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Abstract
Development and dissemination of sustainable practices are key to enhance agricultural productivity in developing countries and
to curtail potential negative externalities. Rigorous adoption/impact evaluations provide valuable lessons to enhance the capacity
of agricultural research-for-development (R4D) systems in this context. Conventional evaluation studies rely solely on farm-
household surveys for data. Generation of survey data however requires considerable financial and human capital, and the
process often misses several important explanatory variables, ignores the longer-term impacts, and suffers from measurement
errors. Complementary data sources are explored to make the evaluations more robust and rigorous. Here we review 54 studies
that used satellite data to estimate adoption and impact of agricultural practices in developing countries. Some evidence on
successful application of satellite data in high-income countries is also provided. The main findings of the paper are threefold: (1)
satellite data have been successfully used to detect agricultural practices, such as cropping intensity, tillage, crop residue cover,
irrigation, and soil and water conservation; (2) only a few studies have estimated the yield impacts of agricultural practices,
although the estimation of crop yields with satellite data is fairly developed; and (3) only a small number of studies have explored
impact estimation beyond the biophysical sphere. Estimation of certain environmental impacts of agricultural practices is possible
through satellite data, although only a few studies have carried it out. Not many have assessed the economic impacts of
interventions.We conclude that satellite data analysis allows information access with little delay and over longer periods, provide
a unique set of variables over wide geographies, and reduce measurement error in certain variables. However, more interdisci-
plinary research is necessary to speed up the uptake of this alternative data source in R4D evaluations.
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1 Introduction

Growth in agricultural productivity and reduction in rural pov-
erty are inextricably linked with investment in research and
development (R&D) in agriculture (Evenson and Gollin 2003;
Pray et al. 2017). However, the funding for agricultural R&D
has become scarce globally (Hurley et al. 2014; Raitzer and
Maredia 2012). There is also an increasing need to verify
whether the R&D investments generate positive impacts on
system productivity and rural livelihoods and to learn from the
completed R&D activities. Measuring progress towards na-
tional and international development goals such as the SDGs
(Sustainable Development Goals) has also become fundamen-
tal to coordinate global action in the face of poverty and cli-
mate change and further to improve the nature and type of
interventions. Socioeconomic studies on farmer acceptance
of technologies and the resulting changes in farming system
productivity and economic and social welfare play a critical
role in the evaluation process. While the number of technolo-
gy assessment studies has been growing, the approach these
studies have followed to measure the impact of interventions
has limitations and has remained largely unchanged over time.

The conventional approach to study farmer adoption of
agricultural technologies and their impacts are often solely
based on data from detailed face-to-face farm-household sur-
veys. While the derived information is valuable, the procedure
requires considerable financial and human resources.
Furthermore, the time gap between commissioning a field
survey and disseminating the findings is often too large to
allow for timely corrective actions in project implementation.
The conventional approach is also criticized for limited sam-
ple sizes and statistical power (Ioannidis et al. 2017), for not
measuring longer term impacts (Pittelkow et al. 2015), and for
ignoring the potential spillover effects of the technology
(LeSage and Pace 2009). There is also evidence that there is
significant measurement error in farmer reports of certain var-
iables, including yield, which may lead to inaccurate impact
estimates of interventions (Burke and Lobell 2017; Carletto
et al. 2013). These criticisms are valid, and hence it is neces-
sary to look for comprehensive but easy-to-capture datasets to
complement the current evaluation approach. Here we pro-
pose that integrating satellite data into studies that measure
technology adoption and the impacts of interventions can
overcome some of these limitations. Unlike other develop-
ment interventions (e.g., in health), farmers’ adoption and
spread of agricultural practices, for instance changes in
cropping intensity, tillage, or irrigation, can be remotely
sensed. In Fig. 1, we present two examples—land preparation
using reduced tillage and the diffusion of maize cultivation—
that can be detected using satellite data. Furthermore, some of
the impacts of agricultural practices (e.g., yield increases and
environmental effects) can also be estimated through satellite
data. Eventually, the associated economic outcomes can be

also tracked through satellite data at larger scales (e.g., chang-
es in roof structures, density and length of roads, and night-
time lights). This underlines the relevance of satellite data in
the field of adoption/impact estimation of technological inter-
ventions in agriculture, particularly against the backdrop of
recent advancements in remote sensing.

Access and availability of satellite data have increased rap-
idly over the last decades, driven by recent milestones such as
the launches of Sentinel satellites as well as plummeting costs
of space transportation and the development of microsatellites.
At the same time, the minimum spatial resolution decreased
from 80 m to about 1 m for multispectral sensors (see Table 1).
Computational power has also increased exponentially, provid-
ing researchers with the means to process the available infor-
mation quickly and more efficiently. Subsequent to these de-
velopments, various applications of satellite data emerged,
which include identification of changes in agricultural practices
and related economic outcomes remotely from the space
(Bégué et al. 2018; Donaldson and Storeygard 2016). The
relevance of satellite data is threefold, as compared with the
conventional approach using farm-household survey data.
One, satellites facilitate generation of data over time, providing
critical panel data that can generate baselines even before
commissioning of a project, and thus allow researchers to mea-
sure the impact of an intervention through time. Two, they

Source: Photograph a provided by Wasim Iftikar. Photograph b provided by authors.

Fig. 1 Changes in agricultural practices can be detected using satellite
data. a Land preparation; b Crop type
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provide access to a unique set of observations on agricultural
practices and their respective impacts over a wide geography,
allowing one to do impact evaluation at large scales and mea-
sure potential spillover effects. Three, with increasing spatial,
spectral, and temporal resolution, satellite imagery can increase
the accuracy of estimating adoption rates of agricultural prac-
tices and their respective impacts. These points are briefly
discussed below.

Satellite imagery provides data over long time periods for
agricultural practices, crop types, and the respective outcome
variables. For example, long-term satellite datasets allow re-
searchers to identify crop characteristics in the study area over
several years prior to the start of the intervention. Such histor-
ical data are difficult to generate through household surveys
because of recall biases and changes in plot ownership as well
as household heads (Kubitza et al. 2018). Furthermore, esti-
mates of historical changes in cropping practices and crop
types can be used to validate assumptions of impact models
(e.g., assumption of parallel trends in difference-in-difference
estimation). Lastly, satellite data can enable researchers to
track outcomes of interventions over long-time frames with-
out investing additional time and money on follow-up sur-
veys. This allows researchers to examine the adoption dynam-
ics (e.g., continuous versus intermittent adoption) of technol-
ogies on farmers’ fields and the impacts of the technology on
yield, crop type, and other variables of interest.

The second advantage of satellite data is the ability to mea-
sure variables of interest over large geographic areas. Many
adoption-impact studies are limited in scope due to small sam-
ple size, which, in turn, is owing to the high costs of ground-
based surveys and limited economies of scale. While multiple
surveys may be conducted on the same intervention, combin-
ing datasets from different surveys is not always possible as
survey instruments are often developed independently and
often applied to different sample populations, resulting in
non-uniform variable sets. Given that satellite data are freely
available across the globe, widening the geographic coverage
of measuring variables of interest using satellite data may
involve only minor additional costs, which allows for increas-
ing sample sizes and impact evaluations over large geograph-
ical areas. Such datasets would also allow for the evaluation of
potential spillovers (e.g., impact of technology on non-
adopters’ plots), which have to be taken into account to assess
the costs and benefits of interventions (Tsusaka et al. 2015;
Wollni and Andersson 2014). Moreover, data on weather, land
cover, soil quality, and even certain economic activities, such
as infrastructure development that are sometimes difficult to
elicit through household surveys, could be integrated into
adoption and impact estimation, reducing biases from poten-
tial confounding variables.

Lastly, new satellite sensors deliver data at higher spatial,
temporal, and spectral resolutions, which can increase the ac-
curacy of measuring certain variables, including yield andT
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crop type. This is especially critical in data-poor developing
countries. For example, higher temporal resolution data pro-
vided by Sentinel-2 has been shown to increase the accuracy
of mapping field-level crop types (Vuolo et al. 2018). In ad-
dition, finer spatial resolution data have been found to lead to
more accurate field-level yield estimates in smallholder sys-
tems compared with coarser resolution products (Jain et al.
2016). These satellite-derived datasets may be more accurate
than similar variables collected through household surveys.
For instance, most regional estimates of crop productivity
are crucially dependent on spatial information such as plot
size. However, studies have shown that self-reported estimates
of plot size have large measurement errors and biases com-
pared with GPS-estimated field sizes (Burke and Lobell 2017;
Carletto et al. 2013; Holden and Fisher 2013).

While there is a growing literature that has employed sat-
ellite datasets to examine changes in agricultural practices,
these studies are scattered across disciplines and are not very
easy to access for non-experts of remote sensing. Against this
background, the present study aims to outline the potential
applications as well as limitations of using satellite data in
agricultural and development economic research, particularly
for capturing changes in developing country’s agriculture. We
aim to reach both researchers and policy makers through pro-
viding a comprehensive, non-technical review on the current
uses of satellite data to assess the adoption and impacts of
agricultural practices. We explicitly focus on technological
change in agriculture and stay clear of land cover changes,
for instance agricultural expansion or deforestation, since such
broader developments are a domain in their own right. Our
geographical focus is on low- and middle-income countries.
These countries are often data-poor and significantly differ
from the industrialized countries in many ways, including
fragmented plots, intercropping, and lack of precise ground-
truth data (Burke and Lobell 2017). Moreover, farmers in
developing countries typically have only limited access to
agricultural expertise and technologies and often lack the abil-
ity to accurately estimate yields and plot sizes. While there are
a few reviews on applications of satellite data to identify
cropping practices (Bégué et al. 2018), tillage (Zheng et al.
2014), land cover (Gómez et al. 2016), and yield estimation
(Chivasa et al. 2017), they focused on the technical aspects of
remote sensing rather than on the possibilities of integrating
satellite data into adoption and impact studies. Here we spe-
cifically discuss how typical estimation approaches and data
types used by economists, such as econometric estimation
using farm-household survey data, could be enhanced further
through integrating satellite data.

The paper is structured as follows. In the next section, we
briefly explain the strategy used to select the studies for this
scoping review. In Section 3, we synthesize the relevant liter-
ature on current applications of satellite data to evaluate farm-
er adoption of agricultural practices. The applications of

satellite data on measuring crop yield are reviewed in
Section 4, and on measuring environmental and economic
variables in Section 5. Section 6 discusses the future prospects
of applying satellite data in technology evaluation studies. The
last section concludes this paper.

2 Study selection

This study aims to highlight the ways in which satellite data can
contribute to the existing knowledge base of adoption and im-
pacts of changing agricultural practices in developing coun-
tries. We aim neither to undertake a formal meta-analysis of
empirical findings nor to rate the quality of the studies. Instead,
we focused solely on potential applications of satellite data. We
searched databases covering agriculture, rural development,
remote sensing, and economics, including peer-reviewed pa-
pers, working papers, and conference presentations. The data-
bases include AgEcon, AGRIS, World Bank, GeoRef, Scopus,
and IDEAS. The key words (including headings, subheadings,
abstract, and keywords) searched for were “remote sensing,”
“satellite,” “radar,” or “LIDAR,” in combination with
“*crop*,” “agricult*,” “tillage,” or “irrigation.” The period
ranged from 1972, when the first Landsat satellite had been
launched, to December 2018. Titles and available abstracts
were scanned for their relevance, articles requiring further con-
sideration were shortlisted, and full papers were accessed. To
reduce the risk of missing relevant papers, we searched the
references of the collected articles and asked for paper sugges-
tions from researchers from the field of remote sensing.

For this review, we included only those studies that were (a)
assessing the uptake of agricultural practices and/or their yield or
economic effects and (b) employing satellite data for the analy-
sis. In other words, papers that at least partly focused on adoption
and impacts using satellite data were included, but not the studies
on methodological improvement (e.g., testing new sensors and
indices). Studies were also not included if they were primarily
using satellite data for illustrative purposes. Furthermore, we did
not focus on studies identifying land cover changes such as
changes in agricultural land area or deforestation since some
reviews already exist (Gómez et al. 2016). We also did not in-
clude studies concerning weed infestation since applications in
developing countries are scare and some reviews already exist
(Fernández-Quintanilla et al. 2018). Our selection was restricted
tomanuscripts that were written in English. Besides qualitatively
describing the papers, we systematically captured the topic of
research, source of data (i.e. satellite program), research area,
journal, and year of publication.

Overall, we found 54 studies that focused on assessing the
adoption and impacts of agricultural practices using satellite
data in developing countries. To delineate new potential ap-
plications of satellite data for adoption-impact studies in de-
veloping countries, we also reviewed studies that were (a) not

Agron. Sustain. Dev. (2020) 40: 16 Page 5 of 21 16



directly related to adoption or impact but collected important
outcome variables of interest such as yield and/or (b) conduct-
ed in high-income countries. In total, 88 studies were
reviewed. Of the 54 studies related to adoption or impact
and conducted in developing countries, most relied on satellite
data from Landsat (25%) andMODIS (28%) due to their open
access policy and availability of highly processed end-
products (see Fig. 2). The use of Sentinel 1 and 2 datasets
has been gaining academic attention in the recent past, as
has the use of high-resolution datasets from private compa-
nies, for instance DigitalGlobe and Planet.

Most of these studies were conducted in India (28%),
followed by China and Brazil (see Fig. 3). A small share
(11%) of the studies employed data from more than one
country. Only a relatively small number of studies were
conducted in South America, Sub-Saharan Africa (with the
possible exception of Ethiopia), or Central Asia. Most
studies were published in disciplinary journals of remote
sensing. We found only three studies published in standard
agricultural and development economics journals. In
Table 2, we list the number of studies found according
to the agricultural practices and outcome variables that
were estimated by satellite data.

3Measuring diffusion of agricultural practices

Agricultural productivity of low- and middle-income coun-
tries remains lower than in more industrialized nations,

making efficient dissemination of new technologies a devel-
opmental priority. While new agronomic and breeding inter-
ventions frequently evolve out of different R&D endeavors,
their adoption by farmers often remains well below the expec-
tations (Doss 2006; Knowler and Bradshaw 2007). Gaining a
better understanding of the potential constraints to adoption,
as well as adapting agricultural technologies to farmer condi-
tions (reinvention) are key components of applied agricultural
research. In this section, we review the studies that assessed
farmer adoption of agricultural practices, including cropping
intensity, tillage, mulching, irrigation, and new crop types
using satellite data.

3.1 Cropping intensity

Identification of cropping system intensification, defined con-
ventionally as increasing land productivity over a given period
of time (Gregory et al. 2002), is an important field of applica-
tion of satellite data. The traditional view of intensification
assumes that such an increase in productivity can be achieved
through increased input use or number of crops per year, with-
out any explicit concern about system sustainability. While
satellite data have been frequently used to detect changes in
cropping intensity (that is, increasing the number of crops per
unit of land per unit of time), the task to categorize these
changes as sustainable (or not) rests with the researchers.
With remote sensing, cropping intensity is commonly identi-
fied by measuring changes in vegetation indices over time.
The calculation of vegetation indices is based on exploiting

Notes: Only studies on adoption and impact of agricultural practices in low and middle-income countries
are included (N=54).
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the unique reflectance of vegetation in the near-infrared and
red spectral bands compared to other common land cover
classes, for instance bare soil, water, and snow. Healthy veg-
etation strongly reflects near-infrared light, which is linked to
high values in vegetation indices. To measure cropping inten-
sity, researchers examine vegetation index phenologies or
time series of vegetation indices and count the number of
peaks in vegetation indices. This is because vegetation indices

rapidly increase after sowing, reach a peak value towards the
end of the growing season, and then decline at the end of the
growing season due to senescence and harvest. For instance,
two peaks in a vegetation index time series over the course of
1 year indicate two growing cycles in that year. Fallows often
do not exhibit rapid changes in vegetation indices and can
hence be distinguished. Obtaining such spectral profiles over
time necessitates long-term satellite data with high temporal
resolution such as from NOAA-AVHRR, SPOT, or MODIS.
These datasets tend to be coarse in spatial resolution, at scales
of 250 × 250m2 or greater. Another challenging task is to ac-
quire sufficient cloud-free images in order to establish a time-
series of vegetation index values for individual pixels.

We identified six papers that map cropping intensity at a
local scale. Wilken et al. (2017) analyzed spatiotemporal pat-
terns of land use and cropping intensities in a catchment in
South India. Data are derived from Landsat-7 ETM+ and
Resourcesat-1. Jain et al. (2013) mapped cropping intensity
in Gujarat and southeasternMadhya Pradesh, comparing differ-
ent estimation techniques. Using high-resolution imagery from
QuickBird-2 and WorldView-2 for validation, the study found
that Landsat-5 TM and 7 ETM+ datasets performed well
predicting cropping intensity (adjusted R2 of 0.71). The authors
found significant differences between their estimates and cen-
sus data of the Government of India, which were attributed to
potential underreporting in the census data. However, while
Landsat satellite data provided the most accurate results,
MODIS data were more suitable for mapping cropping inten-
sity over large spatial and temporal scales given limited avail-
ability of cloud free Landsat data (Jain et al. 2017a). For

Table 2 Use of satellite data in assessing adoption and impact of
agricultural practices

Number of studies included

Adoption of agricultural practices

Cropping intensity 9

Crop succession 1

Tillage 2

Crop residue cover 2

Optimal sowing 2

Irrigation 8

Soil and water conservation measures 2

Crop types 14

Impact of agricultural practices

Yield 7

Economic outcomes 1

Vegetation health 2

Air quality 5

Notes: One study is double-counted as it examined both irrigation and
tillage practices (Hadria et al. 2009)

Notes: Only studies on adoption and impact of agricultural practices in low and middle-income countries
are included (N=54).
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example, Brown et al. (2013), Bellón et al. (2018), and Kastens
et al. (2017) mapped cropping intensity using MODIS data,
focusing mainly on soybean systems in Brazil. Unlike studies
that used multispectral sensors such as MODIS, radar can pen-
etrate through cloud cover allowing to acquire imagery with
higher temporal resolution and thus has a decisive advantage
in regions with frequent cloud cover. Lasko et al. (2018)
mapped cropping intensity of rice in Vietnam using Sentinel-1
radar data with 10 × 10 and 20 × 20m2 resolution and a random
forest algorithm. The authors obtained an accuracy of 93.5% for
data with 10 × 10 m2 resolution.

Other attempts to map cropping intensity were carried out
at national scale in India and China. Biradar and Xiao (2011)
mapped cropping intensity across India, and Yan et al. (2014)
mapped cropping intensity across China, both using again
MODIS time series data. Gray et al. (2014) estimated the
cropping intensity across all of Asia and found significant
difficulties in detecting more than two cropping cycles per
year due to missing data (cloud cover). Rufin et al. (2018)
examined the effect of reservoir-based irrigation from dams
on annual crop succession at the global scale. The authors
defined crop succession as the number of years in which ara-
ble land was cultivated (against fallowing) for 2001–2012.
Data on annual crop succession were derived from MODIS
land-cover maps with 500 × 500m2 spatial resolution. The au-
thors found that crop succession in irrigation dam command
areas was on average 16% higher compared with rainfed con-
trol areas.

While MODIS data might be suitable to identify large spa-
tiotemporal scale changes in cropping patterns, satellite data
with higher spatial resolution (e.g., Sentinel-2 and Planet) are
likely to deliver more precise estimates, particularly in devel-
oping countries that are often comprised of smallholder farm-
ing systems, and are more suitable for localized adoption stud-
ies. Notably across multiple studies, the accuracy in mapping
cropping intensity decreased as cropping practices and crop
types became more diverse across the landscape and as plot
sizes decreased (e.g., Jain et al. 2017a). Overall, most studies
focused on the level or spatial variation of cropping intensities
rather than interpreting the results in the context of
socioeconomic and ecological conditions with exception of
Wilken et al. (2017) and Kastens et al. (2017). Wilken et al.
(2017) provided evidence from India that an increasing
cropping intensity is associated with decreasing pressure on
forest land, which they related to reduced profitability of fuel
wood harvesting compared with other job opportunities.
Kastens et al. (2017) presented descriptive evidence from
Brazil that increasing cropping intensity of soy reduced pres-
sure on forest land. Nevertheless, these papers could not es-
tablish causality between the variables of interest and rely
rather on descriptive comparisons. In sum, the determinants
and effects of the observed intensification processes were left
largely unexamined in the current literature.

In connection to increasing cropping intensity, intercropping
has been promoted to increase soil fertility, system productivity,
and dietary diversity (Brooker et al. 2015). Satellites could
potentially identify intercropping through distinguishing crops
based on their spectral characteristics as it is already carried out
successfully using unmanned aerial vehicles (Yonah et al.
2018). To differentiate intercropping practiced in small plots,
information on local intercropping practices as well as plot
boundaries are essential. We could not identify any studies that
examined intercropping of annual crops with satellite data in
developing countries. The spatial resolution of most satellite
sensors is not sufficient to identify different crop types within
the small plots found in developing countries.

3.2 Tillage and crop residue cover

Tillage practices are important determinants of soil quality,
input use, land productivity, and cost of production (Krishna
and Veettil 2014). Conventionally, farmers use intensive till-
age to prepare fine seed beds, with the aim of ensuring uni-
form germination under weed free conditions. However, in-
tensive tillage tends to reduce soil organic matter, soil carbon,
and, under certain circumstances, soil moisture. Conventional
tillage is also associated with significant fuel use and cost of
cultivation. Against this backdrop, zero tillage or reduced till-
age is promoted as a critical component of conservation agri-
culture. The three major components of conservation agricul-
ture are minimum soil disturbance (zero or reduced tillage),
permanent soil cover with crop residues or cover crops, and
diversifying production system through crop rotation or
intercropping (Hobbs et al. 2008). While the extent of zero
tillage is fairly well-documented in high-income countries
such as the USA and various incentive schemes are in place
to foster farmer adoption (Wallander et al. 2018), the extent to
which these practices are adopted in lower income countries is
less understood.

So far, only a few studies directly addressed farmer adop-
tion of zero or reduced tillage through remote sensing in de-
veloping countries. Two studies used backscattering coeffi-
cients, which are derived from radar data. Unlike passive
multi-spectral sensors that do not emit radiation themselves,
radar systems send electromagnetic pulses with high power
and record the backscattered signal. Radar data are hence less
affected by weather conditions such as clouds and sunlight.
The data contain information about soil surface, physical
structure of crop residue, and dielectric properties of the sur-
face, which depend partly on moisture content (Zheng et al.
2014). To relate backscattering coefficients with tillage, a
wide variety of variables including moisture or incidence an-
gle have to be taken into account. Moreover, radar data have a
low signal-to-noise ratio, making their application to small
plots challenging. Hadria et al. (2009) combined multispectral
FORMOSAT-2 images and radar images from Envisat to
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produce a high spatial and temporal resolution product to map
tillage practices in Morocco for the 2005/2006 agricultural
season. Bhargava et al. (2017) estimated the up-take of zero
tillage practices in the Gangetic Plains of India. To estimate
adoption, the authors used data from a household survey and
from Sentinel-1 (radar data) and Sentinel-2. The results
showed that 18% of the cropland area was under zero tillage.
The average zero-till mapping accuracy varied between 78
and 90% for different regions. However, estimates of zero
tillage adoption based on satellite data were not in line with
census and household data from the same regions. The authors
concluded that one of the major reasons for this discrepancy
was spatial heterogeneity. The agro-environmental conditions
and farming practices were varying drastically across regions,
necessitating further ground-truthing. Another caveat was that
the individual plot-level adoption of zero tillage was possibly
not identified for small parcels, which are commonly found in
the eastern Indo-Gangetic Plains. The satellite mapping algo-
rithm did only capture larger land segments with similar spec-
tral characteristics.

Most other studies usedmultispectral sensors to map tillage
indirectly through measuring crop residue cover. Mulching
with crop residues is one of the key components of conserva-
tion agriculture (Hobbs et al. 2008). The presence of crop
residue cover is hence interpreted as direct evidence for re-
duced or zero tillage. Unlike estimation of zero tillage adop-
tion, self-reported data on the extent of crop residue cover is
likely to be imprecise and is often either reported as a simple
binary variable or as categorical variable with broad intervals
of the extent of crop residue cover (Kosmowski et al. 2017).

Crop residues, live plants, water, and soils have a different
spectral signature, which is defined as the variation of reflec-
tance of a material with respect to wavelengths (Tso and
Mather 2009). For example, while live plants absorb blue
and red light, they emit part of the visible green and in partic-
ular infrared (with a wavelength roughly between 700 nm and
1 mm). On the other side, crop residues have a unique absorp-
tion feature near 2100 nm, making remote sensing of crop
residue cover possible with multi- and hyperspectral-sensors.
While multispectral imagery consists usually of three to ten
wider bands, hyperspectral imagery consists of more than
dozens of bands. Estimation of crop residue cover and tillage
requires high temporal resolution satellite data, and these data
have to be available during the time of land preparation.
Heterogeneous planting dates and crop growth can complicate
identification of residue retention (Zheng et al. 2014). In ad-
dition, accurate identification is complicated by different de-
composition rates and other management practices that affect
spectral differences between crop residue and soil. A number
of studies tested different indices and estimation methods
mostly in high income countries, particularly in the USA
(Beeson et al. 2016; Zheng et al. 2014). The most common
indices based on the unique absorption feature of crop residue

cover include the Cellulose Absorption Index (CAI) and the
Normalized Difference Tillage Index (NDTI). The CAI is cal-
culated as 100*(0.5*(R2.0 + R2.2) −R2.1) where R2.0, R2.1,
and R2.2 correspond to reflectance values in narrow 10-nm
bands centered at 2030, 2100, and 2210 nm, which necessi-
tates data from hyperspectral sensors. The NDTI, however,
can be calculated from multispectral sensors such as Landsat
8 OLI Band 6 (1566–1651 nm) and Band 7 (2107–2294 nm)
as (OLI6 −OLI7)/(OLI6 + OLI7) (Quemada and Daughtry
2016). The NDTI can be obtained from typical multi-
spectral data like Landsat, MODIS, or Sentinel-2. Some stud-
ies reported correlation coefficients up to 0.90 for crop residue
cover, denoting that accurate estimations are indeed possible
(Zheng et al. 2012). A recent study criticized that the high
correlation coefficient and R2 values might also be driven by
spatial autocorrelation (Azzari et al. 2019).

In developing country context, Wang et al. (2017) tested
the potential of SPOT-5 imagery to estimate crop residue cov-
er on the Yellow River Plain in China. The authors showed
that SPOT-5 imagery can be used to detect crop residue cover
and also stated that Sentinel-2 imagery would be a suitable
replacement due to its wide swath, high temporal resolution,
and higher number of bands. Kosmowski et al. (2017) com-
pared different methods of crop residue coverage measure-
ment, including satellite imagery and household surveys.
Survey data were collected from 197 households and 314
plots in Ethiopia. Landsat 8 TM imagery was used to construct
the NDTI. The results showed that all survey-based methods
underestimated crop residue cover. The estimates based on
satellite imagery, which only need plot boundaries but no ad-
ditional ground data to construct the NDTI, were more accu-
rate in comparison with self-reported estimates. The accuracy
of these estimates was also higher than that of imagery from
drones. The authors emphasized that taking into consideration
that Landsat has a relatively coarse spatial resolution com-
pared with the small size of plots in the study area
(2139 m2) and that the NDTI index was not calibrated, the
remote sensing based estimates performed fairly well. Based
on evidence from the USA, new and improved indices such as
adjusting the NDTI or Shortwave Infrared Normalized
Difference Residue Index (SINDRI) for variable moisture
conditions are likely to improve prediction accuracies further
(Quemada et al. 2018). Azzari et al. (2019) showed that, for
detecting tillage practices in the USA from 2005 to 2016,
Landsat data performed consistently better than Sentinel-1
radar data with best average accuracy of 79% for fields and
75% for states. Also, for the USA, Wallander et al. (2018)
showed how the long temporal record of satellite data can be
used to evaluate the long-term persistence of technology adop-
tion. Wallander et al. (2018) examined whether the temporary
monetary incentives to implement zero tillage resulted in per-
sistent behavioral changes in the USA from 2007 to 2016.
After modeling adoption based on field survey data, the
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authors estimated crop residue cover, which served as a proxy
for zero tillage, before, during, and after the subsidy imple-
mentation. The study analyzed Landsat 5, 7, and 8 data to
calculate the NDTI, which was merged with spatially and
temporally explicit data on subsidies. The results showed a
high level of technology persistence in farmers’ fields, even
beyond the completion of the subsidy program. There is high
potential for similar studies on farmer adoption of new agri-
cultural practices, although these studies necessitate
georeferencing of plots with and without interventions.

One of the major advantages of adopting zero tillage is that
late sowing, which would result in significant crop loss (espe-
cially in case of wheat), can be avoided (Krishna and Veettil
2014). Taking this aspect into consideration, Lobell et al.
(2013) measured the trend in sowing dates throughout Indo-
Gangetic Plains and provided an indirect measure of zero
tillage adoption between 2000 and 2010. The authors used
MODIS and SPOT satellite data. Comparing the estimates
with survey data confirmed the capability of satellites to iden-
tify sowing dates. Using satellite imagery with low spatial
resolution, Chakraborty et al. (2018) mapped cropping sea-
sons and early sowing of wheat in Northern India. The authors
used the NDVI from AVHRR data, covering a long time pe-
riod (from 1981 to 2016). This study forms a typical example
of effectively using low resolution data to track long-run
trends. The authors showed that, while, in most regions,
length of the cropping season was increasing due to early
sowing, the length of the cropping season reduced in some
other regions.

3.3 Irrigation

Approximately 40% of the world’s food production originates
from irrigated lands (Thenkabail et al. 2009). While water
availability is a major determinant of crop productivity, waste-
ful application of irrigation often poses a threat to environ-
mental sustainability by depleting and degrading the water
resources and by increasing salinity and alkalinity in the soil.
Estimating and understanding dynamics of the temporal and
spatial expansion of irrigation is therefore an important piece
of information to derive production possibilities, regulate
water demand, and derive environmentally friendly policies
and programs.

Various studies have estimated the extent of irrigation sys-
tems using satellite data at local, national, and global scales.
At a local scale, Hadria et al. (2009) combined multispectral
FORMOSAT-2 images with radar images from Envisat to
map irrigation practices in Morocco for the 2005/2006 agri-
cultural season. Biggs et al. (2007) and Thenkabail et al.
(2005) used MODIS data to identify different types of irriga-
tion based on source of water (e.g., canal irrigation, ground-
water, etc.), using differences in the Normalized Difference
Vegetation Indices (NDVI) time signatures in India.

Dheeravath et al. (2010) mapped irrigated areas in India at
national and subnational levels based on MODIS data from
2001 to 2003 and found significant differences between cen-
sus data and remote sensing estimates. While no final verdict
on data quality can be provided, the authors suspect measure-
ment errors in the census due to suboptimal accounting of
minor irrigation, state agencies withholding data, no compre-
hensive statistical analyses of data, and subjective biases in
data collection. However, remote sensing data might also be
prone to measurement error due to sub-pixel area computa-
tions, low resolution of the imagery and other methodological
issues. Toomanian et al. (2010) mapped irrigation area in the
Zayandeh Rud Basin of Iran using NOAA-AVHRR and
Landsat 7 ETM+ data. Kamthonkiat et al. (2007) produced
maps for irrigated and rainfed rice systems in Thailand using
SPOT-4 data, while Gumma et al. (2011) mapped irrigated
areas in Ghana using temporal variation in NDVI levels based
on Landsat 7 ETM+ and MODIS data. The authors reported a
fuzzy classification accuracy between 67 and 93% for differ-
ent types of irrigation systems. While they reach only 67%
accuracy for fragmented and minor scale irrigation, they reach
93% for surface irrigation systems. The authors stress that
dug-wells, small ponds, and other fragmented irrigated areas
are better captured using very high-resolution data and that
accuracy is depending largely on the type of local irrigation
systems.

The International Water Management Institute (IWMI) ini-
tiated a Global Irrigated Area Mapping (GIAM) project to
map the spatial distribution of irrigation areas using various
data sources, which include the AVHRR NDVI, SPOT VGT
NDVI, JERS-1 SAR data, and University of Maryland Global
Tree Cover data. The results are reported by Thenkabail et al.
(2009). With ground-truthing of data, the authors reached an
accuracy of 79% to distinguish irrigated areas from non-
irrigated ones. The maps do not consider irrigation intensity
or seasonality, and, furthermore, the coarse spatial resolution
(10 × 10 m2) resulted in a failure to notice fragmented irriga-
tion systems. A considerable body of literature exists that
proxies the water quantities needed for irrigation by estimat-
ing the amount of water expelled through evapotranspiration
(Arjunan and Nanthakumaran 2016; Jensen and Allen 2016).
These studies investigate differences in evapotranspiration be-
tween different irrigations systems as well as spatial and tem-
poral variability using satellite imagery. These studies were
not included in the present review since they neither focus
on technology adoption nor directly estimate yield and eco-
nomic impacts.

3.4 Soil and water conservation

Soil and water conservation (SWC) is a generic term compris-
ing activities aimed at maintaining or enhancing the produc-
tive capacity of land, such as reducing soil erosion, salinity,
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and compaction, conserving water resources, and improving
soil fertility. Some of these technologies and practices
addressing the aforementioned challenges are terraces, stone
bunds, check dams, contour ditches, cover crops, and
reforestation. A number of socioeconomic studies addressed
farmer adoption and impacts of SWC practices, such as
Mutenje et al. (2016) and Kamau et al. (2014). Despite having
potential, satellite data are yet to become popular as a source
of information for mapping SWC practices.

One of the few studies that used satellite data to study
adoption of SWC practices (grass strips and bench terraces)
isWickama et al. (2015), which addressed the effectiveness of
these practices in slowing down soil erosion in farmers’ fields
in Tanzania. The study used ASTER (Terra satellite) and
WorldView-2 datasets and an object-based image analysis
for identification. Accuracy in identifying SWC practices
was at 77% (SWC vs. no-SWC). In a similar study on
Eritrea, Eckert et al. (2017) assessed the extent of existing
SWC structures focusing on terraces and bunds. Prior to this,
no reliable information was available on number and distribu-
tion of these structures in Eritrea. The authors used GeoEye-1
satellite data with 0.5 × 0.5 m2 resolution and an object-based
classification approach. They identified the majority of ter-
races and bunds (78.5%) as well as hillside terraces
(81.25%). We did not review the literature on ground water
depletion since measurements are too coarse to be used in the
adoption-impact studies (Frappart and Ramillien 2018).

3.5 Identifying crop types

A decisive advantage of using satellite imagery in adoption
and impact studies is the ability to monitor cultivation of dif-
ferent crops over both time and space. While there is a fair
amount of land-use maps using coarse classification classes
(for example, crop versus non-crop land), the identification of
individual crop types has proved to be a complex procedure.
Some reviews on crop type mapping already exists, but they
do not include newer developments and are more technical in
nature (Delincé 2017; Gómez et al. 2016). Some key studies
and newer developments are reported below.

Early attempts of crop type mapping yielded only low pre-
diction accuracies (Fang et al. 1998), a limitation that was
overcome with recent estimation methods and data. Kussul
et al. (2017) classified crop types in Ukraine using Landsat-
8 multispectral data and Sentinel-1A radar data. Classification
was done applying machine learning algorithms to
multitemporal and multisource satellite imagery. The authors
reached accuracies of more than 85% for all major crops in-
cluding wheat, maize, sunflower, soybeans, and sugar beet.
For a single crop type (paddy-rice in China), Zhang et al.
(2018) employed a convolutional Neural Network method
based on multitemporal Landsat 8 data. Overall accuracy
was high at 97%. The literature mapping rice areas in Asia

is fairly large (Singha et al. 2016; Son et al. 2014; Wang et al.
2015). Other crops types were also already successfully
mapped including soybean, maize, and cotton in Brazil
(Arvor et al. 2011), fruit-tree crops in Chile (Peña and
Brenning 2015), wheat, barley, alfalfa, and fruit trees in Iran
(Asgarian et al. 2016), wheat in Lebanon (Nasrallah et al.
2018), and tree crops in Myanmar (Alban et al. 2018). The
study of Lebourgeois et al. (2017) mapped a complete set of
crop types in smallholder agricultural areas in Madagascar but
accuracy varied greatly for different crop types. A few more
global exercises also exist. Inglada et al. (2015) and Defourny
et al. (2019) mapped crop types in various study areas across
the globe using high spatial resolution time series such as
Sentinel-2. Inglada et al. (2015) found that their approach
yielded overall accuracies above 80% for most sites.
However, in African agricultural systems, they attained low
accuracies in Madagascar due to the presence of small fields
and in Burkina Faso due to the intercropping of trees and
annual crops. Defourny et al. (2019) demonstrated the perfor-
mance of the Sentinel-2 for Agriculture (Sen2-Agri) system in
eight local sites and three countries (Ukraine, Mali, and South
Africa) including a wide range of crops, landscapes, and ag-
ricultural practices. The Sen2-Agri project was launched by
the European Space Agency to provide data products relevant
for cropmonitoring such crop type maps. The authors stressed
that accuracy depends on crop calendars as some crops are
more accurately mapped during certain growth stages and
that, as for other research, small fields and intercropping are
a major problem for identification.

Besides studies in low- and middle-income countries, mul-
tiple attempts of crop classification were undertaken in high-
income countries (e.g., Immitzer et al. 2016; Inglada et al.
2016). The prediction accuracies are likely to increase in the
future due to the increasing availability of multisource and
multitemporal satellite imagery as well as improved machine
learning algorithms (Ji et al. 2018; Zhu et al. 2017). Also, the
availability of satellite imagery with higher spatial resolution
is likely to increase the number of applications in the context
of the highly fragmented and heterogeneous agricultural land-
scapes typically found in developing countries. Besides iden-
tifying different crop types, an emerging literature on identi-
fying different crop varieties exists, which so far has focused
mostly on sugarcane and vineyard crops (Bégué et al. 2018).

4 Measuring crop yield and yield effects

In this section, we focus on how satellite data can help esti-
mate the yield impacts of agricultural practices at the field
level. While farmers are able to report adoption of technolo-
gies, for instance zero tillage, they often fail to state the crop
output and plot sizes precisely (Lobell et al. 2018). This could
lead to large measurement errors and biased impact
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assessments. Studies using satellite data have significant po-
tential to correct these errors and biases. Most of the studies
that use satellite data for yield estimation are built on the fact
that vegetation indices are linked to the biomass of the vege-
tation on the ground. However, approaches for translating
these vegetation indices into agricultural yields vary signifi-
cantly in their estimation methods, crop type, the amount of
ground data needed for calibration of models, and precision.

4.1 Measuring crop yield

One of the notable studies on estimating yields using satellite
data is Lobell et al. (2018), which employed Sentinel-2A im-
agery to estimate plot-level maize yields in Uganda. The au-
thors compared the accuracy of satellite yield estimates derived
using sub-plot crop cutting, full-plot crop cutting, and crop
model simulations (which require no ground data, see
Scalable Crop Yield Mapper method or SCYM developed in
Lobell et al. (2015)) for calibration. Yield models were devel-
oped by regressing the MTCI (MERIS Terrestrial Chlorophyll
Index) on crop cutting or crop model simulation data. The ob-
tained regression coefficients were used to estimate yields for
plots with no crop cutting data. The authors found that, while
self-reported yields had almost no correlationwith full-plot crop
cutting, remotely-sensed yields explained half of full-plot crop
cutting yield variability on pure stand plots above 0.1 ha.
Satellite yield estimates calibrated using only crop model sim-
ulations were able to capture the overall variation in yield as
well as crop cut trained models, however, overestimated yields.

Burke and Lobell (2017) estimated smallholder maize yield
in western Kenya, using SkySat imagery with 1 × 1m2 resolu-
tion and extensive ground-based survey data. The study found
high correlations between estimates based on satellite and sur-
vey data. The results further showed that it is possible to esti-
mate the effects of fertilizer and seed types using yield esti-
mates based on satellite data. Their results suggested that
higher resolutions of 1 × 1m2 to 5 × 5 m2 significantly im-
prove accuracy (up to R2 of 0.4) compared with 10 × 10 m2

(Sentinel) or 30 × 30 m2 (Landsat), which yield R2 ranging
from 0.1 to 0.3. Jin et al. (2017) expanded the estimation
approach using data across larger scales and testing different
indices and data, confirming that fairly accurate yield
estimates can be obtained using satellite imagery. Using
SkySat imagery Jain et al. (2016) estimated wheat yield of
smallholder farms in Bihar, India. They evaluated the perfor-
mance of crop models to simulate the necessary ground-truth
data to train their remote sensing algorithms. For yields, crop
cut parameterized models had the highest accuracies with R2

value of 0.3. Yields calibrated using self-reported data per-
formed considerably worse with R2 value of 0.1, while yields
calibrated using cropmodel data obtained R2 ranging from 0.2
to 0.3. Although the R2 value was relatively low, crop model
parameterized yield estimates from SCYM are produced with

significantly less cost and time compared with crop cut pa-
rameterized yields. In another study, Jain et al. (2017b), fol-
lowing a similar approach, transformed satellite vegetation
indices into yield estimates using data from crop models for
parameterization. Simulated yields as well as simulated Green
Chlorophyll Vegetation Index (GCVI) were obtained from the
SCYM method (Lobell et al. 2015). They applied a linear
regression to relate simulated yields and the GCVI. As the last
step, the regression coefficients were derived from the linear
model on actual Landsat GCVI and MODIS minimum tem-
peratures in order to calculate mean yields over the time peri-
od 2001–2015. At the district level, the authors obtained cor-
relation coefficients ranging from 0.5 to 0.8 when comparing
satellite-based yield estimates to district-level census data
(correlation coefficients are higher compared with other cited
studies due to the high aggregation level).

Other studies concerned with measuring crop yields in de-
veloping countries include Lambert et al. (2018), who estimat-
ed smallholder yields in Mali using Sentinel-2 data, and
Schulthess et al. (2013), who used 5 × 5 m2 RapidEye data
to estimate maize yield and yield gaps at the field scale in
Bangladesh. Zhao et al. (2017) estimated rice yields in
China using FORMOSAT-2 data. In developed country agri-
culture, a number of studies have accurately estimated yields.
He et al. (2018) combined MODIS and Landsat datasets to
derive gross primary productivity and interacted this variable
with empirical harvest indices to derive yields of a number of
crops, including wheat, in the USA. Khanal et al. (2018) com-
bined machine learning and satellite data to predict maize
yields in the USA. Lobell and Azzari (2017) estimated maize
yield heterogeneity in the USA. Several other studies estimat-
ed yields of staple crops such asmaize and wheat at the district
or country level (Becker-Reshef et al. 2010; Funk and Budde
2009; Labus et al. 2010). Besides measuring crop yield, re-
mote sensing data are also increasingly used for seasonal crop
yield forecast. While crop yield estimation is done after har-
vesting is completed, crop yield forecast is done within the
season prior to harvesting, whichmakes such data in particular
relevant for predicting food shortages (Basso and Liu 2019).

4.2 Measuring yield effects

The studies cited in Section 4.1 clearly show that a significant
literature exists on the use of satellite data to estimate crop
yields and yield gaps. On the other hand, only a limited num-
ber of these studies assess yield effects of technological inter-
ventions in developing countries. There exist some notable
studies on the yield effects of dams at the national and cross-
country level. Strobl and Strobl (2011) examined the impact of
large dams on agricultural productivity in Africa. They
mapped cropland area based on the Global Land Cover 2000
dataset (SPOT-4 imagery) and then estimated the net primary
production (NPP) over time based on MODIS data. The
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MODIS NPP data products are directly available from various
data platforms at a 1 × 1 km2 resolution at an annual basis.
With a spatial resolution at 1 × 1 km2, it is likely that spatially
segregated smaller farms were not captured in the estimation.
Blanc and Strobl (2014) investigated the effect of small versus
large dams on agricultural productivity in South Africa. To
estimate agricultural productivity, they followed the same ap-
proach as Strobl and Strobl (2011).

A few papers investigated the yield effects of crop succes-
sion with satellite data. Yamamoto et al. (2009) estimated the
effect of crop–fallow rotation cycles on agricultural produc-
tion in Laos. They used brightness and greenness indices to
distinguish between land with vegetation cover and bare land
between 1996 and 2003. The study has achieved an accuracy
of only 69% in identifying the duration of fallow. To assess the
impact of fallow duration on crop productivity, the authors
used the NDVI as a coarse proxy for productivity. Another
set of papers studied the yield effect of sowing dates, which is
one of the important yield-determining factors for seasonal
crops such as wheat. Ortiz-Monasterio and Lobell (2007)
assessed the yield impact of sowing dates and weed infestation
during the fallow period on wheat yields in the Yaqui Valley,
Mexico. The authors used Landsat-7 ETM+ images to esti-
mate wheat yield and sowing dates, using a more detailed
approach to estimate crop yield compared with the previous
listed studies. The estimation was based on yield as a function
of the total amount of Photosynthetically Active Radiation
(PAR) absorbed by the canopy throughout the growing sea-
son, light-use efficiency, and the ratio of grain mass to above-
ground biomass. The authors used data from experimental
plots to measure the latter two variables. To estimate PAR
absorbed by the canopy, the authors employed satellite imag-
ery. Weed infestation during fallow was differentiated from
other land uses based on the NDVI values. The estimation
procedure was described in detail by Lobell et al. (2003).

Bellora et al. (2017) used the NDVI derived from SPOT-5
satellite imagery, combined with land use classification to
quantify crop biomass to study the effect of crop diversity
on resilience and productivity. The authors used field bound-
aries and land use classification to compute an index on crop
diversity. Increase in surrounding biodiversity was found to
improve crop survival ratios and crop productivity.

This review shows that the literature using satellite data to
estimate the impact of agricultural practices on yield, despite
having great potential, is still limited. Most current applica-
tions that estimated the impact of certain interventions on
yields only used crop biomass or the NDVI or NPP as a yield
proxy. Small-scale agricultural production systems with high
crop diversity in developing countries posed a substantial
problem for past yield estimates based on satellite data.
More recent studies showed that fairly precise yield estimates
can be obtained using high-resolution satellite imagery.
Moreover, even though the correlation coefficient or

explanatory power remained often rather low, several studies
showed that the estimates still contain meaningful variation.
For example, Lobell et al. (2018) showed that their yield esti-
mates allow for accurate estimates on the effects of soil quality
and fertilizer application. Jain et al. (2016) showed that their
yield estimates (R2 = 0.33) picked up the effect of sow date on
yield. Yet, the current approaches possess certain limitations.
First, although many authors have indicated that crop model
data might suffice to calibrate yields, precise ground-truthing,
such as crop cutting data, is required to increase accuracy. This
would require substantial human and financial resources.
Second, most models assume a uniform relationship between
vegetation indices and yields within a certain cropping sys-
tem. However, these relationships are unlikely to be stable.
They could be a function of crop varieties used, the agro-
ecological conditions, and management methods.
Researchers hence need to consider the homogeneity of the
study region. Any extension of one particular yield estimation
method to another region and/or year has to be carried out with
caution.

5 Measuring environmental and economic
outcomes

5.1 Measuring environmental outcomes

In this subsection, we review studies that captured the envi-
ronmental effects of agricultural practices with satellite data.
There are not many studies in this genre, and the existing ones
addressed mainly the effects of (a) crop residue burning on air
quality and (b) adoption of SWC practices on biophysical
properties such as NDVI.

Burning is often the cheapest and quickest way to dispose
crop residues to allow land preparation for the next crop.
However, this practice is shown to adversely affect various
ecosystem services as well as human health (Lelieveld et al.
2015). Liu et al. (2018b) examined the effects of outdoor
biomass burning on air quality in India. The authors identified
fire activity using MODIS data and combined their results
with atmospheric trajectory modeling as well as ground and
satellite-based air quality observations. The MODIS active
fire products (Collection 6) use brightness temperature, mea-
suring the radiance of the microwave radiation to map active
fires. Several additional steps, such as using information of
surrounding pixels and masking out certain land uses, are
required to reach an accurate estimation (Giglio et al. 2016).
Most papers relate the observed fires from the MODIS active
fire products to the burning of crop residues by incorporating
timing and location of the fires. Vijayakumar et al. (2016)
examined the impact of crop residue burning on air quality
indicators focusing on northern India. Their analysis was built
onMODIS data, which was complemented with data from the
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Ozone Monitoring Instrument (Aura) and the CALIPSO sat-
ellite platform. Kaskaoutis et al. (2014) reiterated the far-
reaching effects of rice residue burning in northern India. In
the near future, Visible Infrared Imaging Radiometer Suite
(VIIRS) active fire data, the spatial resolution of which has
increased from 1 × 1 km2 to 375 × 375 m2, are likely to im-
prove fire-detection accuracy in comparison with the MODIS
data (Product Title: VIIRS I Band 375 m Active Fire Product
NRT). Lasko et al. (2018) studied the effect of rice residue
burning, focusing particularly on different burning practices,
such as pile burning (mostly applied in hand-harvested fields)
and non-piled burning (used inmachine-harvested fields). The
authors estimated harvest dates based on the date of maximum
backscatter derived from Sentinel-1 data, and they estimated
the burn date by adding 3 days to the date of maximum
backscatter. Estimates on the emissions originating from
different farm management practices were obtained from the
literature.

Another approach to delineate areas with residue burning is
through estimating vegetation indices. However, only a few
studies have estimated burned areas within agricultural land-
scapes following this approach. Wang et al. (2018) identified
winter wheat and burned area spectral signatures through field
experiments in central China. The study employed Vegetation
Difference Index (VDI) and Burn Scar Index (BSI) models to
estimate the burned crop area.

The second set of environmental impact studies is in rela-
tion to the SWC practices. We found two studies in this con-
nection. From 2009 to 2015, Ethiopia’s Tana Beles Integrated
Water Resource Development Project supported SWC and
tree planting in micro-watersheds. To estimate the project’s
impact, Ali et al. (2018) applied Landsat-7 ETM+ imagery
to compute NDVI and Soil Adjusted Vegetation Index
(SAVI) to measure vegetation cover before and after the pro-
ject implementation. They also computed Land SurfaceWater
Index (LSWI) as a measure of plant and soil water content.
Five-kilometer buffers around the treated watersheds served
as the control regions. The authors applied a difference-in-
difference approach with pixel-level fixed effects to study
the environmental impacts. The results indicated significant
positive effects of SWC practices on soil water content and
photosynthetic activity and that impact magnitudes were
increasing over time. In another study, Shanwad et al. (2008)
applied satellite data to evaluate an integrated wasteland de-
velopment program in India for 1997–2001, employing NDVI
values to derive the project’s effects on reestablishing
vegetation.

5.2 Measuring economic outcomes

Application of satellite imagery is highly useful for obtaining
the indicators of economic activity over a large geographical
area for a long period in time, for which secondary datasets are

noisy or unavailable. In this section, we discuss how satellite
imagery can help estimate poverty and economic activity and
thus be potentially useful to evaluate the economic impact of
agricultural interventions in rural areas of developing
countries. However, the literature is scant; we found only a
single study that actually used satellite data to estimate the
economic outcome of a specific agricultural technology.
Biffis and Chavez (2017) estimated the effect of irrigation
on economic returns, using the example of smallholder maize
farmers in Mozambique. Data were obtained from NASA
MERRA open source data set, which was built on information
from various satellite systems, and using numerical models to
produce temporally and spatially consistent estimates of cli-
mate variables. The authors analyzed this dataset and estimat-
ed pixel-level optimal excess heat, deficit precipitation indi-
ces, and synthetic crop yields. The authors used the magnitude
of reduction in crop insurance costs to quantify the economic
gains from irrigation. The changes in crop insurance cost were
estimated based on a modeling approach. Risk profiles were
computed based on the distributions of production losses de-
termined by pixel-level optimal weather indices. Risk profiles
changed from rainfed maize to irrigated maize production due
to mitigating soil moisture deficit stress. The cost of irrigation
infrastructure was calculated using the FAOSTAT infrastruc-
ture cost database. The authors calculated that at least 30%
reduction in insurance costs is possible through providing ir-
rigation in the region.

The potential to use satellite data to estimate the economic
effects of agricultural interventions is huge, but remains un-
tapped. One of the most commonly used datasets to identify
and estimate economic activity is the night-time lights (NTL)
data from the Defense Meteorological Satellite Program
(DMSP). The Earth Observation Group (EOG) at the
National Oceanic and Atmospheric Administration (NOAA)
has been archiving and processing the DMSP’s NTL data
since 1994 at a resolution of approximately 1 × 1 km2. In
2014, Huang et al. (2014) found 189 different journal articles
that used DMSP data. However, several researchers
questioned the suitability of NTL data for economic research
due to low resolution, “light spillovers” to neighboring pixels,
and, lastly, underestimation of economic activities in rural
areas, such as agriculture, that emit a little or no light at night
(Bundervoet et al. 2015; Keola et al. 2015).

While previous NTL data do not seem promising for im-
pact evaluation, new sensors may potentially help researchers
quantify NTL at finer spatial resolutions. In 2011, the Suomi
National Polar Partnership satellite was launched carrying a
VIIRS instrument. Studies showed that VIIRS, with resolu-
tions ranging from 375 to 750m2 (at nadir, depending on the
sensors), performs substantially better than the DMSP-OLS.
Also the VIIRS is sensitive to very low levels of visible light,
which might be necessary to capture the economic activity in
rural areas (Chen and Nordhaus 2015; Hillger et al. 2013; Wu
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et al. 2018). Finally, NASA’s Black Marble night-time lights
product suite (VNP46) started to provide high-quality, cloud-
free, atmospheric-, terrain-, vegetation-, snow-, lunar-, and
stray light–corrected radiances in 2018. This would facilitate
estimation of NTL based on VIIRS data, following the suc-
cessful work of the EOG team and their DMSP dataset
(Román et al. 2018). While the resolution is still far too coarse
to estimate economic activity at the farm-household level,
these developments may facilitate a better prediction of re-
gional trajectories. For example, if agricultural development
interventions target specific villages or larger entities, it could
be of interest to track the interventions’ impacts on economic
activity over time through changes in night-time lights.

Besides NTL data, other approaches are being used to
proxy economic activity. Although these approaches are not
yet applied tomeasure the impact of agricultural interventions,
they illustrate the potential of deriving economic variables
from satellite data to track longer term economic outcomes.
For instance, Engstrom et al. (2017) mapped infrastructure in
Sri Lanka, including the number and density of buildings,
prevalence of shadows (proxy for building height), number
of cars, density and length of roads, type of farmland, and roof
material, employing daytime imagery from WorldView-2,
GeoEye-1, and QuickBird-2, as well as machine learning al-
gorithms. The authors showed that, in linear regression
models, the extracted features could explain about 60% of
census-based poverty headcount rates and average household
consumption. In particular, building density, built-up area,
number of buildings, shadow pixels, and, to some extent, veg-
etation explained up to 45% of the variation in poverty. In
comparison, models using NTL explained only up to 15% of
the variation in the poverty indicators. Babenko et al. (2017)
employed convolutional neural networks to estimate poverty
rates in Mexico using Planet and Digital Globe imagery with
spatial resolutions of 3 × 3 m2 to 5 × 5 m2 and 0.5 × 0.5 m2

respectively. The convolutional neural networks, trained using
poverty data from 896 municipalities, yielded a correlation
coefficient of about 0.60 for poverty rates in the validation
sample. The explanatory power, however, was drastically re-
duced when applied outside the validation sample.

Jean et al. (2016) analyzed both day- and night-time satel-
lite data as well as survey data from Nigeria, Tanzania,
Uganda, Malawi, and Rwanda and indicated that
convolutional neural networks can explain up to 75% of the
variation in economic outcomes, such as household
consumption and asset status. Head et al. (2017) replicated
this approach in Rwanda, Nigeria, Haiti, and Nepal and were
able to estimate asset status with relatively high accuracy (R2

0.50–0.70), however, only by considerably fine-tuning the
Jean et al. (2016) code.

The aforementioned approaches have only estimated the
average asset status across different regions. However, asset
status does not necessarily correlate with other key

developmental indicators such as education and weekly con-
sumption expenditure and is rather a long-term outcome of
households’ economic activity that might only slowly change
due to the immediate variations in households’ economic sta-
tus. This bears three important lessons for the applications of
such data in agricultural impact studies. First, while many
agricultural interventions demonstrate an immediate yield ef-
fect, the economic effects may appear only gradually over
time, making satellite data less useful in capturing these im-
pacts. Second, since satellite data will be aggregated at a
higher spatial level, it is more useful to study the impacts at
the meso-level rather than at the micro-level. Lastly, since
these data do not strongly correlate with some welfare indica-
tors such as health and education, it will be still indispensable
to acquire complementary field survey data.

6 Future prospects

Although the scope of applications of satellite data to assess
adoption and impacts of agricultural practices is consistently
widening, there exists an untapped potential to better integrate
satellite data with field surveys. Most countries provide sec-
ondary data on socioeconomic characteristics, for example,
population density, wealth, and infrastructure, that can be ef-
fectively linked with estimates on the expansion of agricultur-
al practices. This could improve our knowledge on the factors
driving adoption patterns of agricultural practices. Unlike in
the reviewed studies, a considerable body of literature does
exist linking land cover and land use changes (like deforesta-
tion and agricultural expansion) to socioeconomic variables
(Mondal et al. 2016; Richards and Friess 2016).

Some of the important stepping-stones towards this goal
include improving estimation and data extraction procedures,
increasing accessibility and availability of preprocessed satel-
lite data and facilitating georeferencing of ground-level data.
While drawing mere correlations between agricultural prac-
tices and various outcome variables is relatively easy, more
refined estimation methods are essential to elicit causal ef-
fects. Satellite data can augment conventional adoption and
impact studies by providing important variables that cannot be
captured easily using farm-household surveys. Econometric
estimation procedures could be enhanced using remotely
sensed control variables, for example, through matching
farmers from regions with comparable agro-ecological char-
acteristics and farming practices. Satellite data can also im-
prove difference-in-differences approaches by estimating be-
fore and after treatment outcomes and testing the underlying
assumptions of parallel trends. By comparing trends over time
between a treatment group and a control group, researchers
often implicitly assume that any difference in trends is due to
the treatment or intervention. However, if the treatment group
was on a different growth track even before the intervention,
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for example, having faster yield increases than the control
group, one would falsely attribute the faster growth in yield
to the treatment. Also, spatial regression discontinuity designs
could become more commonly applied with the help of re-
mote sensing (BenYishay et al. 2017). In addition, location
fixed effects could be used to control for some of time-
invariant unobserved heterogeneity. A better integration of
spatial econometrics with satellite data could also be benefi-
cial. Spatial econometrics allowsmeasuring both direct effects
as well as spillover effects through, for example, spatial
Durbin models or simpler SLX models (Halleck Vega and
Elhorst 2015). Other key applications of satellite data include
better identification strategies for causal estimations.
Adoption and impact studies often suffer from selection biases
since unobserved individual farmer or farm characteristics
may influence up-take as well as outcomes. Adoption is also
influenced by agro-ecological conditions that are, however,
unlikely to correlate with individual characteristics. Such ex-
ogenous variation could help construct instrumental variables.
Moreover, satellite data can be used during sample selection
for meaningful stratification, such as across agro-ecological
zones or different levels of soil fertility.

For variable extraction from satellite imagery, machine
learning is one of the most promising tools. Due to the large
amount of data, it is often difficult to relate satellite data to
variables based on simple models. Machine learning can ef-
fectively relate raw data to meaningful outcomes in much
more complex ways that allow for non-linearity and interac-
tions across variables. Jean et al. (2016) is one of the earliest
studies demonstrating how machine learning algorithms can
be trained to predict poverty from satellite imagery.

Concerning the availability and accessibility of satellite
data, some of the recent developments are noteworthy. The
Copernicus program (Sentinel satellites) followed in the foot-
steps of Landsat making its data open-access while increasing
the spatial resolution from 30 × 30 to 10 × 10 m2. The VIIRS
data products are also replacing MODIS data to continue on
the coarse-resolution, long-term data records, while improv-
ing data quality considerably (Skakun et al. 2017). Other ini-
tiatives focus on delivering near–real-time or even real-time
data to facilitate monitoring and immediate interventions (Li
et al. 2018; Liu et al. 2018a). Also, private companies extend
the portfolio of available satellite imagery. Private companies
such as Planet or DigitalGlobe operate more satellites than any
organization besides the USA and Russian governments, pro-
viding coverage of the entire globe with multispectral imagery
resolution down to 1 × 1m2. Having global and open access
products on various key variables is also crucial. For instance,
Digital Soil Mapping (DSM) use environmental characteris-
tics derived from satellite imagery to predict soil properties on
various scales. Vågen et al. (2016) present models for digital
soil mapping based on MODIS data and 114 sites with each
160 sampling plots (10,473 topsoil samples) across Sub-

Saharan Africa. The authors produce maps for soil indicators
such as soil organic carbon, pH and sand, data that can be
highly valuable for adoption and impact studies. Besides
new satellite programs, open-access policies, and data prod-
ucts, the availability of powerful and cost-free platforms such
as Google Earth Engine (GEE) have greatly reduced the costs
for image acquisition and processing. These platforms provide
access to various types of preprocessed imagery in the cloud
as well as algorithms to further process the data. Besides GEE,
several platforms have built up databases with tools to easily
extract data. These platforms include Aiddata, Copernicus
Open Access Hub (Sentinel data), GLCF (Global Land
Cover Facility), the Radiant Earth Foundation, and the
USGS (United States Geological Survey) Earth Explorer.

Over the last few years, the availability of georeferenced
household and plot data has greatly increased, allowing re-
searchers to merge ground-based survey data easily with sat-
ellite data. The World Bank provides, for example, a
georeferenced dataset, which includes all World Bank projects
based on funding from the IBRD (International Bank for
Reconstruction and Development) or the IDA (International
Development Association) from 1995 to 2014. This dataset
includes 5684 geocoded projects across 61,243 locations.
Concerning household data, DHS (Demographic and Health
Survey) and LSMS (Living Standards Measurement Study)
datasets are nowadays georeferenced at the enumeration area
level. However, although georeferencing is becoming more
and more common, it is still far from universal or uniform
across geographies. Furthermore, for surveys that recorded
GPS data, it is common to solely georeference locations of
interviewed households or enumeration area rather than taking
additional data on farm location and plot boundaries, not least
to protect privacy concerns. Aside from walking plot bound-
aries, new approaches for area measurement such as using
offline satellite maps for outlining the area on tablets are likely
to decrease additional costs. Further efforts in this area can
foster the integration of survey and satellite data.

7 Conclusion

The present study showed that, while the literature focusing
on improving the accuracy of mapping agricultural practices
through satellite data is extensive, actual applications of satel-
lite data for adoption and impact studies of agricultural prac-
tices in developing countries are still in the infancy stage.
Concerning the adoption of agricultural practices, most stud-
ies focused on employing different indices, bands, or resolu-
tions in order to improve the accuracy of identifying agricul-
tural practices or only estimated the level of adoption and
spatial variation rather than explaining the observed adoption
patterns. Satellite imagery has also been rarely used to esti-
mate the yield and welfare impacts of agricultural practices.
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Only a few studies hence effectively exploit the main advan-
tage of satellite data, that the impact evaluations can be imple-
mented remotely, retrospectively, and at low costs, which also
allows researchers to measure long-term impacts (Ali et al.
2018; Wallander et al. 2018). Lobell et al. (2018) and Jean
et al. (2016) illustrated novel approaches for how potential
outcome variables such as yield and economic activity can
be estimated with high accuracy through satellite imagery.

While the usage of satellite data is still limited in studies
focusing on adoption and impacts of specific agricultural in-
novations, satellite data are already more commonly used for
other applications. Numerous papers showed that satellite data
can be used to identify changes in land cover such as defores-
tation and agricultural expansion as well as to find linkages
with socioeconomic variables. In addition, a considerable
body of work exists that uses satellites to study the determi-
nants of yield gaps, illustrating the potential benefits of merg-
ing different data sources.

Yet, the application of satellite data should not be limited to
measuring key variables at the farm level. The data can also be
used to contextualize studies and help interpret results.
However, since satellite data are unable to detect various key
variables in the development context such as education,
health, empowerment, labor hours, or wages, it is important
to foster integration rather than replacement of conventional
approaches, such as collecting household survey data, in
adoption-impact studies. Additionally, developmental re-
searchers have to be cautious about the problems that remote
sensing harbors, such as measurement errors produced by
mixed pixels (Choodarathnakara et al. 2012), unclear indica-
tors for measurement accuracy (Azzari et al. 2019), and high
temporal and spatial variation in the performance of indices in
identifying different agricultural practices.

We see several explanations for the slow pickup of remote
sensing applications for adoption-impact studies in develop-
ing countries. First, until recently, most open-access satellite
data such as Landsat did not have a sufficient fine resolution to
identify the small plots typically found in developing coun-
tries. Additionally, many directly available data products de-
rived fromMODIS and DMSP have coarse resolutions, which
only allow for the evaluation of large-scale projects. Second,
while datasets that are preprocessed and easily accessible,
such as the DMSP NTL dataset, have been popular among
economists, most satellite data are not preprocessed.
Preprocessing necessitates substantial technical knowledge
and time to produce required outputs. Third, agricultural and
economics departments might not be sufficiently connected
with remote sensing departments to allow for knowledge-
and methodology-spillovers. Most reviewed studies have
been more concerned with evaluating the accuracy of identi-
fication than interpreting the socioeconomic or ecological
meaning of their results. As a result, most papers are technical
and published solely in the disciplinary journals of remote

sensing. We believe that addressing this gap might improve
current approaches in adoption and impact studies. This paper
hopes to facilitate and enhance the collaboration between re-
searchers from the fields of remote sensing and economics,
illustrating current and potential applications of satellite data
for measuring up-take and impacts of agricultural practices.
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