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Abstract: Farm-level sustainable intensification metrics are needed to evaluate farm performance and
support policy-making processes aimed at enhancing sustainable production. Farm-level sustainable
intensification metrics require environmental impacts associated with agricultural production to
be accounted for. However, it is common that such indicators are not available. We show how
satellite-based remote sensing information can be used in combination with farm efficiency analysis
to obtain a sustainable intensification (SI) indicator, which can serve as a sustainability benchmarking
tool for farmers and policy makers. We obtained an SI indicator for 114 maize farms in Yangxin
County, located in the Shandong Province in China, by combining information on maize output
and inputs with satellite information on the leaf area index (from which a nitrogen environmental
damage indicator is derived) into a farm technical efficiency analysis using a stochastic frontier
approach. We compare farm-level efficiency scores between models that incorporate environmental
damage indicators based on satellite-based remote sensing information and models that do not
account for environmental impact. The results demonstrate that (a) satellite-based information can be
used to account for environmental impacts associated with agriculture production and (b) how the
environmental impact metrics derived from satellite-based information combined with farm efficiency
analysis can be used to obtain a farm-level sustainable intensification indicator. The approach can be
used to obtain tools for farmers and policy makers aiming at improving SI.

Keywords: sustainable intensification; Bayesian stochastic frontier analysis; leaf area index

1. Introduction

Over the last decades, China’s agriculture has been transforming from traditional to
modern practices leading to a significant increase in the use of agricultural inputs such
as fertiliser and pesticide, e.g., synthetic N fertiliser application increased from 7.07 to
26.21 million tons (a 271% increase) between 1997 and 2005 [1]. This has led to a problem
of overuse of fertiliser and pesticide, which has resulted in serious pollution of water,
soil and air [1–4]. This has led to calls for environmental protection [5]. In 2015, the
Chinese government targeted zero growth in the use of fertilisers and pesticides by 2020
to avoid further contamination. In achieving this target, monitoring farms’ productive
and environmental performance is key to identify those in need of support (e.g., advice
and training). One tool that can be used to monitore is the use of remote sensing for earth
observation (e.g., monitoring crop N status [6]). We use this information in combination
with information on production inputs and output to (a) obtain a measure of sustainable
intensification (SI) and (b) compare it with standard efficiency analysis metrics to show
how incorporating an environmental dimension matters in farm efficiency scores.
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Earth observation using remote sensing (i.e., satellite-based, airborne sensors and
ground-based) data information has the capacity to provide useful temporal and spatial
information for agriculture production analysis (e.g., crop growth), monitoring of envi-
ronmental impact and externalities associated with crop production (e.g., nitrogen (N)
use) [7,8]. Remote sensing can be used to help identify sustainable management practices
and farmers in need of support to achieve sustainable production [7–9]. For instance,
satellite-based data can provide useful information on the crop status as well as on crop
production externalities throughout the growing season at different scales, which can be
integrated into production models to forecast yields that optimise externalities and/or
obtain indicators for sustainable production, which can help farm managers and policy
makers to monitor and plan actions aimed at achieving sustainable production.

Here, we focus on production externalities associated with N use, both obtaining and
integrating an indicator for externalities associated with N use into a stochastic frontier
analysis. Although N is essential for plant growth, excessive N application can lead to envi-
ronmental degradation. We integrate available satellite-based remote sensing information
on N use at the farm-level using information on farm coordinates with farm-level data
obtained through a survey into a farm efficiency analysis to obtain an indicator of SI, which
can serve as a benchmarking tool for farmers and policy makers aiming at improving farm
environmental sustainability.

The paper is organised as follows. Section 2 provides an overview of the main ap-
proaches used to measure sustainable intensification. This section explains how production
externality indicators (e.g., environmental impact indicators, including satellite derived
leaf area index) can be incorporated into standard efficiency analysis to obtain sustainable
intensification metrics. In Section 3, we describe the materials and methods used to conduct
the analysis. Here, we describe the data used as well as the development of environmental
impact and sustainability indicators, their incorporation into an efficiency model and the
model estimation process. Section 4 presents the results for a standard model, which
does not include the environmental output (Model 1) and a model that incorporates a
satellite-derived environmental impact indicator (Model 2). Section 5 discusses the results
and Section 6 presents the conclusions we can extract from the analysis.

2. Measuring Sustainable Intensification

SI is seen as a possible way to tackle the problem of having to increase food production,
as a consequence of an increasing population, whilst protecting the environment [9,10]. As
pointed out by [11], a precise definition of SI is not possible with SI being a concept with
different interpretations and definitions that overlap between them [12]. Such differences
in the interpretation and definition of SI are rooted in both the spatial heterogeneity found
in the environmental context, the heterogeneity of production systems employed and the
different views held by stakeholders on what SI means to them [10,12]. Hence, a wide range
of approaches have been used to develop SI metrics covering a variety of aspects such as
productivity, economic sustainability, environmental sustainability, social sustainability
and human wellbeing [13]. One of the stems to achieve SI is through assessing farmers’ per-
formance (i.e., using farm-scale metrics) [14]. However, many of the SI indicators/metrics
developed are individual indicators that capture a single aspect within SI, which may have
a limited use, especially in agricultural systems that produce multiple outputs including
positive and negative externalities associated with the use of agricultural inputs (e.g.,
fertilisers). Some of these individual indicators are ratios of units of output per unit of
environmental impact or pressure [15]. Consequently, composite indicators using weights
to aggregate individual indicators have been developed to overcome the limitations of
individual indicators. However, these type of composite indicators do not directly account
for interactions between inputs, outputs and externalities. One way to integrate negative
externalities indicators and market outputs is through incorporating production externality
indicators into an efficiency and productivity analysis of non-agricultural activities using
non-parametric and parametric approaches, such as data envelopment analysis (DEA) and
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stochastic frontier analysis (SFA) [16–18]. DEA approaches started to be applied to the effi-
ciency analysis of agricultural activities [19,20] as well as stochastic frontier analysis (SFA)
approaches [21]. Accounting for positive externalities in the efficiency analysis was applied
later by [22]. This earlier work led to the development of sustainable production and SI
metrics that incorporate environmental aspects (positive and/or negative externalities)
into efficiency analysis, either using stochastic frontier analysis (SFA) or data envelopment
analysis (DEA) [12,23–25]. The first to derive an SI indicator from efficiency analysis using
DEA was [24]. However, the eco-efficiency literature and work on the development of
farm-level metrics that account for both market and environmental outputs from farming
(negative and positive externalities) using DEA (e.g., [15]) and SFA approaches could also
be used/interpreted as indicators for SI. The authors of [12] point out how eco-efficiency
and SI are actually closely related concepts.

SFA and DEA approaches that integrate agricultural production with its externalities
to obtain SI metrics can be embedded within a production possibilities frontier (PPF)
framework with two dimensions: agricultural production and provision of environmental
goods/ecosystem services [26,27]. These approaches can calculate an index that weights as
a single value the different ecosystem service (i.e., positive externalities) with agricultural
production. However, as pointed out by [11,12], the trade-off between agricultural and
ecosystem service provision is not known in practice due to being a combination of multiple
ecosystem services, and it varies across space. In the same way, it is acknowledged that the
environmental impact associated with agricultural production cannot be easily measured
and in most of cases it is unknown, making the use of environmental indicators the best
possible option available.

The leaf area index (LAI), which is defined as half the total area of green elements of
the above-ground portion of a crop per unit horizontal ground area, can be used to derive a
metric of maize N uptake. The use of LAI as an indicator for plant N uptake has been previ-
ously validated [28]. Consequently, we use LAI to provide an estimate of N concentration
(Nc) in maize [28], which we use as an indicator of environmental damage associated with
maize production. Hence, we combine information on N’s environmental impact/damage,
using a satellite-derived LAI, with farm production factors and farm output to derive a
sustainability measure/sustainable intensification measure that accounts for both the use
of inputs and the environmental damage associated with Nitrogen use in maize production.
Remote sensing data offers an opportunity to incorporate relevant information on typically
non-observed farm production externalities. We show how satellite-based remote sensing
data can be used to account for externalities associated with N use in maize production
and be incorporated into SFA to obtain a farm-level SI indicator.

3. Materials and Methods

In this section, we describe the data used in the analysis including the location of the
survey conducted and information collected. In addition, we explain how we derived a
farm-level sustainability indicator by incorporating an environmental impact indicator
associated with maize production using satellite data into efficiency analysis. Finally, we
explain how the models used are estimated and their predictive capability is evaluated.

3.1. Data

We used a survey dataset of 114 maize farmers in Yangxin County located in Shandong
Province in China (Figure 1) who were interviewed face-to-face between October 2018
and February 2019. Shandong province is China’s highest wheat and maize producer.
The survey collected information on the quantity of maize output produced (kg); inputs
used included the cultivated area (mu), seed cost (Chinese Yuan), fertiliser cost (Chinese
Yuan), crop protection cost (Chinese Yuan), labour used (total number of hours) and
location coordinates of the plots. Mu is a land measurement in China, where 1 mu is
approximately 0.067 ha. We also collected information on the LAI from the European
Commission Copernicus services (land, atmosphere and emergency management services).
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The LAI index was averaged for each field over the maize growing season period, which
runs between June 2018 and October 2018. The growing season was determined by using
information provided by farmers in the sample on planting and harvesting dates.

Figure 1. Location area of maize farms.

3.2. Environmental Impact and Sustainability Indicators

We obtained an environmental impact indicator associated with maize production
using satellite data. This environmental impact indicator is used to derive a farm-level sus-
tainability indicator that accounts for the interrelationship between crop production and the
negative externalities associated with N overuse (i.e., negative impact on the environment)
using an efficiency analysis framework. For this, we first derive a proxy for environmental
damage due to N use (using estimated N usage at the farm-level from satellite-based
remote sensing data). It is worth pointing out that we evaluated a range of possible suitable
environmental indicators (EIs) available from earth observation (EO) data provided by the
European Commission Copernicus services (land, atmosphere and emergency management
services) that could be used for our analysis. We did not find as many indicators as initially
expected that could be used as environmental indicator associated with maize production
using this non-commercial satellite data source. Furthermore, we found that the spatial
resolution of most of the data was not adequate for the spatial distribution of the farms
studied. However, as pointed out above, we found an indicator, the mean leaf area index
(LAI), to obtain an indicator of environmental impact associated with N use. Since the data
contain information on the location of the farm (coordinates), we could match the farms to
the LAI and calculate for each plot the average LAI during the maize growing period. We
used daily LAI over the maize growing season (June 2018–October 2018), obtained from the
European Commission Copernicus services, from which we calculated its average over the
summer growing season for each maize plot. The LAI spatial resolution is 300 m, which is
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estimated by applying a neural network on instantaneous top-of-canopy reflectances from
Sentinel-3 OLCI (v1.1 products), or daily top-of-aerosol input reflectances from PROBA-V
(v1.0). For further detailed information on LAI data (e.g., algorithm, quality, validation
and technical characteristics) used please visit Leaf Area Index|Copernicus Global Land
Service. Using the farm-level LAI values we obtained a critical N concentration (Nc) [28,29].
Critical content of nitrogen is the minimum N concentration in shoot biomass and specific
plant organs, e.g., leaves, stem and leaf area index, (i.e., aboveground dry matter, % DM)
required for maximizing growth rate in the plant measured in Mg N g-1 dry biomass units.
Knowing the crop Nc can help to optimize yield as well as reduce environmental impact by
better managing N use [30]. Following [29], we calculated the Nc for maize as follows

Nc = 3.84LAI−0.45 (1)

where LAI is the average leaf area index over the maize growing season for maize.
Equation (1) shows that the higher the LAI is, the lower the Nc is (i.e., the nitrogen use is
relatively high and the nitrogen concentration needed to maximise growth is relatively
low). In order to facilitate interpretation, we changed the sign of Nc. In this case, relatively
high (low) Nc values indicate relatively high (low) risk of environmental damage.

Equation (1) establishes a theoretical framework to link the relationship between
LAI and Nc for summer maize in China [29]. Hence, Equation (1) can be applied with
confidence to summer maize grown in China and could potentially be applied to other
parts of the world. However, confirmation requires further research. Although parameters
of LAI-based curves change across different species (rice, wheat and maize) [29], it was
also found that dry matter-based nitrogen concentration measures developed for summer
maize in France are also applicable to Germany and eastern Canada [29].

The Nc was previously used to calculate N nutrition index (NNI) used to determine
the crop N nutrition status [31]. Since all farms are located in the same province (i.e., facing
similar environmental conditions) the use of Nc as an indicator for (risk to) environmental
damage is independent of such conditions. We expect the coefficient of this indicator
to be positive, indicating that the greater the value of the Nc (i.e., the higher the risk of
environmental damage) the higher the maize output. This would capture a trade-off
between higher maize output and protecting the environment.

Table 1 shows the descriptive statistics of the data used in the analysis.

Table 1. Data descriptive statistics.

Variable Mean Std. Dev.

Maize production (kg) 6298 4010
Maize area (mu) 10.9 6.1

Fertiliser cost (Yuan) 141.1 40.0
Crop Protection cost (Yuan) 20.7 12.0

Labour (hours) 186.2 90.1
Nitrogen Use Indicator (Nc) 2.9 0.3

3.3. The Efficiency Model

We used two alternative models, one which would be the standard efficiency analysis
that does not account for environmental impact associated with N use (Model 1), and a
second model which incorporates the environmental impact indicator based on the nitrogen
concentration (Model 2).

We used a distance function framework to account for the multi-output multi-input
production process. We described the set of both output vectors, maize and negative
externalities associated with nitrogen use (Model 2) in the output/production possibility
set P(x).

P(x) =
{

y ∈ RM
+ : ”x can produce y”

}
= {y : (x, y) ∈ T} (2)
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where y refers to all M farm outputs, maize and negative externalities associated with
nitrogen use, which for Models 2 and 3 include the environmental impact and damage
indicators, respectively; x all K inputs used, and T is the production technology set. The
distance function is defined in the output set as

DO(x, y) = “min” {θ : yθ ∈ P(x)}” f or all “ x ∈ RK
+ (3)

We parameterised the distance function as a Cobb–Douglas function, defined over M
outputs and N inputs:

ln D0i = α0 +
M

∑
m=1

αmymi +
K

∑
k=1

βk ln Xki, i = 1, . . . , N (4)

where D0i denotes the output-oriented distance function; α’s and β’s are parameters to
be estimated; ymi is the m output (maize, environmental externality) of the ith farm in the
sample; xki is the quantity of input k used in the ith farm in the sample. We normalised
Equation (5) by maize production to transform it into an estimable regression, which leads
to the following estimable function.

− ln y1 = α0 +
M

∑
m=1

αm
ymi
y1

+
K

∑
k=1

βk ln xki − ln DOi,= 1, . . . , N (5)

Using matrix notation, we can represent the model as follows:

y = Xβ + ε− z (6)

where y is a N× 1 vector that denotes the farms’ logged maize production; Xi is a matrix of
the farms’ logged production inputs and negative externality (environmental impact and
damage indicators); ε is a normal error term and z is the farms’ inefficiency term, which
follows a Gamma distribution. The critical N concentration Nc is normalized by the main
output (maize) and all variables in the model are standardized.

3.4. Model Estimation

We used a Bayesian approach with Markov chain Monte Carlo (MCMC) sampling
to estimate the conditional posterior distribution of the parameters of the frontier model
(β, σ, z). Under this approach, we assumed a normal conditional distribution for the
production function

y ∼ N(Xβ + ε− z, σ) (7)

with weakly informative priors for β ∼ N(0, 10); σ ∼ Cauchy(0, 10); z ∼ G(1, (1/
−log(0.85))). We ran 4 chains with 5000 iterations each, discarding 2500 in each chain,
meaning there were a total of 10,000 total draws retained. We used the Watanabe–Akaike
information criterion (WAIC) and the leave-one-out-cross-validation (LOO-CV) method
since these measures allow for evaluating model predictive capability, without the need to
re-estimate the model on a cross-validation set. In addition, we use WAIC and LOO-CV
to compare both models’ predictive performance. A lower WAIC and LOO-CV indicate
a better predictive model. Analysis of the data was performed using the rstan package
v2.21.2 [32,33].

4. Results

This section first presents the mean coefficients associated with inputs (Model 1)
and the environmental impact (Model 2) of the MCMC sample observations for Model 1
(standard efficiency model) and Model 2 (incorporating an environmental impact indicator
based on the Nc). Secondly, it presents predictive performance statistics for each model.
Thirdly, we present the mean efficiency estimates across maize farms in the sample for the
two models. Finally, we compare the farm efficiency rankings obtained from both models.
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4.1. Coefficient Estimates Associated with Production Inputs and Outputs

Tables 2 and 3 show the mean coefficients as well as the 95% coverage posterior
region (i.e., the fifth and ninety fifth percentiles of the parameters’ conditional posterior
distributions) for the standard model, which does not include the environmental output
(Model 1), and the model that incorporated the environmental impact indicator (Model 2).
All inputs in both models are positive, complying with monotonicity (i.e., an increase in
the use of inputs does not lead to a decrease in output). There are no relevant differences
between coefficients obtained in the two models, except for the coefficient associated with
area allocated to maize production. The positive coefficients of production inputs in Model
1 indicate that a 1% increase in area fertiliser, crop protection and labour yields a 0.93%,
0.01%, 0.02% and 0.06% increase in maize output. The results from Model 2 indicate that a
1% increase in area fertiliser, crop protection and labour yields a 0.72%, 0.01%, 0.02% and
0.03% increase in maize output. Model 2 also predicts that a 1% increase in environmental
impact associated with N use would lead to a 0.45% increase in maize output. Hence, the
positive coefficient associated with the environmental impact indicator (Nc) in Model 2
indicates that the higher the environmental risk by N use is, the higher the maize output
per ha, capturing the trade-off between the damage associated with nitrogen use and
maize output. In addition, we compared the between- and within-chain estimates for
model parameters, which showed no indication of chains not mixing well. Tables 2 and 3
also report on the R̂ ratio, which indicates all chains for each parameter estimated have
converged (i.e., values of R̂ < 1.1) [31]

Table 2. Model 1 parameter estimates.

Logged Variable Mean Coeff. 95% Posterior ^
R

Intercept 0.25 (0.21–0.29) 1.0
Maize area 0.93 (0.86–1.00) 1.0

Fertiliser cost 0.01 (0.00–0.03) 1.0
Crop Protection cost 0.02 (0.00–0.04) 1.0

Labour 0.06 (0.02–0.11) 1.0

Table 3. Model 2 parameter estimates.

Logged Variable Mean Coeff. 95% Posterior ^
R

Intercept 0.18 (0.15–0.21) 1.0
Maize area 0.72 (0.66–0.79) 1.0

Fertiliser cost 0.01 (0.00–0.02) 1.0
Crop Protection cost 0.02 (0.00–0.05) 1.0

Labour 0.03 (0.01–0.07) 1.0
Environmental impact indicator 0.45 (0.40–0.49) 1.0

4.2. Predictive Model Performance

Table 4 shows results for statistics measuring model predictive accuracy. The results
in Table 4 suggest that Model 2 is preferred to Model 1 using both predictive performance
statistics. To determine whether the difference is significant, we calculated a z-score and
compared it with a standard normal distribution using the expected log pointwise pre-
dictive density (elpd) difference between both models. For the WAIC’s elpd between
models, the Pr

(
z ≥ −33.2

8.9
)
= 9.56−5 indicates that Model 2 outperforms Model 1. Like-

wise, for the LOO-CV’s expected log pointwise predictive difference between models, the
Pr
(

z ≥ 34.6
11.1

)
= 9.13−4 also indicates that Model 2 outperforms Model 1.
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Table 4. Model predictive performance statistics.

Predictive Performance Statistic Model Estimate Std. Error

elpd_waic 1 −12.71 9.01
elpd_waic 2 20.47 12.32

WAIC 1 25.42 18.02
WAIC 2 −40.93 26.64

elpd_loo 1 −26.50 12.60
elpd_loo 2 8.10 15.6
LOO-CV 1 52.90 25.10
LOO-CV 2 −16.20 31.20

4.3. Farm Efficiency Estimates

Figure 2 shows the conditional posterior distributions for mean efficiency across maize
farms in the sample for the two models. The efficiency scores of the sample range between
0.03 and 0.95 under Model 1 and 0.08 and 0.96 under Model 2, with median 0.89 under both
models. The average efficiency under Model 1 is 0.84, whereas the average efficiency under
Model 2 is 0.86. By examining the probability of efficiency scores obtained using Model 2
which were greater than when using Model 1, we find that 64% of efficiency estimates are
greater under Model 2 than under Model 1. These results indicate the estimated farm plot
efficiency levels slightly increase when accounting for environmental impacts in the stochas-
tic frontier. However, the absolute difference in the mean efficiency scores is relatively
small, making both distributions relatively similar (Figure 2). In any case, despite mean
efficiency distributions being relatively similar, there may be differences in farms’ rankings
between the different models used, which may have important implications for policy
making [12,22]. This is relevant for cases where policy making aims at providing support
to farmers who may need to improve their sustainability. Using a standard approach to
identify farmers who can improve their sustainability performance (i.e., environmental
indicators are not incorporated in the efficiency analysis) may lead to the provision of
support to the wrong farmers.

Figure 2. Conditional posterior distributions for mean efficiency across maize farms for models M1
and M2.
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4.4. Farm Efficiency Rankings with and without Incorporating Environmental Impact

Figure 3 shows the distribution of the difference in efficiency ranking between the two
models. The difference in efficiency ranking between the two models was calculated by first
ranking the farm plots in descendent order given their efficiency score for each model and
subtracting the ranking obtained using Model 2 (the one incorporating the environmental
impact) from the ranking obtained using Model 1 (the one which does not incorporate the
environmental impact). A positive value indicates that the farm plot has moved up in the
ranking by the given value from using Model 1 to using Model 2, whereas a negative value
indicates that the farm plot has moved down in the ranking as many places as the value
obtained. Figure 3 indicates that there are changes in the ranking. Although most changes
tend to be relatively small, we still find changes in ranking which are relatively large.

Figure 3. Efficiency ranking differences between Model 1 and Model 2.

Examining the ranking differences between the efficiency rankings using Model 1 and
Model 2, we find that 59% of the changes in efficiency level ranking from using Model
1 to Model 2 are drops in ranking and 41% are increase in rankings. Figure 4 shows
the probability associated with changing ranking when accounting for environmental
impact associated with N use in maize production (i.e., using Model 2) as opposed to not
accounting for such impacts. For instance, the probability of ranking changing by 1 to
5 positions is 0.32. Figure 4 shows that this probability decreases as the number of changes
in ranking increases.

The results obtained show that accounting for environmental impact associated with
maize production matters in terms of identifying less sustainable farms. The use of satellite
remote sensing data is a relatively cost-effective way of incorporating this information.
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Figure 4. Probability of ranking changing by (1–5), (6–10), (11–15), (16–20), (21–25) and (25–30) positions.

5. Discussion

Collecting environmental data at the farm/plot level requires the use of environmental
surveys, smart sensors and/or reliance on farmers reporting on quantity of inputs used
(e.g., K,N,P) and/or sustainable agricultural practices. Farm-level databases typically
include information provided by farmers on crop and livestock data regarding produc-
tion inputs used and outputs produced, using quantity and/or value units, along with
farmer/household socio-demographic information. However, environmental data at the
farm/plot level is usually missing from farm-level databases. One reason why this is
the case may be that farm/plot level environmental information requires a substantial
budget from the researchers collecting information or more effort from the farmers studied.
However, if farm/plot location is available, the use of spatial environmental data can be
merged with the production and socio-economic farm-level information. In this regard,
satellite remote sensing data can be a cost-effective way to obtain environmental data that
can be merged with farm-level data.

The results obtained show that accounting for environmental impact associated with
maize production matters in terms of identifying less sustainable farms. The use of satellite
remote sensing data is a relatively cost-effective way of incorporating environmental impact
information into farm-level efficiency analysis.

We have shown how the use of remote sensing data (e.g., satellite data) can play a
crucial role in obtaining information on environmental impact associated with agriculture
production. The use of this information is crucial to develop sustainability metrics and help
achieve sustainable production. Although remote sensing data obtained from satellites are
available for an array of metrics, there are current limitations regarding their resolution
and spatial detail outside of Europe, which limits their capabilities to be used in farm-level
analysis. However, this technology is quickly advancing, and it is foreseen that this type
of data will be relevant in measuring the performance of farms in producing market and
environmental outputs (e.g., ecosystem services) whilst protecting the environment. For
instance, although currently data on net fluxes of CO2, N2O and CH4 at earth’s surface
were not available at a relevant resolution level (one pixel covers all farm plots studied)
it is expected that the data resolution will improve with time. Hence, it is foreseen future
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research may take advantage of higher resolution earth observation data for an array
of environmental impact indicators that can be used to derive environmental damage
indicators. These can provide useful information that can be used in sustainability research
(e.g., obtaining farm-level sustainable indicators).

Although we have demonstrated here how satellite information can help in developing
novel sustainability metrics, capturing an “exact” metric for sustainability will remain a
challenge. Franks (2014) [11] argues that since SI mainly serves as a boundary, stakeholders
can negotiate trade-offs between agricultural production and its associated environmental
impacts, meaning a precise definition of SI is not necessary. We agree that obtaining a
precise/single SI metric is not possible due to the fact that SI may mean different things
in different locations/environments. What is needed is a clear understanding of the
interlinkages between agricultural production and the environment, and what the priorities
are regarding them when developing an SI measure. It is acknowledged that the negative
consequences for the environment associated with the overuse of fertilisers and poor
management may be known. The authors of [34] found that costs associated with N use
face large levels of uncertainty and greatly vary with management, N movements and
the location, vulnerability and preferences of populations affected. The authors of [34]
estimated the average social cost of N in Minnesota was $2.62 per kg N with a range
between $0.44 and $10.79 per kg N. Hence, the damage function of N depends mainly
on the form of N (e.g., N2O, NO and NO3) and the location [34]. When N inputs are
applied in excess, there are losses of N2O, NO and NO3 to the environment, and its damage
increases exponentially [34]. The interpretation of SI metrics is dependent on the choice
and integration of the indicators used [12,14]. One way to moderate issues related with
the choice of indicators is to maximise the use of available information. For instance, [12]
used an approach where a distributional measure of SI was derived by combining the use
of composite indicators with SFA. When accounting for environmental impact through
any environmental impact indicator/damage function, it is important to consider spatial
heterogeneity (i.e., the location), especially in studies that involve farms spread across
relatively large areas/regions [35–37].

6. Conclusions

We have demonstrated how environmental impact indicators can be constructed from
satellite data and used within a farm efficiency analysis framework to obtain sustainability
indicators. We used satellite information on leaf area index to obtain a measure of envi-
ronmental impact associated with N use (i.e., environmental damage). The approach used
here shows how earth observation information can feed into process models that address
the development of sustainability metrics by incorporating production and environmental
domains into a benchmarking framework. The approach developed here can be extended
in future work to account for the presence of spatial heterogeneity by bringing spatial
econometric techniques in efficiency analysis.

We showed how the use of standard approaches to identify and classify farms into
relative efficiency and relative inefficiency may not be appropriate if the aim is to evaluate
the sustainability of the farm. The development of sustainability metrics is crucial for this
aim and earth observation data can help in such development.
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