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Abstract: Though increasing food supply in order to meet the rising demand for nutrition is a global
social imperative, reducing the dependence on imports of essential food commodities is both an
economic and a geo-political imperative for national governments. However, in light of the Sustain-
able Development Goals, although Zero Hunger (SDG2) and Good Health and Well-Being (SDG3)
can be ensured within a country when the inhabitants are well-nourished and staple food items
remain affordable to one and all, oftentimes, there are trade-offs in the process, with the environ-
mental dimensions—SDGs 13 (Climate action), 14 (Life below water) and 15 (Life on Land). In this
paper, using a combination of Environmental-Life Cycle Assessment (E-LCA) and Data Envelop-
ment Analysis (DEA), the authors have evaluated the eco-efficiency of 169 wheat cultivation sys-
tems in the Golestan province in the north of Iran. Benchmarking performance based on the best-
performing wheat farms and optimizing (decreasing essentially) the consumption of resources, will
enable an average reduction of between 10% and 16% in global warming, acidification, eutrophica-
tion, and non-renewable energy usage of the wheat cultivation systems in the case study region.
The authors recommend the use of this combination not only for wheat cultivation in other regions
of the world, but also for other agricultural systems.

Keywords: agricultural systems; data envelopment analysis (DEA); eco-efficiency; environmental
life-cycle analysis (E-LCA); sustainability; wheat production

1. Introduction

In the developing countries of the world, approximately 70% of food-derived energy
intake by humans can be attributed to cereals. Among cereals, wheat consumption has
increased at a rapid rate since the Green Revolution, or the so-called Third Agricultural
Revolution of the period 1950-1970, registering a cumulative rise in yield of 208% per
hectare [1]. The Food and Agricultural Organisation of the United Nations had forecast
that global wheat utilisation would reach 731 million tonnes in 2018 [2], but this figure
was overshot by over 30 million tonnes. It has increased steadily over the last two years
and stands at around 772 million tonnes for the 2020-2021 period [3]. In Iran, the case
study country of this paper, wheat is a key source of food for the population, the most-
commonly consumed final product derived from it being bread. In 2020, Iran harvested
about 14 million tonnes of wheat, registering a steady increase in cultivation over time.
However, it has also been relying on imports to satisfy the local demand for the cereal, as
reported by the FAO [2]. The country now has an on-going self-sufficiency strategy to
reduce the percentage of imported wheat in domestic consumption by striving to improve
the yield of the domestic production of the same wheat. At the time of writing, wheat is
cultivated all across Iran. Irrigated fields span 6.9 million ha, and dryland fields encom-
pass 5.1 million ha of cropping area. These are, respectively, 38% and 62% of the total
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arable land in the country [4]. The mechanisation and technology level for wheat cultiva-
tion is high in Iran, and an efficiency of 84% has been reported by Lak [5].

If improving yields is the only priority, and an unbounded one at that, it may very
well be from a socio-economic point of view, satisfying the sustainable development
goals—SDG 2 (Zero Hunger) and SDG 3 (Good Health and Well-being), but there is a risk
that the environmental dimension of sustainability (SDGs 13, 14 and 15) is overlooked,
unless it is consciously factored into the equation.

In regions like the Golestan province of Iran, where intensive agriculture is practiced, it
is imperative to investigate the contribution of farming systems to environmental degradation
(soil erosion, etc.) further. This has been the result of the use of redundant quantities of chem-
icals, synthetic fertilizers, and pesticides over the years [6,7]. Since the 1990s, as part of envi-
ronmental risk assessments, researchers have been studying the impact of resource inputs to
agriculture on global warming, acidification, eutrophication (due to leaching of nitrogenous
fertilisers), water pollution, and eco-toxicities of different types [8-10].

Environmental-Life Cycle Assessment (E-LCA; as differentiated from its social equiva-
lent, S-LCA) has, over the years, enabled decision-makers to assess the environmental perfor-
mance of systems (adopting a range of processes to yield products and services for end-users)
in the anthroposphere [11]. This method can very well be applied to wheat cultivation as well,
in order to provide a holistic outlook of the sustainability of increasing yield in Iran and re-
ducing import dependence. Evaluating the environmental impacts of wheat production in
general has been the focus of a handful of publications over the previous two decades [10,12—
14], whereas the environmental impacts of wheat production in Iran in particular has been the
focus of a couple of publications [15,16]. Heidari, et al. [17] quantified the spatial and techno-
logical variability in the carbon footprints of Iranian wheat systems and observed that the foot-
prints were, as expected, sensitive to the material and energy input into the cultivation sys-
tems. These, if carefully studied and managed, according to the authors of that paper, would
lead to a truncation in the environmental footprints.

When several wheat fields are included in an E-LCA, the evaluation becomes chal-
lenging, owing to the possibly large variations in the data from different fields. If the
standard deviation of the values in the datasets is large, there are obvious limitations to
the interpretations made by using the averages of the values in the analysis. Results with
stark limitations are misleading and not of practical significance to decision-makers [18].
Researchers have tried to tide over this obstacle by combining E-LCA with non-life-cycle-
based independent economic and social analyses [18,19].

The eco-efficiency of a process (or a system of processes) can be assessed by factoring
in a host of dimensions—safety-related, economic, and environmental, which may even
be weighted (based on relevance and importance) and aggregated subsequently to indi-
cate the eco-efficiency by a single numerical index [20-23]. The rationale behind the choice
of the hybrid-method —E-LCA and DEA [24]—for this analysis is clearly the previously
successful application to rice paddy and soybean cultivation in Iran [25,26]. It must be
emphasized here that although research avails of tried-and-tested methods, it adopts
them to systems which have not previously been studied. Moreover, wheat cropping sys-
tems are discrete and different from rice and soybean cultivation in many ways. A prece-
dent here is the evaluation done by Masuda [14] for wheat cultivation in Japan, which
resulted in the calculation of an environmental impact index (which factored in two im-
pact categories —global warming and aquatic eutrophication).

DEA is a linear programming method used for estimating the efficiency of multiple
similar entries, known as decision-making units (DMU), using various inputs and outputs
[27]. This combination has come in handy to many analysts [25,26,28,29], who have been
able to easily work with a large inventory of data from several DMUs.

This is sufficient motivation for the authors of this paper to evaluate the eco-efficiency of
wheat cultivation in developing countries (using Iran as a case study), by applying E-LCA and
DEA, and provide inputs thereby to operational benchmarking and guidelines for improve-
ment through optimization of the yield and the associated adverse environmental impacts.
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2. Materials and Methods

In this section we present the five-step hybrid-method of LCA + DEA, applied to a
case study of wheat production systems in Iran. This method, which was first presented
by Vézquez-Rowe et al. [30], proposes the application of the DEA model to the operational
variables using an input orientation (maintaining production while minimizing resource
use). An environmental assessment is performed after the operational efficiency assess-
ment. This yields environmental benchmarks directly associated with an optimized oper-
ational performance of the DMUs.

2.1. Data Gathering from the Case-Study Site

Data were collected directly from 169 wheat farmers in Golestan province in the north of
Iran (36°5021.48" N, 54°26'39.84" E) with the aid of a standard questionnaire. The collected
information is about the energy and material inputs to the fields, cropping patterns adopted
by the farmers, the yields of wheat, the operational schedules, and other relevant economic
details. All the studied farms with minimum, average, and maximum sizes of 0.7 hectares (ha),
5.2 ha, and 21.6 ha, respectively, were irrigated. This province, located to the south of the Cas-
pian Sea, thanks to the Mediterranean climate it enjoys and the favourable ecological condi-
tions it is endowed with, is one of the leading agricultural regions in Iran, accounting for a
sizable share of its cereals and oilseeds production. It can veritably be called the ‘bread-basket’
of the country, while recalling that most of the wheat is consumed as bread by Iranians. It
receives, on average, over 440 mm rainfall per year, and has an average annual temperature
of 18 °C.

Cronbach’s alpha (o) [31] was used to verify the reliability of the answers given by the
farmers to the questions, with the value of a ranging from 0 to 1. The closer the value of a is
to unity, the greater the degree of reliability of the answer given. The authors ended up with
a Cronbach’s alpha value of 0.76 for this study, which indicates a reasonable degree of relia-
bility.

2.2. The DEA Model and the DMUs

Data envelopment analysis (DEA) provides an efficiency score for every DMU (or simply
wheat farm, in this case). This score is a ratio of an output vector to an input vector. The
weightages used in order to aggregate the inputs and outputs were determined through a
mathematical optimisation exercise, which compared the performance of each DMU with
those of the theoretically most efficient ones in the chosen sample of 169 wheat farms. This
entails having to differentiate between more and less efficient, or efficient and non-efficient
DMU . For this purpose, an input-oriented slack-based model (SBM) with constant returns to
scale (CRS) was selected [32]. This model is especially useful when there is a many-to-one
relationship between inputs and output, and the driving purpose of the analysis is a reduction
in the quantities of the inputs and, thereby, their associated environmental impacts [33]. The
input and output data for the 169 DMUs are tabulated in Table S1 in Supplementary Infor-
mation (SI).

In the analysis, the operational items were assumed to be independent of each other.
Environmental emissions to the air, water, and soil are directly proportional to the quan-
tities of the different inputs to the systems, and, thereby, were not incorporated into the
DEA matrix directly. They were indirectly accounted for by the entries which denote the
magnitudes of the different inputs to the DMUs [34]. To retain the holistic nature of the
sustainability assessment, inputs such as labour (socio-economic) were included as a sep-
arate input to the matrix, as advocated by [29]. It goes without saying that although in-
creases in the yield benefit the end-consumers on the downstream, they also ought to ben-
efit the farmers on the upstream. This can happen by the generation of more employment
on the one hand, and augmenting incomes on the other, diminishing in the process the
overall social life-cycle footprint of the wheat consumed.
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2.3. Technical Efficiency and Super Efficiency (TE and SE)

The Technical Efficiency (TE) score of each DMU is defined based on the performance
of the sample to which it belongs [35]. Calculated as the ratio of the sum of weighted
outputs to the sum of weighted inputs, it confers a numerical value to the ability of the
DMU to maximise its output, given a set of inputs and technology level, and can be deter-
mined by using the following functions [26,36].

Maximise 0= Y o1 U Yyj
Subject to DXL vsxs;=1,j=1,2,..k
(i) TPty — Sy vy <0, j= 1,2,k (1)
(iii)) u, 20, r=1,2,..,n
(ivyvs 20, §=1,2,..,m

where, 0 is the TE of the DMU under consideration; x and y are the amounts of inputs and
outputs respectively; v and u are the weightages of the inputs and outputs respectively; s
is the number of inputs (s=1, 2, ..., m); r is number of outputs (r=1, 2, ..., n); and j denotes
the j" DMUs (j =1, 2, ..., k). The measure of efficiency 6, is bounded between 0 and 1. If
the value of 0 equals unity, the DMU is considered to be efficient, whereas any value less
than unity depicts inefficiency.

The Super Efficiency (SE) method ranks efficient DMUs by weighting the inputs
thereto. Subsequently, efficient DMUs are assigned efficiencies greater than or equal to
unity. The input-oriented CRS super efficiency model can be defined as follows [37]:

Minimise 6o

Subject to Yi=1AiVrj = Yro

n
ZAJXU < Boxio
j=1
n
Yh=1
j=1

2=0

)

where 0o is the SE of efficient DMUs. The DEA analysis was conducted by taking recourse
to the EMS (Efficiency Measurement System) software [38].

2.4. LCA + DEA Framework

The wheat cultivation system analysed in this paper is depicted in Figure 1. The pro-
cesses include irrigation, fertilisation, pesticide-spraying, and harvesting. The outflows
for the E-LCA are wheat, straw, and the direct emissions to the environmental media as-
sociated with material and energy use. The output for the DEA is just wheat. Figure 2
represents the 5-step LCA + DEA approach adopted for this analysis [29,39], and it in-
cludes:

e  Collection of input and output data to carry out the life cycle inventory (LCI) analysis
of each DMU.

e  Environmental life cycle impact assessment (LCIA) for the environmental character-
ization of each DMU.

e DEA study of the sample of DMUs using the environmental impact indicators ob-
tained, as DEA inputs.

e  LCIA of the target DMUs using the new LCI data.

e Interpretation of the results based on the eco-efficiency criteria.
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Robust data availability for the inputs ensures the calculation of reliable eco-efficiency
scores and the subsequent determination of the target (desired, acceptable or recommended)
environmental impacts for the DMUs deemed inefficient. This systematic approach towards
the setting of acceptable impacts makes this approach an effective and applicable tool for de-
cision-makers in the agricultural sectors/national government bodies.

Farm operations
Labour
Equipment . Tj]]j_ng
¢ Planting

Biocides « U i il
Water SIDEEIESENELE Qutput: Wheat - useful saleable
fungicides and herbicides
Fertiliser product
Seeds ¢ Fertilizing

¢ Irrigation
Diesel fuel
* Harvesting

Electricity

v

Emissions to air Emissions to water

Figure 1. LCA and DEA elements for each wheat field —DMU, in other words.

L. LCI of each DMU

II1. Current DMUs DEA:
Technical efficiency and su-
per efficiency analysis

I1. Environmental impacts of
current DMUs

A

IV. Environmental impacts of
target DMUSs

Y

V. Interpretation:
Eco-efficiency verification

Figure 2. Five-step LCA + DEA methodology for wheat production.

2.5. In-Situ Emissions and Environmental Impacts

Inorganic fertilizers (urea being the most common one applied to wheat fields in Iran)
result in in-situ emissions into the atmosphere —ammonia (NHs), nitrous oxide (N20), nitro-
gen oxides (NOx), and COz. Owing to the difficulty of obtaining specific emission factors for
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the region being studied, the emissions of N20 and CO: from urea applied to the fields were
estimated using the IPCC 2006 guidelines [40], as 1% of the applied N for N20O, and 20% of the
urea for COz. The emissions of ammonia (NHs) and nitrogen oxides (NOx) were calculated
using the emission factors suggested by Nemecek and Schnetzer [41]. The same publication
also served as the source for the methodology used to calculate the emissions to water and
soil. The former included nitrates (NOs") from leaching, heavy metal emissions from lixivia-
tion and erosion, phosphates (POs?) from runoff and lixiviation, and phosphorus (P) from
erosion, whereas the latter included heavy metals and pesticides. The superficial plant resi-
dues were excluded from the calculations, as these are usually removed from the fields. How-
ever, emissions of the greenhouse gas nitrous oxide (N20) attributable to the sub-surface resi-
dues were accounted for by adhering to the IPCC 2006 guidelines [40]. The authors also con-
sidered all the electricity used in the system to be sourced from natural gas-fired thermal
plants supplying to the grid, again a very reasonable assumption, considering that natural gas
dominates the electricity mix in the country. Environmental impacts due to the change of land-
use were not considered in this study, as the wheat fields have been in cultivation for a long
time (typically over a decade).

As far as the environmental impact categories are concerned, the global warming poten-
tial (GWP-100 years), acidification potential (AP), eutrophication potential (EP), and the non-
renewable energy use (NREU) of the DMUs were considered, as these are the commonly-cho-
sen categories in E-LCA literature on cereal production [9,42]. The E-LCA for the inventory
tabulated in Table S1 in Supplementary Information (SI), using ‘1 kg wheat harvested (clean
grains) and delivered to the wheat flour mill” as the functional unit, was conducted using
SimaPro software [43]. Therefore, the scope of this E-LCA study is restricted to ‘cradle-to-gate’,
as the ‘end-of-life’ of the cultivated wheat has not been accounted for. It focuses primarily on
the consumption of materials and the use of energy associated with direct farming practices.

3. Results and Discussion
3.1. Calculated Environmental Impacts

Table 1 below lists the specific emission factors with respect to the chosen functional unit
for the analysis. The average greenhouse gas (GHG) footprint, acidification, eutrophication,
and non-renewable energy use were 562.6 g COz-eq, 8.7 g SO2-eq, 17.2 g NOs-eq. and 7.1 M]
per kg wheat production, respectively (Table 1). The GWP value obtained in this analysis tal-
lied closely with those obtained in other studies on wheat production (see Table 2). In another
study in which the GHG footprint of durum wheat production was calculated to be 1.6 kg
COr-eq in Iran [17], the GHG emissions related to land use change were included in addition
to fertilizer application, farm operations, and production of farm inputs.

Table 1. Environmental characterization for the functional unit—1 kg of wheat harvested and de-
livered to the flour mill —Global Warming Potential (GWP), Acidification Potential (AP), Eutrophi-
cation Potential (EP) and Non-Renewable Energy (NRE) use.

Inputs Emissions GWP (g CO:z¢eq.) AP (gS02¢eq.) EP (g NOs eq.) NRE (M])
Diesel 200.7 (35.6) = 1.7 (19.5) 3.0 (17.5) 2.6 (36.6)
Electricity 58.9 (10.5) 0.1(1.2) 0.1 (0.6) 1.0 (14.1)
Fertilizer 171.7 (30.5) 1.0 (11.5) 2.6 (15.1) 3.4 (47.9)
Chemicals 3.8(0.7) 0.1(1.2) 0.3 (1.7) 0.1(1.4)
N0 127.5 (22.7) - - -
NHs - 5.6 (64.3) 10.8 (62.8) -
NO« - 0.2 (2.3) 0.4 (2.3) -
Total 562.6 (100) 8.7 (100) 17.2 (100) 7.1 (100)

2 The figures in the parentheses refer to contribution of inputs, in percentage (%), to the correspond-
ing impacts.
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Table 2. Values of carbon footprints reported for wheat grain in earlier studies.

Country Value Of‘sre, :tlgii(rilOz-eq/kg Scope References
Denmark 360 Cradle to gate—Farm [44]
Italy 363 Cradle to gate—Farm [45]
Iran 381 a Cradle to gate—Farm [46]
Italy 440 Cradle to gate—storage phase [7]
Poland 450 Cradle to gate—Farm [47]
UK 510 Cradle to gate—Farm [48]
Germany 530 Cradle to gate—Farm [44]
Iran 624 Cradle to gate—Farm [8]
Iran 680 a Cradle to gate—Farm [46]
Iran 841 Cradle to gate—Farm [49]

2 The value of 381.3 kg CO»-eq refers to dryland wheat and 680 kg CO2-eq to irrigated wheat. The
latter value is greater due to greater energy use.

3.2. Interpretation of the Results

A contribution analysis, shown in Table 1 (the figures in the parentheses), revealed
that the use of diesel as fuel dominates the GWP-pie with 36%, followed closely by ferti-
lisers (30%). The emissions of ammonia from the fields account for well over 60% of the
acidification and eutrophication impacts. As far as the contributions to the non-renewable
energy impact-category are concerned, fertilizer and diesel accounted for 48% and 37%,
respectively. Within the category —material and energy use—electricity generation for the
extraction of water for irrigation was a relatively important contributor to GHG emissions
(11%) and non-renewable energy use (14%). The use of chemical products (e.g., biocides)
represented the smallest share of impacts in all four categories analysed.

These results concur with those reported in Ali et al. [45], Ghahderijani [16], and
Sefeedpari et al. [50]. In these three publications, the authors found that chemical fertilis-
ers and diesel fuel dominated the environmental impacts from the wheat production sys-
tems studied. As reported in Ali et al. (2017), over 52% of the total emissions were due to
the upstream production and the field application of urea. A positive correlation between
the nitrogen application rate and the GHG footprint was also thereby deduced in said
publication.

Life-cycle GHG emissions attributable to the use of nitrogen fertilisers can be lowered
by trans-materializing with organic fertilizers or soil amendments [51]. The application of
biochar, a solid product of thermal decomposition of biomass, to the soil can reduce nu-
trient losses which occur through leaching and/or volatilization [52]. This is particularly
important for nitrogen-based fertilizers, the production of which is an energy and carbon-
intensive process. Biochar addition in agricultural systems can deliver a range of other co-
benefits, such as the reduction of GHG emissions from soils, enhancement of soil carbon
stocks, and mitigation of the GWP impact [53,54], in addition to an improvement in the
soil function and crop yields, leading to greater financial benefits for the farmers [55,56].
However, further studies are recommended to determine the effect of such trans-materi-
alisation with soil amendments on wheat productivity in the region.

If complete trans-materialisation is not possible, dematerialisation can be resorted to
by consciously avoiding the use of excessive nitrogen fertilisers. Precision agriculture,
whereby the synthetic fertilisers are introduced deeper into the arable soil (>5 cm deep),
and practising crop rotations by cultivating legumes and availing of the symbiotic rela-
tionship they have with rhizobia to fix atmospheric nitrogen naturally into the soil, are
excellent strategies which can be adopted to minimize the fertiliser-induced GHG-foot-
print. Farmers must be enlightened about the fact that there is no direct correlation be-
tween the use of nitrogen fertilisers and the crop-yield. Instead of the sought-after rise in
crop-yield, farmers end up augmenting the environmental footprint of cultivation [57].
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Upstream indirect carbon dioxide emissions aside, there are direct nitrous oxide emissions
from the soil into which the fertilisers are introduced, and nitrous oxide is several times
more potent as a greenhouse gas than carbon dioxide. Although annual monitoring of the
soil enables researchers to obtain first-hand estimates of the release of nitrous oxide there-
from [58], such data were not available to the authors of this particular study.

3.3. DEA Performance

A DEA matrix with the most relevant inputs and outputs was set up based on the
life-cycle inventory data. The DEA optimization model enables the calculation of the Tech-
nical Efficiency (TE) for each wheat farm (see Table S2 in SI) and the determination of
operational targets for the inputs and outputs considered, as benchmarks. The mean TE
for all the wheat farms was calculated to be 73%. Those facilities with technical efficiency
TE =1 (in other words, the efficient farms) were excluded from the listing in the Table.
Based on the analysis, 27 farms (16% of the sample) were deemed to be efficient. The re-
maining are inefficient owing to the wasteful usage of energy (diesel and electricity) and
chemical fertilizers. Therefore, it is mandatory to modify the pattern of usage of input
resources on these inefficient farms to enable them to transition towards operational effi-
ciency.

The target operating inputs (courtesy the DEA in the fourth step) led to new LCIAs
involving the modified LCI data for the inefficient farms. Subsequently, a new environ-
mental characterization was computed for these inefficient farms, under an efficient-op-
eration scenario. Figures 3 and 4 chart the environmental impacts per kg of wheat output
of the original inefficient DMUs and their distribution vis-a-vis those associated with their
virtual targets. As seen, and quite obviously, the environmental impacts in these ‘virtual
targets’ are lower than those in the original DMUs, thanks to the optimization of the op-
erational inputs. Figure 5 graphically shows the average reduction in the environmental
impacts for the four environmental impact categories considered in this analysis. The re-
ductions are 11% each for GWP and EP, and 14% and 15%, respectively, for AP and NRE.

With respect to the improvement in environmental performance, by resorting to op-
erational benchmarking, important insights were obtained. The results confirm that an
optimization of resource use must be planned for the wheat production units in Iran if the
environmental footprint has to be truncated. This has also been advocated strongly by
other researches who have applied the LCA + DEA method to agricultural production
systems [59-61]. In other words, the crux of the LCA + DEA method is the eco-efficiency
concept— Units operating inefficiently must learn from the best practices of the efficient
units in the region and adopt those in order to reduce their adverse environmental im-
pacts. It provides clearly communicable quantitative results and target operational and
environmental benefits [24,33].
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Figure 3. Environmental impact-potentials of inefficient farms and virtual targets for 1 kg wheat production ((a) GWP: Global Warming Potential, (b) AP: Acidi-
fication Potential, (c) EP: Eutrophication Potential, (d) NRE: Non-renewable Energy Use).
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Figure 5. Average possible reductions for GWP (Global Warming Potential), AP (Acidification Potential),

EP (Eutrophication Potential), and NRE (Non-Renewable Energy) use for the inefficient DMUs.

3.4. Super-Efficiency Analysis

A hybrid LCA + DEA analysis enables the identification of a set of best-performing
units for environmental bench-marking. When DEA was applied to the sample of 169
wheat farms, the authors identified 27 efficient farms. A further whittling-down enables
the identification of a smaller set of ‘best-performing units’. This simplifies the determi-
nation of the best-operating practices, which can be emulated by the inefficient DMUs in
the sample. The application of a super-efficiency analysis by assigning scores greater than

unity was recommended by Iribarren et al. [24].
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Table S2 in SI tabulates the potential reductions which the DMUs can effect, as far as
the consumption of resources is concerned, while emulating the top performers in the
pack—refer to Table 3 which lists the top-27 efficient DMUs with super-efficiency scores
greater than unity. In the present study, an input-oriented slack-based measure of the SE
model with CRS was selected [32]. As observed, the SE lies between 1.0 and 1.53. If a cut-
off criterion of W >1.2 is adopted, 13 wheat farms emerge as potential benchmarks. Pollard
et al. [62] has remarked that studies of this type may be interesting and useful for policy-
makers and regulators.

Table 3. Super-efficiency scores for the efficient DMUs (DMU numbers correspond to the ones in
Table S2 in SI).

DMU v DMU v DMU W
113 1.53 116 1.27 115 1.10
157 1.48 143 1.25 75 1.09
55 1.45 26 1.23 120 1.07
126 1.42 166 1.21 124 1.06
58 1.39 121 1.18 133 1.05
37 1.36 125 1.16 52 1.03
125 1.34 67 1.15 167 1.01
51 1.31 122 1.13 129 1.00
74 1.28 162 1.12 46 1.00

Benchmarking within a region is practical from a decision-making point of view as
the DMUs here, by far, operate within similar socio-economic and ecological constraints
and are exposed to similar weather and climatic conditions. On the basis of the recom-
mended possible reductions in the consumption of inputs, Figure 5 estimates the average
reduction in the four environmental impact categories considered in this analysis. SDG
17 —Partnership for the Goals —entails learning and sharing, both intra-regional and inter-
regional. Improving (and helping to improve) economic and environmental performance,
by knowledge sharing and emulating best practices, is indispensable for sustainable de-
velopment. However, there are some lock-ins, like the electricity (or in general, the energy)
mix which a country like Iran adopts. It is composed almost entirely of fossil fuels (dom-
inated by natural gas, which one may consider to be a lesser evil than coal), owing to its
local availability. Farmers, therefore, do not have much of a choice if they wish to switch
to alternatives. For this reason, as seen in Figure 5, the greatest possible reduction is seen
in the non-renewable energy use if farmers resort to optimising the consumption of re-
sources—be they fertilisers, pesticides, diesel, or electricity. Organic fertilisers may be con-
sidered if circular-economy concepts catch up in the country and are promoted top-down.

4. Conclusions

This research based itself on the premise that an increase in wheat yields is very much
necessary in countries like Iran, as a socio-economic goal on the one hand, and as a geo-
political one on the other, in order to attain self-sufficiency in the production of a staple
food commodity. However, the authors have argued in favour of sustainability, whereby
multiple SDGs can be targeted — Zero Hunger, Good Health and Well-Being, Life on Land,
and Life Below Water and Climate Change. Using E-LCA and DEA, 169 wheat farms—
referred to as Decision-Making Units—were selected for the analysis in the Golestan re-
gion in north-eastern Iran. Farmers were contacted directly for data regarding the inputs
to, and outputs from their farms.

In a 2-step process, the technical efficiencies of the DMUs were calculated, and on the
basis of the subsequent calculation of the Super Efficiency, 27 efficient wheat farms were
identified. These were used for the benchmarking of performance. The potential reduc-
tions in the consumption of resources and, thereby, in the environmental foot-prints of
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the DMU s (if the inefficient DMUs would strive to adopt the best practices of the efficient
farms in the sample) were determined. Although this may seem like a simplified analysis,
the use of DEA in combination with E-LCA tides over several limitations that the results
of an E-LCA performed on an ‘average wheat farm” will have. However, the proposed
methodology shows a possible reduction of between 10% and 16% in global warming,
acidification, eutrophication, and non-renewable energy usage of the wheat cultivation
systems in alignment with sustainable development guidelines. Some of the findings are
summarized hereunder, as recommendations for farmers and policymakers in Iran:

e Benchmarking within a region is practical from a decision-making point of view.

. Policymakers—as stakeholders—must pay attention to prevalent lock-ins, like the
electricity/energy-mix in Iran, which is dominated by fossil fuels, and attempt to
‘green’ it, going forward, towards achieving the SDGs set for year-2030.

e  Farmers at the heart of the wheat value chain here, must be encouraged to optimize
(dematerialize) the utilization of resources—be they fertilizers, water, pesticides or
energy.

e Organic fertilizers must be promoted (trans-materialization) through a combination
of top-down (policy-oriented) and bottom-up (learning and sharing knowledge) ap-
proach, which may encourage farmers to use crop residues in a better way for their
material value.

e  Crop rotation can be recommended/mandated in order to retain the fertility of the
arable soil and minimize the requirement for synthetic fertilizers

In addition to working towards the five social and environmental SDGs named
above, learning from others and sharing knowledge about best practices—SDG 17 —is in-
dispensable for the attainment of the other 16 SDGs, in general. The authors would like to
recommend this approach for the eco-efficiency analysis of agricultural systems around
the world.

Supplementary Materials: The following supporting information can be downloaded at:
www.mdpi.com/article/10.3390/agriculture12071031/s1, Table S1: The farm input and output data
(quantity per ha-annual) for DEA matrix for 169 wheat farms; Table S2: Technical efficiency (TE)
and operational reduction (%) of inputs for the inefficient wheat fields.
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