTS) method to detect crop intensity. The harmonic 

regression is a type of regression that uses Fourier series as basis function, which is different from 

polynomial regression and linear regression that uses polynomial features as basis function. It adds 

up sine and cosine pairs of different frequencies, where low frequency series represent overall 

trend and high frequency series capture local variations. The harmonic regression has a few 

advantages over linear regression with polynomial features. Firstly, since the Fourier series are 

intrinsically periodic, it is very desirable for phenology-related analysis. Secondly, harmonic 

regression is more stable than polynomial regressions, especially with high-order polynomial 

features. The mathematical representation of harmonic series is as follows: 

𝑉(𝑡) = 𝑎0 +∑(𝑎𝑖𝑐𝑜𝑠(2𝜋𝑖𝑡) + 𝑏𝑖𝑠𝑖𝑛(2𝜋𝑖𝑡))

𝑛

𝑖=1

 

𝑡 =
𝐷𝑜𝑌

#𝑑𝑎𝑦𝑠
 

 

(15) 

In the above equations, 𝑛 is the number of periodic terms in the series, 𝐷𝑜𝑌 is the day of year that 

the image is acquired, #𝑑𝑎𝑦𝑠 is the total number of days in that year. Therefore, 𝑡 represents the 

relative position of the image date in the corresponding year between 0 and 1. 𝑉(𝑡) is the predicted 

NDVI value for any time of a year. Since the 𝑛 in the above equation means the number of periodic 

terms, and the highest crop frequency in Bangladesh is 3, 𝑛 is set to 3 in this study. Therefore, the 

total number of features and parameters is 7. For 2010, the MODIS 8-day product has 46 distinct 
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images. Since all images has the same length of gaps, i.e. 8 days, the 𝑡 can be simply calculated 

as:  

                                                      𝑡 =
𝑖𝑑𝑥𝑖

46
                                           (16) 

where 𝑖𝑑𝑥𝑖  is the index (starts at 1) of the image in all 46 images when sorted by dates.  

The regression is conducted pixel-wise. Each pixel is an array of 46 NDVI values representing the 

NDVI dynamics at the corresponding pixel location. Therefore, the harmonic series are fitted using 

46 training samples. The feature vector of each sample is: 

{1, 𝑐𝑜𝑠(2π𝑡), 𝑠𝑖𝑛(2π𝑡), 𝑐𝑜𝑠(2π ∗ 2𝑡), 𝑠𝑖𝑛(2π ∗ 2𝑡), 𝑐𝑜𝑠(2π ∗ 3𝑡), 𝑠𝑖𝑛(2π ∗ 3𝑡)}𝑖 
 

where 𝑖 is the index from 1 to 46. For any missing NDVI values, the corresponding sample is 

discarded. Similar to linear regression, the Ordinary Least Square (OLS) model was used to 

estimate parameters. The OLS estimates model parameters by reducing the sum of L2 norm 

distance from predicted curve to training samples. The model parameters can be simply acquired 

by using the normal equation, which is shown below: 

 

                                              θ = (𝑋𝑇𝑋)−1(𝑋𝑇𝑦)                                 (17) 

 

where θ is the parameter vector, 𝑋 is the training sample matrix, and 𝑦 is the true value vector. 

2.4.2.3 Crop Frequency Identification 

After fitting the harmonic series to the NDVI time series, the crop intensity is determined by 

counting the number of intersections between a threshold line and the fitted curve. The threshold 

was set to 0.5 because healthy crops usually NDVI values higher than 0.5 (ref). For complete crop 

cycles, there should be 2 intersections, one at the curve going up and one going down. However, 

for incomplete crop cycles either due to missing values or cropped by the range of a year, there 

might be odd number of intersections. Therefore, the crop frequency is determined by rounding up 

the number of intersections divided by 2, i.e. for even numbers, crop frequency is the number of 

intersections divide by 2; for odd numbers, crop frequency is the number of intersections plus 1 

then divide by 2. 

2.4.3 Results 

The results of remote sensing derived crop frequency mapping are shown in Figure 28. From the 

figure, we can see that the dominant crop frequency in Bangladesh is two seasons, followed by 

one season. Three seasons are relatively rare. The one season cropping pattern is usually associated 

with seasonal flooding. During rainy seasons from mid-June to October, about 50% of Bangladesh 

land remains inundated, which prevent non-water-friendly crops from growing. For example, the 

region around 91-degree east, 24 to 25 degree north, is heavily affected by river floods during 

rainy seasons. Therefore, there is only one winter season in such area. Two season cropping system 

is the dominant type in Bangladesh, which matches our expectation. It is the most common 

cropping system in Bangladesh with one Kharif season, and a Rabi season. The Kharif season 

extends from May to October and the Rabi season starts from November and ends in April. Three 

season cropping pattern is relatively rare because of inundations in the rainy season.  
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Figure 28. Crop frequency map produced with the proposed method. Non-cropland masked by 

the level-1 land use land cover map. 
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Figure 29. Crop intensity map from Banglapedia3. 

                                                 
3 Banglapedia: http://en.banglapedia.org/index.php?title=Crop 

http://en.banglapedia.org/index.php?title=Crop
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Comparing with the crop intensity map from Banglapedia (Figure 29), it is clear that our produced 

map roughly matches with their map, especially with single cropped regions in the northwest and 

northeast of the country. The spatial distribution of triple cropped regions also matches the 

Banglapedia map. However, the area of triple cropped regions is clearly smaller than the reference 

map, for example, there is a large triple cropped area east of Dhaka which is somewhat missing 

from our result. This might due to the missing values in the monsoon seasons, where a growing 

season cannot be fully observed from satellite images. To compare with statistical results, zonal 

analysis was conducted on the crop frequency map to aggregate crop intensity for each district. 

The result is shown in Table 16. 

 

Table 16. District and region-wise crop intensity summary from our result and statistics from BBS 

Region Name District Name 
Crop Intensity  

by our method 

Crop Intensity 

from BBS 

Bandarban Bandarban 1.157534 1.38 

Barisal 

 

Barisal 1.72627 

1.76 
Bhola 1.543641 

Jhalokathi 1.680704 

Pirojpur 1.617375 

Bogra 

 

Bogra 1.980268 
2.35 

Joypurhat 1.301246 

Chittagong 
Chittagong 1.599386 

1.99 
Cox's Bazar 1.702732 

Khagrachhari Khagrachhari 1.456341 2.12 

Rangamati Rangamati 1.276831 1.44 

Comilla 

 

Brahmanbaria 1.560693 

1.82 Chandpur 1.719748 

Comilla 1.490053 

Dhaka 

 

Dhaka 1.874435 

1.72 

Gazipur 1.712432 

Manikganj 1.345053 

Munshiganj 1.831956 

Narayanganj 1.436767 

Narsingdi 1.765473 

Dinajpur 

 

Dinajpur 1.661731 

2.11 Panchogarh 1.598903 

Thakurgaon 1.997417 

Faridpur 

 

Faridpur 1.618574 

1.92 

Gopalganj 1.458369 

Madaripur 1.725696 

Rajbari 1.693322 

Shariatpur 1.624316 

Jamalpur 
Jamalpur 1.772047 

2.29 
Sherpur 1.847076 

Jessore 

 

Jessore 1.653473 

2.28 
Jhenaidah 1.937731 

Magura 1.845971 

Narail 1.637942 

Khulna Bagerhat 1.49646 1.34 
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 Khulna  1.267695 

Satkhira 1.572612 

Kushtia 

 

Chuadanga 1.855318 

2.56 Kushtia 1.60264 

Meherpur 1.842816 

Mymensingh 

 

Kishoreganj 1.579946 

2.15 Mymensingh 1.642374 

Netrokona 1.600508 

Noakhali 

 

Feni 1.823093 

2.11 Lakshmipur 1.681078 

Noakhali 1.538954 

Pabna 

 

Pabna 1.573781 
2.03 

Sirajganj 1.912778 

Patuakhali 

 

Barguna 1.399497 
1.49 

Patuakhali 1.346188 

Rajshahi 

 

Chapai Nawabganj 1.529636 

1.80 
Naogaon 1.64282 

Natore 1.461503 

Rajshahi 1.602412 

Rangpur 

 

Gaibandha 1.613909 

2.02 

Kurigram 1.706694 

Lalmonirhat 1.697256 

Nilphamari 1.723727 

Rangpur 1.854516 

Sylhet 

 

Habiganj 1.920637 

1.54 
Maulvibazar 1.667063 

Sunamganj 1.290713 

Sylhet 1.308794 

Tangail Tangail 1.848917 1.92 

Summary  1.655 1.91 

 

2.5 Scoping visit and socioeconomic data 

2.5.1 Scoping visit to Bangladesh and India 

The first scoping visit to the study area was performed from November 6 to 16, 2017. During the 

visit, we met with Akhter Ahmed, IFPRI-Dhaka office head, Country representative, IFPRI in 

Bangladesh and held research seminar at the Agricultural Policy Support Unit (APSU), Ministry 

of Agriculture, and Bangladesh. We also visited BARC and met with Deputy Executive Chairman, 

Director of Research and Evaluation Division, IRRI Bangladesh officer, BCAS Executive Director, 

CIMMYT etc.  

During the visit, we held research seminars at the Agricultural Policy Support Unit (APSU), 

Ministry of Agriculture, Dhaka, Bangladesh, November 7, 2017 and the Indian Council of 

Agricultural Research (ICAR)-campus, New Delhi, India, November 15, 2017, where we 

presented two studies: 

 

 Li, M., W. Zhang, Z. Guo, P. Bhandary. Deforestation and Smallholder Income: 

Evidence from Remittances to Nepal.  
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 Zhang, W. 2017. Natural Resource Management Games for Research and Impact: 

Evidence from framed field experiments in India and Southeast Asia.  

 

We travelled to several village and cities for field visit, including Mymensingh, Bihar, and New 

Delhi. We visited multiple professor and researcher at university, research institute to conduct the 

research seminar as well as the farmers to conduct focus group discussion (FGD). The 

questionnaire was designed for small group discussion with farmers as: 

I. General questions regarding land use and resources: 

1. What are the main livelihood activities in the community (e.g., farming, livestock, fishing, off-

farm work, etc.)? [Follow up on migration to get a sense of magnitude and impact, if it is 

brought up by participants.]  

2. What are major challenges you face in those activities, as well as access to food, health, 

education? 

3. What are the main types of land cover/use in the village (e.g., cultivated land, forest, agro-forest, 

grazing/pasture, fallow/waste land, water, etc.)? Are there any shared natural resources such 

as community forest, water for irrigation, etc.? What have been the trends of change in the 

land cover/use and natural resource conditions in your community over the past 10 years? 

4. Have there been/Are there any government or NGO programs that affect your livelihoods, land 

use, or natural resource conditions in a major way? 

 

II. Agricultural production: 

5. What are the common types of land tenure for cultivated land (private ownership with title or 

other legal recognition, customary, communal, state/government, not-defined)? Within 

households, which one is more common, single land title holder by household head or joint 

title by both spouses? 

6. Do landowners hire other farmers for crop production? How many people are pure tenants? For 

those pure tenants, are there any other livelihood activities in additional to crop production? 

7. What are the major crops in the village, e.g., aman rice (winter), aus rice (spring), boro rice 

(autumn), maize, wheat, etc.? What crops are most profitable? Are there any constraints to 

growing the most profitable crops (e.g., land, labor, credit) or changing crops in general? 

8. Do you irrigate land? What are the sources of irrigation water? Is water sufficient for irrigation? 

If not, what are the major challenges, e.g., unpredictable precipitation and temperature, 

declined groundwater level, cannot afford pumping cost, etc.?  

9. Have you seen any changes in your agricultural production activities in the last 5-10 years, e.g., 

labor, land tenure, land quality (soil fertility), intensified inputs, irrigation, climate change? 

What are the most important drivers for this change? What has been done to promote or halt 

or reverse the change? 

10. What are the main challenges with farming that you or others have experienced in the last five 

years (e.g., longer dry seasons, unpredictable prices for farm inputs, greater in-migration or 

out-migration, soil degradation, more pests, groundwater depletion, access to input, markets, 

or technical support, natural disasters, conflicts, etc.)? 
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11. Have you experienced natural and social disasters in the past 5 years such as floods, cyclones 

or droughts, or macroeconomic crises or civil conflicts? If yes, what are the main strategies to 

cope with shocks including natural and social disasters, and shocks to your own family?   

2.5.2 Socioeconomic data  

Existing socioeconomic data was collected for this project from India and Bangladesh 

respectively. The detailed data type and source are listed in Table 17. 

 

Table 17. Socioeconomic data available  

India 

Data type Scale Year Description  source 

Agricultural 

statistics  

District 2000  National statistics 

bureau and agricultural 

year book 

Agricultural 

statistics 

State 2000/01 – 

2011/12 

Production 

Area 

Yield 

Ministry of Agriculture 

and Farmers Welfare, 

Government of India 

http://eands.dacnet.nic.
in/StateData_96-

12Year.htm 

Agricultural 
statistics 

State 2000/01 – 
2013/14 

 

1986/87 – 

2007/08 

Fertilizer Consumption Indiastat Industrial 
Databook 2002-03, 

CIER (Center for 

Industrial and 

Economic Research) 
http://www.indiastat.co

m/agriculture/2/consu

mptionoffertilisers/206

871/stats.aspx 

Agricultural 

statistics 

District 1980-2007 Production by crop 

Area by crop 

Farmgate price by crop 
Total fertilizer consumption (N,P, Potash) 

ICRISAT 

Note: unbalanced data, 

contains a bunch of 
missing obs 

India Human 

Development 
Survey (IHDS) 

Most of the 

survey 

coverage is 
over 

dimensions of 

human 

development. 

This is a 

large 
nationally-

representa

tive panel 

dataset, 
with data 

on some 

40,000 

urban and 
rural 

household

s  

 

2004-5 and 

2011-12 

Main data files can be downloaded from 

https://www.icpsr.umich.edu/icpsrweb/ICPSR/st
udies/36151?q=india+human+development+sur

vey&searchSource=icpsr-landing For 

identification variables linking IHDS-I and 

IHDS-II you must register on this site and create 
an account. After this you will be sent an email 

confirming your subscription to which you will 

need to respond. Creation of an account will 

allow you to download the link files and any 
relevant documentation. Creating an account 

will also subscribe you to our IHDS emailer that 

will provide information on data release, 

conferences and recent publications/findings. 
Each email will contain a list to unsubscribe if 

you do not find these emails useful. We 

appreciate your support in completing basic 

demographic information for data users since 
such information is required by our funders and 

will be needed if we are conduct future rounds of 

IHDS survey. 

http://www.ihds.info/d

ata-download  

ARIS/REDS  

 

panel 

dataset  

Rounds in 

1969, 1970, 

1971, 1982, 

The 1969-1971 data are publicly available with 

no strings attached, while the 1982 data is 

publicly available but village identifiers masked, 

readme by A. Foster: 

http://adfdell.pstc.brow

http://eands.dacnet.nic.in/StateData_96-12Year.htm
http://eands.dacnet.nic.in/StateData_96-12Year.htm
http://eands.dacnet.nic.in/StateData_96-12Year.htm
http://www.indiastat.com/agriculture/2/consumptionoffertilisers/206871/stats.aspx
http://www.indiastat.com/agriculture/2/consumptionoffertilisers/206871/stats.aspx
http://www.indiastat.com/agriculture/2/consumptionoffertilisers/206871/stats.aspx
http://www.indiastat.com/agriculture/2/consumptionoffertilisers/206871/stats.aspx
http://ihds.umd.edu/index.html
http://ihds.umd.edu/index.html
http://ihds.umd.edu/index.html
http://www.icpsr.umich.edu/icpsrweb/DSDR/studies/22626
http://www.icpsr.umich.edu/icpsrweb/DSDR/studies/36151
https://www.icpsr.umich.edu/icpsrweb/ICPSR/studies/36151?q=india+human+development+survey&searchSource=icpsr-landing
https://www.icpsr.umich.edu/icpsrweb/ICPSR/studies/36151?q=india+human+development+survey&searchSource=icpsr-landing
https://www.icpsr.umich.edu/icpsrweb/ICPSR/studies/36151?q=india+human+development+survey&searchSource=icpsr-landing
http://www.ihds.info/data-download
http://www.ihds.info/data-download
http://adfdell.pstc.brown.edu/arisreds_data/
http://adfdell.pstc.brown.edu/arisreds_data/readme.txt
http://adfdell.pstc.brown.edu/arisreds_data/readme.txt
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1999, and 

2006. 

so it cannot be merged with the 1969-1971 data. 

The 1999 and 2006 data are fully secure to 

prevent deductive disclosure. All datasets can be 

accessed (with cross-walks to allow for 
merging), though you would need to first get 

clearance from IFPRI’s IRB and you would only 

be able to use the data on projects that have IRB 

approval.  

n.edu/arisreds_data/rea

dme.txt 

 

http://adfdell.pstc.brow
n.edu/arisreds_data/  

ICRISAT 

Village Level 

Surveys 
(VLS)/Village 

Dynamics in 

South Asia 

(VDSA) 

Household 

(micro) 

and meso 

Generation 1: 

1975-1984, 

1989. 
Generation 2: 

2001 onwards 

These data were incredibly popular among 

development and agricultural economists, 

especially in the 1980s and 1990s. The first 
phase of data collection (the original VLS) ran 

from 1975 or so to the mid-1980s. It is relatively 

small in scope (only about 250 households in 6 

districts in Andhra Pradesh and Maharashtra), 
but I think has data from every year, and has a 

wide range of questions on farm management, 

etc. Some of the early studies on how 

smallholders respond to shocks were conducted 
using these data. The second phase of data 

collection (the VDSA) resumed in 2001, and 

expanded its scope, including more areas and 

more households. But it is still nowhere near 
nationally representative (to be fair, ICRISAT’s 

mandate is just the semi-arid tropics, which does 

not include all of India), and the cross-sectional 

sample size is pretty small. Their funding from 
BMGF just ended, so it looks like this program 

is soon to be disbanded.  

The meso-level dataset for India and Bangladesh 

contains data pertaining to the performance, 
structure and dynamics of agricultural economy 

at country level and its disaggregation at 

state/region, district, and sub-district level. 

http://vdsa.icrisat.ac.in/

vdsa-database.aspx  

National 

Sample Survey 

(NSS or 

NSSO) 

  This is a long, large, repeated nationally-

representative cross-section dating back to the 

1950s. The surveys do not cover the same 

material every year, though in most years they 
cover consumption expenditures. These data are 

not freely available, and can be rather expensive 

if you are hoping to combine several cross-

sections. And you can’t buy all data for a given 
year; they sell the data module-by-module.  

http://mospi.nic.in/Mos

pi_New/site/inner.aspx

?status=3&menu_id=5

4  

Bangladesh 

Data type Scale Year Description  source 
Agricultural 

statistics 
District 

(Zilla) 
2000, 2010  National statistics 

bureau and 

agricultural year 

book 
Bangladesh 

Integrated 

Household 

Survey 

(BIHS)  

Househol

d 

2011-2012   

ICRISAT 

Village Level 

Surveys 

(VLS)/Villag

Househol

d (micro) 

and meso 

2009-2012 The meso-level dataset for India and 

Bangladesh contains data pertaining to the 

performance, structure and dynamics of 

agricultural economy at country level and 

http://vdsa.icrisat.ac.

in/vdsa-

database.aspx  

http://adfdell.pstc.brown.edu/arisreds_data/readme.txt
http://adfdell.pstc.brown.edu/arisreds_data/readme.txt
http://adfdell.pstc.brown.edu/arisreds_data/
http://adfdell.pstc.brown.edu/arisreds_data/
http://vdsa.icrisat.ac.in/vdsa-index.htm
http://vdsa.icrisat.ac.in/vdsa-index.htm
http://vdsa.icrisat.ac.in/vdsa-index.htm
http://vdsa.icrisat.ac.in/vdsa-index.htm
http://vdsa.icrisat.ac.in/vdsa-index.htm
http://vdsa.icrisat.ac.in/vdsa-index.htm
http://vdsa.icrisat.ac.in/vdsa-index.htm
http://vdsa.icrisat.ac.in/vdsa-database.aspx
http://vdsa.icrisat.ac.in/vdsa-database.aspx
http://mospi.nic.in/Mospi_New/site/inner.aspx?status=3&menu_id=54
http://mospi.nic.in/Mospi_New/site/inner.aspx?status=3&menu_id=54
http://mospi.nic.in/Mospi_New/site/inner.aspx?status=3&menu_id=54
http://mospi.nic.in/Mospi_New/site/inner.aspx?status=3&menu_id=54
http://mospi.nic.in/Mospi_New/site/inner.aspx?status=3&menu_id=54
http://mospi.nic.in/Mospi_New/site/inner.aspx?status=3&menu_id=54
http://mospi.nic.in/Mospi_New/site/inner.aspx?status=3&menu_id=54
http://mospi.nic.in/Mospi_New/site/inner.aspx?status=3&menu_id=54
http://vdsa.icrisat.ac.in/vdsa-index.htm
http://vdsa.icrisat.ac.in/vdsa-index.htm
http://vdsa.icrisat.ac.in/vdsa-index.htm
http://vdsa.icrisat.ac.in/vdsa-index.htm
http://vdsa.icrisat.ac.in/vdsa-database.aspx
http://vdsa.icrisat.ac.in/vdsa-database.aspx
http://vdsa.icrisat.ac.in/vdsa-database.aspx
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e Dynamics 

in South Asia 

(VDSA) 

its disaggregation at state/region, district, 

and sub-district level. 
http://vdsa.icrisat.ac.

in/vdsa-

questionaires.aspx 

 

2.6  The driver and impact analysis of land use  

2.6.1 InVEST-NDR model 

2.6.1.1  Model description 

The InVEST nutrient delivery model (InVEST-NDR) ( [21] maps nutrient sources from 

watersheds and their transport to the stream. This spatial information enables us to measure the 

service of nutrient retention by natural vegetation, an ecosystem service of important relevance to 

surface water quality issues and one that can be valued in economic or social terms, such as avoided 

treatment costs or improved water security. The model estimates the nutrient retention capacity of 

a land parcel under current and future land use scenarios at pixel level. Model outputs can inform 

conservation efforts by targeting areas of soil and vegetation that most effectively clean water 

supply for people and aquatic life. 

Land use change, and in particular the conversion to agricultural land use, dramatically modifies 

the natural nutrient cycle. Anthropogenic nutrient sources include point sources (e.g. industrial 

effluent or water treatment plant discharges) and non-point sources (e.g. fertilizer used in 

agriculture and residential areas). When it rains or snows, water flows over the landscape carrying 

pollutants from these surfaces into streams, rivers, lakes, and the ocean. This has consequences for 

people, directly affecting their health or well-being, and for aquatic ecosystems that have a limited 

capacity to adapt to these nutrient loads. 

One way to reduce non-point source pollution is to reduce the amount of anthropogenic inputs by 

improving soil management practices, though this option is not always feasible or successful. 

Ecosystems provide a purification service by retaining or degrading pollutants before they enter 

the stream. For instance, vegetation can remove pollutants by storing them in tissue or releasing 

them back to the environment in another form. Soils can also store and trap some soluble pollutants. 

Wetlands can slow flow long enough for pollutants to be taken up by vegetation. Riparian 

vegetation is particularly important in this regard, often serving as a last barrier before pollutants 

enter a stream. 

The InVEST soil nutrient module performs nutrient budget based on spatial representation of 

nitrogen sources, and LCLU class-specific loadings and sinks (or “retention”, which represents the 

processes of denitrification or sediment trapping by a given land use type). The main 

characteristics of model are described as below.  First, surface and subsurface flow paths are 

identified and the load and retention parameters are used to represent the transport process. Second, 

the loads are routed along topographically defined flow paths, with a proportion of the load being 

removed on each cell between the nutrient load and the stream. These characteristic poses 

challenge to the selection of retention parameters: the percentage of retention becomes a function 

of the flow path length, which varies spatially. At the watershed/sub-watershed outlet, the nutrient 

export is computed as the sum of the pixel-level contributions 

The model requires three types of input data: the land cover and land use (LCLU) datasets, 

geospatial attributes including watershed and sub watershed, and tabular datasets. The LCLU 

http://vdsa.icrisat.ac.in/vdsa-index.htm
http://vdsa.icrisat.ac.in/vdsa-index.htm
http://vdsa.icrisat.ac.in/vdsa-index.htm
http://vdsa.icrisat.ac.in/vdsa-questionaires.aspx
http://vdsa.icrisat.ac.in/vdsa-questionaires.aspx
http://vdsa.icrisat.ac.in/vdsa-questionaires.aspx
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datasets are described in section 2.1.3 Time series of LCLU data not only provide the baseline of 

spatial distribution of land cover types, but also the changes over time. The land cover types 

including forests, cropland, pasture, shrubs, urban, and waterbody. It provides the baseline land 

surface characteristics and served as one of the key input layers to the model. Geospatial attributes 

include two categories: the one obtained from the existing datasets (e.g. elevation and precipitation) 

and the one produced by the team members (e.g. water basin and sub basin). The tabular data draw 

from the literature or are extracted from existing household survey data. The data include: the 

nutrient loading for each land use classes, retention efficiency, etc. 

2.6.1.2 Model calibration and validation 

The InVEST model requires that all the input data strictly follow the model standard format and 

all variables have to be calibrated to the area of interest in order to be implemented in the model 

analysis. The details are listed as below: 

a) Digital elevation model (DEM) (required). Raster dataset with an elevation value for 

each pixel. Make sure the DEM is corrected by filling in sinks, and compare the output 

stream maps with hydrographic maps of the area. To ensure proper flow routing, the 

DEM should extend beyond the watersheds of interest, rather than being clipped to the 

watershed edge. [units: meters] DEM data is available for any area of the world, 

although at varying resolutions. The data from SRTM is processed and prepared for the 

model. Most raw DEM data has errors, so it’s likely that the DEM will need to be filled 

to remove sinks. Multiple passes of the ArcGIS Fill tool have used to fill the null values. 

The calibrated elevation data have been examined closely.  

b) Land use/land cover (required). Raster of land use/land cover (LULC) for each pixel, 

where each unique integer represents a different land use/land cover class. All values 

in the raster have corresponding entries in the biophysical table as requested by the 

model 

c) Nutrient runoff proxy (required). Raster representing the spatial variability in runoff 

potential, i.e. the capacity to transport nutrient downstream. This raster is defined as a 

quickflow index (e.g. from the InVEST seasonal water yield model) or simply as annual 

precipitation. The model will normalize this raster (by dividing by its average value) to 

compute the runoff potential index. The CHIRPS rainfall data from the UCSB is 

processed and prepared for the model. The long-term monthly average is computed as 

a proxy for nutrient runoff.   

d) The nutrient loading for each land cover classes and maximum retention efficiency 

for each land cover and land use types are calibrated based to environment, soil and 

terrain conditions in South Asia. For all the water quality parameters, local literatures 

are reviewed before derived site specific values. The details are shown in the results 

sections. 

e) The additional subsurface parameters such as critical distance value for subsurface 

transport of nitrogen (constant over the landscape), subsurface retention efficiency for 

nitrogen (constant over the landscape) are not site specific and are constant over 

landscape. Parn et al. [98] provide average values for the partitioning of N loads 

between leaching and surface runoff. From Mayer et al. [99], a global average of 200 
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m for the retention length, and 80% for retention efficiency can be assumed for 

vegetated buffers. 

2.6.2 Modeling Seasonal Changes in Nutrient Export with InVEST-NRD 

The InVEST NDR model described in section 2.6.1 is used for the modeling of seasonal changes 

in nutrient export.  

2.6.2.1 Data 

The NDR model requires three types of input data: the land cover and land use (LCLU) datasets, 

geospatial attributes including watershed and sub watershed, and tabular datasets. The LCLU 

dataset described in section 2.1.2 is used to provide the land cover distribution of 2015. The land 

cover types include cropland, forest, water, build-ups, bareland, grass, wetland, and shrub. It 

provides the baseline land surface characteristics and served as one of the key input layers to the 

model. Geospatial attributes include two categories: the one obtained from the existing datasets 

(e.g. elevation and precipitation) and the one produced by the team members (e.g. water basin and 

sub basin). The details are provided in the follow paragraph. The tabular data draw from the 

literature or are extracted from existing household survey data. The data include: the nutrient 

loading for each land use classes, and retention efficiency. The NDR model has specific 

requirements for the input data, and format of the data.  All variables are calibrated to the area of 

interest before the analysis. The details are listed as below: 

Digital elevation model (DEM). 

The elevation data from the SRTM are used for elevation measurement.  The DEM is corrected by 

filling in sinks and compare the output stream maps with hydrographic maps of produced from the 

Hydro-shed. Multiple passes of the ArcGIS Fill tool have also used to fill the null values. The 

calibrated elevation data have been examined closely.  

Land use/land cover (required).  

The land cover of 2015 derived from Landsat datasets are used to differentiate major land cover 

types across the countries. There are totally 9 land cover classes included in the analysis. All values 

in the raster have corresponding entries in the biophysical table as requested by the model.  

Nutrient runoff proxy (required).  

The runoff potential measures the capacity to transport nutrient to the downstream. The flow 

indicators are calculated with the consideration of seasonal precipitation patterns and the spatial 

variation of the rainfall are capture in the model. The CHIRPS monthly rainfall data from the 

UCSB is processed and prepared for the model. The long-term monthly average is computed as a 

proxy for nutrient runoff.   

Nutrient load (required) 

Nutrient load data are acquired from two sources. For land cover types except cropland, we obtain 

nutrient load data by land cover type from the database released by the InVEST model group. For 

cropland, we obtain district-level nutrient application data (64 districts) from the Bangladesh 

Integrated Household Survey (BIHS) for each of the three main seasons, spring, summer and 

winter. The nitrogen load estimation relies primarily on urea applications reported by households.   

Maximum retention efficiency 
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The Maximum retention efficiency for each land cover and land use types are calibrated based to 

environment, soil and terrain conditions in South Asia. For all the water quality parameters, local 

literature is reviewed before derived site specific values.  

The additional subsurface parameters such as critical distance value for subsurface transport of 

nitrogen (constant over the landscape), subsurface retention efficiency for nitrogen (constant over 

the landscape) are not site specific and are constant over landscape. Parn et al. (2012) [98] provide 

average values for the partitioning of N loads between leaching and surface runoff. From Mayer 

et al. (2007) [99], a global average of 200m for the retention length, and 80% for retention 

efficiency can be assumed for vegetated buffers. 

2.6.2.2 Model results 

We run the NDR model by district and season. Nitrogen application intensity is the highest in the 

winter season, 70.7 kg/ha, followed by summer at 58.6 kg/ha and spring at 35.8 kg/ha. While 

spring nitrogen application shows no prominent spatial patterns across districts, there is higher 

nitrogen usage in the northern districts than the southern districts in the summer and winter seasons 

(Figure 30).  

 
Figure 30. Total nitrogen runoff and load (1,000 metric ton) 

The difference of nutrient loads and nutrient exports between the two iterations is calculated, and 

the NDRs of the fertilizer application are shown in Figure 31.  Levels of nutrient export estimated 

by the InVEST-NDR model (Figure 31) show similar seasonal relativity as levels of nutrient load 

(Figure 30), indicating marked seasonal differences in terms of nutrient pollution into streams. 

Streams in Bangladesh receive the highest amount of nutrient pollution in the winter season, 

followed by summer and spring.  

Comparing nutrient load and export in the summer season (Figure 30), the high applications in 

northwestern and some northern districts do not seem to translate into high nitrogen leaching. This 
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points to a potential “win-win” situation in which high soil fertility benefit of nitrogen application 

is accompanied by low environmental impact. A similar but less prominent pattern is observed for 

the winter season as well.  

 
Figure 31. Nitrogen runoff-load ratio by season 

The NDR model results show strong seasonal and spatial variations in the nitrogen NDRs and 

highlight the potential to seek improvement in the economic-environmental performance by 

optimization (Fig. 31). The NDR is the product of a delivery factor, representing the ability of 

downstream pixels to transport nutrient without retention, and a topographic index, representing 

the relative position of a pixel in the landscape. Variations in the quantity and timing of 

precipitation can influence nutrient delivery [113] [121]. Bangladesh has a tropical monsoon-type 

climate, with the heavy-rainfall seasons from June through October. The winter is dry, with less 

rainfall from October to March. Northeastern Bangladesh, for instance, receives the greatest 

rainfall, because of its location in the foothills of the Himalayas. The strong rainfalls in the spring 

and summer seasons lead to high NDR in this region, since nutrients (especially nitrogen, which 

can quickly dissolve in the water) are less likely to be held by the soil and plant. The NDR shows 

lower values in the winter because less rainfall is observed.  

Relatively high NDRs are also observed for the southeastern region, where few croplands and a 

low fertilizer application rate are observed, but the slope is higher compared to other regions in 

Bangladesh. Since the NDR is defined by nutrient exports divided by nutrient loads, the NDRs are 

sensitive to the denominator. In addition, the spatial distribution of land use and land use intensity 

is one of the key determinants of NDR [135-136] [98]. The differences in fertilizer applications 

among the three growing seasons also contribute to the distinct spatial patterns of NDR in the 

country. Furthermore, the land use types and intensity also influence the nutrient retention 

efficiency, which will lead to spatial heterogeneities of NDR distribution, as presented in Fig. 31.   

 

2.7 Estimating Land Use and Crop Area Allocation Model 

2.7.1 Two-level land use model for India 

We use pixel-level land use classification data produced by the project and district-level official 

agricultural statistics data for 2005 and 2010 to estimate a two-level land use model for India. The 

approach was proposed by Li et al. [20] and has been applied to modeling land use of Colombia 
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[41]. The basic logic of the modeling approach is that the observed choices are the result of a 

utility-maximization process where each land parcel will be used to maximize the stream of benefit 

deriving from the use of land. The econometric model, in this case a nested logit, attempts to 

explain the observed choices using a series of factors that are thought to influence the stream of 

benefits as explanatory variables.  

The model structure consists of two levels of land use choices. The upper level estimates choices 

among large aggregation categories, such as cropland, forestland, grassland, urban, and other uses 

while the lower level estimates crop choices within a cropland. For the upper level model, we use 

a wide variety of biophysical and socioeconomic variables that influence land use choices (Table 

18), while for the lower level section we employ biophysical variables related to crop production 

as well as some economic variables such as crop prices which we considered to be key 

determinants of land allocation choices among crops (Table 19). We estimate in a “bottom-up” 

sequential fashion, starting from the estimation of the lower-level model alone and using the 

estimated coefficients to calculate the inclusive values, which enter the upper-level model as 

explanatory variables [20]. This approach exploits the fact that the choice probabilities can be 

decomposed into marginal and conditional probabilities that are logit functions. 

Table 18. Coefficient estimates for land use model  

Variables Croplan

d 

 Forestland  Grassland  Urban  Other 

uses 

 

Inclusive value -0.307 
 

1.672 ** -1.879 
 

1.349 ** -0.841 
 

Travel time to cities -0.039  0.061  0.055  -0.162  0.078  

Population density 0.125  0.007  -0.390  0.114  0.133  

Protected area (Y/N) -0.294  0.280  0.159  -0.555  0.417  

Precipitation -0.127  0.000  -0.130  -0.092  0.343 
*** 

Temperature -1.989  -1.770  3.301 
* 

-2.219  2.672  

Elevation -0.707  -1.902 
** 

2.403 
* 

-1.422  1.628  

Terrain slope (low) 7.902  3.110  -8.785  5.791  -8.023  

Terrain slope (medium) 6.601  4.587 
*** 

-7.253 
** 

4.225  -8.171  

Terrain slope (high) 6.103  4.753  -6.823  3.311  -7.344  

Lagged land use share 2.893 
*** 

3.551 
*** 

4.261 
*** 

6.896 
*** 

6.006 
*** 

Note: The sample includes 11,290 grids. *, **, and *** indicate statistical significance at the 10, 5, and 1% levels, respectively. 

 

Table 19. Coefficient estimates for crop allocation model 

 
Note: The sample includes 228 districts. *, **, and *** indicate statistical significance at the 10, 5, and 1% levels, respectively. 

 

Tables 20 and 21 present an assessment of the predictive power of the upper and lower levels of 

the land use model, respectively. In Table 20, columns 1 and 2 correspond to the observed land 

use in 2005 derived from the data sample; columns 3 and 4 correspond to the observed land use in 

2010; columns 5 and 6 corresponds to the predicted land use estimated from the land use model; 

columns 7 and 8 present the discrepancies by subtracting entries in columns 3 and 4 from entries 

in columns 5 and 6. We find that the model performs well in predicting most land uses. As far as 

Variables Rice Wheat Maize Millets Pulse crop Oil crops Potato Sugarcane Cotton Other crops

Price 5.350 * 9.301 ** 14.877 -1.728 -3.551 ** 0.649 4.619 1.958 6.286 0.895

Precipitation 1.064 *** 0.470 1.330 *** -1.390 ** 0.306 1.000 *** 1.036 * 1.154 *** -5.555 0.572

Temperature -0.399 -1.163 -2.532 ** 1.955 3.581 *** 0.535 0.390 -0.023 -3.190 0.820

Lagged area 0.792 *** 0.658 *** 2.553 *** 1.001 *** 0.794 *** 1.376 *** 2.936 *** 4.714 *** 1.538 * 2.068 ***
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the upper level is concerned, the model provides generally accurate in-sample predictions. The 

highest and lowest discrepancies, expressed in percent terms, are −3.39% for other uses and 0.02% 

for cropland. Regarding the lower level component, the model performs well in the prediction of 

the remaining crops in terms of both magnitude and percentage, in a range of −0.57% and 0.29%. 

Table 20. Predicted changes in land use, 2005–2010 (1,128,992 grids/228 districts) 

 Observed 2010  Predicted 2010  Deviation from the 
observed area 

Land use Mha Percent Mha Percent 1,000 Ha Percent 

Cropland 96.803 86.2% 96.825 86.2% 22.8 0.02% 

Forestland 8.979 7.8% 8.969 7.8% -9.7 -0.11% 

Grassland 2.587 2.2% 2.590 2.2% 2.8 0.11% 

Urban 3.106 2.6% 3.138 2.6% 32.5 1.05% 

Other uses 1.425 1.2% 1.377 1.2% -48.4 -3.39% 

Total 112.899  112.899    

 

Table 21. Assessment of the predictive power of the crop allocation model (228 districts) 

 

2.7.2 Seasonal land use/crop area allocation model for Bangladesh 

We develop a model to systematically analyze crop choices and cropping frequency (intensity), 

which is one of the most important characteristics of agriculture in (sub-)tropic countries, including 

Bangladesh. The model allows us to analyze the mechanisms of both intra- and inter-season 

substitution of different crops, e.g., land use competition b/w winter crops may lead to a 

substitution boro (winter rice) and aman/aus (summer/spring rice) (see Table 22). The model may 

provide a better understanding of changes in cropping intensity and its drivers. Figure 32 presents 

a conceptual framework for the multi-season (multi-equation) system model.  

 

  Observed 2005 

 

Observed 2010 

 

Predicted 2010 

 Deviation from the 

observed area 

Crop Mha % 

 

Mha % 

 

Mha % 

 1,000 

Ha % 

 (1) (2)  (3) (4)  (5) (6)  (7) (8) 

Rice 21.133 32%  21.102 30%  21.083 30%  -19.15 -0.09% 

Wheat 19.354 29%  20.528 29%  20.524 29%  -3.59 -0.02% 

Maize 2.333 4%  2.404 3%  2.410 3%  6.15 0.26% 

Millet 3.975 6%  3.739 5%  3.743 5%  3.65 0.10% 

Pulse crops 5.773 9%  7.083 10%  7.092 10%  9.66 0.14% 

Oil crops 6.886 10%  6.776 10%  6.796 10%  19.61 0.29% 

Sugarcane 1.828 3%  2.254 3%  2.241 3%  -12.82 -0.57% 

Potato 1.228 2%  1.308 2%  1.311 2%  3.13 0.24% 

Cotton 1.258 2%  1.306 2%  1.304 2%  -2.15 -0.16% 

Other crops 2.441 4%  3.699 5%  3.694 5%  -4.47 -0.12% 

Total 66.209    70.200    70.200    0   
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Figure 32. Conceptual framework of the seasonal land use/crop area allocation model. 

 
Table 22.  Summary statistics of total planting area and average price and cost by crop 

  Total 

planting 

area in 2013         

(Million 

acres) 

Total 

planting 

area in 2017   

(Million 

acres) 

District-level 

crop price 

District-level average production 

cost 

Crop by season (Tk/kg) 

Total 

(Tk/kg

) 

Labo

r 

hirin

g 

Seed

s 

Irrigatio

n 

  (1) (2) (3) (4) (5) (6) (7) 

Spring rice (aus) 2.60 2.66 21.45 5.85 57% 21% 12% 

Spring non-rice 2.46 3.98 25.02 1.54 63% 2% 20% 

Summer rice 

(aman) 13.67 14.03 21.39 10.91 59% 23% 10% 

Summer non-rice 1.30 2.68 22.31 2.59 34% 16% 24% 

Winter rice (boro) 11.84 12.01 21.29 11.40 44% 17% 32% 

Winter non-rice 6.57 8.21 18.75 2.57 40% 18% 24% 

 

We use district-level official agricultural statistics available for 2013 and 2017 to derive the 

changes during the period, supplemented by data from the BIHS. Key explanatory variables 

include crop prices, production costs, rainfall in monsoon season, population density, road density, 

other control variables, etc. (see Table 23). We transform the dependent variables (rice, non-rice, 

and fallow areas in each of the three growing seasons) into logarithm of the odds of crop choice 

and estimate a systems of regression equations using seemingly unrelated regression estimation 

method.  

The estimation results for three seasons are in separate panels of Table 24, where columns 1‒6 

correspond to the rice and non-rice equations of three specifications. F-tests reject the null that the 

additional sets of controls are jointly equal to zero. Therefore, the specification in columns 5 and 

6 are preferable. Overall, the estimation results are qualitatively robust across various 

specifications. After controlling for the inertia variables (i.e., difference in initial share), the 
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probabilities of growing both rice and non-rice crops against idle generally increase with their 

corresponding net price growth except the equations of spring rice and summer non-rice crops, 

where the coefficient estimates are statistically insignificant at the 10% level. As anticipated, the 

odds of choosing summer crops over idle use are positively correlated with road density. Because 

summer crops (especially vegetables) spoil quickly, an expansion of road network improves 

farmers’ capability of market access and consequently increases the propensity of growing those 

crops. The effect of increased winter rainfall on winter crop allocation is worth discussing.  

Table 23. Summary statistics of variables 

Variable 2013 2017 

Change 

from 2013 to 2017 

Share of spring rice (aus) 11.6% 11.9% 0.3% 

Share of spring non-rice crops (7 annual + 30 perennial) 12.4% 21.4% 9.0% 

Share of idle in spring 76.0% 66.7% -9.3% 

Share of summer rice (aman) 56.7% 58.4% 1.6% 

Share of summer non-rice crops (18 annual + 30 perennial) 6.3% 14.3% 8.0% 

Share of idle in summer 37.0% 27.3% -9.6% 

Share of winter rice (boro) 48.3% 47.8% -0.6% 

Share of winter non-rice crops (35 annual + 30 perennial) 29.6% 38.9% 9.3% 

Share of idle in winter 22.1% 13.3% -8.8% 

Price margin of spring rice (aus) in 10 Taka/kg 0.88 1.56 0.68 

Price margin of spring non-rice crops in 10 Taka/kg 1.99 2.35 0.36 

Price margin of summer rice (aman) in 10 Taka/kg 0.33 1.05 0.72 

Price margin of summer non-rice crops in 10 Taka/kg 1.73 1.97 0.24 

Price margin of boro in 10 Taka/kg 0.60 0.99 0.39 

Price margin of winter non-rice crops in 10 Taka/kg 1.50 1.62 0.11 

Road density (meter/acre) 0.57 0.62 0.05 

Average monthly precipitation in April (100 mm) 0.92 2.24 1.32 

Average monthly precipitation in June (100 mm) 3.87 4.48 0.61 

Average monthly precipitation in November (100 mm) 0.07 0.20 0.13 

Number of observations   64   

 

 

 

 

 

 

 

Table 24. Estimated Land Use Model for 2017 Crop Allocation Using the SUR Method 
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Note: The sample includes 64 districts. *, **, and *** indicate statistical significance at the 10, 

5, and 1% levels, respectively. 

 

We find that the probability of choosing winter non-rice crops over idle increases with 

precipitation but there is no such evidence for winter rice. We attribute this seemingly 

counterintuitive result to the relatively high cost for irrigation and the competition for irrigation 

water use between winter rice and non-rice crops. The vital role of rice in Bangladeshi agriculture 

makes farmers rely more on irrigation than rainfed farming to produce rice. As suggested by the 

cost structure of winter rice and non-rice crops, the per acre irrigation cost for growing rice is 3.5 

times as much as the irrigation cost for planting non-rice crops [100]. The sensitivity of rice to its 

Variable Rice Non-rice Rice Non-rice Rice Non-rice

(1) (2) (3) (4) (5) (6)

Price margin change -0.65 * 1.75 *** -0.54 1.86 *** -0.66 1.30 **

(0.34) (0.49) (0.39) (0.55) (0.56) (0.57)

Road density change 0.28 0.63 -0.01 0.46

(1.94) (1.10) (1.94) (1.04)

Precipitation change 0.21 0.29 ***

(0.20) (0.10)

Difference in initial share 3.53 *** 3.53 *** 3.55 *** 3.55 *** 3.75 *** 3.75 ***

(0.26) (0.26) (0.26) (0.26) (0.28) (0.28)

Price margin change 0.66 ** 0.55 0.46 * -0.14 0.65 ** 0.27

(0.29) (0.67) (0.27) (0.61) (0.31) (0.70)

Road density change 7.36 *** 9.00 *** 6.99 ** 8.40 ***

(2.69) (3.03) (2.72) (3.06)

Precipitation change -0.07 -0.10

(0.22) (0.24)

Difference in initial share 2.79 *** 2.79 *** 2.80 *** 2.80 *** 2.68 *** 2.68 ***

(0.37) (0.37) (0.33) (0.33) (0.37) (0.37)

Price margin change 4.11 *** 5.95 *** 4.62 *** 5.38 *** 4.19 *** 3.28 ***

(0.71) (1.41) (0.80) (1.50) (1.16) (1.19)

Road density change -1.43 6.32 * -2.59 -1.59

(2.95) (3.74) (2.97) (3.33)

Precipitation change 2.72 13.38 ***

(2.88) (2.25)

Difference in initial share 5.19 *** 5.19 *** 5.13 *** 5.13 *** 5.15 *** 5.15 ***

(0.50) (0.50) (0.50) (0.50) (0.47) (0.47)

System Weighted R -squared

F -test for additional 

variables (p -value) 2.13 (.0498) 8.31 (.0001)

Model 2 Model 3Model 1

0.778 0.784 0.788

Panel A: Spring

Panel B: Summer

Panel C: Winter
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net price in the foregoing discussion further confirms this hypothesis. In contrast, farmers may 

also rely on rainfall for water to grow non-rice crops in addition to irrigation water. 

Due to the nonlinear form of the land use model, the coefficient estimates in Table 24 provide 

limited sense on how a change in a given explanatory variable affects the expected changes in 

probability of crop choice. Hence, we report the marginal effects of price margins, road density, 

and precipitation in Table 25. These estimates are evaluated at the means of the data. The estimated 

marginal effects are qualitatively consistent with the coefficient estimates in Table 24. 

 

Table 25. Estimated Marginal Effects of Variables on Rice and Non-rice Crop Shares as 

Percentages of Total Cropland Area 

 
Note: Marginal effects are evaluated at the means of the data. The estimates correspond to the preferred specification in cols. 5 

and 6 of Table 24. *, **, and *** indicate statistical significance at the 10, 5, and 1% levels, respectively. 

2.7.3 Migration, Farm Size, Land Ownership, and Shocks in Bangladesh 

Land and poverty are interlinked. More than half of farmers are landless in Bangladesh. These 

farmers also run the very real risk of losing access to food due to social and natural disaster shocks 

such as flooding, cyclones, and drought. These shocks often lead to sudden losses of real income 

and hence cause acute food insecurity. Migration can be an effective strategy to reduce the risk of 

crop failures from the shocks. But migration itself is costly and risky. This study explores how 

farmers make migration decision when they experience shocks, and how farm size and 

landownership affect the decision.  

We use two rounds of Longitudinal Bangladesh Integrated Household Survey (BIHS) data to 

examine whether and to what extent natural shocks, landholding and seasonal crop yields affect 

migration. The BIHS is the most comprehensive, nationally representative survey in Bangladesh 

that collects detailed data on plot-level agricultural production and practices [100]. The sample 

design of the BIHS followed a stratified sampling in two stages—selection of primary sampling 

units (PSUs) and selection of households within each PSU—using the sampling frame developed 

from the community series of the 2001 population census of Bangladesh. To date, two rounds of 

BIHS respectively from November 2011 to March 2012 and from January to June 2015. The panel 

BIHS sample consists of 6,500 households in 325 PSUs or villages. We construct econometric 

models that address household fixed effects, incorporate interaction of landownership and shocks, 

and use crop yield change as a potential pathway of impact. Means of crop area by landholding 

status are reported in Table 26.  

Table 26. Means of crop area by landholding status 

Variable Rice Non-rice Rice Non-rice Rice Non-rice

(1) (2) (3) (4) (5) (6)

Rice net price change (Tk/kg) -0.359 0.065 1.389 ** -0.566 ** 9.312 *** -8.555 ***

(0.284) (0.060) (0.631) (0.272) (2.344) (2.792)

Non-rice net price change (Tk/kg) -0.127 ** 1.825 ** -0.237 0.300 -6.699 *** 6.970 ***

(0.056) (0.835) (0.599) (0.778) (2.438) (2.679)

Road density change (meter/acre) -0.005 0.065 0.764 ** 0.319 * -0.251 0.191

(0.103) (0.142) (0.333) (0.173) (0.669) (0.662)

Precipitation change (100 mm) 0.008 0.038 *** -0.006 -0.005 -2.126 *** 2.286 ***

(0.011) (0.013) (0.031) (0.013) (0.726) (0.707)

WinterSpring Summer
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  Round I Round II 

  Landless Landholding Total Landless Landholding Total 

area_kharif (aman, aus, jute) 0.159 0.657 0.408 0.167 0.590 0.373 

area_rabi (boro, wheat) 0.137 0.497 0.317 0.139 0.474 0.301 

area_aman 0.120 0.515 0.317 0.139 0.493 0.311 

area_aus 0.020 0.074 0.047 0.011 0.039 0.024 

area_boro 0.133 0.474 0.303 0.130 0.447 0.284 

area_whea 0.004 0.023 0.014 0.009 0.027 0.018 

area_jute 0.019 0.068 0.044 0.018 0.059 0.038 

area_othr (pulses, oilseeds, 

spices, potato, sweetpotato, 

sugarcane) 

0.049 0.174 0.111 0.069 0.212 0.138 

area_total 0.345 1.328 0.836 0.375 1.277 0.812 

# of obs 2632 2628 5260 2708 2552 5260 

 

Our initial results (Tables 27 and 28) lead to several findings. Natural shocks drive rural migration, 

but there is no significant correlation between migration and the number of occurrences of shocks. 

The effect of (per capita) landholding on rural migration is nonlinear and non-monotonic. For most 

households in the sample (i.e., landholding < 3.5‒5.6 acres), rural migration increases with land 

holding. International migration is insensitive to natural shocks. The interaction terms of natural 

shocks and landholding are statistically insignificant across all regressions. To further explore the 

joint effects of farm size and natural shocks on migration, we classified the sample into two groups: 

landless households and landholding households (Table 28). Results indicate that migration in the 

landless group is uncorrelated with natural shocks, whereas the effect of natural shocks on 

migration in the landholding group is statistically significant with expected signs. A set of separate 

regressions indicate that a yield reduction of kharif crops (aus, aman, and jute) drives rural 

migration and migration in the landless group is more sensitive to the reduction than migration in 

the landholding group. In sharp contrast, there is no significant correlation between migration and 

the yield of rabi crops (boro and wheat) in both groups. 

 

Table 27.  Estimated effect of farm size and natural shocks on rural migration 

    Shocks measured 

    Economic loss   Impact duration   Current conditions 

Migration percentage                       

  Shocks 10.32 9.428 * 0.195 ** 0.219 ** 1.292 ** 1.196 * 

  Landholding 0.719     0.736       0.734       

  Landholding squared -0.064     -0.064 ***   -0.065 ***   

  Per capita landholding   12.92 ***     13.05 ***     12.94 *** 

  Per capita landholding squared   -2.294 ***     -2.326 ***     -2.303 *** 

  R-squared 0.463 0.469   0.463   0.469   0.463   0.469   

No. of migrants                       

  Shocks 0.617 0.572 * 0.011 ** 0.012 ** 0.066 * 0.061 * 

  Landholding 0.020     0.021       0.021       

  Landholding squared -0.003     -0.003 **     -0.003 **     

  Per capita landholding   0.437 ***     0.445 ***     0.438 *** 
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  Per capita landholding squared   -0.091 ***     -0.092 ***     -0.091 *** 

  Household size                       

  R-squared 0.473 0.475   0.473   0.475   0.473   0.475   

Household fixed effects Yes Yes   Yes   Yes   Yes   Yes   

Robust variance Yes Yes   Yes   Yes   Yes   Yes   

 

Table 28. Comparison of the effects of shocks and crop yields on rural migration between 

landless households and landholding households 

    
Shock: 

Loss 
  

Shock: 

Duration 
  

Shock: 

Current 

cond. 

  Kharif   Rabi   Aus   Aman   Boro   Wheat   Jute 

    (1)   (2)   (3)   (4)   (5)   (6)   (7)   (8)   (9)   (10) 

Migration percentage                                       

  Shocks*landless 5.752   0.090   0.170                             

  Shocks*landholding 11.58 * 0.2524 ** 1.765                             

  Yields*landless             -1.885 ** -0.331   -5.659 ** -1.684 ** -0.386   0.605   -7.641 

  Yields*landholding             -1.538 *** -0.367   -3.933 *** -1.430 *** -0.459   0.339   -4.189 

  R-squared 0.462   0.462   0.462   0.600   0.611   0.802   0.624   0.612   0.816   0.708 

No. of migrants                                       

  Shocks*landless 0.240   0.003   0.022                             

  Shocks*landholding 0.747 ** 0.017 ** 0.085 *                           

  Yields*landless             -0.089 ** -0.012   -0.316 ** -0.079 ** -0.017   0.080   -0.392 

  Yields*landholding             -0.060 *** -0.015   -0.193 *** -0.052 *** -0.020   0.028   -0.178 

  R-squared 0.471   0.472   0.471   0.614   0.602   0.858   0.633   0.607   0.857   0.701 

Household fixed 

effects 
Yes   Yes   Yes   Yes   Yes   Yes   Yes   Yes   Yes   Yes 

Robust variance Yes   Yes   Yes   No   No   No   No   No   No   No 

No. of observations 
 

10,520  
     10,520    

    

10,520  
   4,115     3,846       661     3,729     3,626       370       784  

 

2.8 Integrated Tradeoff Analysis: Balancing Food Security and Environmental 

Sustainability by Optimizing Crop Allocation 

 

Improvements in nitrogen-use efficiency in crop production are critical for addressing the triple 

challenge of food security, environmental degradation, and climate change. Such improvements 

depend not only on technological innovation and farm management, but also on socioeconomic 

planning and policies that remain poorly understood. This study examines the extent to which 

societal outcomes can be improved through addressing optimal crop choices and cultivated areas 

intra-annually and spatially. Long-term trends in many areas are encouraging intensification of 

capital inputs, including chemical fertilizer use [124]. The unintended costs to the environment 

and human health have been substantial [133]. Much attention from academic scholars has been 

focused on integrated soil fertility management (ISFM) practices, which improve the agronomic 

efficiency of fertilizer use and soil health, with a reduction in nutrient runoff an important side-

benefit. But adoption of nutrient management, including ISFM practices, has remained challenging 

[138], and inadequate in many smallholder-farming areas [139][140]. In promoting sustainable 
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intensification (SI), there is no silver bullet technology or approach that will address all challenges. 

A national agricultural land use strategy that balances food security and environmental 

sustainability, as demonstrated in this study, offers an important complementarity to other efforts, 

such as those concerned with ISFM adoption.  

The past several decades have witnessed substantial progress toward SI. Studies assessing SI 

projects across the world have illustrated the potential for productivity improvement and 

substantial reductions in agrochemical input use (see a review in Pretty 2018). Many factors can 

affect the environmental impact of fertilizer applications, including climate, hydrology, biological 

processing, and landscape characteristics such as geology, geomorphology, soil composition, and 

land cover [122] [123][131][132]. Yet two research gaps remain. First, most projects promoting 

SI have focused on farm- or landscape-level interventions [125-129], whereas the role of nationally 

coordinated land use strategy remains largely understudied. Analyzing historical patterns (1961–

2011) of agricultural nitrogen use in 113 countries to demonstrate a broad range of pathways of 

socioeconomic development and related nitrogen pollution, Zhang et al. (2015)[141] conclude that, 

although much of the work pertaining to improving nitrogen-use efficiency must be done at the 

farm scale, there are important policies that should be implemented on national and multi-national 

scales. Second, while widespread adoption of SI practices is crucial, a science-driven national 

planning of crop choices and cultivation areas that balances the dual objective of food production 

and environmental quality warrants attention. This article sheds light on the importance of crafting 

a national strategy for planning crop cultivation across growing seasons and terrestrial locations to 

improve the environmental efficiency of fertilizer use at the national level while maintaining food 

production and output values. The analysis helps reveal the economic-environmental tradeoffs and 

opportunities in agricultural land use planning, and can inform policies that target environmentally 

sustainable food security.  

Results show that there is substantial potential to improve the overall economic-environmental 

performance of crop production by factoring in crop-specific, seasonal and spatial variations in 

crop nitrogen use efficiency and nitrogen transport. The approach should complement other policy 

analysis and decision-support tools to assess alternative options for maximizing the positive 

outcomes of nitrogen fertilizers with regard to farm income and food security, while maintaining 

environmental sustainability. 

2.8.1 Results and Discussion 

Land use for rice and non-rice crops increases with their respective net prices, and decreases with 

the cross-net prices—except the spring rice price and summer non-rice price (Table 29). On 

average, in winter, a one-Taka-per-kilogram increase in the net price of rice increases the share of 

rice area (as a percentage of total cropland area) by 9.312 percentage points and decreases the 

share of non-rice crop area by 8.555 percentage points in a district (cols. 5 and 6); a one-Taka-per-

kilogram increase in the net price of non-rice crops reduces the share of rice area by 6.699 

percentage points and increases the share of non-rice crop area by 6.970 percentage points (cols. 

5 and 6). Similar effects of net price changes are observed for summer rice and spring non-rice 

crops, but their magnitudes are much smaller than those of winter crops.  

Land use for summer crops increases with road density. Given one-meter-per-acre increase in 

road density, the share of summer rice and non-rice crops increases by 0.764 and 0.319 percentage 
points (cols. 3 and 4), respectively. Because summer crops spoil quickly in storage, an expansion 

of road network enhances smallholder farmers’ access to value-added markets. The profit increase 
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from improved market access will encourage farmers to expand the cultivation of summer crops 

into idle cropland.  

The effect of increased winter precipitation on winter crop allocation is worth discussing. A 

one-100-millimeter increase in winter rainfall reduces the share of rice area by 2.126 percentage 

points and increases the share of non-rice crop area by 2.286 percentage points (cols. 5 and 6). The 

vital role of rice in Bangladeshi agriculture requires farmers to irrigate rice in dry winters, whereas 

non-rice crops primarily rely on rainfed farming. The yield of non-rice crops is therefore more 

sensitive to rainfall fluctuations than rice yield. It follows that increased winter precipitation 

increases the profit of non-rice crops and promotes the expansion of non-rice crops, which 

subsequently crowds out rice cultivation. 

 

Table 29. Estimated Marginal Effects of Variables on Rice and Non-rice Crop Shares as 

Percentages of Total Cropland Area 

 
Note: Marginal effects are evaluated at the means of the data. The estimates correspond to the 

preferred specification in cols. 5 and 6 of Table 24. *, **, and *** indicate statistical significance 

at the 10, 5, and 1% levels, respectively. 

 

Three key national-level results emerge from the optimization analysis (Table 30). First, there is 

an opportunity for substantial efficiency gain (96%) in the economic-environmental performance 

of crop production through optimizing seasonal allocation of crop cultivation and nitrogen 

fertilizer use. The total nitrogen runoff would decline by 80% from the baseline to the seasonal 

optimization under which both crop area and nitrogen input are allowed to be chosen (col. 4), and 

drop further by 3% when spatial reallocation is considered (i.e., seasonal-spatial optimization) 

(col. 5).  

Second, under seasonal optimization, the baseline economic-environmental performance is 

further broken down into inefficiencies stemming from either crop choice or nitrogen use. The 

total nitrogen runoff would decline by 46% from the baseline when only per-acre nitrogen input is 

optimized (col. 2), and by 37% if only cropping area is optimized (col. 3). This result indicates 

that 58% of the inefficiency arises from inefficient use of nitrogen fertilizer, whereas 46% comes 

from misallocation of seasonal rice and non-rice crop cultivation, yielding a small overlapping 

residual of 4%. 

 

 

 

 

Variable Rice Non-rice Rice Non-rice Rice Non-rice

(1) (2) (3) (4) (5) (6)

Rice net price change (Tk/kg) -0.359 0.065 1.389 ** -0.566 ** 9.312 *** -8.555 ***

(0.284) (0.060) (0.631) (0.272) (2.344) (2.792)

Non-rice net price change (Tk/kg) -0.127 ** 1.825 ** -0.237 0.300 -6.699 *** 6.970 ***

(0.056) (0.835) (0.599) (0.778) (2.438) (2.679)

Road density change (meter/acre) -0.005 0.065 0.764 ** 0.319 * -0.251 0.191

(0.103) (0.142) (0.333) (0.173) (0.669) (0.662)

Precipitation change (100 mm) 0.008 0.038 *** -0.006 -0.005 -2.126 *** 2.286 ***

(0.011) (0.013) (0.031) (0.013) (0.726) (0.707)

WinterSpring Summer
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Table 30. Optimization Results under Various Constraints 

  
Baseline Seasonal opt. 

Seasonal-

spatial opt. 

Integrated 

opt. 

Decision variable   N Area N and area N and area N and Δp 

  (1) (2) (3) (4) (5) (6) 

Total output value (billion Tk) 1410.8 1523.9 1414.1 1416.7 1410.8 1438.0 

Total rice production (million 

metric ton) 
35.9 35.9 35.9 35.9 35.9 36.2 

Total N runoff (1,000 metric ton) 106.8 57.2 67.5 21.3 18.2 33.5 

    Spring rice N runoff 11.5 5.2 1.6 2.2 2.3 2.1 

    Summer rice N runoff 34.0 22.9 19.2 2.7 1.6 11.0 

    Winter rice N runoff 37.0 12.7 37.5 10.6 10.4 10.5 

    Spring non-rice N runoff 10.2 5.2 5.6 2.4 2.4 2.7 

    Summer non-rice N runoff 3.4 2.2 0.2 1.8 0.2 1.9 

    Winter non-rice N runoff 10.7 9.0 3.3 1.6 1.3 5.3 

Total N inputs (1,000 metric ton) 560.2 334.8 397.4 124.6 111.5 174.2 

    Spring rice N inputs 55.8 30.9 9.3 13.7 13.0 10.6 

    Summer rice N inputs 174.1 126.2 113.4 16.3 11.5 56.2 

    Winter rice N inputs 184.3 76.6 210.5 61.7 62.8 53.6 

    Spring non-rice N inputs 64.7 34.4 38.7 16.8 17.7 15.9 

    Summer non-rice N inputs 20.8 12.7 1.6 9.2 1.1 10.7 

    Winter non-rice N inputs 60.6 54.0 23.8 6.9 5.4 27.2 

Total cultivated area (million acre) 43.6 43.6 38.8 31.1 27.9 43.5 

    Spring rice cultivated area 2.7 2.7 1.1 3.4 3.2 2.7 

    Summer rice cultivated area 14.0 14.0 10.7 4.1 2.9 14.0 

    Winter rice cultivated area 12.0 12.0 14.7 15.4 15.7 13.4 

    Spring non-rice cultivated area 4.0 4.0 4.0 4.2 4.4 4.0 

    Summer non-rice cultivated area 2.7 2.7 4.3 2.3 0.3 2.7 

    Winter non-rice cultivated area 8.2 8.2 4.2 1.7 1.4 6.8 

 

Third, when endogenizing crop net prices within the optimization and solving for the optimal 

net price change (instead of crop areas), the efficiency gain is not as large as the case in which 

crop areas are optimized. Specifically, under integrated optimization, the total nitrogen runoff 

would decrease by only 69% (col. 6) from the baseline as compared to 83% in the seasonal-spatial 

optimization. While price may serve as a policy instrument to incentivize crop reallocations, there 

are limitations with respect to its effect. An increase in the price of winter rice, for instance, would 

increase the cropping area of winter rice while reducing the cropping area of winter non-rice crops 

which compete with winter rice for the limited arable land. As such, the price effect is composed 

of both direct and indirect effects, which jointly drive the outcome. This complex relationship 

between crop prices and cropping areas imposes constraints on the effect of using a price 

instrument.  

Breaking down optimization analysis results by season-crop combinations allows a 

comparison of the optimization results with the baseline, and shows the type and degree of nitrogen 

use inefficiency in the baseline (Figure 33) and whether there is any potential to improve the 
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economic-environmental performance of crop production in each district (Figure 34). Below is a 

discussion of the results by scenarios of optimization analysis.  

Seasonal optimization. In most districts, the baseline nitrogen use for spring rice and summer 

and winter non-rice crops is below the optimum level, whereas the baseline nitrogen use for winter 

rice is excessive (Panel A, Figure 33). Previous studies show that substantial disparities in the 

world’s nitrogen balance remain [134], with developed nations having benefited greatly from 

advanced nitrogen fertilizer technologies (and in some cases are using them excessively), while 

many subsistence farmers in parts of Africa, Asia, and Latin America continuing to suffer from 

inadequate access to nutrient inputs [133]. The present analysis of Bangladesh shows that 

disparities in nitrogen inputs even prevail across crops and growing seasons within the country. 

There is little potential for improving the economic-environmental performance through 

increasing per-acre nitrogen fertilizer inputs of summer and winter non-rice crops. The nitrogen 

application rates of these two crops would be less efficient than most other crops even after 

optimization, resulting in a reduction in cultivated area. In contrast, the economic-environmental 

performance is poised to improve by adjusting the per-acre nitrogen usage of spring and winter 

rice from the baseline level to the optimum. The elimination of the inefficient use of nitrogen 

would reduce costs without impacting yields, leading to a significant increase in the cultivated area 

of these two crops. There is considerable heterogeneity in nitrogen use inefficiency of summer rice 

and spring non-rice crops across districts: underuse of nitrogen in most eastern districts, and 

overuse in some western districts (Panel A, Figure 33). These two season-specific crops lack 

comparative advantage in improving the economic-environmental performance in most districts 

after optimization, either due to higher nitrogen runoff-load ratio (Fig. 31), or to less sensitive 

response of yield to nitrogen input, or to both. Therefore, the seasonal optimization results in 

decreased cultivated areas of these two crops in most eastern, and some western, districts (Panel 

A, Figure 34). 

Seasonal-spatial optimization. When crop production is allowed to be reallocated across 

districts, summer rice in most districts and spring rice in some western districts make little 

contribution to improving the economic-environmental performance. Consequently, the cultivated 

areas of the two crops decline after optimization (Panel B, Fig. 34). Optimization results are 

qualitatively consistent with those from the seasonal optimization for other season-crop 

combinations. 

Integrated optimization. Different from the seasonal-spatial optimization, the baseline 

nitrogen input of winter non-rice crops is above the integrated optimization level in western and 

middle-western districts. Because winter crop choices are more sensitive to price change—

including own net price and cross-net price—than spring and summer crops (Table 29), it is easier 

to reallocate the cultivated area of winter crops through price instruments. In contrast, the price 

effects of spring and summer crops are much smaller or statistically insignificant. 
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Figure 33. Changes in per-acre nitrogen load from the baseline (kg/acre) 

 

Figure 34. Changes in crop area from the baseline (1,000 acres) 
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2.9 Web Portal Development for Information Dissemination  

The dissemination of the data products in this project is via a web-based application. This web-

based application is developed mainly to provide stakeholders and public with visualization and 

downloading of the land use/land cover (LULC) products derived from satellite images and model-

derived geospatial information data within this project. The web application is hosted on the server 

of Center for Spatial Information Science and Systems (CSISS), and it can be visited at 

http://cloud.csiss.gmu.edu/ganges-lulc 

2.9.1 Development 

The design and implementation of the web-based application can be divided into two parts, the 

front end and back end. The front end of the application is developed under the React framework. 

React is an open source front end framework created by Facebook. It is widely used for building 

re-usable user interface (UI) components. In addition to the React, we used Bootstrap and Material 

UI component libraries to design the web application. Lastly, we used OpenLayers library for web-

based visualization of geospatial data. The UI design and functionalities will be discussed in detail 

in the next section. The back end of the web application uses MapServer for rendering and serving 

raster and vector data through Open Geospatial Consortium (OGC) Web Map Service (WMS). 

The MapServer is an open source server-side software for publishing spatial data and interactive 

mapping applications to the web. The MapServer is very fast and easy to deploy. We used 

MapServer to serve raster and vector data using WMS, which is a standard protocol to serve 

georeferenced map images over Internet. The downloading functionality of the data products are 

provided by an Apache HTTP server. Specifically, all datasets are stored in a folder that is served 

by the HTTP server, client-side can access the datasets by visiting the corresponding endpoints. 

2.9.2 User Interface and Functionalities 

Users of the poral can visualize, interact, and download data and products through the user 

interface. The overall UI of the web application is shown in Figure 35.  

 
Figure 35. Overall UI of the portal.  
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The application has mainly 3 components, the header, the side bar, and the main map container. 

The header consists of 1) the name of the application which is ‘Ganges River Basin Land Use And 

Land Cover Portal’; 2) the ‘about’, ‘publications’, and ‘Documentation’ buttons; 3) logos of 

participated organizations, including CSISS/GMU, IFPRI, and NASA. Clicking on the logos will 

open the homepages of corresponding organizations in new pages. The side bar is organized in a 

tabbed structure. Specifically, two tabs can be switched on/off, one is titled ‘LULC’ and the other 

is ‘Model’. The ‘LULC’ tab consists of level-1, level-2, and level-3 layer items. Each layer item 

is a drag-n-drop item that can be re-ordered by dragging and dropping the drag handle to the 

desired positions. Figure 36 shows the detailed explanation of layer items. Note that the layer order 

is arranged such that level-2 data is always displayed on top, followed by level-3 data, and lastly 

the level-1 data. Layer items can only be dragged and dropped within its own level. 

  
Figure 36. Layer items on the UI 

As shown in Figure 36, each layer can be individually turned on/off by clicking on the layer switch 

checkbox, which displays/hide the layer on the map. The opacity slider can be used to adjust the 

transparency of the layer. Users can click on the download icon button to start downloading of the 

layer. Raster layers are prepared in GeoTIFF format and vector layers are in Shapefile format. 

The map container provides web-based visualization of geospatial datasets. Upon initialization of 

the application, the map container will by default only show the LULC map for 2015. This is for 

the consideration of the user experience because loading multiple layers take much more time. The 

widgets in the map container include a zooming in/out widget, a scale, a base map attribution 

button, a mouse position display, an overview map, a dynamic legend, and a button for returning 

to the original extent. The widgets are shown in Figure 37.  
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Figure 37. Map widgets. 

2.10 Issues, Problems, and Mitigations 

The failure to capture high accurate agricultural LULC was recognized during the Landsat image 

classification. First the study area is large and it covers many scenes of Landsat image which might 

have different weather condition. Secondly, the Landsat is hard to identify the farmland since the 

cropping size is relatively small in South Asia which 30-meter spatial resolution is not enough to 

perform the classification accurately. 

Another problem is the data fusion among EO data. Although the major image we will use in this 

project is Landsat images, the other EO data such as Sentinel-2 was also be adopted to perform the 

further cropping analysis. The data fusion between EO data was an issue due to different spatial 

and temporal resolutions.  

Another major issue was how to incorporate multiple data source into the model, including the 

spatial-explicit LCLUC model, econometric model, and InVEST model. Besides the LCLU data, 

other multiple data sources were used, e.g. agricultural economic data, socioeconomic 

development data, population data etc., and most of these data were collected at the administrative 

division unit. This make the multi-discipline collaboration harder due to the spatial and non-spatial 

data are not compatible. 

Moreover, the shortage of local/filed data to perform a better accuracy assessment, for remote 

sensing classification and model simulation results. For the LCLU maps, higher spatial resolution 

images are needed to perform the accuracy validation in the classification. For the model 

simulation, survey data were needed to test the efficiency and accuracy of models. Thus, 

incorporating multiple data source for validation were challenging.  

2.11 Schedule Status 

The master schedule of the project was proposed as follows.  
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Figure 38. Master schedule (note: black filled diamonds are fulfilled milestones and gray filled 

diamonds are on-going work) 

2.12 Delays/ Problem Experienced  

The development of web-portal was slowed because of the COVID-19 pandemic situation. Thus, 

the release of the portal information system was delayed. Since international travel and face to face 

meetings are mostly restricted, the face-to-face workshop for the portal introduction, information 

dissemination, and user opinion was not possible.    

2.13 Corrective Action / Recovery Plan  

A six-month project extension was granted on request. Portal development was successfully 

completed in the extended project period. Through the web portal, the project results have been 

disseminated to stakeholders in South Asia. 

2.14 Publications and Presentations  

a) Journal Articles 

Yu, Z., Di, L., Rahman, M. S., & Tang, J. (2020). Fishpond Mapping by Spectral and Spatial-

Based Filtering on Google Earth Engine: A Case Study in Singra Upazila of Bangladesh. 

Remote Sensing, 12(17), 2692; https://doi.org/10.3390/rs12172692 

Tang, J., & Di, L. (2019). Past and future trajectories of farmland loss due to rapid urbanization 

using Landsat imagery and the Markov-CA model: a case study of Delhi, India. Remote 

Sensing, 11(2), 180. DOI: https://doi.org/10.3390/rs11020180 

Tang, J., Di, L., Rahman, M. S., & Yu, Z. (2019). Spatial–temporal landscape pattern change under 

rapid urbanization. Journal of Applied Remote Sensing, 13(2), 024503. DOI: 

https://doi.org/10.1117/1.JRS.13.024503 

b) Manuscript under peer review 

https://doi.org/10.3390/rs12172692
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Li, M., Z. Guo, W. Zhang. Balancing Food Security and Environmental Sustainability by 

Optimizing Seasonal-Spatial Crop Production in Bangladesh. Under review at Environmental 

Research Letters. 

 

c) Conference Proceedings 

Yu, Z., Di, L., Yang, R., Tang, J., Lin, L., Zhang, C.,Rahman, M.S., Zhao, H., Gaigalas, J., Yu, 

E.G., & Sun, Z. (2019). Selection of Landsat 8 OLI Band Combinations for Land Use and 

Land Cover Classification. In 2019 8th International Conference on Agro-Geoinformatics, 

July 16-19, Istanbul, Turkey. IEEE. DOI: 10.1109/Agro-Geoinformatics.2019.8820595 

Yu, Z., Di, L., Tang, J., Zhang, C., Lin, L., Yu, E. G., Rahman, M.S., Gaigalas, J., & Sun, Z. (2018). 

Land use and land cover classification for Bangladesh 2005 on google earth engine. In 

2018 7th International Conference on Agro-geoinformatics, August 6-9, Hangzhou, China. 

IEEE. DOI: 10.1109/Agro-Geoinformatics.2018.8475976 

Guo, Z. W. Zhang, M. Li, J. Tang, Z. Yu, & L. Di. (2019). Impacts of land cover changes to 

nutrient delivery in Bangladesh: A spatially explicit ecosystem service assessment using 

InVEST model. The 8th International Conference on Agro-Geoinformatics, July 16-19, 

2019, Istanbul, Turkey. IEEE. 

d) Presentations 

Li, M., Z. Guo & W. Zhang. (2020). Balancing Food Security and Environmental Sustainability 

through Seasonal Crop Allocation in Bangladesh. Abstract submitted for selected paper 

presentation at the 2020 Agricultural and Applied Economics Association (AAEA) annual 

meeting, Kansas City, MO, USA. July 26-28, 2020. 

Li, M., W. Zhang. 2020. Does ‘Landless’ Stimulate Bangladesh Rural Migration under Weather 

Risk? Selected paper for presentation at the 2020 Agricultural and Applied Economics 

Association (AAEA) annual meeting (virtual), August 10-11, 2020. 
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