%""“““\\“ A o Fcon <

The World’s Largest Open Access Agricultural & Applied Economics Digital Library

This document is discoverable and free to researchers across the
globe due to the work of AgEcon Search.

Help ensure our sustainability.

Give to AgEcon Search

AgEcon Search
http://ageconsearch.umn.edu
aesearch@umn.edu

Papers downloaded from AgEcon Search may be used for non-commercial purposes and personal study only.
No other use, including posting to another Internet site, is permitted without permission from the copyright
owner (not AgEcon Search), or as allowed under the provisions of Fair Use, U.S. Copyright Act, Title 17 U.S.C.

No endorsement of AgEcon Search or its fundraising activities by the author(s) of the following work or their
employer(s) is intended or implied.


http://ageconsearch.umn.edu
mailto:aesearch@umn.edu
https://makingagift.umn.edu/give/yourgift.html?&cart=2313

V Harper Adams

University

Proceedings of the 6" Symposium on
Agri-Tech Economics for
Sustainable Futures

18 — 19t September 2023, Harper Adams University,
Newport, United Kingdom.

Global Institute for Agri-Tech Economics,
Food, Land and Agribusiness Management Department,

Harper Adams University

Global Institute for

Agri-Tech Economics

B



https://www.harper-adams.ac.uk/research/giate/

Site-specific calculation of corn bioethanol carbon footprint
with Life Cycle Assessment

Karen D. Ponieman”®”, Rodolfo Bongiovanni*, Martin L. Battaglia®, Jorge A.
Hilbertt, Pablo A. Cipriotti®, Gabriel Espdsito”

A Rural Engineering Institute, National Institute of Agricultural Technology, INTA, Argentina
8 School of Agriculture - EPG, University of Buenos Aires / CONICET, Argentina
¢ The Nature Conservancy
D Energy & Environmental Consulting Services
£ School of Agriculture - IFEVA, University of Buenos Aires / CONICET, Argentina
F National University of Rio Cuarto, Argentina

Abstract

The agricultural stage is a hotspot in the carbon footprint (CF) of the production of corn
bioethanol and, within this stage, the production and use of nitrogen fertilisers is the sub-
process that has the greatest incidence. The current research project aims to incorporate the
environmental impacts in the analysis of optimum nitrogen fertiliser rates, in addition to the
agricultural and economic outputs that have been widely used in previous studies. We seek
to obtain functions that describe the CF at different nitrogen rates, topographic positions and
climatic conditions, incorporating them as objective functions in multiobjective optimization
procedures. In order to achieve this aim, the first step is to quantify the corn bioethanol CF
with Life Cycle Assessment (LCA) methodology, for fertilisation and yield data at a site-specific
scale. On-farm research trials were conducted in 18 corn fields where agricultural producers
applied up to 6 levels of strip nitrogen fertilisation, through an elevation gradient, in 5 crop
seasons distributed over 12 years, in the centre-south region of Cérdoba province, Argentina.
The corn transportation and its industrial process were considered as fixed subsystems for this
research. The LCA methodology follows the ISO 14067:2018 standard and the
Intergovernmental Panel on Climate Change (IPCC) guidelines (2019). The R software was used
to process the large datasets. A bioethanol corn CF map at a site-specific scale was achieved.
As opposed to a single CF value per field, assessing the CF at a site-specific scale allows us to
explore the within-field variability caused by different input rates, its interaction with
environmental factors and crop yields. Spatial and temporal statistical analysis is needed to
understand the relation between nitrogen fertilisation and corn bioethanol CF. Furthermore,
we expect to consider the function that best represents this relation in the definition of
optimum site-specific nitrogen rate.
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Introduction

The term carbon footprint (CF) has been widely used as an indicator to quantify the human
pressure on the environment (Hoekstra & Wiedmann, 2014). The CF measures the greenhouse
gases (GHG) emissions per unit of outcome produced (Kim & Dale, 2008; Kraatz et al., 2013;
Boone et al., 2016; Xu & Lan, 2016; Arrieta et al., 2018; Mekonnen et al., 2018). Due to the
fact that the manufacture of a product requires the use of multiple raw materials, energy and
transportation, the identification of the GHG emissions throughout the entire process is
necessary for an integral and systematic analysis. The Life Cycle Assessment (LCA)
methodology is one of the most known methodologies to calculate and compare CFs and
other environmental impact indicators across different regions and a long time. The
International Organization for Standardization (ISO) has two sets of standards (14040 &
14060) that provide tools for the assessment. The LCA of a product takes into account the
environmental impact throughout all the stages of the production process, such as the
production and transportation of raw materials from the field to the industry, the
manufacture, its use and the residues generated after its use (Hauschild et al., 2018; Roy &
Dutta, 2019).

Biofuels emerge as an alternative to reduce carbon dioxide emissions resulting from the
extraction and use of fossil fuels and to contribute to the Sustainable Development Goals of
the United Nations Agenda (United Nations, 2015). The agricultural stage is a hotspot in the
production of corn bioethanol (Pieragostini et al., 2014; Moreira et al., 2020; Bongiovanni &
Tuninetti, 2021; Hilbert et al., 2021) and, within this stage, the production and use of nitrogen
fertilisers is the sub-process that has the greatest incidence in the total corn CF (Ma et al.,
2012; Wang et al., 2015; Yan et al., 2015; Qi et al., 2018; Pifiero et al., 2019; Bongiovanni &
Tuninetti, 2021; Hilbert et al., 2021; Lee et al., 2021). However, the use of appropriate nitrogen
fertiliser rates is a key factor for obtaining high yields in corn (Adeyemi et al., 2020; Agyin-
Birikorang et al., 2020; Seleiman et al., 2021). That is why it is very important to optimise the
use of fertilisers, and the CF is an adequate indicator as it considers not only the GHG
emissions but also the amount of output generated with those inputs.

Sustainable intensification of agriculture pursues high product demand by optimising
agricultural management and reducing its impact on the environment, by means of increases
in the yield per area with less or same use of inputs (Rosales Alvarez et al., 2004; Andrade,
2020; Cassman & Grassini, 2020). In this context, Precision Agriculture (PA) is a technology
that generates the nexus between the need for a more intensified agricultural production and
that of increasing concerns regarding environmental sustainability (Muschietti-Piana &
Zubillaga, 2014; Finger et al., 2019). Variable fertilisation rate is a PA technology that allows
the application of the optimum rate in each specific site, according to the crop requirements
and soil variability in each production field. Consequently, it can reduce nitrogen loss to the
environment and increase the nitrogen use efficiency and crop and economic vyields
(Bongiovanni & Lowenberg-Deboer, 2004; Gregoret et al., 2006; Albarenque et al., 2016;
Muschietti-Piana et al., 2018).

Although the environmental impacts caused by different PA technologies with site-specific
management in comparison with a uniform management have been studied in corn (Brown,
2013; Balafoutis et al., 2017), those studies did not consider the environmental indicators in
the decision-making process; they just assessed the impact after the management strategy
had been already implemented. Instead, the current research project aims to incorporate the
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environmental impacts in the analysis, in addition to the agricultural and economic outputs
that have been widely used in previous studies. We seek to obtain functions that describe the
CF at different nitrogen rates, topographic positions and climatic conditions, incorporating
them as objective functions in multiobjective optimization procedures. In order to achieve this
aim, the first step is to quantify the corn bioethanol CF with LCA methodology, for fertilisation
and yield data at a site-specific scale. Here we will focus on this specific objective.

Methods
Study site

The study site is located in the centre-south region of Cérdoba Province, Argentina (Figure 1).
Cérdoba province is a major corn producer in Argentina, with a total production that
represents more than a third of the total corn production in the country. Moreover, the main
corn starch bioethanol production plants are located in this area, which produce most of the
bioethanol in Argentina (MINEM, 2021).
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Figure 1: Location of the 18 study sites and the main bioethanol plants in Cérdoba Province,
Argentina.

Experiment design

The georeferenced database has 18 maize real field cases where agricultural producers
applied up to 6 levels of strip nitrogen fertilisation, through an elevation gradient, in 5 crop
seasons distributed over 12 years, in the centre-south region of Cérdoba province. Each crop
season covers the period between July 1 and June 30 of the following year, and the study
period is from the year 1998 through 2010. The elevation gradient was assessed with digital
elevation maps. From it, a topographic index (CTl) was calculated (Tarboton, 1997). It has been
demonstrated that CTl index is a good indicator of water accumulations and organic carbon in
soil (Schmidt & Persson, 2003; Liu et al., 2006; Terra et al., 2006; Huang et al., 2008). Three
topographic zones were classified in each one of the 18 fields. The minimum value, the two
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terciles and the maximum value of CTI were considered as threshold values for the zone
classification. Higher values of CTl index correspond to lower zones within the field, whereas
lower values of CTl index correspond to higher zones. The daily precipitation was recorded
with a manual rain gauge in each field and the accumulated precipitation (PPacum) was
calculated during each corn season. In addition, the historical average value of accumulated
precipitation (PPuistoric acum) was collected for that same period, considering the series of
years that each field had a record. Then, a Precipitation Index (IPP; IPP=PPacum/PPHistoric acum)
was calculated to identify wet or dry years with respect to the historical values of each field.
Half of the trials presented values higher and lower than 1, wet or dry seasons respectively;
being a value of 1 a combination of location per campaign with normal rainfall for the crop
season.

The agricultural management in each field followed standard practices widely adopted in the
region (i.e. planting date, plant density, crop protection, weed control, rotations, etc.). Thus,
corn management was assumed to be constant during the study period, and this information
was obtained from technical reports of the magazine Mdargenes Agropecuarios (2010). Yield
data were obtained with AglLeader yield monitor and georeferenced by GPS with RTK (Real
Time Kinematic) precision technology.

On-farm research trials were carried out according to Bouder & Nielsen (2000). The area of
the fields is 10 hectares on average (ranging from 4 to 16 ha). In each field, 4 to 6 fertilisation
rates were applied in strips including an unfertilized control. The width of the strips was the
same width of the combine harvester (9 metres) and the length was the field. Rectangular
grids were created as polygons on top of the observations, in order to normalise the dataset.
The maximum rates reached in each trial ranged between 115 and 288 kg N ha%, and the plant
stands were never subjected to a nitrogen limitation. The nitrogen fertilisation source was
urea (46-0-0) applied in the moment when the crop presented between V4 and V6 (Abendroth
et al., 2011).

Data of the transportation of raw material from the field to the industry and of the industrial
process were provided by a biorefinery located in Villa Maria, Cérdoba, Argentina. Annual data
correspond to the crop season 2020/2021, and these are considered to be representative of
the transportation of raw material and of the industrial process of corn bioethanol in
Argentina. Ninety-two percent of the trucks travelled less than 250 km per trip transporting
the raw material from the fields directly or indirectly to the industry. The corn transportation
and its industrial process were considered as fixed subsystems for this research, because the
industry has a processing capacity independent of the crop yield.

Carbon footprint calculation

LCA methodology was used to calculate the CF in each square polygon of the regular grid. The
LCA methodology follows the ISO 14067:2018 standard and the Intergovernmental Panel on
Climate Change (IPCC) guidelines (2019). The R software was used to process the large
datasets. The LCA recognizes four main stages, which are: the definition of the objective and
scope of the system to study; life cycle inventory analysis, which collects the relevant inputs
and outputs of the system; the evaluation of the environmental impacts generated by the use
of inputs and outputs; and the interpretation of the impacts in each phase of the inventory.

The functional unit was 1 MJ of corn bioethanol at the industry’s gate, according to the
Renewable Energy Directive 2018/2001 (European Union, 2018). In the bioethanol production
process, not only biofuel was generated, but also other by-products. The emissions that
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correspond to each by-product were assigned according to the energy criteria. The resulting
bioethanol CF was expressed as gCO2eq MJ2.

The GHG emissions were estimated by multiplying the consumption quantities of each input
to the corresponding Emission Factor (EF) obtained from databases. The EF for the use of
fertilisers, crop residues and the use of fuels in agricultural machinery and transportation of
raw materials were obtained from IPCC Guidelines (2019) Tier 1; the EF for the production of
fuels was obtained from Hilbert & Caratori (2021); the EF for the production of fertilisers and
agrochemicals, and the production of inputs for the industrial stage, were obtained from
Biograce V4; the EF for the seed production was obtained from Ecolnvent 3.7. It was assumed
that there was no soil carbon sequestration, because all fields have more than 20 years of
continuous agriculture, hence the system was considered to be stabilised (ISO, 2018; IPCC,
2019).

The impact category evaluated was global warming. The impact assessment method used was
the Global Warming Potential method (GWP) with a horizon of 100 years; based on the IPCC
Fifth Assessment Report (IPCC, 2013). The GWP considered were for the three main GHGs:
Carbon Dioxide CO,, Methane CH4 and Nitrous Oxide N»O (IPCC, 2013).

Results

A bioethanol corn CF map at a site-specific scale was achieved. Figure 2 illustrates the results,
taking field number 14, randomly, as an example. Both yield and CF values for each nitrogen
rate present differences in wet and dry seasons (Figure 3). Moreover, there may be differences
in yield and CF values among topographic zones (Figure 4). Nevertheless, statistical analyses
are needed.
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Figure 2: Topographic index (CTI), strip fertilisation nitrogen (N) rates, corn yields and corn
bioethanol carbon footprint (CF) values at a site-specific scale in a typical field of the area.
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Figure 3: Scatter plot of median corn yield and median bioethanol CF for each nitrogen rate,
considering data from 18 field trials. Blue circles: wet seasons. Red triangles: dry seasons.
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Figure 4: Scatter plot of median corn yield and median bioethanol CF for each nitrogen rate,
considering data from 18 field trials. Circles: wet seasons. Triangles: dry seasons. Grey: high
zone. Orange: middle zone. Brown: low zone.

Discussion and conclusion

The resulting maps are a very useful tool as CF data can be related with yield and fertilisation
data, as well as with topographic and climatic conditions in order to analyse the spatial and
temporal variability of CF within and among fields. As opposed to a single CF value per field,
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assessing the CF at a site-specific scale allows us to explore the within-field variability caused
by different input rates, its interaction with environmental factors and crop yields.
Furthermore, it allows us to consider the CF as an indicator in the definition of PA strategies.

A wide variety of studies around the world have demonstrated a negative correlation between
crop yield and its CF (Yan et al., 2015; Arrieta et al., 2018; Zhang et al., 2018; Zhang et al.,
2021). This relation is affected by the use of inputs. As the use of inputs increases, so does the
yield, reducing the associated CF (Zhang et al., 2018, Zhang et al., 2021), until reaching a
threshold. Above this threshold, the addition of more inputs does not increase the crop yield,
which can result in a higher CF (Yan et al., 2015). Therefore, it is relevant to calculate the CF
at a site-specific scale to optimise the fertilisation rate with PA.

Due to the date of the experiment data available, we do not focus on the value of the CF itself,
but we do highlight the functionality of the LCA methodology to calculate a site-specific corn
bioethanol CF and its potential optimisation with PA technologies. By analysing the relation
between nitrogen fertilisation and corn bioethanol CF with spatial statistics, in the next steps
of the current research project we expect to assess if the CF responds differently to the
addition of nitrogen fertilisation in seasons with different rainfall and across different
management zones. Moreover, we expect to include the function that best represents this
relation as an objective function in multiobjective optimization problems. This approach will
allow the determination of the optimum nitrogen fertilisation rate with which,
simultaneously, CF is minimum and agricultural yields and economic returns are maximum.
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